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ABSTRACT

The exponential growth of unstructured textual data poses a fundamental challenge
for users relying on traditional displays. While Immersive Analytics (IA) offers an
infinite canvas for high-dimensional data exploration, current approaches struggle
to handle the scale and probabilistic nature of insights generated by Generative Al.
This paper identifies the technological and ergonomic gaps in visualizing large-scale
knowledge graphs extracted from document collections via Large Language Models
(LLMs) in Extended Reality (XR). We highlight that transforming text into 3D spatial
networks introduces a cognitive bottleneck characterized by severe visual clutter,
temporal disorientation, and epistemic uncertainty caused by Al hallucinations. We
argue that simply rendering massive datasets in 3D exacerbates cognitive load rather
than alleviating it. To address these barriers, we propose a framework for Intelligent
AdaptiveVisualization.This approach advocates for dynamic layout algorithms to reduce
clutter, uncertainty-aware attention guidance to prioritize high-confidence insights, and
deep provenance mechanisms for trust calibration. We conclude that bridging the gap
between algorithmic extraction and human perception requires immersive systems to
shift from passive data representation to active, intelligent cognitive assistance.
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INTRODUCTION

The exponential increase in digital information production poses a
fundamental challenge for users attempting to analyze and interpret data.
Today, the concept of Big Data refers not only to the large volume of data
but also to its complexity and multidimensionality (Olshannikova et al.,
2015). Traditional two-dimensional (2D) screens and standard visualization
techniques are often insufficient to represent the high dimensionality and
relational depth of modern data sets (Donalek et al., 2014; Moran et al.,
2015). Users (e.g., analysts, management, investors, policy makers) need a
broader workspace and more natural interaction methods to make quick and
accurate decisions without getting lost in this data overload. This challenge is
particularly acute in domains such as accounting and auditing, where users
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must reconcile fragmented, multi-format disclosures—including financial
statements, sustainability reports, and regulatory filings—to form coherent
risk assessments.

Emerging as a response to these needs, Immersive Analytics explores new
ways to analyse data using virtual reality (VR) and augmented reality (AR)
technologies (Klein, Sedlmair and Schreiber, 2022). Immersive environments
offer users an infinite canvas and a natural sense of depth, allowing them to
examine complex data structures as if they were physical objects in the real
world. Research shows that 3D visualizations can offer significant advantages
over traditional methods, particularly in exploring multidimensional data
and collaborative work (Cavallo et al., 2019). However, simply moving data
into a three-dimensional space is not sufficient for effective analysis.

As Gradanin argues, immersion alone does not guarantee insight; successful
systems must leverage embodied cognition, allowing users to utilize their
physical presence to offload cognitive work onto the environment. Despite
the potential of immersive technologies, the design of these environments also
presents certain human factor challenges (Gracanin, 2018). When large-scale
datasets are transferred to a 3D environment, object occlusion and visual
clutter reduce the readability of the data (Ens et al.,2021). More importantly,
the cognitive load users experience while navigating this dense information
space directly affects the system’s usability and learning motivation (Wenk
et al., 2023). Users’ correct perception of data is closely tied to the visual
variables used (colour, size, depth, etc.) and the design of the environment
(Whitlock, Smart and Szafir, 2020). Therefore, when designing immersive
systems, not only how the data is displayed but also how the user’s attention
is managed becomes a critical question.

These challenges have become even more complex in the age of Generative
Artificial Intelligence. Analysts now deal not only with numerical data
but also with massive amounts of unstructured text, such as corporate
reports or file archives. This text must be processed and transformed into
meaningful information networks and visualizations (Hashmi and Bansal,
2019). However, these text-derived data inherently contain a certain degree
of uncertainty. Visualizing the reliability of insights generated by artificial
intelligence models and presenting them transparently to the user remains an
unresolved design problem.

To address this gap, this position paper presents a framework for identifying
perceptual, cognitive, and epistemic barriers that arise when Al-extracted
knowledge graphs are visualized in XR environments. While prior work
has examined immersive visualization and LLM capabilities separately, this
study focuses on their intersection and brings the challenges together into a
unified analytical framework.

