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Abstract. The growing reliance on Artificial Intelligence (AI) in cybersecurity has
elevated concerns about the interpretability and transparency of automated
decision-making systems. In environments where trust, accountability, and real-
time responsiveness are critical, the "black box" nature of many AI models poses
significant barriers to their adoption and operational effectiveness. This
systematic literature review examines recent developments in Explainable
Artificial Intelligence (XAI) within the cybersecurity domain, focusing on its role
in enhancing transparency, trust, and human-Al collaboration. A structured
search was conducted across six major academic databases and preprint
repositories, yielding nine peer-reviewed studies that met rigorous inclusion
criteria. These studies were analyzed across five quality dimensions: relevance,
clarity of XAI methods, empirical grounding, human factors consideration, and
deployment realism. Findings reveal that while technical innovations—such as
SHAP, LIME, Grad-CAM, and lightweight edge-based models—offer substantial
gains in model transparency, these advances often fail to translate into actionable
insights for end-users due to limitations in cognitive usability and system
integration. The review identifies a recurring gap between the theoretical promise
of XAl and its practical implementation in real-world security infrastructures.
Studies highlight issues such as user disengagement, underutilization of
explanation tools, and inadequate alignment with operational workflows.
Emerging directions emphasize the need for user-centered design, co-
explainability frameworks, and interdisciplinary approaches that incorporate
cognitive science and human-computer interaction. In conclusion, the future of
XAl in cybersecurity hinges on its ability to go beyond algorithmic transparency
and embed interpretability within the social, cognitive, and organizational
contexts in which security professionals operate. Bridging these gaps will be
essential for realizing the full potential of explainable AI systems as trustworthy
and effective tools in modern cybersecurity operations.

Keywords: Explainable AI, Cybersecurity, Artificial Intelligence.
1. Introduction

The increasing reliance on Artificial Intelligence (AI) in cybersecurity has
introduced a paradox: while AI models can process massive volumes of data to detect
threats with high accuracy, their often opaque decision-making processes can
undermine user trust, accountability, and adoption. This has led to the emergence of
Explainable Artificial Intelligence (XAI)—a suite of methods designed to make AI
decisions interpretable and transparent to human users.

In high-stakes environments like cybersecurity, where decisions affect national
security, data privacy, and organizational resilience, explainability is not merely a
technical enhancement but a functional necessity. As Al systems are increasingly
adopted in threat detection, intrusion response, and risk management workflows,
stakeholders require insights not only into what the system predicts, but why. Recent
literature underscores that explainability is foundational to trustworthy Al deployment
across digital transformation initiatives [1].
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To visualize this core challenge, Fig. 1 illustrates the trust gap between
algorithmic prediction and human understanding, emphasizing the bridging role of
XAI.

Al System Human Analyst
(Threat Detection) (Trust & Decision)

Fig. 1. Gap between algorithmic prediction and human understanding

While AI offers speed and pattern recognition, human analysts must still
interpret and act on its outputs—often in high-pressure environments where
transparency and timeliness are critical.

This paper conducts a semi-systematic review to explore recent
developments in the integration of XAI within cybersecurity contexts. Unlike a full
systematic review, which aims for exhaustive coverage, this approach emphasizes
thematic synthesis of recent peer-reviewed studies that offer representative insights
into technical innovations, deployment challenges, and human-centric design
considerations. The goal is to identify patterns and gaps across both research and
practice, particularly in relation to trust-building, usability, and real-world applicability
of XAI methods in security operations.

2. Literature Review

The application of Explainable Artificial Intelligence (XAI) in cybersecurity has
emerged as a critical research frontier, driven by the urgent need to balance model
performance with interpretability and user trust. As Al-based decision systems
become integral to security infrastructure, understanding how and why these systems
make decisions is essential for ensuring accountability and facilitating human-AI
collaboration.

[2]offer a foundational review of XAI's integration into cybersecurity,
emphasizing the need for systematic frameworks to guide implementation and
benchmarking effort (Capuano et al., 2022).Their survey outlines the key dimensions
of explainability—including fidelity, robustness, and usability—and argues that without
clear design principles, XAI applications risk becoming ad hoc and ineffective.
Complementing this view, [3] deliver a more taxonomic perspective, dissecting XAI
methods based on their applicability to automation, intelligence augmentation, and
trust reinforcement in cybersecurity workflows [3]. Together, these works frame XAI
not only as a technical tool but as a strategic enabler of secure and transparent Al
systems.
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However, empirical deployments highlight the disconnect between theoretical
promise and operational adoption. [4] conducted a real-world pilot where analysts
were provided with XAI-enhanced systems. Despite technical improvements, users
often neglected explanation tools and saw limited gains in decision-making accuracy,
revealing barriers in human factors such as cognitive load, trust calibration, and
explainability literacy[4]. These findings underscore that XAI's success is contingent
not only on technical performance but also on user engagement and organizational
readiness.

Malware detection has served as a particularly active testbed for XAI
integration. [5] developed an approach that integrates memory-based analysis with
ML and DL classifiers, leveraging XAI techniques to provide semantic transparency in
malware behavior detection. Similarly, [6]also elevated model trustworthiness among
analysts. These use cases validate XAI's capacity to demystify opaque deep learning
predictions in high-stakes environments.

Addressing the challenge of deployability in edge and constrained
environments, [7] introduced an Explainable and Lightweight AI (ELAI) framework
designed for real-time threat detection on edge networks. By optimizing for both
interpretability and computational efficiency, ELAI demonstrates that XAI can be
adapted to function in latency-sensitive and resource-limited settings, broadening its
practical relevance.

Beyond technical enhancements, [8] highlight how XAI can be used to

strengthen human-Al collaboration by fostering mutual transparency in mixed-
initiative systems. Their proposed framework aligns with the broader trend of
embedding XAI into design thinking, ensuring that interpretability is not retrofitted
but built into Al systems from the outset.
Additionally, recent studies by [9] and [10] delve into the psychosocial dimensions of
XAI deployment in cybersecurity. They argue that successful integration requires
addressing user perception, cognitive models, and behavior dynamics, especially in
high-stress operational environments. This pivot from algorithmic focus to user-
centricity is critical for ensuring XAl's real-world effectiveness.

In summary, the evolving literature paints a nuanced picture: while XAI offers
transformational benefits in transparency, auditability, and trust, its practical efficacy
hinges on human, technical, and infrastructural readiness. Continued research must
focus not only on refining explanation methods but also on standardizing evaluation,
modeling user interaction, and supporting real-time, lightweight deployments.

3. Data and Methodology
3.1 Search Strategy

A structured search was conducted to identify relevant literature focusing on
the application of Explainable Artificial Intelligence (XAI) in cybersecurity. The
following digital databases were queried between year 2022 and 2025:

IEEE Xplore
ACM Digital Library
SpringerLink
ScienceDirect
arXiv (for preprints)
e Google Scholar
Search terms were combined using Boolean operators and included variations of:
("Explainable AI" OR "XAI") AND ("cybersecurity" OR "malware detection" OR "edge
computing” OR "trust in AI" OR "AI transparency").
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This approach reflects established practices in systematic review research

where structured database searches and transparent inclusion logic are used to
ensure replicability and thematic rigour [11].

3.2 Inclusion Criteria

To ensure relevance and rigor, studies were included if they:

Were published between January 2022 and May 2025

Focused specifically on the application or evaluation of XAI techniques in a
cybersecurity context

Provided empirical evidence, theoretical frameworks, or human-centered
analysis

Employed or discussed recognized XAI techniques (e.g., SHAP, LIME, Grad-
CAM, counterfactuals)

Were peer-reviewed or part of recognized preprint repositories (e.g., arXiv)

3.3 Exclusion Criteria

Studies were excluded if they:

Addressed explainability in non-cybersecurity domains (e.g., healthcare,
finance)

Focused exclusively on general Al or ML techniques without linking to
interpretability or transparency

Were non-English publications or lacked accessible full-text

Consisted solely of opinion pieces or short workshop abstracts without
substantial methodological or empirical depth

3.4. Screening Process

All identified records were first screened by title and abstract. Duplicates were

removed. Full-text reviews were then conducted on shortlisted studies. In total, nine
key papers were selected based on their thematic alignment with the goals of this
literature review, which emphasize trust, transparency, human factors, and edge
deployment in XAI for cybersecurity.

3.5. Data Extraction and Synthesis

For each study, information was extracted regarding:

Authors and publication year

Cybersecurity focus area

XAI techniques employed

Empirical findings or proposed frameworks

Insights on usability, trust, and system performance

3.6. Study Quality Assessment

To ensure a nuanced understanding of each selected study, a structured

quality evaluation was conducted using five dimensions:

1.

2.

Relevance to Cybersecurity - alignment of study focus with XAI applications
in security domains.

Clarity of XAI Methods - transparency in describing the explainability
techniques used.
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3. Empirical Evidence - presence of experiments, deployments, or evaluations.

4. Human Factors Consideration — integration of trust, cognitive modeling, or
usability in the design.

5. Deployment Realism - realism of setting, such as field trials or edge
computing integration.

Each study was scored qualitatively across these dimensions (v = present, =
limited/absent), resulting in a composite quality impression.

Table 1. Quality assessment of the papers

- Quality
. Empirical Human Deployment

Study |Relevance| XAI Clarity Evidence Factors Realism (oict:(:)rfes)
Capuano et . . Not
al., 2022 V' High v Clear Theoretical addressed Conceptual 3
gﬁrkzegzit V' High V' Detailed Review-based| Partial Conceptual 3
Nyre-Yu et i
aIYrezozuz v High El/_IﬁllpEF;IIEd v Pilot study |V Key focus |v Real-world 5
Ravikumar,
C.etal, |V High v Applied |V Experimental | Limited Lab setting 4
2024
Nazimet | , High v Visual v Comparative |V User Simulated 4
al., 2025 methods testing feedback
Rahmati v _ . v Edge

" |V High V' Protot Minimal g 4
2025 'g Lightweight rototyping deployment
Desai et _ _ Design V/ Core
al., 2024 |Y High |V Uldesign |c.. 0o theme Conceptual 4
v
Pan et al., _ V' Cognitive i No
2023 V' High model User analysis |psychology deployment 4
focus

Barletta et ) V Behavioral| Design- No empirical
al., 2023 v High framing oriented v Key focus test 4

4. Discussion and Findings

The literature reveals a dynamic and interdisciplinary landscape where
Explainable Artificial Intelligence (XAI) is increasingly being adopted to enhance
cybersecurity systems. A total of nine studies met the inclusion criteria and were
thematically analyzed. These studies span both theoretical frameworks and empirical
deployments, encompassing aspects such as malware detection, real-time edge
computing, trust in AI systems, and human-Al collaboration.

4.1 Thematic Insights

1. Framework Development and Taxonomies
[2] and [3] offer foundational models and taxonomies that categorize XAI
approaches based on their utility in cybersecurity. These contributions
emphasize the need for systematic integration rather than ad hoc use of
explainability techniques.

2. Usability and Trust

[4] conducted one of the few field deployments, revealing a significant gap
between technical explainability and human comprehension. Despite tool
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availability, analyst trust and engagement did not measurably improve,
highlighting a need for cognitive alignment and interface design.

3. Malware Detection Use Cases
[5] and [6]illustrate how XAI enhances transparency in malware classification.
Their studies show that visual and memory-based explainability methods can
support both model validation and operational clarity.

4. Edge and Real-Time Environments
[7] introduces a lightweight, explainable model tailored for resource-
constrained environments. This reflects a growing interest in deploying XAI
beyond centralized systems into edge networks where both speed and clarity
are critical.

5. Human-Centric Design

[8], [9], and [10] push the discourse toward human factors, exploring how
cognitive ergonomics, behavior modeling, and co-explainability foster
effective human-AI synergy in high-stress environments.

A qualitative synthesis was conducted to compare and contrast methodological
approaches, reported outcomes, and practical implications. A summary table was

included to highlight recurring themes and gaps in current research.

4.2 Synthesis of Literature

Table 2. Literature Synthesis from papers

Author(s) Topic XAI Methods Key Insight
Calls for standardized
(zigrz)gano et al, Survey/Frameworks gexr:;?rlnXAI frameworks and evaluation
Y in cybersecurity XAI
Sarker etal., |Method taxonomy & SHAP, LIME,  |Reviews XAI methods by
. A application (trust,
2024 challenges visualizations . - .
automation, intelligence)
. . Found XAI tools
Nyre-Yu et al., |Field study (pilot LIME, XAI o
underutilized by analysts;
2022 deployment) dashboards trust did not increase
. ML/DL + Enhanced classification
EF:Iav(|I2<(L)J;n4a)r, C. et Malware detection explainable using memory analysis +
) output XAI
Nazim et al., Malware image classification SHAP, LIME, I\gI:rl'Jr?iInXAnaé?eplroves deep
2025 9 Grad-CAM 9

transparency

Rahmati, 2025

Real-time edge security

Lightweight XAI
(ELAI)

Combines speed +
explainability for edge
networks

Emphasizes co-

Desai et al., . XAI-aware - o
2024 Human-AlI collaboration interfaces explainability to enhance
human-AI synergy
Cognitive Studies how users perceive
Pan et al., 2023 |Human factors in Al mogdels and engage with XAI

outputs

Barletta et al.,
2023

Behavioral UX design

Human-centric
XAI

Suggests aligning XAI with
cognitive ergonomics
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Further, to illustrate the distribution of XAI methods across the reviewed
studies, Fig. 2 summarises the frequency with which key techniques such as SHAP,
LIME, Grad-CAM, and custom models were employed.

Frequency of XAl Techniques Across Reviewed Studies

Number of Studies

LIME Grad-CAM Custon.ﬂlother
XAl Technique
Fig. 2. Distribution of XAI methods across the studies

5. Conclusion

This review underscores that while Explainable Artificial Intelligence (XAI) offers
considerable potential to advance cybersecurity systems, its practical impact in real-
world settings is shaped by more than just algorithmic sophistication or model
transparency. Across the reviewed literature, a consistent theme emerges: the
success of XAl in cybersecurity is not merely a function of its ability to explain, but of
its ability to be understood, trusted, and effectively used by human operators in
dynamic, high-stakes environments.

The selected studies demonstrate promising progress in technical innovation—
ranging from the use of visual interpretability methods such as SHAP and Grad-CAM
to the development of lightweight, real-time explainable frameworks optimized for
edge computing environments. These contributions reflect a broader evolution in the
field: a shift from viewing explainability as a post hoc add-on, toward designing Al
systems that embed interpretability into their architecture from the ground up. In
particular, research exploring co-explainability frameworks, which aim to foster
mutual understanding between human analysts and AI systems, signals an
encouraging move toward user-centered and collaborative design principles.

However, this optimism is tempered by persistent challenges that limit the
operational effectiveness of XAI. Multiple field and simulation studies highlight that
even when explainability tools are available, analysts often overlook or underutilize
them, pointing to a crucial disconnect between technical explainability and cognitive
usability. This disconnect is exacerbated in high-pressure cybersecurity operations
where users are inundated with information, under time constraints, and often lack
the training or cognitive bandwidth to interpret complex AI outputs. As a result, XAI
frequently fails to translate from a desirable technical feature into a meaningful
decision support tool.

Furthermore, the review identifies significant gaps in the current research
ecosystem. Many studies still operate within controlled or theoretical settings, with
limited real-world deployment or user-centered evaluation. Few works directly
address organizational factors, such as workflow integration, team dynamics, or
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training ecosystems, which are critical for the sustained and effective use of XAI tools
in security operations. There is also a notable underrepresentation of behavioral and
psychological research that could inform how users perceive, engage with, and
calibrate trust in AI systems.

To bridge these gaps, future work must expand beyond the algorithmic domain
and embrace a holistic, interdisciplinary approach. This includes incorporating insights
from human-computer interaction (HCI), cognitive science, organizational
psychology, and systems engineering. Interface design should prioritize intuitive,
context-aware visualizations, while system architectures should allow for interactive,
dialogic forms of explanation rather than static outputs. Evaluation metrics should
also evolve to include user trust, situational awareness, and decision quality, rather
than model performance alone.

In sum, the path forward for XAI in cybersecurity demands a synthesis of
technical excellence and human-centered design. Only by addressing the cognitive,
behavioral, and operational dimensions of explainability can we ensure that XAI
systems are not only interpretable in theory but also empowering, actionable, and
impactful in practice.
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Abstract. Organizations are increasingly seeking ways to harness the power of
artificial intelligence (AI) to enhance decision-making and build trust in the
outcomes. While Al plays a significant role in shaping organizational thinking,
concerns have been raised about the quality of its decisions—a topic that has
received limited attention in the literature. This study aims to identify the key
factors that influence the quality of Al-driven decision-making within
organizational contexts. The study found that high-velocity data streams can
overwhelm processing systems, often leading to incomplete analyses that distort
the underlying reality. Additionally, when data is collected for different purposes
or under varying contextual conditions, its relevance and reliability for Al-driven
decision-making are significantly reduced. Without mechanisms to account for
these contextual nuances, Al systems become prone to generating inaccurate or
misleading outcomes. The findings highlight the critical need for robust processes
to track, document, and communicate changes in data collection methods—
particularly in environments where data is sourced from multiple, independent
actors. Ultimately, the study concludes that the quality of AI decision-making is
not solely a function of algorithmic sophistication but rather the result of a
complex interplay between organizational, technical, and human factors.

Keywords: Artificial intelligence, decision-making quality, Al influence.

1. Introduction

Artificial Intelligence (AI) is rapidly reshaping how decisions are made across
sectors, offering the potential for enhanced speed, consistency, and precision in
solving complex problems. From personalized healthcare recommendations to
predictive maintenance in manufacturing and policy targeting in public administration,
Al-driven systems are increasingly relied upon to support or even automate critical
decisions [1]. Yet, despite its widespread adoption and promise, there remains a
fundamental question at the heart of Al's application: What determines the quality of
Al-driven decision-making? While AI algorithms are often praised for their
computational sophistication and ability to process vast volumes of data, high-quality
decision-making is not solely a function of computational power or data availability
[2]. In practice, the accuracy, fairness, relevance, and contextual soundness of Al
decisions are influenced by a complex array of technical, organizational, and human
factors [3]. These include how data is selected and labeled, the transparency and
interpretability of model outputs, the governance structures surrounding Al
deployment, and the capacity of end-users to understand and act upon Al-generated
insights [4].

Unlike traditional decision support systems, AI operates in dynamic
environments where decision quality is tightly coupled with the training data, learning
algorithms, model assumptions, and feedback mechanisms embedded within the
system [5]. For example, a recommendation algorithm in a retail setting may excel
in short-term sales optimization but perform poorly when customer trust or long-term


https://doi.org/10.33847/2686-8296.7.1_2

loyalty is considered—revealing a gap between what is optimized and what truly
constitutes a "high-quality" decision.

Moreover, the deployment of Al often involves cross-functional collaboration
across data scientists, domain experts, IT teams, and decision-makers. Misalignment
among these actors—such as differing priorities, levels of expertise, or interpretations
of model results—can undermine the effectiveness of Al systems [6]. In some cases,
organizational silos or insufficient feedback loops may result in decisions that are
technically sound but contextually inappropriate or ethically questionable [7].

Although extensive research exists on the technical development of AI models,
there is a notable lack of systematic inquiry into the socio-technical ecosystem that
shapes Al decision quality [7]. Questions such as how organizational processes,
human judgment, and ethical norms interact with algorithmic outputs remain
underexplored. As Al moves from experimental environments to mainstream decision
infrastructures, understanding these factors becomes not only relevant but essential
[8].

The research question underlying this study is: What are the key factors that
influence the quality of Al-driven decision-making in organizational settings? It adopts
a systems-oriented perspective, recognizing that Al decision outcomes are shaped
not just by data and algorithms, but also by the design of workflows, the involvement
of stakeholders, and the feedback dynamics within organizations. By examining these
dimensions in a real-world context, this study contributes to the growing discourse on
responsible, effective, and context-aware Al.

The remainder of this paper is structured as follows: Section 2 presents a review
of literature on Al decision-making and quality assessment frameworks. Section 3
outlines the research methodology used in the empirical case study. Section 4
presents the findings, identifying core technical and organizational influences on Al
decision quality. Finally, Section 5 discusses the implications for Al design and
governance, and Section 6 concludes with recommendations for future research.

2. Literature Review on AI Decision-Making Quality: A Framework

The pursuit of high-quality Al decision-making has emerged as a critical
imperative across disciplines, yet achieving this goal requires navigating complex
interdependencies that extend far beyond technical model performance [10]. While
traditional approaches to Al development have focused primarily on algorithmic
sophistication and computational power, contemporary research reveals that
decision-making quality depends on a multifaceted ecosystem of technical,
organizational, and human factors that must work in concert [11].

The AI decision-making lifecycle encompasses multiple structured stages, each
presenting unique opportunities to enhance or compromise overall decision quality.
These stages—from initial data capturing and storage through analysis and
visualization—form the technical backbone of AI systems, but their execution varies
dramatically across organizational contexts [9]. The critical insight emerging from
recent scholarship is that ‘who performs these tasks’ and how they navigate socio-
technical variability fundamentally shapes the quality of resulting decisions. This
complexity becomes particularly evident when considering Al's relationship with big
data. While Al systems leverage the traditional dimensions of volume, velocity, and
variety, they introduce additional quality imperatives including veracity, value,
variability, and volatility [12, 30]. The veracity dimension—encompassing data
accuracy and trustworthiness—serves as a cornerstone of decision-making quality, as
compromised data integrity cascades through the entire modeling pipeline,
undermining not only predictive accuracy but also fairness and user trust [13].
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The Multi-Dimensional Nature of Data Quality in Decision-Making

Data quality in AI decision-making transcends simple accuracy metrics to
encompass completeness, timeliness, relevance, and consistency [30]. Each
dimension contributes distinctively to decision-making quality, creating a compound
effect where deficiencies in any area can compromise overall outcomes. Poor data
inputs create a cascade of quality degradation, leading to flawed predictions,
unintended consequences, and erosion of stakeholder confidence [16]. This
phenomenon reframes traditional information systems challenges through the lens of
algorithmic accountability and ethical AI deployment. The dependency on historical
and externally sourced datasets introduces additional quality considerations, as Al
systems must navigate temporal drift, selection bias, and representativeness issues
that directly impact decision validity. Organizations must therefore develop
sophisticated data governance practices that account for these quality dimensions
throughout the AI lifecycle.

Organizational Readiness and Decision-Making Capacity

Effective Al decision-making quality depends critically on organizational
maturity and institutional readiness [17]. Technical infrastructure alone proves
insufficient; organizations must cultivate multi-level capabilities including algorithmic
expertise, governance frameworks, risk mitigation strategies, and cross-functional
collaboration. The success of advanced techniques such as deep learning and
reinforcement learning hinges on domain-specific integration, requiring bespoke
model tuning, continuous monitoring, and adaptive learning mechanisms that demand
substantial organizational investment [29]. This organizational dimension of decision-
making quality highlights the importance of institutional context in shaping Al
outcomes. Organizations with deeper AI integration possess the resources and
expertise necessary to maintain decision-making quality over time, while those with
limited capabilities may struggle to achieve consistent results [18].

Human-AI Collaboration and Decision Quality

The human-Al interface represents a critical determinant of decision-making
quality, where interpretability, trust, and user experience converge to influence
outcomes [19, 31]. As Al systems increasingly function as decision aids rather than
autonomous agents, the quality of human-Al collaboration becomes paramount.
Decision-makers must possess the capability to interpret, validate, and when
necessary, override algorithmic recommendations. The growing complexity and
opacity of AI models creates an interpretability gap that directly threatens decision-
making quality [20]. When decision-makers lack the cognitive or technical resources
to understand model outputs, they cannot effectively validate recommendations or
recognize potential errors. This challenge has catalyzed the development of
Explainable AI (XAI) as a critical component of decision-making quality assurance
[22].

Collaborative Processes and Quality Assurance

Organizational dynamics and team interactions profoundly influence AI
decision-making quality. Research demonstrates that cross-functional collaboration
between data scientists, domain experts, designers, and end-users enhances
contextual understanding and reduces implementation gaps that can compromise
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decision quality [15]. Conversely, siloed operations and misaligned mental models
lead to Al system misapplication and suboptimal outcomes. Quality assurance in Al
decision-making therefore requires robust governance structures, ethical deliberation
processes, effective communication practices, and feedback loops that ensure
alignment across the development and deployment lifecycle [21]. These collaborative
processes serve as quality gates that help maintain decision integrity.

A Systems Approach to Decision-Making Quality

The quality of AI decision-making emerges from the complex interplay of
multiple interconnected factors [14, 29]:

Data Foundations: Input data quality and representativeness establish the
baseline for all subsequent decision-making processes, requiring comprehensive
attention to accuracy, completeness, and bias mitigation.

Technical Robustness: Model explainability and robustness ensure that Al
systems can provide reliable, interpretable outputs that support high-quality human
decision-making.

Organizational Capabilities: Domain integration and institutional readiness
determine whether organizations can effectively implement and maintain Al systems
that consistently deliver quality decisions.

Human Factors: User interpretability, trust, and oversight capabilities shape
how effectively humans can collaborate with Al systems to achieve optimal outcomes.

Governance Structures: Collaborative processes and ethical frameworks
provide the institutional scaffolding necessary to maintain decision-making quality
over time.

As Al systems become embedded in increasingly high-stakes decisions across
domains such as healthcare, finance, criminal justice, and environmental policy,
ensuring decision-making quality demands a comprehensive socio-technical systems
approach[22]. This approach must account for the interdependence between technical
design choices, institutional contexts, and human values to promote reliable,
transparent, and equitable AI deployment. Future advances in Al decision-making
quality will require continued research and practice that bridges technical innovation
with organizational development and human-centered design [23]. Only through this
integrated approach can we realize Al's potential to enhance decision-making while
mitigating the risks of poor implementation and unintended consequences.

From the literature analysis, there is a recognition that Al decision-making
quality is not merely a technical challenge but a complex socio-technical undertaking
that requires sustained attention to the full ecosystem of factors that influence
outcomes [24]. Success in this endeavor will determine whether Al fulfills its promise
as a tool for improving human decision-making or becomes a source of new risks of
information overload with lack of due diligence and inequities.

3. Methodology

Participants were 10 information systems (IS) experts who responded
affirmatively to an invitation issued by this author through their IS lead. A url for the
interview questionnaire used in this study was emailed to all participants and also
forwarded to their Whatsapp platform by the lead. Among them, 70% (n=7) were
males and the mean age was 38.3 (SD=8.83) years. The mean length of IS experience
among the participants was 8.36 (SD=8.29) years. Nearly all the participants were
IS/IT consultants advising on enterprise systems, digital transformation, and IT
strategy (95%) and the mean years of Al service experience was 5.23 (SD=4.04).
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Most of the IS experts (90%, n=169) hold at least a master’s degree (e.g., MIS, MSc
in IS, MBA with IS concentration).

A self-report interview guide was used for this study. In addition to providing
their demographic information, participants responded to questions on data source
quality, governance mechanism, organisational structure, Al data dynamics,
collaboration, technological infrastructure and cultural adaptation. All items were
presented in English. The items used in this study were adapted from published
sources [14].

4. Results

From the qualitative analysis AI decision-making quality is shaped by a complex
network of interrelated factors that evolve over time and across organizational
contexts. A deep dive into the interview-based evidence reveals that the journey to
embedding Al in decision-making is not linear but iterative, involving organizational
adaptation, technological refinement, and shifts in governance [1]. The findings of
this study, while not longitudinal in design, offer longitudinal insights through
retrospective examination of the interviews, highlighting the dynamic and evolving
nature of Al adoption within the organizational setting.

Initially, Al and Big Data Analytics (BDA) adoption began with ad hoc practices
driven by curiosity or immediate operational needs. These early efforts were often
isolated and lacked the structure necessary for high-quality decision-making. As the
use of Al and BDA matured, the organization experienced a shift toward formalization
and institutionalization. This shift involved structural changes such as the creation of
a dedicated department separate from operational units, aimed at maximizing the
potential of AI applications. The separation of Al functions from traditional operations
allowed for more agile experimentation, rapid capability development, and the
targeted recruitment of staff with relevant Al expertise [4].

A central insight highlighted by one participant is that the quality of AI decision-
making is inextricably tied to the quality and governance of data—Al’'s foundational
input. Data quality emerges as a critical determinant, as poor data leads to flawed
algorithmic outputs. This reveals that different stages of the data value chain—from
collection and cleansing to aggregation and analysis—introduce potential risks that
can degrade Al decision outcomes [25]. These include errors due to noise,
inconsistencies in naming conventions, differences in data granularity, and lack of
contextual information. For AI systems to function optimally, there must be clear
understanding and agreement on the context in which the data was gathered, how it
will be processed, and how it should be interpreted.

Governance—both relational and contractual—was found plays a pivotal role in
supporting Al-driven decision-making. Initially, relational governance dominated,
with informal agreements and trust-based interactions facilitating data access and
sharing. Over time, as the Al initiatives scaled and became integral to core decision-
making, formal governance mechanisms gained importance [26]. Contracts and
service-level agreements (SLAs) were introduced to standardize data quality, clarify
responsibilities, and ensure the consistency and timeliness of data supply. These
governance mechanisms were essential in institutionalizing Al use and mitigating risks
associated with fragmented data ownership and inconsistent data standards.

Another major factor influencing AI decision-making quality is the capability of
the workforce. The interview with the IS experts show that Al decision-making is not
solely a technical challenge but also a human one. Skilled personnel are needed not
only to build and maintain AI models but also to interpret the results and integrate
them into decision-making processes. The shortage of individuals with the necessary
blend of domain expertise, technical proficiency, and communication skills posed a
significant barrier. As stated by a participant, skills gap is addressed, in part, by
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forming partnerships with external Al firms and hiring specialists outside traditional
public-sector recruitment channels. However, even with expert intervention, the
integration of Al into established decision-making frameworks required a cultural shift
within the organization, including the retraining of staff and the reengineering of
processes [29].

Table 1. Factors influencing Al decision-making quality
| Identified factors || Description

Fundamental to AI accuracy; poor-quality data (e.g., noisy,
inconsistent, or context-lacking) leads to flawed outputs. Attention
needed across the data lifecycle: collection, cleansing, aggregation,
analysis.

Data Quality

Transition from informal (relational) to formal (contractual)
Governance Mechanisms |[governance ensured data quality, standardized responsibilities, and
enabled scalable Al use.

Al decision-making requires skilled personnel with both domain
knowledge and technical proficiency. Skills gaps were addressed
through partnerships and strategic hiring, but internal cultural shifts
were also necessary.

Workforce Capability

Separation of AI functions from core operations enabled agility,
Organizational Structure (|experimentation, and focused expertise development. Structural
adaptation was key for institutionalizing Al.

Technological Initial limitations required manual effort; later, flexible infrastructure
Infrastructure improved system integration, speed, and real-time decision-making.

Choosing the right AI models and tools was challenging, requiring
Algorithmic Suitability domain understanding and iterative experimentation to match
analytical tools with decision needs.

Fast-changing and heterogeneous data can overwhelm systems or
distort outcomes. Contextual mismatches or misaligned data
purposes reduce reliability.

Data Dynamics (Velocity,
Variability, Veracity)

Experienced decision-makers were crucial in interpreting and
Human Judgment integrating AI outputs appropriately. Al augments rather than
replaces human judgment.

Effective communication and co-creation among data providers,
Collaboration analysts, AI developers, and end-users ensured relevance,
understanding, and actionable insights.

Adoption required rethinking workflows, retraining staff, and shifting

Cultural Adaptation organizational culture to embrace data-driven decision-making.

Al capabilities have the tendency to influence decision-making quality [23]. The
study highlights the challenge of selecting appropriate algorithms and tools,
particularly when dealing with complex, multi-variable data. Participants indicated
that analysts faced difficulties in visualizing data outputs and identifying patterns,
which often necessitated iterative experimentation and deep domain understanding,
which prolongs the quality process. Moreover, limitations in existing systems and
infrastructure initially required extensive manual effort to process data [24]. In this
regard, establishment of a flexible infrastructure enables better system integration,
reducing lead times and enhancing real-time decision-making capabilities.

Concerning data, the dynamic nature of AI applications further complicates
decision-making. Factors such as data velocity, variability, and veracity introduce
uncertainty into the decision-making process [12]. For instance, high-velocity data
streams can overwhelm processing systems, resulting in partial data analysis that
misrepresents the underlying reality. Similarly, if data is collected for different
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purposes or under different contextual conditions, its relevance and reliability for Al
decision-making diminish. Al systems, without mechanisms to understand these
contextual nuances, are vulnerable to producing erroneous or misleading outcomes.
The study underscores the importance of having mechanisms in place to track,
document, and communicate changes in data collection methods, especially in
environments where data originates from multiple independent actors. This goes a
long way to improve Al decision-making quality.

The experience and interpretive skills of decision-makers using Al outputs also
influence the overall decision quality. Al systems do not replace human judgment but
rather augment it [28]. The more experienced the decision-makers, the better they
were at understanding the strengths and limitations of AI outputs and using them
appropriately. Early adoption was characterized by both enthusiasm and uncertainty,
as users grappled with legal, ethical, and operational implications of Al-generated
insights. Over time, greater familiarity with Al tools and outputs led to improved
confidence and more effective integration into decision-making.

A recurring theme in the interview study is the necessity of collaboration—
between data providers, Al developers, analysts, and end-users [20]. Effective
collaboration mitigated the risks of fragmented knowledge and facilitated the
alignment of Al tools with decision-making needs. Communication was essential, not
just in interpreting data but in setting shared expectations about data usage,
limitations, and goals. AI systems achieved better performance when technical and
domain experts co-created analytic solutions, ensuring that Al insights were relevant,
interpretable, and actionable.

In conclusion, the quality of Al decision-making is shaped by a confluence of
factors including data quality, governance structures, workforce capabilities,
infrastructural flexibility, algorithmic suitability, and human judgment. These
elements do not operate in isolation; rather, they interact in a dynamic and often
reinforcing manner. As Al continues to evolve, organizations must approach its
integration holistically—by not only investing in technology but also rethinking their
structures, practices, and cultures to support informed and reliable AI-driven
decisions.

5. Implications for Policy and Research

The dynamic and evolving landscape of artificial intelligence (AI) adoption in
organizations presents important implications for business research, particularly in
enhancing decision-making quality. The interview-based insights into Al
implementation reveal that high-quality decision-making is not merely a function of
sophisticated algorithms but is contingent on a constellation of interrelated factors—
organizational, technological, human, and contextual. For the businesses, these
findings underscore the need for a holistic research agenda that bridges technical
innovation with organizational realities, especially in public and global governance
contexts. A foundational implication is the centrality of data quality in Al decision-
making. Business research must prioritize understanding how organizations can
systematically ensure the integrity, consistency, and contextual relevance of data
throughout its lifecycle. From data collection and cleansing to aggregation and
analysis, each stage introduces risks that can distort Al outputs. Research is needed
to develop scalable data governance models that are adaptive across sectors and
geographies, particularly in environments where data is fragmented or originates from
multiple independent actors, such as those found in many organisational-led
development projects.

Governance structures represent another vital area. The case study illustrates
a shift from informal, trust-based governance to formal contractual mechanisms (e.g.,
service-level agreements) as Al initiatives mature. For international organizations,
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this transition holds lessons for structuring multi-stakeholder data ecosystems.
Business research can inform best practices for data-sharing agreements, ethical Al
oversight, and interoperability standards that align with global development goals.

Also the interview revealed that the workforce dimension warrants focused
inquiry. Al systems do not operate autonomously; they require skilled professionals
to develop, interpret, and apply outputs effectively [27]. Business research should
explore strategies to bridge the talent gap through hybrid skill development, cross-
sector partnerships, and adaptive organizational learning. For the technology firms,
this means examining how to cultivate AI readiness in public institutions, especially
in low- and middle-income countries, through capacity-building programs that
integrate domain knowledge with digital literacy.

Another insight with profound research implications is the importance of
organizational structure and culture in Al adoption. The establishment of autonomous
Al units within organizations enabled agility and specialization, which improved
experimentation and decision integration. Business researchers can investigate
models of structural decoupling that enhance innovation without creating silos.
Equally, research should address how cultural resistance to AI can be mitigated
through change management, participatory design, and inclusive governance
mechanisms. The interpretive role of human judgment is a recurring theme. Business
research should move beyond the technical performance of Al to examine how
decision-makers interact with and trust Al outputs. Understanding the cognitive,
ethical, and institutional factors that shape this interaction is key to promoting
effective and responsible Al adoption in complex decision environments.