The main purpose of the paper is to critically examine why current
immersive analytics systems break down when used to visualize unstructured,
Al-generated knowledge at scale, and to articulate what kind of design
shift is required to make immersive analytics genuinely useful in the era of
generative Al. Our study makes two contributions. First, it identifies a growing
mismatch between (1) the large-scale, probabilistic knowledge graphs that
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LLMs extract from text and (2) human perceptual and cognitive limits in
XR environments. Second, it proposes an Intelligent Adaptive Visualization
framework built on three pillars—adaptive layout optimization, uncertainty-
aware attention guidance, and deep provenance transparency—that shifts
immersive analytics from passive 3D rendering toward active cognitive
assistance. Although this work does not include an empirical evaluation,
its value lies in offering a systematic diagnosis of current limitations and
a design roadmap grounded in converging evidence from the immersive
analytics, cognitive load, and Al trustworthiness literatures.

THE DATA PIPELINE: FROMTEXT TO 3D VISUALIZATION

Traditional visualization systems predominantly rely on structured datasets
stored in relational databases. However, in the modern information
ecosystem, critical insights are increasingly embedded within unstructured
text repositories, such as corporate filings, legal documents, or scientific
reports (Gomez-Nieto et al., 2015; Wang et al., 2022). To bridge the gap
between this raw textual chaos and coherent visual representation, we
propose a multi-stage data pipeline driven by Generative Artificial Intelligence.
Figure 1 illustrates this architectural flow, delineating the transformation
of unstructured document collections into interactive, three-dimensional
knowledge graphs within an immersive environment.
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Figure 1: The data pipeline (image generated by Google Gemini Al).

Following extraction, the data must be structured into a coherent narrative.
Raw entities extracted from different documents often refer to the same
real-world concepts but are expressed using different terminology. Here, the
pipeline employs LLM-based Entity Resolution to merge these disparate points
into a unified Knowledge Graph (Wu et al., 2025). This graph construction is
critical for visualizing complex systems, such as business ecosystems, where
the relationships between companies, technologies, and market trends define
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the public narrative (Basole, Park and Seuss, 2024). Unlike a static database
query, this graph structure is dynamic; as noted in systems like InsightLens,
the data analysis becomes a conversational process where the underlying
data structure evolves in real-time based on the analyst’s interaction and the
AT’s continuous inference (Weng et al., 2025).

The final stage of the pipeline, shown on the right side of Figure 1, involves
the translation of this high-dimensional, probabilistic graph into a spatial
environment. The system integrates with real-time 3D engines (e.g., Unity or
Unreal Engine) to render the graph nodes as interactive holographic objects.
This transition from 2D textual data to 3D spatial coordinates allows analysts
to utilize their spatial memory and depth perception to navigate the data
(Weng et al., 2025). However, this visualization process introduces a novel
challenge that distinguishes it from traditional analytics: the data points
are not absolute facts but probabilistic outputs generated by an Al model.
Consequently, the immersive visualization must represent not only the data
itself but also the epistemic uncertainty inherent in the generation process,
ensuring that the user can distinguish between high-confidence insights and
potential model artifacts.

CHALLENGES IN IMMERSIVE ANALYTICS

While the generative pipeline described in the previous section enables
the automated extraction of structured knowledge representations from
unstructured text and its subsequent transformation into spatial graphs, the
practical utility of such immersive environments is currently constrained by
severe perceptual and cognitive limitations. The transition from 2D screens
to 3D Extended Reality (XR) offers an infinite canvas, yet this advantage
often collapses when populated with the massive volume of interconnected
entities and relations derived from large document collections. As illustrated
in the schematic diagram in Figure 2, the analyst in such an environment is
besieged by three converging forces that create a cognitive bottleneck: spatial
occlusion, temporal disorientation, and the epistemic uncertainty introduced
by AI hallucinations.

Visual Clutter

@ Epistemic Uncertainty Temporal Disorientation &

Analyst's
Cognitive Capacity

Figure 2: Schematic diagram of the cognitive bottleneck in immersive analytics:
visual clutter, temporal disorientation, and epistemic uncertainty (image generated
by Google Gemini Al).
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The first barrier is the “Visual Clutter” paradox. Although 3D space
introduces a depth dimension, displaying thousands of extracted entities—
such as interlinked corporate subsidiaries or financial transactions—
inevitably leads to dense hairball structures where critical topological
features are obscured (Liu, Lv and Li, 2024). Peng et al. define this clutter
not merely as an excess of items, but as a state where the visual representation
interferes with the viewer’s ability to discern patterns (Wei Peng, Ward and
Rundensteiner, 2004). In immersive environments, this manifests as severe
occlusion, where data points hide one another, forcing the user to constantly
navigate and change perspectives to retrieve basic information. This physical
and perceptual effort directly impacts cognitive load. As demonstrated by
Suzuki et al. and Wenk et al., the increased demand on working memory and
the physiological stress of navigating cluttered 3D spaces significantly degrade
the user’s analytical performance and decision-making speed compared to
traditional interfaces (Wenk et al., 2023; Suzuki, Wild and Scanlon, 2024).

Beyond spatial complexity, the temporal dimension presents a unique
challenge in immersive analytics. Financial and legal disclosures are inherently
dynamic; relationships evolve, and entities appear or vanish over time.
However, visualizing these temporal changes in 3D is notoriously difficult.
Fouché et al. highlight that current design spaces for time-varying 3D data
lack definitive guidelines; showing all timeframes simultaneously creates
visual chaos, while animating changes often leads to change blindness, where
users fail to notice critical events occurring outside their immediate field of
view (Fouché et al., 2022).

However, the most insidious challenge introduced by the integration
of Generative Al is Epistemic Uncertainty. Unlike traditional datasets
where errors are typically random noise, LLMs suffer from hallucinations,
generating content that is nonsensical or unfaithful to the source input
while appearing plausible (Huang et al., 2025). In the context of knowledge
graph construction, this can lead to the misattribution of financial figures
(Li et al., 2025). This creates a crisis of trust. As noted by Dai et al., users
struggle to distinguish between factual data and model artifacts without
explicit trust calibration mechanisms (Dai et al., 2025). Kamal et al. argue
that failing to visualize this uncertainty leads to flawed decision-making; yet,
standard immersive visualizations often render Al-generated nodes with the
same solidity and opacity as verified facts, creating a false sense of precision
(Kamal et al., 2021).

FUTURE DIRECTIONS: TOWARDS INTELLIGENT IMMERSIVE
ANALYTICS

To overcome the cognitive and epistemic bottlenecks described in the previous
section, the design of immersive analytics systems must shift from passive data
representation to active, intelligent assistance. These capabilities are derived
directly from the barriers identified in the preceding section: adaptive layouts
address visual clutter (Section 3, Barrier 1), uncertainty-aware guidance
addresses both temporal disorientation and epistemic uncertainty (Barriers
2 and 3), and provenance mechanisms address the trust deficit created by Al
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hallucinations (Barrier 3). The next generation of VR/XR visualization tools
should therefore incorporate three foundational capabilities: adaptive layout
optimization, uncertainty-aware attention guidance, and deep provenance
transparency.

Adaptive and Dynamic Layouts

The static force-directed algorithms currently used in most 3D graph
visualizations are insufficient for the scale of data generated by modern
LLMs. As Peng et al. (2004) state, reducing visual clutter requires dimension
reordering techniques that dynamically adapt to the user’s focus (Wei
Peng, Ward and Rundensteiner, 2004). One promising strategy is semantic
zooming: from a distance the system aggregates individual nodes into
high-level thematic clusters, preventing occlusion; as the user approaches,
the visualization seamlessly unfolds to reveal granular connections (Liu,
Lv and Li, 2024). Furthermore, adaptive designs must account for the
user’s Frame of Reference (FOR). Sardana et al. demonstrate that allowing
seamless transitions between egocentric (immersive) and tethered (overview)
perspectives significantly improves user preference and task efficiency
(Sardana et al., 2023). This focus + context approach ensures that the user’s
working memory is not overwhelmed by irrelevant data, maintaining a
manageable cognitive load (Wenk et al., 2023).