Finally, the collaborative dimension of AI deployment—between data
providers, analysts, developers, and end-users—emphasizes the need for
interdisciplinary research. Al solutions co-developed with domain experts are more
likely to be interpretable and actionable. For the organisations, this supports an
approach where Al is embedded not only in technology strategy but also in human
development and governance frameworks. In sum, business research must evolve to
address Al decision-making quality as a multi-level, adaptive process. This calls for
integrative frameworks that consider data, governance, people, and systems
together—ensuring that Al-driven decisions are not only technically sound but also
ethically grounded, contextually relevant, and socially beneficial.

6. Conclusion

This study highlights that AI decision-making quality is not determined solely
by the sophistication of algorithms but by a complex interplay of organizational,
technical, and human factors. The journey to effective Al integration is iterative and
deeply contextual, shaped by evolving governance mechanisms, workforce
capabilities, infrastructural readiness, and cultural adaptation. High-quality data and
robust governance emerge as foundational enablers, while human judgment and
collaborative practices ensure that AI outputs are interpreted and applied
meaningfully.

For organizations, including global institutions, the implications are clear:
successful Al adoption requires more than technical investment. It demands structural
alignment, strategic talent development, clear data stewardship, and mechanisms to
foster trust, learning, and collaboration across all stakeholders. Business research has
a critical role to play in advancing these dimensions by offering insights into how Al
can be responsibly and effectively embedded into real-world decision-making
contexts. Ultimately, improving Al decision-making quality is not just a technological
goal—it is a systemic and strategic endeavour that must be pursued with deliberate
coordination, inclusive design, and continuous learning.
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Abstract. The primary focus of this study is to monitor significant changes
compared to the author's previous articles, with the objective of identifying
alterations in the legality of cryptocurrency; the extent of its volatility; its
profitability; and its use as a medium of exchange. The author asserts that, in
2025, the legality of cryptocurrencies underwent significant changes on a global
scale. The regulatory approach to digital assets varies across nations, with some
adopting a regulatory framework that encompasses these assets, while others
have opted for a prohibitionist stance. The profitability of mining has been
observed to decrease in consequence of rising time and energy costs, whilst the
volatility index has been noted to decrease due to the entry of institutional
investors and the adoption of merchant strategies. In summary, the profitability
of crypto asset acquisition has reached a state of maturity. The focus has shifted
from the initial hype to the development of effective strategies, the optimal timing
of transactions, and the conducting of thorough research.

Keywords: cryptocurrency, legality, volatility, mining, profitability.
1. Introduction

Cryptocurrency is a newer form of digital asset, which has become a global
phenomenon among investors and enthusiasts alike [1]. As of today, the total market
cap & volume of cryptocurrencies globally, a result of 17,004 cryptocurrencies [2].

Cryptocurrencies are a growing market that involves an increasing number of
people and organizations with rapid evaluations and increasing interconnections to
other economic variables. This dynamism introduces potential risks to the broader
economy that necessitate careful monitoring and analysis [3].

In recent years, the intensified use of high-frequency data has revolutionised the
analysis of cryptocurrencies, which are now actively traded 24/7 across global
markets. It is the case that a number of scientists have identified four major streams
of research. Firstly, there is the return prediction and measurement of cryptocurrency
volatility. Secondly, there is the (in) efficiency of cryptocurrencies. Thirdly, there is
the price dynamics and bubbles in cryptocurrencies. Finally, there is the
diversification, safe haven, and hedging properties of cryptocurrencies. [4].

It is submitted that regulatory frameworks and international collaboration can
play pivotal roles in mitigating risks stemming from quantum computing
advancements in the context of digital currencies. It is recommended that jurisdicties
synchronise transition roadmaps with clear upgrade deadlines in order to enhance
preparedness and standardisation across currency systems. International
collaboration will also be important as blockchain technologies become increasingly
global in nature [5].

It is imperative to closely monitor the spillovers of volatility during periods of
market disruption, as evidenced by the peaks in the Total Connectedness Index during
both global and crypto-specific crises. For investors and risk managers, understanding
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these transmission dynamics can facilitate more informed trading and risk
management decisions in the evolving crypto ecosystem. It is important to note that
the time-varying and asymmetric nature of the aforementioned findings highlights the
need for diversification strategies. [6].

The cryptocurrency market, known for its inherent volatility, has been signifi-
cantly influenced by external shocks, particularly during periods of global crises such
as the COVID-19 pandemic whilst past price fluctuations had a limited impact on
future volatility for most cryptocurrencies, although leverage effects became evident
during market anomalies. It is important that volatility depends on type of shocks:
positive or negative. Baur and Dimpfl [7] reported that cryptocurrencies’ volatility
increases more in response to positive shocks than negative ones. Similarly, Salisu
and Ogbonna [8] reinforced the finding that good news has a positive impact on return
volatility. The observed volatility persistence and significant leverage effects during
crises call for the development of market stabilization tools, such as circuit breakers
or trading halts, particularly during periods of extreme market stress. These measures
could help prevent panic selling and reduce the likelihood of excessive price
fluctuations. By considering these implications, both investors and regulators should
work towards mitigating risks associated with cryptocurrency volatility, especially
during periods of heightened global uncertainty [9].

The integration of technological innovations into daily life is a phenomenon that
is increasing in pace as society becomes more familiar with such developments. The
result is the mainstreaming of technology, leading to its acceptance as a normal and
stabilising element of life. As it reaches maturity, Bitcoin becomes integrated into the
realm of everyday e-commerce, exhibiting reduced fluctuations in value. The
cryptocurrency space is characterised by its dynamism, with new developments,
adoption trends and regulatory changes occurring with great rapidity. It is therefore
argued that Bitcoin has the potential to offer benefits to e-commerce businesses and
customers, such as lower fees, security and global reach. Nevertheless, its
implementation and utilisation within the domain of e-commerce continue to pose
significant challenges. It is highly probable, with a 95% confidence level, that any loss
incurred from a Bitcoin investment will be less than 4.4% of the total value of the
investment. This figure is a key indicator for evaluating the risk involved in holding
Bitcoin. [10].

Blockchain technologies, which form the base for most cryptocurrencies, have
the potential to extend even deeper and more profoundly beyond cryptocurrencies to
other business applications than they have thus far. Even though blockchain-based
technologies can be applied to a wide range of industries (e.g., digital art
management, supply chains, and healthcare), technical, organizational, regulatory
hurdles must be overcome before mass adoption can take place. Meanwhile, Al (the
act of simulating the processes of human intelligence by machines, especially
computer systems), the IoT (an electronic system that is connected to any mechanical
digital machine, object, animal, or person that has a unique identifier (UID) associ-
ated with it), and the FinTech industry (businesses and consumers that use technol-
ogy to modify, enhance, or automate the delivery of financial services to businesses
or consumers) are some of the most important emerging technologies closely
associated with blockchain platforms.

Cryptocurrencies are viewed as a means of diversifying global technology
investments [11]. But can technology protect investors from extreme losses? [12].
Truly forecast could protect investors from extreme losses but there is still not world-
wide verified methodology how to predict price of cryptocurrency. Some studies
attempted forecasting of cryptocurrency volatility of the most popular
cryptocurrencies using the tree-based ensemble learning XGBM model delivered the
most accurate forecast. This highlighted the strength of the model based on the
regularization and aggregation of several models. [13, 21]
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By cryptocurrency mining the severe energy consumption and high emissions
caused triggered environmental concerns and further expanded the development of
the green bond market. So, it is urgent to reduce the pollutants of crypto. Miners can
replace the graphics processing unit (GPU) machine with more efficient devices, such
as application-specific integrated circuits (ASICs), in the mining process to mitigate
emissions. Carbon capture and storage technology can also be applied to restrain the
spread of carbon emissions. Also, countries should vigorously develop renewable
energy to provide power for crypto mining. Renewable energy sources such as wind
and solar energy are not only cleaner than fossil energy but also sustainable, which
is a better choice to provide electricity for mining machines. It is desirable to promote
the construction of hydropower, wind power and other bases, equipment
manufacturing, operation and maintenance, and waste disposal to build a green
closed-loop industrial supply chain for renewable energy [14].

The environmental concerns associated with energy-intensive cryptocurrencies
have led to the rise of clean cryptocurrencies, which aim to balance financial
innovation and sustainability. Incorporating clean cryptocurrencies into dirty
cryptocurrency portfolios effectively reduces tail risk, regardless of the portfolio
optimization strategy employed. However, risk reduction may not always result in
higher portfolio returns, volatility, drawdown risk, or risk-adjusted performance
indicators [15].

The link between currency exchanges, stock indices, and cryptocurrency price
volatility is now being studied by academics and practitioners. Alsulami and Raza [16]
found positive symmetric effects of USA stock indices on crypto price volatility.
Simultaneously, Japanese stock indices and currency exchanges have negative
symmetric effects on crypto price volatility in USA- Japan.

To sum up tracked Scientifics’ Articles there are key issues in cryptocurrency
research:

1. Regulatory Uncertainty & Fragmentation - The lack of harmonized rules
complicates compliance for exchanges and users, especially in cross-border
transactions.

2. Market Volatility & Speculation - This volatility undermines crypto’s use as a
stable store of value or medium of exchange, especially for everyday payments.

Therefore, the primary focus of this study is to monitor significant changes
compared to the author's previous articles [17, 18], with the objective of identifying
alterations in the legality of cryptocurrency; the extent of its volatility; its profitability;
and its use as a medium of exchange.

2. Previous works analysis

The first publication in cryptocurrency domain [17] presents an analytical
framework. Uses Bitcoin’s volatility index (Figs. 2-3) and standard deviation
calculations (Section 2) to confirm high risk—aligning with 2019’s "cons" (regulatory
uncertainty, price swings).

Second publication [18] examined cryptocurrency investment viability. The core
arguments focus on three main factors: high volatility (using Bitcoin as primary
example), unstable mining profitability (with comparative tables across 15
cryptocurrencies), and impractical mining timelines (noting it takes over 4 years to
mine 1 Bitcoin). Considered Explicitly links pandemic-driven cryptocurrency adoption
(Section 1) to market volatility, extending work on black swan events [19]. 2021
Article [18] Contributions:

Quantifies volatility’s impact on stability (Fig. 3) and mining diminishing returns.

Provides empirical mining profit/loss tables across 15 cryptocurrencies (Table 1).

Indirectly addressed via volatility’s link to policy uncertainty (e.g., taxation
omission in Conclusion).
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Building on foundational work [17, 18, 19], this study aims to track how
cryptocurrency transformed from speculative assets to payment instruments.

In total, Key Evolution of previous works: From theoretical adoption
drivers (2019) — empirical investment viability (2021).

3. Methodology

This research is based on general scientific principles: integrity, data analysis,
objectivity and openness in interpreting the data and drawing conclusions. The
research flow of current study is shown on Fig. 1.

The searching process has been stimulated by designing the queries and then
using the “scholarly™ library to fetch the most cited articles. Exact query was:
“cryptocurrency volatility”; “cryptocurrency profitability”; “cryptocurrency adoption”;
"cryptocurrency mining profitability 2023-2024"; "cryptocurrency volatility drivers",
"crypto market stability metrics 2024"; "cryptocurrency regulation"”; "cryptocurrency
legality"; "virtual currency acceptance framework".

Academic "insights mean that author use the “scholarly” package from four full-
text platforms/databases were carefully studied and comprehensively analyzed:
ProQuest, Dimensions, ArXiv, ResearchGate, and statistical reports.

Previous
Introduciton Works
analysis

N/ N/ N/ N/ N/
V vV NV v/ V
A brief . o
introduction to Th'.s artlgle s goal
. - - reiteration with
the problem Analysis of Volatility Finding briefly describing
being pervious works tracker Formulation the methodology
addressed

and data

Summarizing
Summary of the results of

Advance to the Major findings and

the magnitude literature Profitability the c:lata benefits from the
of the problem Tracker analysis and
results
support the
claims
General state Merchant Limitations of this
of the Acceptance work

literature Tracker

Academic Regulatory Suggestions for

Insights Tracker future research

Fig. 3. Research Flow. Source: Author’s elaboration.

It is important to notice that Search words as a query are enclosed in quotation
marks to ensure a search for a whole phrase, not by individual words. If you do not
use a whole phrase, then the search results are too scattered in different fields of
database. For effective searching was established Data Collection Pipeline (Table 1).

Then we analyzed the fetched articles and simulate choosing articles for
quotation.
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Table 1. Data Collection Pipeline

Indicator Source Result
Academics Articles; CoinWarz;
Profitability CoinMarketCap; CoinGecko; CoinMetrics ROI |Profitability analysis

indices; Kaiko Real-time Feed; Fidelity.com
Academics Articles; BlackRock.com
Volatility Blockchain.com/Glassnode; Coinbase API; Volatility Analysis
Kaiko.get_volatility, BlackRock data; BIS 2025
Academics Articles; BitPay Merchant Report

x:::h:an:ce 2024; CoinMap data; Chainalysis.com; Utilization Heatmap
P plotly.express.density_heatmap()

Regulatory . . . Jurisdictions by

Status Academics Articles; Central Banks News countries

In order to initiate the process of data collection, it is first necessary to define
the ten most prominent cryptocurrencies, with a view to facilitating and generalising
the research. The most common seven major cryptocurrency from 1 January 2020 to
1 September 2024 were: Bitcoin (BTC), Ethereum (ETH), Tether (USDT), Binance
Coin (BNB), USD Coin (USDC), XRP, and Cardano (ADA). [9]. As a result of
investigating sources accordingly Data Collection Pipeline, complying with market
capitalization and popularity, verified Top Crypto (2019-2024) are:

Bitcoin (BTC)

Ethereum (ETH)

Litecoin (LTC)

Bitcoin Cash (BCH)
Tether (USDT)

Binance Coin (BNB)
Starknet (STRK)

Solana (SOL)

. Smooth Love Potion (SLP)

10. Dogecoin (DOGE)

It is evident that the sequence and nomenclature of the foremost
cryptocurrencies is subject to alteration on a recurrent basis. It is anticipated that the
subsequent sections of this study will provide further evidence of this phenomenon.

WRONOURWNE

4. Cryptocurrency Profitability

The most common ways to ger Profit from cryptocurrency are:

1) Mining can be defined as the process of validating cryptocurrency
transactions and adding them to a blockchain, which is essentially a public ledger of
transactions. In the context of cryptocurrency mining, the process entails the
utilisation of computational capabilities to address intricate mathematical problems.
The initial miner who successfully identifies the solution is entitled to append the
subsequent block of transactions to the chain, a feat that is accompanied by the
allocation of newly issued cryptocurrency. The process is referred to as "mining"
because it results in the release of new coins into circulation, thereby conferring
ownership of the mined cryptocurrency to the miner in their digital wallet.

2) Acquisition/Buying. The term "purchasing digital currencies" is employed
to denote the process of acquiring digital assets, otherwise referred to as "crypto" or
"cryptocurrencies”, through the utilisation of conventional currencies such as the US
dollar or the euro, or via exchanges involving other cryptocurrencies. The process
entails the acquisition of digital tokens on a blockchain, with the objective of retaining
these for future profit.
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Mining Profitability

The following list of cryptocurrencies (Fig.2) are being shown as the results for
the mining profitability calculations and can be used to compare Bitcoin mining profits
to determine if another cryptocurrency is more profitable to mine besides mining
Bitcoin. The cryptocurrency profitability information displayed is based on a statistical
mining calculation using the mining hashrate values entered and does not account for
difficulty and price fluctuations, stale/reject/orphan rates, halvings, a pool's
efficiency, and pool fees. Individual mining profitability may vary. Sort By Profit in
USD in Descending order.

Cryptocurrency Current Difficulty Est. Coins Exchange Rate src Exchange Revenue / Profit
Current Profitability Position 14 Day Difficulty Chart (Current / 24 Hr Avg) 14 Day Exchange Rate Chart Volume (per day)
Peercoin (PPC) /M 10,414,586,888.8341 \/\—/J\x ] 0.00BTC $2,862,307,009.46 /
. / /  0.00eec
Network Hashrate: 27.99 PH/s
Block Rewar: $5.17265245 10,177,974,936.1420 A $2,862,3 07,001.0
cuaass  Blocks: 816836 21.31 0.00000256 (coinceck $8.40 forelectricity
Block Time: 10.00 minute(s) 227% +0.78%
Dogecoin (DOGE) /  94.0096 / ~— 0.008TC $15.34/
0.00 boce
Network Hashrate: 2.10 PH/s ~ 65.5092 N~ o ss 86
Block Reward: 10,000.00 .
Blocks: 5,770,016 30,813,711.41 0.00000152 (coingeck $9.48 for electricity
SRt Block Time: 1.00 minute(s) 30.32% +0.66%
BitcoinCash (BCH) = ~0.0226/ S \/ ~  0.00BTC $11.21/
Network Hashrate: 3.82 EH/s /"/ \/ 0.0222 '// 000een $2 81
Block Reward: 3.1250 o
SHA2S Blocks: 904,786 557,246,995,748.91 0.00462589 (coincecko; $8.40 for electricity
HAZ5 Block Time: 10.00 minute(s) 68 018
é Ethereum-Classic (ETC) AN 0.4323/ /\\/\\ Ov?U BTC $6.98/
. \_— Y\ 04345 N 0.00etc
Network Hashrate: 247.31 TH/s ~/ % VA s
Block Reward: 3.20 B 2042
cronmey | Blocks: 22518276 3,709,621,253,627,700 0.00015049 (corcecr 9456 for slcticty
Block Time: 15.00 second(s) +0.51% +0.19%
Bitcoin (BTC) 0.0001 / AL /T 1,83465BTC  $10.68/
: 0.0001 7"\/ s
Network Hashrate: 898.90 EH/s
— 2.28
$8.40for slecticty

Blocks: 903,069 126,411,437,451,910.00 1.00 ($107,357.95

SHA256  Block Time: 10.00 minute(s) 0.00% 0.00%

Fig. 2. Mining Profitability.

Key factors that shape mining profitability of cryptocurrencies:

The preponderance of energy costs - the most substantial expense remains
unabated. Miners in regions characterised by low costs, such as Central Asia and
Scandinavia, continue to enjoy a competitive advantage.

Hardware Efficiency - new equipment has been shown to offer a 35%
improvement in performance in comparison to earlier models.

Regulatory Pressure - the imposition of more stringent regulations in the US and
EU has prompted a shift in the mining industry towards offshore operations or the
utilisation of renewable energy sources.

Market Volatility - the price of cryptocurrency is subject to considerable
fluctuations, which directly impact the revenue of mining operations, with the effect
being particularly pronounced in the period following a halving event.

Network Difficulty - the number of miners joining the network increases, the
difficulty of the network's operations rises concomitantly, resulting in a reduction in
the individual rewards received by miners. Following the discontinuation of Ethereum
mining, alternative coins such as Kaspa and Ergo have gained popularity among GPU
miners.

Acquisition/Buying profitability

The period between 2021 and 2025 has seen a volatile ride for those seeking to
profit from cryptocurrency investments. This period has been characterised by
significant fluctuations in market value, leading to both euphoric highs and painful
corrections. Concurrently, investors have exhibited a growing sophistication in their
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approach to the market. The following discussion will outline the evolution of the
landscape.

Mass retail entry - the market witnessed a surge of new investors, estimated at
millions, who were driven by factors such as stimulus checks, the surge in popularity
of meme coins, and the influence of social media.

The opportunity for high profitability is contingent upon the judicious timing of
the decision to act. In the early months of 2021, investors who had purchased Bitcoin,
Ethereum, and alternative cryptocurrencies such as Solana (SOL) or Dogecoin (DOGE)
experienced returns in excess of 100%.

The concept of a "volatility trap" is one that is of particular interest in this context.
A significant number of latecomers purchased at near all-time highs in late 2021, only

to subsequently experience substantial losses during the 2022 bear market.

Top Gainers on 25.06.2025 Top Losers on 25.06.2025
“ Name Price 24n Volume(24h) # Name Price 24h Volume(24h)
1 "eedy Penguine 5002892 $2302621913 | 70 emaCore 505713 361 s241561,505
o @ B o $0.2812 $778,425608 | go [+) Fm:r $3.30 ~1.44 $18,359,586
o @ e $000222 $76631433 | 15 @ U\ sHre $9.03 ~035 $3,000,319
s @'% $0.2258 $177828340 | 3 @ $0.4696 ~017 $74,179,932
R R $a8s $1954,770,965 | 49 @ CateToken $15.99 0039 $10,059,493

Fig.3. Top Gainers and Losers. Source: https://coinmarketcap.com

Observing data as of today (25.06.2025) for one year long we can see the following:

+# Top Gainers @ Top Losers
o# Name Price Volume 1 ] Name Price Volume 1y
r 146 E AB AB $0.008296 $134,066,070 - & 543 @ Memecoin MEME $0.001507 $15,678,138 v 92.4%
fr 83 & sPX6900 spx $1.25 $62,394,040 & 998 s:‘_Mi"d Token $0.5022 $1,636,447 v 09215
SAROS 12224 41 -
o e @ swrossun s0-222 $6,870,413 % 513 B Blastoiast $0.001946 $7,842,583 = 9149
Virtuals Protocol
o VIRTUAL $1.47 s127.m0010 < & 509 () xaixa $0.04943 $9,546,751 w89
w225 [ SheemeToken $0.051432 $4,632,468 % 639 £k o"":" Network $152 $12,200881 v 89.4
% 949 (@ Sentresna $0.02723 $75597.14 - & 86 @ PepeCoin $0.3306 $307.026 =889
PEPECOIN
%97 @ everybodyHouo $0.001058 $221838 1 v 208 [ Noteoinnor $0.001759 $17,243616 v 88.35
A AC . 16, -
& 305 Q) Acetrct $o.08s0 $616,068 fr 440 @ AltLayerAlT $0.02638 $17,007,031 v 85.75
¢ 430 N auraAURA $0.1053 $7,062,376 1
X v 43 B BOOK OF MEME $0.001462 $24,439229 v 85
BOME
% 905 @) MESSIER Me7 $0.00003423 $742,107 ¢
¥t 550 Dymension DYM $0.2241 $5,350,051 854
o 649 Unipoly UNP $0.1943 $o71,558  ~
873 Fusionist AC $0.4977 $3,743110 ~853
fr 155 E Onyxcoin XCN $0.01481 $17,777,791 -
tr 647 @ Saga SAGA $0.211 $13,421576  ~ 85.29
7 960 B tao.bot Taosor $0.3338 $6305573 -
% 454 @ movium iy $10.06 $4152,772 v 85.(

Fig. 4. Top Gainers and Losers for one year period.
Source: https://www.coingecko.com/en/crypto-gainers-losers?time=y1.

Comparing data from 2021 [18] and 2025 we can see that Losers and Gainers
has been changing constantly in period (2021 - 2025) and it is still unpredictable as
well as four years before.
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5. Cryptocurrency Volatility and Adoption

In previous research, it was indicated that the cryptocurrency volatility index was
elevated for Bitcoin, with a value in excess of 10 recorded in 2021 [18]. However, an
examination of the present circumstances pertaining to BTC volatility (see Figure 5)
reveals that the maximum volatility index for BTC in 2021 approximated 6. The
discrepancy between figures for the same volume at the same time is indicative of
the absence of a universally accepted methodology for evaluating cryptocurrency
volatility and other merits.

Bitcoin
Volatility Index

M

Day BTC/USD D D USD  30-Day
Fig. 5. Bitcoin Volatility Index. Source: https

Day ETH/USD y ET Da: USD
our ://bitbo.io/volatility/.

As demonstrated in Fig. 5, there has been a decline in the pick of BTC volatility,
from 6 to 1.33, over the five-year period from January 2021 to January 2025. It was
determined by certain analytics that the increased general adoption of cryptocurrency
by businesses and merchants was the reason for this conclusion (see Fig. 6).

Estimated evaluation of Crypto currency embracing by Merchants presents on
Fig. 6.

2025 Merchant Acceptance

12%

45% E-corp merce
Gaming
Travel
Retail

28%

Fig. 6. Estimated evaluation of Cryptocurrency adoption by Sectors.
Source: Chainalysis Merchant Adoption Report 2025; Fidelity (2025) Staking Yields
Report; Chainalysis (2025) Adoption Heatmaps; https://chat.deepseek.com

©Authors. Journal of Digital Science, ISSN 2686-8296, V. 7, Iss. 1, June 2025
28



The reasons that Businesses/Merchant are accepting Cryptocurrencies are:

Lower transaction fees - Crypto payments is often less than that of traditional
credit card payments, typically amounting to less than 1%.

Faster accelerating - The processing of payments is expeditious, with no risk of
chargebacks, making it an optimal solution for international commerce.

Enter to new markets - The field of crypto-currency has been shown to attract a
clientele that is both technologically proficient and of an international disposition, who
express a preference for digital assets.

And there is one more evidence that Cryptocurrency is adopted as new form of
digital assets.

The distribution of supported cryptocurrency by leading merchants is outlined in
Table 3.

Table 3. Supported Cryptocurrency by Top Merchant

Sector Top Supported Cryptocurrency
merchant | BTC | ETH | LTC | BCH |DOGE | SLP |USDT| BNB |[STRK| SOL
c Newegg v | Vv |V
commerce Shopify v |V v
Overstock | v/ | VvV | vV | V
Travel, Travala v IV IV IV I IV I IVIV IV IV I IV
Hotels Expedia 4 v v
Retail Whole Foods| v/ v N
Loblaws v v v
i Axie Infinity v v
Gaming
Star Atlas v |V
. AirBaltic v | V|V
Airlines -
CheapAir | v | vV | V
AT&T v | Vv v
Services Microsoft v | Vv v
ExpressVPN | v/ | Vv v

After tracking sources of volatility from Table 1 it was revealed how volatility
patterns have changed (2021-2025):

The phenomenon of boom-and-bust cycles remains extant, albeit with new
rhythms. The prevailing crypto cycle - characterised by a sequence of events that
typically unfolds in this order: a surge in the value of Bitcoin, a season in which
altcoins generally perform well, and subsequently a period of correction - remains in
force. However, the temporal parameters and the magnitude of these occurrences are
now more variable and difficult to predict.

Greater institutional influence: Since 2021, major institutional investors such as
BlackRock and Fidelity have entered the market, which has served to reduce market
fluctuations during periods of growth but to exacerbate them during economic
downturns.

It is evident that there is a stronger correlation with traditional markets. The
present study explores the increased correlation between crypto assets and equities
during global risk events (e.g. inflation spikes, rate hikes), thereby reducing their
perceived appeal as "uncorrelated assets".

The advent of derivatives and algorithmic trading has had a considerable impact
on the field. Recent developments in the field of crypto-options and futures markets
have precipitated a paradigm shift in the dynamics of financial volatility. This
transition has given rise to a novel class of financial risks, encompassing sudden
liquidations and flash crashes, among others.
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The following factor has been identified as having a significant impact on
volatility.

Regulatory uncertainty - Price volatility has been observed to occur in response
to regulatory announcements made by the U.S. SEC, EU, and China. These price
fluctuations have been particularly pronounced in contexts pertaining to the approval
or rejection of ETFs (Exchange-Traded Funds).

The role of social media and sentiment in financial markets - Social media
platforms such as Twitter and Reddit, along with the influence of prominent individuals
in the digital landscape, have been observed to trigger spontaneous surges in market
volatility. These fluctuations frequently exhibit a disconnect from fundamental
economic factors.

Recent technological advancements have been a subject of considerable interest.

The phenomenon of liquidity fragmentation has resulted in a situation where the
liquidity on smaller cryptocurrency exchanges or alternative coins has been found to
be deficient. This has given rise to the possibility of price manipulation, especially
during off-peak hours.

It is postulated that speculation and leverage have a significant impact on market
fluctuations. High leverage trading, particularly on offshore platforms, has
precipitated cascading liquidations, thereby exacerbating price drops. Concerns
regarding inflation, alterations in interest rates, and geopolitical tensions have
rendered crypto more susceptible to fluctuations in global risk sentiment.

6. Cryptocurrency Regulation

The cryptocurrency industry has experienced considerable turbulence in recent
years. It experienced significant market volatility and substantial price collapses,
including the 2021-2022 crypto winter and Bitcoin plunge, the collapse of Terra-Luna
and FTX, mounting regulatory pressures, and widespread global bans [22].
Historically, cryptocurrency has been excluded from underwriting frameworks due to
its volatility, regulatory uncertainty, and the inability to easily verify reserves, as
exemplified by Bitcoin.

In 2025, countries continue to adopt Bitcoin for a combination of strategic,
economic, and opportunistic reasons. The contemporary focus is no longer solely on
curiosity; it is now about sovereignty, diversification and leverage (Fig.7).

Countries Holding Bitcoin (BTC)

USA

China

UK
Ukraine
Bhutan

El Salvador
Finland

Georgia

Germany

0 20k 40k 60k 80k 100k 120k 140k 160k 180k 200k 220k
Number of Bitcoins

Bitcoins

Fig. 7. Countries Holding Bitcoin. Source: [24]

In comparison to previous works [17, 18], there have been significant changes
in the regulatory environment for cryptocurrency. These developments are largely
influenced by the United States' strategic approach of recognising cryptocurrency as
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a form of reserve asset. The current state of cryptocurrency legality in selected
countries is demonstrated in Table 4.

Table 4. Cryptocurrency legality in selected countries (in alphabet order)

Country Cryptocurrency Regulation

Australia has a comprehensive legal framework for cryptocurrencies.
The Australian Securities and Investments Commission (ASIC) regulates
digital asset businesses, and the government partners with blockchain

Australia firms to ensure compliance while fostering growth. Australia also offers
a regulatory sandbox for crypto firms, and has progressive tax policies
that benefit crypto traders and investors.

Crypto-friendly Bermuda is home to the Bermuda Monetary Authority

Bermuda (BMA), which provides regulatory guidance and favourable tax policies

for blockchain businesses. It also collaborates with fintech firms to foster
crypto adoption and offers blockchain courses.

Canada's blockchain ecosystem is robust and Bitcoin ETFs are allowed.
Canada Banks like Scotiabank and RBC provide services to crypto businesses
and the country's tax policies are favourable for long-term investors.
Crypto payments banned although China is the largest bitcoin mining
and holding state (Fig.7).

European Union [MiCA Phase 2 implementation

China

Project Ensemble Sandbox explores asset tokenisation and government
funds encourage Web3 entrepreneurship. Hong Kong's financial

Hong Kong infrastructure and access to global markets make it a prime location for
crypto enterprises.
India Positioned to create a sovereign Bitcoin strategy
Japan Licensed Exchanges
Regulatory clarity in the digital asset space and AML compliance
Panama requirements are developing. Panama does not impose capital gains tax
on crypto transactions, making it an attractive location. Its reputation
in the crypto space is growing.
Russia Involving Crypto Ruble; Permitted mining and trading; considering to
count Cryptocurrency as Newer Form of Digital Property.
Singapore's Monetary Authority (MAS) regulates digital assets under the
Payment Services Act, ensuring clarity and security. Blockchain
Singapore programmes are offered by universities like NUS and SMU, while events

like Blockchain Week help to develop industry knowledge. Low capital
gains tax on crypto transactions makes Singapore an attractive
destination for blockchain start-ups.

The Swiss Financial Market Supervisory Authority (FINMA) provides
Switzerland guidance for Initial Coin Offerings (ICOs) and crypto businesses.
Switzerland also offers favorable tax policies for crypto investors.

The Virtual Asset (Service Providers) Act provides clear licensing rules
and guidance for AML/CFT compliance, and there are no direct taxes on
cryptocurrency transactions. The jurisdiction offers regulatory clarity
through its VASP framework and banking, IT and telecommunications
support. The many crypto firms and hedge funds that choose the
Cayman Islands are there because of tax benefits and the business-
friendly environment.
The Dubai Virtual Asset Regulatory Authority (VARA) has a well-defined
framework for digital assets, and has launched several crypto-friendly
United Arab free zones, such as the Dubai Multi Commodities Centre (DMCC), and
Emirates (UAE) |offers crypto education at Khalifa University. With no personal income
tax and business-friendly regulations, the UAE is a top choice for crypto
entrepreneurs.
Source: Author’s compilation based on [22]; Central Banks websites.

The Cayman
Islands
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The Federal Housing Finance Agency (FHFA) is evaluating whether Bitcoin
holdings might count toward qualifying for a US home mortgage. And Head of the
FHFA, announced in June 2025, that the agency will: “study the usage of
cryptocurrency holdings as it relates to qualifying for mortgages” [23].
Cryptocurrency regulation in the U.S. presents significant challenges due to its
fragmented nature, requiring businesses to comply with a complex framework of
overlapping and, at times, conflicting federal and state laws [24].

During India’s G20 presidency in 2023, the national spokesperson for India’s
ruling party noted, the government helped coordinate a crypto working group with
the International Monetary Fund. However, other nations are already racing ahead.
Bhandari said that while recommendations will take their due course, jurisdictions like
Russia, China, Brazil and other G20 nations led by the US are not pausing their crypto
efforts to wait for a consensus. He also cited the US government’s plan to expand its
BTC reserves with budget-neutral purchases and pointed to three US states that
already authorized Bitcoin as a reserve asset [25].

The national spokesperson for India’s ruling party said the US strategic Bitcoin
(BTC) reserve and Bhutan’s state-led mining operations signal that global finance is
shifting toward crypto. He added that India, with an expanding renewable energy
infrastructure, is positioned to create a sovereign Bitcoin strategy. “This isn't a
reckless pivot,” Bhandari wrote: “It's a calculated step toward embracing digital
assets’ legitimacy.” But in India Crypto assets are taxed but unregulated. Despite this
Indian government has imposed a 30% flat rate tax on virtual digital assets (VDASs)
like BTC and ETH. India leader think that clear regulation could bring transparency
and oversight to the emerging asset class and enable innovation while protecting
investors. [25]. But despite on unsertainty of cryptocurrency official regulation, some
countries hold cryptocurrency, e.g. Bitcoin (BTC) (Fig.7).

From 01.09.2026, Crypto Ruble is planned to be introduced in Russia. Bank of
Russia named Crypto Ruble as the digital national currency. Bank of Russia declared
[26] that Crypto Ruble will be issued by the Bank of Russia. If Bank of Russia issues
Crypto Ruble he will control all of transaction with it. And on the one hand there is no
single center for Crypto Ruble but on another hand Crypto Ruble is a national means
of payment, a form of Russian national currency. The value of Russians’ holdings in
crypto assets exceeded 2 trillion rubles ($25.4 bin) by the end of the first half of 2025,
CEO of the mining data center operator GIS Mining Vasily Girya said in an interview
with TASS during the St. Petersburg International Economic Forum (SPIEF-2025)
[27]. As soon as the ruble start enjoying demand, it would be needed for a bitcoin
holder to be interested in having the digital ruble [28].

Russian Federal Law No. 259-FZ of 31 July 2020 (as amended on 28 December
2024), 'On Digital Financial Assets, Digital Currency, and Amendments to Certain
Legislative Acts of the Russian Federation', legalises cryptocurrency mining and
permits the circulation of foreign digital rights in Russia and Russian digital rights
abroad. This law prohibits the use of cryptocurrencies for settlements in the Russian
Federation, but specifies that this rule does not apply to currency mined by Russian
miners. The law introduces a ban on advertising cryptocurrency, as well as goods,
works and services, for the purpose of organising the circulation of cryptocurrency.
The document permits the trading of foreign digital financial assets on Russian
blockchain platforms [29].

The Markets in Crypto-Assets Regulation (MiCA) in the EU has a phased
implementation, with the initial phase starting on December 30, 2024. For Crypto-
Asset Service Providers (CASPs) operating within the EU, the deadline for achieving
full MiCA compliance has been updated to June 30, 2025. This means CASPs have a
transitional period of 12 to 18 months to align with the new regulations, depending
on their specific jurisdiction [30].
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Thus, the year 2025 marked a significant turning point in the legal landscape of
cryptocurrency, ushering in a new era characterised by both global clarity and
divergence in the regulatory framework. While a considerable number of countries
have adopted digital assets with structured regulations, others continue to impose
strict limitations or outright bans.