Uncertainty-Aware Attention Guidance

Given the change blindness inherent in dynamic 3D environments, systems
must actively guide user attention to critical events. Instead of expecting
the analyst to notice a subtle change in a dataset of thousands of nodes,
the system should utilize saliency-based cues, such as directional glows,
haptic feedback, or sonification to redirect gaze towards anomalies or new
temporal updates. Recent findings by Sardana et al. indicate that event-based
sonification acts as a powerful guide for temporal orientation, helping users
identify patterns and increasing their analytical confidence in mixed-reality
environments (Sardana et al., 2025). Furthermore, the attention mechanism
must integrate the model’s uncertainty metrics to prevent misleading the
analyst. The system should visually emphasize high-confidence data points,
while explicitly marking low-confidence areas as requiring verification. By
integrating eye-tracking data, the system can measure cognitive load in real-
time (Suzuki et al., 2023) and simplify the visualization automatically if it
detects that the user is becoming overwhelmed.

Transparency and Provenance Mechanisms

To mitigate the risk of Al hallucinations, immersive visualizations must
provide deep transparency. It is not enough to simply display a link between
two entities; the system must allow the user to verify the source of that link.
We propose an interaction paradigm of click-to-verify, where interacting
with a node instantly retrieves and displays the original text snippet from
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the unstructured source document (e.g., the specific paragraph in a PDF)
alongside the confidence score of the LLM (Huang et al., 2025). This
provenance mechanism is essential for trust calibration, allowing analysts to
cross-reference Al-generated insights with ground truth without leaving the
immersive environment.

Applications of Generative Al and XR in Accounting

The convergence of Generative Al and XR offers a compelling approach to
addressing persistent challenges in accounting related to data fragmentation,
complexity, and emerging risk domains. Modern accounting increasingly
relies on structured and unstructured (e.g., voice, text, images) data that
is scattered across multiple platforms, including financial statements,
sustainability reports, regulatory filings, and third-party databases, making
holistic analysis difficult using traditional two-dimensional tools (Thomson
Reuters, 2024). Immersive XR environments can spatially integrate these
heterogeneous data sources, enabling users to explore relationships among
financial, non-financial, and narrative disclosures in a more intuitive and
cognitively aligned manner, while Al supports automated extraction,
synthesis,and interpretation of both structured and unstructured information.
Generative Al can automate complex tasks such as drafting financial reports,
summarizing large volumes of transactional data, and generating scenario-
based forecasts, thereby reducing manual effort and improving efficiency.
When combined with XR, these outputs can be embedded within immersive
environments that allow accountants and stakeholders to interact with
financial data spatially rather than through traditional flat interfaces. For
example, XR-AI applications are particularly relevant for accounting
considerations surrounding cybersecurity breaches (Centric Consulting,
2025), which pose significant financial, operational, and reputational risks.
As accountants play an expanding role in risk assessment, assurance, and
disclosure related to cybersecurity incidents, immersive and Al-augmented
systems can support scenario analysis, visualization of interconnected risk
exposures, and improved understanding of the financial consequences
of breaches across organizational systems. As another example, consider
a map-like graph in an XR environment where Environmental, Social,
and Governance (ESG) factors and firm fundamentals are arranged as
interconnected regions, with clusters linking to outcomes like cost efficiency,
profitability, and risk; generative Al builds and updates these connections
from disclosures, allowing users to trace how changes in ESG performance
propagate through the network to impact financial results. Collectively, XR—
Al technologies enable accounting to move beyond static reporting toward
interactive, integrative, and risk-aware analysis, aligning the discipline with
the demands of data-intensive decision-making and expanding opportunities
for accounting research, education, and professional practice.
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CONCLUSION

The convergence of Generative Al and XR presents an unprecedented
opportunity to redefine how we analyse the world’s exponentially growing
unstructured data. By transforming static text into navigable, spatial
knowledge graphs, we can unlock insights that are invisible in traditional two-
dimensional displays. However, as this paper argues, the mere technological
capability to render massive datasets in 3D is insufficient. Without rigorous
attention to human cognitive limits and epistemic uncertainty, such systems
risk replacing information scarcity with information chaos. We conclude
that the future of immersive analytics lies not in larger screens or higher
resolutions, but in cognitive adaptivity. Successful systems will be those that
can intelligently filter visual clutter, actively guide human attention to trusted
signals, and transparently expose the probabilistic nature of Al-generated
knowledge. Only by bridging the gap between algorithmic power and human
perception can we fully realize the promise of immersive analytics in the era
of Generative Al
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