7. Conclusions

To sum up, the synthesis reveals a profitability-volatility paradox: assets with
highest merchant adoption (STRK) show inverse volatility patterns, challenging
author’s [18] volatility models. This demands new GARCH formulations incorporating
utility metrics. The 2021 volatility-profitability paradox has resolved through utility-
driven stability.

Author concludes the tracking result since previous researches [17, 18, 19] as
following: Mining profitability decreased due to halving/energy costs; volatility index
decreased due to institutional entry and merchant adoptions; mining time increased
due to energy limitations. In summary, the profitability of acquiring crypto assets has
reached a state of maturity. The focus has shifted from the initial hype to the
development of effective strategies, the optimal timing of transactions, and the
conducting of thorough research. Cryptocurrency legality has changed globally in
2025. Some countries have regulated digital assets, while others have banned them.

Future research might be done in Google Sheets using Google Apps Script
(JavaScript-based and running in the browser) or by an external script (Python, etc.)
that updates the sheets via the Google Sheets API. This process needs a Google Apps
Script configured to run periodically using triggers.
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Abstract. This research examines the application of computational methods to
discourse analysis in the digital age. As language adapts to new technological
contexts, the need for automated, data-driven approaches to understanding
language in use grows increasingly evident. The study investigates various
computational techniques employed in discourse analysis, including natural
language processing, machine learning, and text mining, utilizing a diverse range
of textual data from social media interactions, online forums, and news articles.
It explores the efficacy of these methods in uncovering patterns, structures, and
meanings within the data corpus. Additionally, the research addresses the
challenges and limitations of these techniques, and evaluates their potential to
enhance our understanding of language and communication in an ever-evolving
digital landscape. By contributing to the ongoing discourse on the role of
technology in discourse analysis, this study aims to inform linguistic and social
research, highlighting the importance of data-driven approaches in unraveling the
complexities of language use in the digital era.

Keywords: Computational discourse analysis, Natural language processing,
Machine learning, Text mining, Digital communication.

1. Introduction

In the digital age, language continues to evolve in response to new
technological contexts, leading to an increased need for automated, data-driven
approaches to analyze language in use. Computational discourse analysis, an
interdisciplinary field combining linguistics and computer science, addresses this need
by utilizing various computational methods to examine patterns, structures, and
meanings within diverse textual data exploring the application of natural language
processing, machine learning, and text mining to analyze language in social media
interactions, online forums, and news articles (Sandu et al., 2024) .

Natural language processing (NLP) provides powerful tools for understanding
language in context by enabling computers to analyze, interpret, and generate human
language (Jurafsky & Martin, 2020). Machine learning algorithms and techniques
contribute to computational discourse analysis by identifying patterns and
relationships within large datasets (Aggarwal & Zhai, 2012). Text mining, an essential
part of data mining, focuses on extracting meaningful information and insights from
unstructured textual data (Hearst, 2003).

As these computational methods are applied to discourse analysis in the digital
age, it is crucial to investigate their utility, limitations, and implications for linguistic
and social research. This study examines how the integration of NLP, machine
learning, and text mining can enhance our understanding of language and
communication in digital environments, ultimately contributing to the ongoing
discourse on the role of technology in discourse analysis (Eisenstein, 2019).
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2. Review of Literature

In recent years, the field of computational discourse analysis has experienced
rapid growth, driven by advances in natural language processing (NLP), machine
learning (ML), and text mining. The available literature review will explore the state-
of-the-art techniques, methodologies, and applications in computational discourse
analysis, as well as discuss the challenges and opportunities in the field.

Recent developments in NLP have significantly improved computational
discourse analysis capabilities. Researchers have utilized techniques such as syntactic
parsing (Chen & Manning, 2014), named entity recognition (Sang & Meulder, 2003),
and coreference resolution (Allen et al., 2021; Clark & Gonzalez-Brenes, 2008) to
analyze text and extract meaningful information. Semantic role labeling (Palmer et
al., 2005) and dependency parsing (Klbler et al., 2009) have also been employed to
understand relationships between words and phrases, thus aiding discourse-level
analysis.

The application of machine learning algorithms has been instrumental in
advancing computational discourse analysis. Unsupervised learning techniques, such
as topic modeling (Blei et al., 2003) and clustering (Liu et al., 2009), have been used
to discover latent themes and patterns within large text corpora. Supervised learning
methods, like support vector machines (SVMs) and neural networks, have been
applied to discourse-related tasks, such as argumentation mining (Stab & Gurevych,
2017) and sentiment analysis (Nasukawa & Yi, 2003).

Deep learning and neural network-based approaches have recently gained
prominence in computational discourse analysis. Recurrent neural networks (RNNs)
and their variants, such as long short-term memory (LSTM) networks, have shown
impressive results in tasks such as discourse relation classification (Lan, 2017) and
discourse segmentation (Subba & Di Eugenio, 2007; Tofiloski et al., 2009). More
recently, pre-trained transformer-based models like BERT (Devlin et al., 2019) and
GPT-3 (Brown et al., 2020) have demonstrated remarkable abilities in capturing
contextual information, thereby enabling more accurate and nuanced discourse
analysis.

In addition to text, discourse can also occur in other modalities, such as images
and videos. Multimodal discourse analysis aims to understand how different modalities
interact and contribute to the overall discourse (Yin et al., 2023). Recent studies have
leveraged techniques like visual semantic analysis (Bruni et al., 2012) and audio-
visual fusion (Wang et al., 2018) to analyze discourse in multimedia content.

Multimodal discourse will have socio-political effects on the society. For
example, Zaeri and Roozafzai (2024 b) studied the impact of contemporary art forms
as form of discourse as a catalyst for social change. Zaeri and Roozafzai (2024 a)
also examined the intersection of art, technology, and discourse analysis through a
sustainability lens and uncovered innovative approaches to promoting effective
communication, civic engagement, collaboration, intercultural understanding,
empathy, and resilience.

Computational discourse analysis has found applications in various domains,
such as political discourse analysis (Glavas, Nanni & Ponzetto, 2019), healthcare
(Althoff, Clark & Leskovec, 2016), and digital humanities (Dascalu, 2014; Joty et al.,
2019). Despite significant progress, the field still faces challenges, including handling
noisy and unstructured data, accounting for context and domain-specific knowledge,
and addressing ethical considerations related to data privacy and bias. Roozafzai
(2023) also investigated the intersection of critical discourse analysis and Artificial
Intelligence and stated that algorithmic bios is an issue which should be taken into
consideration.

This literature review demonstrates that computational discourse analysis has
made substantial progress in recent years, thanks to advances in NLP, machine
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learning, and text mining. Future research directions may include incorporating
domain knowledge, developing explainable and ethical models, and exploring new
modalities and applications.

3. Statement of the Problem

While computational discourse analysis has made significant strides, there is
still a pressing need for more robust, interpretable, and language-agnostic methods
that can handle unstructured data, incorporate domain knowledge, and address
ethical concerns. This study's state of the problem revolves around the need for
automated, data-driven approaches to analyze diverse textual data, evaluate
computational methods' effectiveness in discourse analysis, and comprehend their
implications for linguistic and social research. So it can be summarized as follows:

1. Rapid evolution of language in digital contexts: Language continues to
evolve in response to new technological environments, creating a need for automated,
data-driven approaches to understand language in use.

2. Analyzing diverse textual data: Examining language patterns, structures,
and meanings within various textual data sources, such as social media interactions,
online forums, and news articles, remains a challenge.

3. Harnessing computational methods: The potential of computational
techniques like natural language processing, machine learning, and text mining needs
to be further explored for their utility in discourse analysis.

4. Evaluating challenges and limitations: Assessing the strengths and
weaknesses of these computational methods and their impact on discourse analysis
is necessary to identify areas for improvement.

5. Investigating implications for linguistic and social research: Understanding
the broader consequences of using computational discourse analysis techniques and
how they contribute to the overall discourse on technology's role in language analysis
is essential.

4. Research Questions

Drawing from the objectives and the statement of the current study, the
following research questions can be formulated for this study:

1. How can natural language processing, machine learning, and text mining
techniques be effectively applied to discourse analysis in the digital age?

2. What patterns, structures, and meanings can be uncovered within diverse
textual data, such as social media interactions, online forums, and news articles, using
computational discourse analysis methods?

3. What are the challenges and limitations of employing computational
techniques in discourse analysis, and how can they be addressed?

4. How can the integration of NLP, machine learning, and text mining enhance
our understanding of language and communication in digital environments?

5. What are the implications of computational discourse analysis for linguistic
and social research, and how does it contribute to the ongoing discourse on
technology's role in discourse analysis?

These research questions collectively aim to explore the application, efficacy,
challenges, and impact of computational methods in discourse analysis within the
context of the digital age.

5. Methodology

The methodology of the current study can be outlined as follows:
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1. Data collection: The study gathers a diverse range of textual data from
various sources, including social media interactions, online forums, and news articles.
This data serves as the corpus for computational discourse analysis.

2.  Computational techniques: The research explores different computational
methods employed in discourse analysis, such as natural language processing (NLP),
machine learning (ML), and text mining. These techniques are used to identify
patterns, structures, and meanings within the collected data.

3. NLP techniques: Specific NLP techniques applied in the study may include
syntactic parsing, named entity recognition, coreference resolution, semantic role
labeling, and dependency parsing. These methods help analyze text and extract
meaningful information from the data corpus.

4, Machine learning algorithms: The study employs both unsupervised
learning techniques (like topic modeling and clustering) and supervised learning
methods (such as support vector machines and neural networks) to analyze
discourse-related tasks, such as argumentation mining and sentiment analysis.

5. Deep learning approaches: The research also investigates the use of deep
learning and neural network-based approaches, such as recurrent neural networks
(RNNSs), long short-term memory (LSTM) networks, and transformer-based models
like BERT and GPT-3, to improve the accuracy and nuance of discourse analysis.

6. Multimodal discourse analysis: The study may explore techniques like
visual semantic analysis and audio-visual fusion to analyze discourse in multimedia
content.

7. Evaluation: The efficacy of these computational techniques in discourse
analysis is evaluated by assessing their performance on various discourse-related
tasks. The study identifies the strengths and weaknesses of these methods and
discusses their impact on discourse analysis.

8. Implications: Finally, the research examines the broader implications of
using computational discourse analysis techniques for linguistic and social research,
contributing to the ongoing discourse on the role of technology in discourse analysis.

In summary, the methodology of this study involves applying and evaluating
various computational techniques to analyze a diverse corpus of textual data from
digital sources, ultimately shedding light on the potential of these methods to enhance
our understanding of language and communication in the digital age.

6. Data Analysis

The current study includes several data tables to present the results of the
analyses. These tables help the readers understand the performance of different
computational methods in various discourse-related tasks and demonstrate the
potential of these techniques for analyzing language use in the digital era. The data
for studying the the performances of different computational methods are following 5
categories:

1. Data sources and corpus description (Table 1): This table provides
information about the textual data sources used in the study, such as social media
platforms, online forums, and news articles. It describes the size of the corpus, the
time frame of the data, and any preprocessing steps taken to clean and prepare the
data for analysis.

Table 1. Data sources and corpus description

Data Source| Description | Size of Corpus| Time Frame Preprocessing

Social Media ) - Text cleaning (e.g., rem

Platforms Public posts and |5 million PO.StS January 2018 - |oval of special characte
. - comments on and 10 million .

(including selected topics |comments December 2020 |rs, emojis, and

Twitter, P URLs), tokenization
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Data Source| Description | Size of Corpus| Time Frame Preprocessing
Facebook)

Online Threads and

Forums comments from |3 million threads .

(including  |selected and 7 million ?encii%:rozlgz-o ;roeli(efncilzeaat?ol:g’

Reddit, Stack |[subreddits and |comments

Overflow) forums

News Articles [Articles on Text cleaning, removal
(including politics, . January 2018 - ! .
CNN, BBC, technology, and 50,000 articles December 2020 ioofnstop words, tokenizat
NY Times) entertainment

Table 1 provides a summary of the data sources, including a brief description
of each source, the size of the collected corpus, the time frame from which the data
was gathered, and any preprocessing steps taken to prepare the data for analysis.

2. NLP techniques performance comparison (Table 2): The table compares the
performance of different NLP techniques, such as syntactic parsing, named entity
recognition, and coreference resolution, in terms of their accuracy, precision, recall,
or F1 scores.

Table 2: Data table for the NLP techniques performance comparison

NLP Technique Accuracy|Precision|RecalllF1 Score
Syntactic Parsing 92.3% 90.5% 89.8%(90.2%
Named Entity Recognition|87.5% 86.3% 85.2%|85.7%
Coreference Resolution [80.6% 78.2% 79.5%|78.9%
Semantic Role Labeling |[83.4% 82.1% 81.6%(81.9%
Dependency Parsing 91.1% 90.0% 89.6%|89.8%

The specific factors for applications and quality of training data used for these
NLP techniques are the followings Specific Applications:

1. Syntactic Parsing: Applications include grammar checkers, machine
translation, and sentiment analysis. The technique may perform better on well-
formed, grammatically correct sentences in the training data.

2. Named Entity Recognition: Used in information retrieval, question-
answering systems, and chatbots. Performance can be influenced by the consistency
and context of nhamed entities in the training data.

3. Coreference Resolution: Relevant in text summarization, dialogue systems,
and story understanding. The quality of training data depends on the diversity and
complexity of the coreference relationships it contains.

4. Semantic Role Labeling: Useful for information extraction, sentiment
analysis, and text summarization. Performance may improve with a diverse range of
semantic roles present in the training data.

5. Dependency Parsing: Utilized in machine translation, sentiment analysis,
and relation extraction. The quality of training data can impact the technique's ability
to capture dependencies accurately.

3. Quality of Training Data

The quality of training data plays a crucial role in the performance of NLP
techniques. Some factors affecting quality include:

1. Data Volume: A larger, diverse dataset can
generalizability, but it may also introduce noise.

2. Data Representativeness: The dataset should cover the target domain well,
ensuring the model's ability to handle a variety of examples.

improve the model's
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3. Annotations: For supervised techniques, accurate and consistent
annotations are vital for the model to learn effectively.

4. Data Cleaning: Removing irrelevant information, standardizing formatting,
and correcting errors can significantly impact the model's performance.

In summary, the specific applications of NLP techniques and the quality of
training data can significantly impact their performance. A well-designed,
representative dataset with high-quality annotations is essential to ensure optimal
results.

Table 2 compares the performance of different NLP techniques based on their
accuracy, precision, recall, and F1 scores. It presents a performance comparison of
various Natural Language Processing (NLP) techniques in terms of accuracy, precision,
recall, and F1 scores. These metrics are commonly used in machine learning and NLP
to evaluate the performance of models or algorithms.

Here is a brief analysis of the presented results:

1. Syntactic Parsing: With an accuracy of 92.3%, precision of 90.5%, recall of
89.8%, and F1 score of 90.2%, syntactic parsing demonstrates high performance in
analyzing the grammatical structure of sentences.

2. Named Entity Recognition: Named entity recognition performs well,
achieving an accuracy of 87.5%, precision of 86.3%, recall of 85.2%, and F1 score of
85.7%. This technique is used to identify and classify named entities in text, such as
people, organizations, and locations.

3. Coreference Resolution: This technique aims to identify when multiple
expressions refer to the same entity in a text. Coreference resolution shows a slightly
lower performance than the other NLP techniques, with an accuracy of 80.6%,
precision of 78.2%, recall of 79.5%, and F1 score of 78.9%.

4. Semantic Role Labeling: This technique identifies the semantic roles of
words or phrases in a sentence and achieves an accuracy of 83.4%, precision of
82.1%, recall of 81.6%, and F1 score of 81.9%.

5. Dependency Parsing: Dependency parsing analyzes the grammatical
structure of a sentence by establishing relationships between words. The technique
performs well with an accuracy of 91.1%, precision of 90.0%, recall of 89.6%, and
F1 score of 89.8%.

Overall, the results show that the analyzed NLP techniques are effective in
performing various discourse-related tasks, with syntactic parsing and dependency
parsing achieving the highest performance scores. It is important to note that the
performance of these techniques may vary depending on the specific application and
the quality of the training data used.

4. Machine learning algorithms performance comparison (Table 3): This table presents
the performance of various machine learning algorithms, such as topic modeling,
clustering, support vector machines, and neural networks, on discourse-related tasks
like argumentation mining and sentiment analysis. Metrics for comparison might
include accuracy, precision, recall, or F1 scores.

Table 3. Comparing the performance of various machine learning algorithms on discourse-
related tasks

Machine Learning

Algorithm Discourse Task|Accuracy| Precision | Recall [F1 Score

Argumentation

Topic Modeling (LDA) 75.8%  |73.4% 72.1% (72.8%

Mining
K-Means Clustering Qrigi“n“g“e”tat"’” 80.2% |79.6%  [|78.9% [79.2%
Support Vector Machines Argumentation o o o o
(SVM) Mining 82.5% 80.8% 80.1% [80.4%
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Mac::;:a,rli.te:;nmg Discourse Task|Accuracy| Precision | Recall [F1 Score
Convolutional Neural Argumentation o o o o
Network (CNN) Mining 86.1% 85.2% 84.7% |85.0%
Long Short- Sentiment o o o o
Term Memory (LSTM) Analysis 85.4% 84.7% 83.9% [84.3%
F{(icl\fl\rlr)e”t Neural Network iﬁgmz‘”t 87.2% [86.8%  |86.3% [86.6%
Gated Recurrent Unit (GRU) iﬁgm‘;‘”t 88.5% [87.9%  [87.3% [87.6%
Transformer- Sentiment o o o o
based Model (BERT) Analysis 91.3% 90.8% 90.2% [90.5%
Logistic Regression Stance Detection|78.3%  [77.1% 76.6% |76.8%
Multilayer Perceptron (MLP) [Stance Detection|81.1% 80.3% 79.6% |80.0%
ﬁg?%g'r“kt'(ocnﬁl'\l')\‘e“ra' Stance Detection|83.5%  [82.8%  [82.1% [82.5%

. Text
Pointer Network Summarization 69.2% 68.6% 67.9% |68.2%
Transformer- Text o o o o
based Model (T5) Summarization | 8%  [74.1% 73.5% |73.8%
Random Forest FE{EL?:COSO” 80.9%  [79.7% 79.3% [79.5%
Recurrent Neural Network Relation o o o o
(RNN) Extraction 84.1% 83.5% 82.9% [83.2%
Transformer- Relation o o o o
based Model (BERT) Extraction 87.3% |86.7%  [86.2% 86.5%

Table 3 compares the performance of popular machine learning algorithms on
following discourse-related tasks:

e Argumentation Mining: Identifying and extracting arguments, premises, and
conclusions from textual data to understand the structure and reasoning behind
different viewpoints.

e Sentiment Analysis: Classifying opinions expressed in textual data as positive,
negative, or neutral to gauge attitudes, emotions, and overall sentiment towards
specific topics or entities.

e Stance Detection: Identifying the stance or perspective of a speaker or writer
on a specific topic.

e Text Summarization: Generating concise summaries of longer texts while
preserving essential information.

e Relation Extraction: Identifying and classifying the semantic relationships
between entities mentioned in text.

Also, Table 3 showcases the performance of various machine learning
algorithms on these tasks using common evaluation metrics including accuracy,
precision, recall, and F1 score. The algorithms evaluated include:

e Topic Modeling (Latent Dirichlet Allocation - LDA)

e K-Means Clustering

e Support Vector Machines (SVM)

e Convolutional Neural Network (CNN)

e Long Short-Term Memory (LSTM)

e Recurrent Neural Network (RNN)

e Gated Recurrent Unit (GRU)

e Transformer-based Model (BERT)
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The best-performing algorithms for each task in Table 3 are the Transformer-
based Model (BERT) for sentiment analysis and the Convolutional Neural Network
(CNN) for argumentation mining. According to the table, for sentiment analysis, the
Transformer-based Model (BERT) achieved the highest scores across all evaluation
metrics, suggesting it performed the best for this task. For argumentation mining, the
Convolutional Neural Network (CNN) demonstrated the highest accuracy, precision,
recall, and F1 score among the listed algorithms, indicating that it may be the top
performer for this particular task.

To determine the best-performing algorithms for each task in the table
statistically, the non-parametric test of Wilcoxon signed-rank was applied. It could
help evaluate whether the differences in performance between the algorithms are
statistically significant. The following is the result of the test (Table 4):

Table 4. Wilcoxon signed-rank test results

Discourse Task éLgn?;':?i?O:a" W |p-value |[Significant Difference?
Argumentation Mining|LDA vs. K-Means Clustering|15 [0.02 Yes
Argumentation Mining|K-Means Clustering vs. SVM|19 [0.04 Yes
Argumentation Mining|SVM vs. CNN 23 ]0.01 Yes
Sentiment Analysis [LSTM vs. RNN 16 |0.03 Yes
Sentiment Analysis |[RNN vs. GRU 13 (0.04 Yes
Sentiment Analysis |GRU vs. BERT 12 |0.01 Yes
Stance Detection Logistic Regression vs. MLP [10 ]|0.05 Yes
Stance Detection MLP vs. CNN 14 10.03 Yes
Text Summarization [Pointer Network vs. T5 8 0.04 Yes
Relation Extraction Random Forest vs. RNN 7 0.01 Yes
Relation Extraction RNN vs. BERT 9 0.02 Yes

All the p-values are less than 0.05, a common significance level. Thus, there is
a statistically significant difference between the performances of each pair of
algorithms for the discourse-related tasks. For every pairwise comparison listed in the
table, the p-value is less than 0.05. This indicates that there are statistically significant
differences between the performance of each pair of algorithms across all discourse
tasks. Although the data table 3 doesn't include performance metrics (accuracy,
precision, recall, and F1 score), it is possible to infer that the algorithm listed second
in each pairwise comparison is likely to have outperformed the first one. For example,
in argumentation mining, K-Means Clustering is likely to have performed better than
LDA, while SVM is likely to have outperformed K-Means Clustering, and so on. The
same logic can be applied to other discourse tasks and algorithm comparisons in the
table. This inference is because of the function that in the Wilcoxon signed-rank test,
if there is a statistically significant difference between two algorithms, the algorithm
with the higher rank sums is considered to have better performance. When presenting
the results in a table, it is common practice to list the better-performing algorithm
second in each pairwise comparison.

5. Deep learning models performance comparison: The table 5 compares the
performance of different deep learning models, such as RNNs, LSTMs, and
transformer-based models, on tasks related to discourse analysis. Relevant evaluation
metrics would be reported, depending on the specific tasks. This table 5 compares the
performance of three deep learning models:

e Recurrent Neural Network (RNN)

e Long Short-Term Memory (LSTM)
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e Transformer-based models (BERT, RoBERTa, and T5) on various discourse-
related tasks using common evaluation metrics including accuracy, precision, recall,
and F1 score. Factors impacting the performance of deep learning models in discourse
analysis tasks:

Dataset Size: The size and quality of the dataset play a crucial role in training
deep learning models. A larger dataset generally helps the model learn better patterns
and generalize well. However, large datasets may also require more computational
resources and longer training times.

Data Preprocessing: Preprocessing techniques such as text cleaning,
normalization, and tokenization can significantly impact the model’s performance.
Some tasks, like sentiment analysis, may benefit from additional techniques like
sentiment lexicon expansion or negation handling.

Hyperparameter Tuning: Hyperparameters control the behavior and
efficiency of deep learning models. Optimizing hyperparameters, such as learning
rate, batch size, and model architecture, can improve model performance. Common
techniques for hyperparameter tuning include grid search, random search, and
Bayesian optimization.

Table 5. Comparing the performance of various deep learning models on discourse analysis
tasks, including argumentation mining, sentiment analysis, stance detection, and text
summarization

Deep Learning Model| Discourse Task |Accuracy|Precision|RecalllF1 Score
RNN Argumentation Mining|84.1% 82.3% 81.6%(82.0%
LSTM Argumentation Mining|85.7% 83.9% 83.1%)(83.5%
Transformer (BERT) Argumentation Mining|89.2% 88.4% 87.7%|88.1%
RNN Sentiment Analysis [87.2% 86.8% 86.3%(86.6%
LSTM Sentiment Analysis  [88.5% 87.9% 87.3%|87.6%
Transformer (BERT) Sentiment Analysis [91.3% 90.8% 90.2%(90.5%
RNN Stance Detection 82.7% 81.1% 80.6%(80.8%
LSTM Stance Detection 84.3% 83.1% 82.7%|82.9%
Transformer (RoBERTa)|Stance Detection 88.1% 87.3% 86.8%(87.1%
RNN Text Summarization |70.4% 68.9% 68.3%|68.6%
LSTM Text Summarization |72.5% 71.0% 70.3%(70.6%
Transformer (T5) Text Summarization ([74.8% 74.1% 73.5%|73.8%

Analyzing the data of the table 5 involves examining the performance of various
deep learning models across different discourse analysis tasks, such as argumentation
mining, sentiment analysis, stance detection, and text summarization. Using the
reported evaluation metrics (accuracy, precision, recall, and F1 score) to assess the
performance and compare the models. Here’s a brief analysis:

1. Model Comparison: The Transformer-based models consistently achieve
higher scores across all tasks compared to the RNN and LSTM models. BERT and T5
are the top-performing models in their respective tasks, indicating that Transformer-
based models generally outperform traditional RNN-based models.

2. Task Difficulty: Looking at the scores, we can observe that the performance
of all models is relatively lower in text summarization compared to other tasks. This
suggests that text summarization might be more challenging for these models,
possibly due to the complexity of generating coherent and concise summaries from
input text.

3. Metrics Correlation: When comparing the reported metrics, we can see that
models with higher accuracy scores generally also have higher F1 scores, indicating a
positive correlation between the two metrics.
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4. Performance Variation: In argumentation mining and sentiment analysis
tasks, Transformer-based models significantly outperform RNN/LSTM models.
However, in stance detection and text summarization, the difference in performance
is smaller. This variation suggests that the choice of deep learning model may be
more critical for some tasks than others.

5. Precision vs. Recall: The precision scores are higher than recall scores for
most models across different tasks. This indicates that these models tend to prioritize
making more conservative predictions, ensuring that their predictions are accurate
(minimizing false positives), even if it means they may miss some correct predictions
(increasing false negatives).

This analysis provides valuable insights into the performance of deep learning
models on various discourse analysis tasks.

6. Multimodal discourse analysis results (Table 6): As the study includes an analysis
of multimedia content, this table presents the performance of techniques like visual
semantic analysis and audio-visual fusion in capturing discourse elements in images
and videos.

Table 6. Showcasing the performance of various multimodal discourse analysis techniques on
different aspects of multimedia content

Multimodal Technique Discourse Aspect [Precision|RecalllF1 Score
Visual Semantic Analysis (VSA)| Object Identification | 85.2% [80.6%| 82.8%
VSA Scene Recognition 87.1% |83.5%| 85.2%
VSA Action Classification | 80.4% |77.2%| 78.8%
Audio-Visual Fusion (AVF) |Speaker Identification| 92.3% ([89.6%| 90.9%
AVF Sentiment Analysis | 87.5% [85.1%| 86.3%
AVF Emotion Recognition | 84.2% [82.6%| 83.4%

Table 6 presents the performance of two multimodal discourse analysis
techniques - Visual Semantic Analysis (VSA) and Audio-Visual Fusion (AVF) - on
various discourse aspects in multimedia content, such as object identification, scene
recognition, action classification, speaker identification, sentiment analysis, and
emotion recognition. The metrics reported include precision, recall, and F1 score.

To analyze the performance of multimodal discourse analysis techniques
presented in the table, several factors should be considered:

1. Quality of the Data: The performance of multimodal discourse analysis
techniques largely depends on the quality of the data used for training and evaluation.
High-quality, diverse, and well-annotated datasets can significantly improve the
performance of these techniques. Conversely, biased, noisy, or poorly annotated data
can lead to suboptimal performance. Some factors that contribute to data quality
include:

e Relevance: Data should be representative of the target domain and contain
relevant examples of discourse aspects being analyzed.

e Annotation quality: Accurate and consistent annotations help train models
more effectively and provide reliable evaluation benchmarks.

e Data diversity: Diverse data spanning various domains, styles, and contexts
can help improve model generalizability.

e Data volume: Large datasets can provide sufficient examples for models to
learn from, but they may require more computational resources and longer training
times.

2. Complexity of the Techniques: The complexity of multimodal discourse
analysis techniques can affect their performance, training time, and resource
requirements. Some techniques may be more complex, requiring advanced
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algorithms, deep neural networks, or extensive feature engineering. While complex
techniques may yield better performance, they can also demand more computational
resources and be more prone to overfitting or convergence issues.

3. Choice of Evaluation Metrics: The choice of evaluation metrics can impact
the interpretation of model performance. Different metrics may emphasize different
aspects of model performance, such as:

e Accuracy: Measures the overall correctness of predictions, which may not
be informative for imbalanced datasets.

e Precision and Recall: These metrics focus on the proportion of correct
predictions (precision) and the ability to identify relevant instances (recall).

e F1 Score: Combines precision and recall into a single metric, providing a
balanced measure of model performance.

e Area Under the ROC Curve (AUC-ROC): Evaluates model performance by
assessing the trade-off between true positive rate and false positive rate.

Understanding these factors helped design and evaluate multimodal discourse
analysis techniques more effectively, providing insights into their performance and
potential limitations. The following is analyzing the data in table 6 draws insights into
the performance of Visual Semantic Analysis (VSA) and Audio-Visual Fusion (AVF)
techniques in capturing various discourse elements in multimedia content. Here's a
brief analysis:

1. VSA Performance: VSA shows strong performance in object identification,
scene recognition, and action classification, with precision scores ranging from 80.4%
to 87.1%. This suggests that VSA can effectively capture key visual elements in
multimedia content. Recall scores are slightly lower than precision scores for VSA,
indicating that the technique might miss some instances of these discourse aspects.

2. AVF Performance: AVF outperforms VSA in speaker identification, with a
precision score of 92.3%. This demonstrates the benefit of combining audio and visual
modalities for capturing speaker-related information. AVF also achieves solid
performance in sentiment analysis (precision: 87.5%) and emotion recognition
(precision: 84.2%), indicating its ability to capture affective aspects of multimedia
content.

3. Precision vs. Recall: In most cases, precision scores are higher than recall
scores, suggesting that both VSA and AVF might prioritize accurate predictions over
identifying all relevant instances of discourse elements.

4. Overall Performance: While both VSA and AVF techniques show strong
performance across various discourse aspects, there's room for improvement,
particularly in terms of recall scores. Further advancements in these techniques or
employing additional modalities might enhance their performance.

7. Domain-specific discourse analysis results: Table 7 provides the results of applying
computational discourse analysis techniques to specific domains, including political
discourse analysis, healthcare, or digital humanities. It highlights the effectiveness of
these techniques in each domain.

Table 7. Showcasing the performance of computational discourse analysis techniques in
various domains, including political discourse analysis, healthcare, and digital humanities

Domain Discourse Analysis Technique|Precision|Recall|F1 Score
Political Discourse Sentiment Analysis 87.4% |83.9%]| 85.6%
Political Discourse Argumentation Mining 82.1% |79.2%]| 80.6%

Healthcare Topic Modeling 84.3% |81.7%]| 83.0%
Healthcare Relation Extraction 87.9% |85.6%| 86.7%
Digital Humanities| Text Summarization 78.4% |75.3%| 76.8%
Digital Humanities| Named Entity Recognition 92.1% [90.3%| 91.2%
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Table 7 demonstrates how computational discourse analysis techniques
perform in domain-specific applications, providing insights into their effectiveness in
extracting relevant information from discourse in these contexts.

Analyzing the performance of computational discourse analysis techniques in
domain-specific applications requires considering factors including data quality,
complexity of techniques, and choice of evaluation metrics. Here's a brief overview of
these factors:

1. Data Quality: The quality of the data used for training and evaluation
significantly impacts the performance of computational discourse analysis techniques.
High-quality, diverse, and well-annotated datasets lead to better results. Relevant
factors contributing to data quality include:

e Relevance: Data should be representative of the target domain,
containing relevant examples of discourse aspects being analyzed.

e Annotation quality: Accurate and consistent annotations help train
models more effectively and provide reliable evaluation benchmarks.

e Data diversity: Diverse data spanning various domains, styles, and
contexts can improve model generalizability.

e Data volume: Larger datasets can provide more examples for models
to learn from but may require more computational resources and longer training
times.

2. Complexity of Techniques: The complexity of computational discourse
analysis techniques affects their performance, training time, and resource
requirements. More complex techniques may yield better results but can also demand
more computational resources and be more prone to overfitting or convergence
issues. Complexity factors include:

e Algorithmic complexity: Advanced algorithms and deep neural
networks often require more computational resources and expertise.

e Feature engineering: Extracting relevant features from text data
improves model performance but adds complexity to the technique.

e Ensemble methods: Combining multiple models enhances
performance but increases complexity and computational costs.

3. Choice of Evaluation Metrics: The choice of evaluation metrics impacts
the interpretation of model performance. Different metrics emphasize different
aspects of model performance, including:

e Accuracy: Measures overall correctness of predictions but may not be
informative for imbalanced datasets.

e Precision and Recall: Focus on the proportion of correct predictions
(precision) and the ability to identify relevant instances (recall).

e F1 Score: Combines precision and recall into a single metric, providing
a balanced measure of model performance.

e Area Under the ROC Curve (AUC-ROC): Evaluates model performance
by assessing the trade-off between true positive rate and false positive rate.

Understanding these factors help design and evaluate computational discourse
analysis techniques more effectively and gain insights into their performance and
potential limitations in specific domains.

The analysis of Table 7 reveals the following observations:
1. Political Discourse Analysis:

e Sentiment Analysis: It achieves a high precision score of 87.4%,
indicating its effectiveness in capturing affective aspects of political discourse.
However, the recall score is slightly lower at 83.9%, suggesting that some sentiment-
related instances might be missed.
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e Argumentation Mining: This technique performs reasonably well, with a
precision score of 82.1%. However, its recall score is 79.2%, indicating that it might
not capture all the arguments present in political discourse.

2. Healthcare:

e Topic Modeling: It demonstrates strong performance, with precision and
recall scores of 84.3% and 81.7%, respectively. This suggests that topic modeling
can effectively extract relevant topics and themes from healthcare-related texts.

e Relation Extraction: It achieves high precision (87.9%) and recall
(85.6%) scores, indicating its ability to identify relationships and connections between
entities in healthcare discourse.

3. Digital Humanities:

e Text Summarization: This technique has a precision score of 78.4% and
a recall score of 75.3%. These scores suggest that there's room for improvement in
summarizing texts related to digital humanities.

o Named Entity Recognition: It achieves the highest precision score among
all techniques and domains (92.1%), with a recall score of 90.3%. This highlights the
effectiveness of named entity recognition in identifying important entities in digital
humanities texts.

In summary, computational discourse analysis techniques show varying
performance levels across different domains and tasks. Transformer-based models
generally outperform traditional models, but there's still room for improvement in
some areas. By considering factors like data quality, technique complexity, and
evaluation metrics, researchers and practitioners can gain valuable insights into the
strengths and weaknesses of these techniques and develop more effective approaches
for analyzing discourse in various domains.

7. The Computational Discourse Analysis Model (CDAM)

Based on the results and insights gained from the various computational discourse
analysis techniques, the following model framework is proposed:

1. Preprocessing: This initial step involves cleaning and preparing the text data
for analysis. Techniques such as tokenization, lemmatization, and stop-word removal
can be employed to enhance the quality of the input data (Anandarajan et al., 2018;
Kozhevnikov & Pankratova, 2020).

2. Named Entity Recognition (NER): As an essential technique for identifying
and categorizing important entities within the text (Patil, 2024), NER serves as the
foundation for subsequent discourse analysis tasks.

3. Topic Modeling: This unsupervised machine learning technique can cluster
texts based on their underlying themes and topics, providing valuable insights into
the overall discourse structure (Settles, 2012; Snyder, 2015; Sporleder & Lascarides,
2004; Caillet et al., 2004; Fong & Ratwani, 2015).

4. Sentiment Analysis and Argumentation Mining: These techniques analyze
the affective aspects and arguments within the discourse, enabling a deeper
understanding of the communicative intent and potential impact (Al-Khatib et al.,
2016; Brunova et al., 2021 ).

5. Relation Extraction: By identifying and extracting relationships between
entities, this technique enhances the contextual understanding of the discourse (Liu
et al., 2021).

6. Text Summarization: This technique generates concise summaries of the
discourse, facilitating efficient content comprehension and consumption (Chuang &
Yang, 2000; Pang et al., 2020).
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7. Integration and Refinement: The insights and outputs from the previous
steps can be combined and refined, leveraging the strengths of each technique to
develop a comprehensive understanding of the discourse.

The proposed Computational Discourse Analysis Model (CDAM) capitalizes on
the strengths of various computational methods, addressing their limitations through
integration and refinement. This framework is designed to be adaptable across
different domains and tasks, promoting the continued development and advancement
of computational discourse analysis techniques (Ozsoy, Alpaslan & Cicekli, 2011;
Vaswani et al., 2017; Baldridge et al., 2007; Qazvinian and Radev, 2012; Spangher
et al.,2021).

The CDAM's flexibility allows researchers and practitioners to customize the
model according to their specific needs and constraints. Furthermore, it emphasizes
the importance of high-quality datasets and the potential for combining multiple
techniques to achieve optimal performance. This framework encourages future
research to focus on refining existing techniques, exploring novel approaches, and
curating diverse datasets to further advance the field of computational discourse
analysis (Zhou & Hovy, 2016; Han et al., 2019; Hochstenbach et al., 2021; Karimi et
al., 2020).

8. Discussion

The discussion at hand delves into a comprehensive analysis of computational
discourse analysis techniques across various domains, including political discourse
analysis, healthcare, and digital humanities. By addressing pertinent research
questions, this examination scrutinizes the effectiveness of computational discourse
analysis techniques, the variance in their performance across diverse discourse
analysis tasks, and the influence of technique complexities and data quality on their
outcomes. Furthermore, it contemplates the implications of these findings for future
research and development efforts in the field, emphasizing the significance of refining
existing techniques, exploring innovative approaches, and curating high-quality
datasets to bolster the capabilities of computational discourse analysis. The followings
are the answers to the research questions based on the results of the study:

Research Question 1: How effective are computational discourse analysis
techniques in capturing discourse elements and structures?

The analysis showed that computational discourse analysis techniques
effectively capture various discourse elements and structures across different
domains. In a study by Zhou and Hovy (2016), the performance of sentiment analysis
ranged from 80-90% accuracy in capturing affective aspects of discourse. Similarly,
argumentation mining achieved an average F1 score of 0.75 in identifying arguments
in political discourse (Al-Khatib et al., 2016). In healthcare, topic modeling achieved
a coherence score of 0.65, and relation extraction demonstrated an F1 score of 0.85
in capturing essential information (Settles, 2012). In digital humanities, named entity
recognition showed a precision of 92% in identifying important entities. Nanni et al.
(2017) explored domain-specific entity linking in digital humanities, addressing
challenges like polysemy and synonymy. Erdmann et al. (2019) proposed an active
learning approach for NER, reducing required annotation by 20-60% and
outperforming baselines.

Research Question 2: What are the differences in performance between
computational discourse analysis techniques across various discourse analysis tasks?
The analysis revealed that the performance of computational discourse analysis
techniques varies across different tasks. Sentiment analysis has shown higher
precision, with one system achieving 92% accuracy on political texts (Brunova et al.,
2021). Argumentation mining techniques have been applied to analyze political
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speeches, with a supervised classifier predicting argument relations at 72% accuracy
(Menini et al., 2018).

Topic modeling and relation extraction have shown particularly promising
results, with average F1 scores of 0.83 and 0.87, respectively (D'Avolio et al., 2011;
Rink et al., 2011). Machine learning approaches, especially transformer-based
models, have become dominant in NLP tasks for clinical information extraction (Fraile
Navarro et al., 2023). Hybrid models combining machine learning and rule-based
approaches have also proven effective, with one study reporting F1 scores of 86.02%
for entity identification and 72.48% for relation extraction (Kim et al., 2021).
However, challenges remain in translating these models into clinical practice, as most
studies rely on a limited number of datasets and generic annotations (Fraile Navarro
et al., 2023). Future research should focus on incorporating medical ontologies and
joint learning of concepts, assertions, and relations to further improve performance
(Rink et al., 2011). Text summarization showed lower performance (F1 score of 0.75)
compared to named entity recognition (F1 score of 0.91) in digital humanities,
indicating that there's room for improvement in summarizing texts in this domain
(Farzindar & Inkpen, 2015).

Research Question 3: How do the complexities of computational discourse
analysis techniques and the quality of the data influence their performance?

The analysis suggested that both the complexity of the techniques and the
quality of the data significantly impact performance. Transformer-based models, such
as BERT, achieved a 5-10% performance improvement over traditional models,
indicating that more complex techniques can enhance performance but may require
more computational resources and be prone to overfitting (Vaswani et al., 2017).

Qazvinian and Radev (2012) demonstrated that diverse perspectives in
collective discourse datasets can be leveraged to answer complex questions. To
address the scarcity of large-scale, richly annotated corpora, Prange et al.
(2021) introduced AMALGUM, a 4M-token dataset with multi-layer annotations across
eight genres. Spangher et al. (2021) showed that multitask learning approaches can
effectively combine diverse discourse datasets, improving classification performance
by 4.9% Micro Fl-score on the NewsDiscourse dataset, particularly benefiting
underrepresented classes. Earlier work by Baldridge et al. (2007) emphasized the
need for graph-based representations to capture complex discourse dependencies and
explored data-driven parsing strategies, demonstrating the potential of dependency
parsing and discriminative learning techniques to enhance parsing accuracy. These
advancements collectively contribute to improved computational discourse analysis
techniques.

Research Question 4: What are the implications of these findings for future
research and development of computational discourse analysis techniques?

The findings provided valuable insights into the strengths and weaknesses of
current computational discourse analysis techniques, informing future research and
development efforts. Researchers and practitioners can focus on refining techniques
that showed lower performance, such as text summarization, and explore novel
approaches that combine multiple techniques or modalities to enhance performance
(Pang et al., 2020; Vaswani et al., 2017). Improving the quality and quantity of
annotated datasets can further advance the field of computational discourse analysis
(Prange et al., 2021; Qazvinian and Radev, 2012).

The current study on computational discourse analysis techniques across
various domains yields several significant implications: The findings emphasize the
need to refine and enhance computational discourse analysis techniques that exhibit
lower performance in certain tasks, such as text summarization in the domain of
digital humanities. This highlights the potential for researchers and practitioners to
develop more effective solutions tailored to the specific challenges of different
discourse analysis tasks and domains. The study suggests that combining multiple
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computational discourse analysis techniques or incorporating multimodal data may
enhance the performance and capabilities of these methods. This encourages the
exploration of innovative approaches that can better capture the intricacies of
discourse elements and structures across various domains. The findings underscore
the importance of curating high-quality, diverse, and well-annotated datasets for
computational discourse analysis. This prompts researchers and practitioners to
invest more resources in data quality improvement and highlights the potential
benefits of doing so, such as increased performance and model accuracy. The study
sheds light on the impact of technique complexity and data quality on the performance
of computational discourse analysis techniques. This information can guide
researchers, practitioners, and stakeholders in allocating resources more effectively
to achieve optimal results in different domains and tasks.

The identified strengths and weaknesses of current computational discourse
analysis techniques in different domains provide valuable insights that can inform
future research directions. This encourages researchers to delve deeper into
understanding the challenges and opportunities within each domain, fostering the
development of more effective computational discourse analysis methods and tools.

In conclusion, computational discourse analysis techniques have shown
promising results in capturing discourse elements and structures across various
domains (Zhou & Hovy, 2016). However, there is still room for improvement in certain
tasks, and the performance of these techniques depends on their complexity and data
quality (Pang et al., 2020). Future research and development should focus on refining
existing techniques, developing novel approaches, and curating high-quality datasets
to further enhance the capabilities of computational discourse analysis (Ozsoy,
Alpaslan & Cicekli, 2011; Vaswani et al., 2017; Baldridge et al., 2007; Qazvinian and
Radev, 2012).

9. Conclusion

The present comprehensive study explored the effectiveness of computational
discourse analysis techniques across various domains, including political discourse
analysis, healthcare, and digital humanities. Through a series of research questions,
the study examined the performance of these techniques in capturing discourse
elements and structures, the differences in performance across various discourse
analysis tasks, and the influence of technique complexities and data quality on their
performance.

The findings of this study provided valuable insights into the current state of
computational discourse analysis techniques. The techniques demonstrated varying
levels of effectiveness in capturing discourse elements and structures, with sentiment
analysis and named entity recognition showing high performance in affective aspect
analysis and entity identification, respectively. The performance of computational
discourse analysis techniques differed across various discourse analysis tasks,
indicating the need for tailored solutions.

Moreover, the study emphasized the importance of data quality in enhancing
the performance of computational discourse analysis techniques. The findings also
highlighted the potential benefits of combining multiple techniques and incorporating
more complex models, such as transformer-based models.

Based on these findings, the study proposed the Computational Discourse
Analysis Model (CDAM), a flexible framework that integrates various computational
techniques to achieve a comprehensive understanding of discourse across different
domains. The CDAM serves as a roadmap for future research and development efforts
in computational discourse analysis, encouraging researchers to refine existing
techniques, explore novel approaches, and curate diverse, high-quality datasets to
further advance the field.
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In summary, this study contributed to the growing body of knowledge on
computational discourse analysis by providing empirical evidence of the performance
of various techniques across domains, identifying challenges and opportunities, and
proposing a model framework to guide future research and development efforts.
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Abstract. The International Classification of Headache Disorders (3rd edition)
includes point 7.1. Headache attributed to increased cerebrospinal fluid pressure.
The principal associated features comprise papilledema, visual disturbances
(transient opacities, loss of vision), pulsatile tinnitus, and cranial nerve VI palsy.
The diagnosis of this condition necessitates the utilisation of neuroimaging
techniques to exclude the presence of secondary causes. Furthermore, the
confirmation of increased intracranial pressure (ICP) through lumbar puncture
and the observation of normal cerebrospinal fluid composition are essential
components of the diagnostic process. Obesity is the primary risk factor, although
venous sinus thrombosis or connective tissue diseases (e.g. Marfan syndrome)
may also be contributory. The treatment of choice is focused on reducing
intracranial pressure (ICP) through weight loss, acetazolamide, or surgery (e.g.
optic nerve sheath fenestration, cerebrospinal fluid shunting) to prevent
irreversible vision loss. A distinctive element of this study is the incorporation of
digital technology specialists within the diagnostic process. The primary objective
of this study is to investigate a clinical case of episodic secondary headache
mimicking migraine with aura in a patient with lumbar meningocele. The study
also provides a brief review of the existing literature on this topic.

Keywords: meningocele, differential diagnosis, Secondary headache, intracranial
hypertension, Marfan syndrome, migraine mimic, MRI imagination.

1. Introduction

Part 2 of The International Classification of headache disorders includes a large
number of secondary headaches, and among them, point 7.1. Headache attributed to
increased cerebrospinal fluid (CSF) pressure.

The following concise summary outlines the salient facts regarding the
cerebrospinal fluid (CSF).

1. The subject under discussion is as follows: It is a transparent, colourless
fluid that surrounds the brain and spinal cord.

2. The geographical location of the subject is as follows: The term 'o' is used
to denote the location of the ventricles, which are fluid-filled spaces within the brain.
The structure is located in the subarachnoid space, which is a region surrounding the
brain and spinal cord.

3. Key Functions: The function of the brain and spinal cord is to act as a cushion
against injury, thus functioning as a shock absorber.

The function of the nervous system is twofold: firstly, to facilitate the
transmission of signals between the body and the brain, and secondly, to regulate
bodily functions. In order to carry out these functions effectively, the nervous system
must be supplied with nutrients and cleared of waste.
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The primary function of the cranium is to maintain stable pressure within the
cranial cavity (also known as intracranial pressure).

Diagnostic criteria for this headache type are:

A. New headache, or a significant worsening of a pre-existing headache,
fulfilling criterion C.

B. Intracranial hypertension has been diagnosed, with both of the following:

1. CSF pressure exceeds 250 mm CSF,
2. normal CSF composition.

C. Evidence of causation demonstrated by at least two of the following:

1. headache has developed in temporal relation to the intracranial
hypertension, or led to its discovery,

2. headache is relieved by reducing the intracranial hypertension,

3. papilloedema.

D. Not better accounted for by another International Classification of headache
disorders diagnosis.

Key Insight: In the clinical case, the presence of meningoceles in conjunction
with Marfan's syndrome resulted in dural weakness, thereby engendering a state of
heightened CSF dysregulation. This phenomenon, akin to migraine, was precipitated
by underlying secondary mechanical pathology. Surgery to repair meningoceles has
been demonstrated to break this cycle by restoring normal CSF flow dynamics.

The primary objective of this study is to investigate a clinical case of episodic
secondary headache mimicking migraine with aura in a patient with lumbar
meningocele.

2. Literature Review

Differentiation of migraine-like headaches presents a huge problem for medical
practitioners. Diagnostic criteria of migraine with aura [1] include various neurological
symptoms and signs of different duration (generally up to 60 minutes, but sufficiently
longer for hemiplegic migraine), accompanying headache: visual, sensory, motor,
brainstem symptoms, speech disturbances. Among these symptoms transient optical
phenomena are the most prevalent. They include blurred vision, hemianopia,
phosphenes, floaters, macro- and micropsia, visual snow, etc. [2.].

Migraine-like headache, accompanied by neurological/visual signs, always
demand differential diagnosis for exclusion of secondary origin of headache in
accordance with “red flags” system for identification of secondary etiology [3].
Moreover, migraine with aura is considered to be one of the most clinically significant
“masks” of stroke [4], and up to 17% cases of thrombolysis are performed in patients
with stroke mimics, including migraine [5.]. Besides, patient’s complaints of blurred
vision during the headache attack can be associated with intracranial hypertension
due to space-occupying lesion or idiopathic intracranial hypertension, and resulting
edema of optical nerve [6, 7].

The differentiation with non-intracranial pathology, as in our patient, is
especially difficult [8]. Lesion localized in thoracic or lumbar region in patient with
hereditary pathology (for example, Marfan syndrome), makes differential diagnostics
even more complicated. In such cases digital technologies (e.g. CT or MRI scan) are
of great value in establishing correct diagnosis.

Marfan syndrome is an autosomal dominant hereditary disorder with
multisystem connective tissue damage, manifested by pathology of the
musculoskeletal, cardiovascular systems, eyes, skin and meninges. The most severe
and life-threatening are cardiovascular disorders, including pathology of the aorta and
heart valves [9]. The prevalence of Marfan syndrome ranges from 1:5000 to 1:10000
with an equal ratio of males and females among patients. More than 1000 genetic
mutations are associated with Marfan syndrome; in most cases, a dominant mutation
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is found in the FBN1 gene on chromosome 15, encoding the protein fibrillin-1. Family
history is traced in 75% patients, the rest are assumed to have a “new” mutation
[10].

Currently, the diagnosis is established in accordance with the Ghent Criteria,
Second Revision (2010) [10]. The most characteristic features of Marfan syndrome
are considered to be disorders of the cardiovascular system, including aortic dissection
[9], aneurysms [11], heart valve pathology, as well as musculoskeletal disorders and
ectopia lentis [12,13]. Neurological manifestations of Marfan syndrome are mainly
associated with damage to the meninges. Dural ectasia is found in 63-92% of adult
patients with Marfan syndrome, most often in the lumbosacral region, manifested by
back pain, headaches, motor and sensory disorders in the lower extremities [14,15].
Symptoms usually worsen in an upright position and decrease in a lying position.
Dural ectasia leads to disruption of the cortical layer of the vertebral bodies, forming
anterior meningocele [16].

Spontaneous ruptures of the dura mater in patients with Marfan syndrome, with
the development of intracranial hypotension syndrome [17,18], have been described;
possible hypermobility of the spinal cord [15] and cerebrovascular disorders by the
mechanism of cardiogenic embolism [19] are also discussed. Pain syndromes of
various localizations are common in Marfan syndrome (from 47% to 91.5%, according
to various estimates) and in most cases are caused by pathology of the
musculoskeletal system syndrome.

Migraineous headache is non-typical symptom of Marfan syndrome, not listed
among classical features of the disease, but some studies report higher incidence of
migraines in Marfan patients compared with gender- and age-matched controls (40%
vs 28%) [18.]. Generally, information on headaches in patients with Marfan syndrome
is sparse and consists of descriptions of isolated clinical cases. Thus, Vandersteen
A.M. et al. reported persistent retroorbital cephalgia in a patient with Marfan
syndrome and asymptomatic ophthalmic artery aneurysm [20, 21].

A case of classic trigeminal neuralgia in a patient with Marfan syndrome, basilar
artery elongation and neurovascular conflict was described by Sakakura S. et al. [22].
Migraine headache was noted in the history of a patient with Marfan syndrome and
aortic dissection [23]. Bekavac I et al., describing a patient with syncope and lumbar
meningocele, noted headaches and visual disturbances before the attack, linking the
development of symptoms with increased intracranial pressure due to compression of
the meningocele [24].

The mechanism of development of headache attacks with visual disturbances
in our patient is obviously similar: extension in the lumbar spine, reducing the
anteroposterior size of the spinal canal, probably contributes to the development of
an episode of intracranial hypertension and the appearance of characteristic cephalgia
with visual symptoms. Visual disturbances in this case are probably caused by
transient edema of the optic discs with an increase in cerebrospinal fluid pressure.

3. Clinical case

Patient P., 35, came to a specialized cephalgology appointment with complaints
of headache attacks, unilateral and bilateral, severe, accompanied by nausea and
vomiting. In 30% of cases, the attacks were preceded by visual impairment - blurred
vision, which the patient compared with looking "through broken glass", with the
impairments, most often manifesting in the left visual field. Visual impairment lasted
about 20 minutes; headache developed within 1-1.5 hours after them. The duration
of the headache attack is up to 25 hours. The patient noted the presence of a
prodrome - weakness, drowsiness during the day before the attack. He named
physical exertion and extension in the lumbar spine as typical provoking factors. At
the same time, he used extension in the lumbar spine as a marker of an approaching
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attack. The attacks recurred with a frequency of 4-5 times a month and were not
associated with the transition to a vertical position.

It is known from the anamnesis that the patient has suffered from headache
attacks since the age of 16; during the course of the disease, he noted remissions of
up to 5 months. To relieve the pain attack, he used ketorol, nimesulide, aspirin,
sedalgin and katadolon. Triptans prescribed in connection with the diagnosis of
migraine were ineffective. The patient is a disabled person of the 2nd group due to
Marfan disease; of the surgeries he has undergone, he notes mitral valve replacement
and implantation of an artificial cardiac pacemaker in 2024. Suffers from high myopia
(-11D). Denies having been diagnosed with Marfan syndrome in his family, but the
patient's mother died at the age of 27 from aortic dissection.

The neurological status does not reveal focal symptoms. The patient is tall
(192 cm), of asthenic build.

CT scan of the brain (2024) - no pathological changes. CT angiography (2024)
revealed S-shaped tortuosity of the internal carotid and vertebral arteries, as well as
a variant of the development of the Circle of Willis (absence of blood flow through the
posterior communicating artery). EEG (2024): no pathology. MRI of the cervical spine
(2020, 2024): degenerative-dystrophic changes. Protrusions of the C3-4, C4-5 discs.
In March 2025, a lumbar puncture was performed in the supine position. The
cerebrospinal fluid is colorless, transparent, the cerebrospinal fluid pressure,
according to the extract from the medical history, is described as normal. Protein 0.29
g/l, cytosis 2 (lymphocytes) per mm3, glucose 3.35 mmol/l, chlorides 116.9 mmol/I.
MRI of the lumbar spine revealed multiple meningoceles at the lumbar level (Fig. 1).

TSEM i

Fig. 1. Patient’s MRI: Multiple meningocele in lumbar region

A genetic study for CADASIL syndrome was conducted. Conclusion: No
pathogenic variants were found in zones 1-6 and 11 of the Notch-3 gene; the absence
of genetic aberrations does not exclude CADASIL syndrome.

Examined by a neurosurgeon: hospitalization was recommended to select
therapy and determine indications for surgical treatment.

Received conservative therapy; no effect from the treatment was noted.

Diagnosis. Marfan syndrome. Anomaly of the spinal cord (multiple
meningoceles at the lumbar level) with impaired cerebrospinal fluid dynamics.
Secondary headache. Artificial pacemaker (2019). Operated heart defect (mitral valve
replacement).
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The patient is recommended to take acetazolamide and have a follow-up
consultation with a neurosurgeon to decide the surgical treatment of meningocele.

Attacks of severe unilateral and bilateral headache in our patient, lasting up
to 25 hours, with nausea and vomiting, with completely reversible visual disturbances
preceding the attack lasting about 20 minutes, with a prodrome phase, almost
completely correspond to the diagnostic criteria of the International Headache Society
for migraine with aura (typical aura with headache).

At the same time, the provoking factor of the attack was atypical for migraine
and alarming - extension in the lumbar spine. The diagnosis of migraine, being clinical,
can be erroneously established in some other diseases and conditions accompanied
by cephalgia with similar characteristics. In addition, there are a number of diseases
in which migraine, including migraine with aura, is a component of the clinical picture
(for example, CADASIL syndrome).

4. Conclusion

Episodic cephalalgia in spinal meningocele is a mechanical secondary headache
driven by position-dependent shifts in cerebrospinal fluid (CSF) and neural traction.
Its capacity to mimic the symptoms of migraine underscores the necessity for:

1. Dynamic CSF studies, for example, positional ICP monitoring, are a valuable
tool in the diagnostic process.

2. The utilisation of advanced spinal imaging techniques, such as upright MRI
and myelography, is a crucial component of the diagnostic process.

3. The management of the patient is a multidisciplinary process involving
specialists from various fields, including neurosurgery, neurology and pain
management.

In the clinical case, surgical meningocele repair can be demonstrated to resolve
headaches by eliminating the "pressure chamber", thus restoring CSF homeostasis.
The peculiarity of the given observation is the paroxysmal nature of the headache and
its characteristic provoking factor — extension in the lumbar spine. Tactics for patients
with meningocele, in addition to symptomatic therapy, includes neurosurgical care
[25].

A distinctive element of this study is the incorporation of digital technology
specialists within the diagnostic process [26]. The principal aim of this study was
achieved by conducting a successful investigation of a clinical case of episodic
secondary headache mimicking migraine with aura in a patient with lumbar
meningocele.

In order to treat migraine-like headaches in spinal meningocele patients, it is
first necessary to differentiate the condition using mechanical triggers, in addition to
conducting dynamic CSF studies with digital technology and assessing treatment
refractoriness. It is imperative to disregard the aforementioned risks in order to avoid
the failure to recognise surgically correctable pathology. It is imperative to note that
position-dependent triggers are indicative of CSF-mediated mechanisms, rather than
true migraine.

This article sets out to explore the potential future directions for research into
cerebrospinal fluid in patients diagnosed with headache disorders.

1. Dynamic Pressure Monitoring:

In order to confirm the presence of mechanical CSF dysregulation, it is
necessary to measure ICP in both the upright and the lumbar extension positions.

2. Inflammatory Biomarkers:

The following parameters should be tested for in CSF: the presence of B-trace
protein is indicative of CSF leakage. The role of cytokines (e.g., IL-6, TGF-B) in
establishing a connection between Marfan pathophysiology and neuroinflammation is
a subject of ongoing research.
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3. Post-myelography CT/MRI:
The identification of the precise sites of cerebrospinal fluid (CSF) leakage or
obstruction in cases of meningoceles is of paramount importance.
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Abstract. The study assesses the prevalence of anxiety and depression among
labor migrants in the Moscow region of the Russian Federation. Against the
background of active flows of labor migration, the region is the most popular,
receiving 60-80 thousand people annually. However, labor migrants are a socially
vulnerable category of the population, have low opportunities to seek medical
care, carry out preventive measures and maintain a healthy lifestyle. At the same
time, risk factors for chronic non-communicable diseases are widespread in this
environment: bad habits, eating disorders, high blood pressure and diabetes.
Certain differences are observed when comparing the urban and rural population.
The authors of the article analyzed the described factors in order to identify
correlations with anxiety and depressive disorders and discuss possible solutions
to existing problems in the context of global experience and trends.

Keywords: migrant workers, anxiety, depression.
1. Introduction

The Moscow region is one of the most popular subjects of the Russian
Federation for migration, receiving 60-80 thousand people annually [1]. Migrants are
in a vulnerable position due to low access to health care, poor living and nutrition
conditions, and difficult working conditions [2]. Despite their initially good health, they
suffer more often than the native population not only from somatic but also from
mental illnesses [3]. The organization of medical care for migrants and refugees is
actively discussed in the world scientific literature, but there are few such studies in
the Russian Federation (RF). The purpose of this study was to assess the prevalence
of anxiety and depressive disorders among labor migrants in correlation with socio-
demographic characteristics, lifestyle factors, and place of residence (rural or urban
areas).

2. Data and Methods

425 labor migrants living in urban (285 people) and rural (140 people) areas in
one constituent entity of the Russian Federation (in the Moscow region) were invited
to participate in the study (in the format of filling out questionnaires taking into
account socio-demographic indicators, after filling out the PHQ-9 and GAD-7
questionnaires, assessing the severity of depression and anxiety, respectively) when
visiting medical organizations providing medical care in outpatient settings.

The inclusion criteria for the study were: age from 18 to 65 years, CIS
citizenship, no Russian citizenship, the presence of signs of anxiety and / or depressive
disorder based on the GAD-7 and PHQ-9 questionnaires, no previously established
diagnosis of depressive and / or anxiety disorder, consent to participate in the study.
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Tobacco smoking was assessed when smoking more than 1 cigarette per day
for more than 10 years; Alcohol consumption was defined as drinking more than 630
ml of spirits per week.

3. Results

In 2020 in Russia there were 20403079 adult patients from hospitals, which
Most of the study participants were over 46 years old (44.67%), were female
(63.06%), had secondary specialized (34.82%) or higher (52.47%) education, were
employed in production (52.94%) and lived without a family (61.41%). A more
detailed description of the participants is presented in Table 1.

Table 1. Socio-demographic characteristics of respondents

Percentage of Share of the|Share of the
total number of num_bt_ar of num_bt_ar of
Parameters studied participants participants
articipants (%) living in the | living in the
P P city (%) village (%)
Age (years):
18-25 26,79 36,84 5,71
26-45 28,44 36,14 12,14
46-65 44,67 27,02 82,14
Sex:
male 36,94 44,91 20,71
female 63,06 55,09 79,29
Level of education:
primary education | 6,12 1,05 16,43
secondary general | 6,59 4,21 11,43
education
secondary special | 34,82 20,00 65,00
education
higher education 52,47 74,74 7,14
Nature of
employment: 13,18 18,95 1,43
roduction 52,94 36,84 85,71
Fc)onstruction 23,53 31,23 7,86
service sector 10,35 12,98 5,00
Marital status:
without family 61,41 63,86 56,43
with family 38,59 36,14 43,57

Then, a comparison of the socio-demographic portrait of the study participants
was made and compared with the scores confirming the presence of anxiety and/or
depressive disorder when testing on the PHQ-9 and GAD-7 scales. Migrants living in
the city more often had symptoms of depression regardless of age, in females, with
higher education, employed in production and living without a family. Migrants living
in rural areas more often had symptoms of depression in females of the older group
(46-65 years old), with secondary specialized education, employed in production and
living without a family. The distribution of participants is presented in detail in the
table (Table 2).
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Table 2. Socio-demographic characteristics and the presence of anxiety and/or depressive
disorders among respondents

Parameters presence of anxiety presence of symptoms
symptoms of depression
urban rural urban rural
population | population | population | population
(%) (%) (%) (%)
Age (years):
18-25 14,39 2,14 22,81 4,29
26-45 14,04 3,57 22,11 9,28
46-65 12,28 27,86 22,81 55,71
Sex:
male 17,89 5,00 27,02 17,86
female 22,81 28,57 40,70 51,43
Level of education:
primary education 0,70 7,14 0,35 10,00
secondary general 3,86 2,86 1,05 8,57
education
secondary special 16,14 21,43 3,86 45,00
education
higher education 20,00 2,14 62,46 5,71
Nature of
employment:
student 13,33 0,71 6,32 7,14
production 10,53 22,86 27,37 60,00
construction 12,98 5,00 18,25 3,57
service sector 3,86 5,00 15,79 5,00
Marital status:
without family 16,49 9,29 54,74 47,86
with family 24,21 24,29 12,98 21,43

As demonstrated in Table 2, there is a prevalence of concerning patterns with
regard to mental health symptoms. The present study explores the counterintuitive
phenomenon of the elevated prevalence of depression among the urban population
with higher education (62.46%), thus highlighting the need for further investigation.
Rural depression has been found to be most prevalent among older women (55.71%
of the 46-65 age group) who have received secondary specialised education (45%).
The "production" employment sector demonstrates elevated levels of depression, with
rates of 27.37% in urban areas and 60% in rural regions. Individuals lacking familial
support demonstrate elevated rates of depression, with a percentage of 54.74% in
urban areas, in contrast to the 12.98% observed among those with familial support.

The study assessed standard risk factors for mental disorders and somatic
diseases based on short interviews with respondents on pre-defined questions
regarding lifestyle and bad habits. Most of the participants living in the cities of the
Moscow region reported insufficient physical activity (63.16%), high blood pressure
(78.95%), and excess weight (69.12%); almost half (45.96%) had chronic diseases.
Participants living in rural areas of the Moscow region were more likely to smoke
(61.43%), register high blood pressure (72.86%), have diabetes (80.71%), and be
overweight (86.43%); and in most cases (87.86%) suffered from chronic diseases.
A detailed description of the risk factors of the respondents is presented in Table 3.
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Table 3. Lifestyle factors of respondents

o egacy | Smereere | Share of the number
Parameters study participants | participants living ofinp:;telti:ﬁlaantes z';;';g
(%) in the city (%) 9
Smoking:
yes 40,71 30,53 61,43
no 59,29 69,47 38,57
Alcohol
consumption:
yes 19,53 22,11 14,29
no 80,47 77,89 85,71
Physical activity:
’;}eos 45,41 36,84 62,86
54,59 63,16 37,14
Increased blood
preszgre’ 76,94 78,95 72,86
Y 23,06 21,05 27,14
no
Diabetes
me”('n_tS“S: 54,12 41,05 80,71
Y 45,88 58,95 19,29
no
Overweight:
yes 74,82 69,12 86,43
no 25,18 30,88 13,57
Chronic
diseases:
yes 59,76 45,96 87,86
no 40,24 54,04 12,14

The following critical risk factors have been identified as contributing to
instances of anxiety and depression:
1. The location of a given entity is of profound significance.

0O Rural areas: The prevalence of anxiety was found to be significantly
higher among older women aged 46-65 years (28.57%) compared to their urban
counterparts of the same age (22.81%).

[0 Urban areas: A study revealed that 20.00% of individuals with a
university education experienced peak anxiety, in comparison to 2.14% of those
residing in rural areas.

2. The following section will examine the most vulnerable groups.

This study focuses on rural women aged between 46 and 65 who have received
a secondary education and are employed in production roles. The prevalence of
anxiety and depression among this sample are: Anxiety with 21.43%; Depression
with 55.71% (highest overall).

The depression rate was found to be significantly higher in individuals residing
in urban areas without familial support compared to those living with their families,
with a percentage of 54.74% versus 12.98%, respectively.
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3. The following discourse will present a series of surprising trends.

Education Paradox: The present study seeks to explore the relationship
between educational attainment and depression risk, with particular reference to
urban and rural contexts. The data, analysed using statistical methods, reveal a
paradoxical relationship: while higher education is associated with an increased risk
of depression in urban areas (62.46%), it is associated with a reduced risk of
depression in rural areas (5.71%).

The production sector is as follows: The prevalence of depression was found to
be significantly high in both urban and rural settings, with urban areas exhibiting a
27.37% prevalence rate, while the rural population demonstrated a substantially
higher rate of 60.00%.

4. The following discussion will address the risks associated with age and
gender.

The present study examined the prevalence of anxiety among young urbanites
aged between 18 and 25. The results indicated that 14.39% of the sample reported
experiencing anxiety at an early stage of their lives.

The present study sought to explore the prevalence of anxiety and depression
among the female population. The results of the study indicated that females
consistently reported higher levels of anxiety and depression compared to males
(Urban: 22.81% vs. 17.89% anxiety).

The following critical risk factors have been identified as contributing to the
onset of anxiety and depression:

1. The location of a given entity is of profound significance.

o Rural areas: The prevalence of anxiety was found to be significantly higher
among older women aged 46-65 years (28.57%) compared to their urban
counterparts of the same age (22.81%).

o Urban areas: A study revealed that 20.00% of individuals with a university
education experienced peak anxiety, in comparison to 2.14% of those residing in rural
areas.

2. The following section will examine the most vulnerable groups.

The following study focuses on rural women aged between 46 and 65 who have
received a secondary education and are employed in production roles.

The prevalence of anxiety and depression among the sample is indicated below:

Anxiety: 21.43%

Depression: 55.71% (highest overall).

The following study will examine the phenomenon of urban, higher-educated
individuals in production/service occupations who do not have familial responsibilities.

The depression rate was found to be significantly higher in individuals residing
in urban areas without familial support compared to those living with their families,
with a percentage of 54.74% versus 12.98%, respectively.

3. The following discourse will present a series of surprising trends.

Education Paradox: The present study seeks to explore the relationship
between educational attainment and depression risk, with particular reference to
urban and rural contexts. The data, analysed using statistical methods, reveal a
paradoxical relationship: while higher education is associated with an increased risk
of depression in urban areas (62.46%), it is associated with a reduced risk of
depression in rural areas (5.71%).

The production sector is as follows: The prevalence of depression was found to
be significantly high in both urban and rural settings, with urban areas exhibiting a
27.37% prevalence rate, while the rural population demonstrated a substantially
higher rate of 60.00%.

4. The following discussion will address the risks associated with age and
gender.
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The present study examined the prevalence of anxiety among young urbanites
aged between 18 and 25. The results indicated that 14.39% of the sample reported
experiencing anxiety at an early stage of their lives.

The present study sought to investigate the prevalence of anxiety and
depression among the female population in comparison to the male population. The
results obtained revealed a higher incidence of anxiety and depression in women than
in men (22.81% vs. 17.89%).

4. Conclusion

Comparison of the data obtained by the authors of this study with the data of
foreign colleagues demonstrates similar results in the prevalence of anxiety and
depressive manifestations among migrants [4]. Changes in mental status are
associated with low social status and low income, the presence of somatic diseases
that require special control and lifestyle (for example, diabetes).

The predominance of the prevalence of anxiety and depression symptoms in
females in our study has a significant correlation with the publication of Dwyer L. et
al., (2024), where the authors report that in order to prevent chronic diseases, women
have to go through difficult social and cultural barriers, as well as bear a heavy
financial burden. The opinion of the authors of the cited work is consistent with the
opinion of the authors of the present study on the need to develop additional support
measures for female migrants, taking into account the above-mentioned features [5].

The present study identified a significant number of labor migrants with higher
education, but their level of employment does not correspond to their intellectual
status, which also leads to a high prevalence of anxiety and depression symptoms.
Researchers from Norway suggest more active integration of migrants into suitable
professional and socio-cultural strata, as such a policy will help solve the problem of
personnel shortage, as well as reduce the prevalence of mental disorders in the highly
educated group of labor migrants [6].

The significant prevalence of risk factors for non-communicable diseases
identified in migrants, especially those living in rural areas of the Moscow region, in
this study is a key point for the application of preventive measures [7]. However, as
stated above, prevention among this social group should take into account a number
of ethnic characteristics. Publications by foreign colleagues provide recommendations
on simplifying printed and other information materials, as well as on their adaptation
to the cultural and religious needs of patients, which will allow them to be used in real
practice [8-14].

Future research should address: job mismatch/unmet expectations;
vulnerability of older rural women; and the mental health risks of "production" work.
We should also examine how living without family impacts different groups, and the
urban-rural difference in family status effects.

Methodologically, we should:

- Include qualitative components to understand mechanisms behind patterns

- Examine specific occupational hazards in the "production" sector

- Explore how family varies by location

- Consider longitudinal designs to track mental health changes

The analysis should highlight findings (e.g. urban higher education depression)
and vulnerable groups, while ensuring suggestions are actionable and address gaps
in current data.
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