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ABSTRACT Information overload and misinformation create significant challenges in extracting
meaningful narratives from large news collections. This paper defines the nascent field of Interactive
Narrative Analytics (INA), which combines computational narrative extraction with interactive visual
analytics to support sensemaking. INA approaches enable the interactive exploration of narrative structures
through computational methods and visual interfaces that facilitate human interpretation. The field faces
challenges in scalability, interactivity, knowledge integration, and evaluation standardization, yet offers
promising opportunities across news analysis, intelligence, scientific literature exploration, and social media
analysis. Through the combination of computational and human insight, INA addresses complex challenges
in narrative sensemaking.

INDEX TERMS Human-AI collaboration, information extraction, interactive visual analytics, knowledge
integration, narrative extraction, narrative sensemaking, semantic interaction, visual analytics.

I. INTRODUCTION
The digital landscape presents an unprecedented volume
of information, with news and social media content grow-
ing exponentially [1], [2]. This information overload is
compounded by the proliferation of misinformation and
disinformation [3], [4], [5], [6], creating a complex ecosystem
that challenges our ability to make sense of important events
and their connections. Traditional information processing
approaches have become inadequate [7], [8], highlighting the
need for more sophisticated computational and interactive
tools to extract meaningful narratives from large text
collections [9], [10].

This paper introduces and defines a new field of research
that we call Interactive Narrative Analytics (INA), a mul-
tidisciplinary approach combining computational narrative
extraction [9], [11], [12] with interactive visual analytics [13],
[14], [15] to support sensemaking [16], [17]. By coining
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this term, we seek to establish a distinct research domain
focused on addressing the unique challenges of narrative
understanding in the digital age. Unlike traditional text
analytics, which often focuses on statistical patterns or
isolated entities, INA emphasizes temporal, causal, and
relational aspects of information, capturing how events
unfold and connect over time to form coherent stories [9].

The need to establish INA as a field has become
increasingly evident as analysts, journalists, researchers,
and the public struggle with information complexity. The
sheer volume of event data makes manual analysis virtually
impossible [8], [18], [19], [20], necessitating scalable com-
putational approaches. The dynamic nature of news events
requires methods that can adapt to evolving narratives in
real-time. The complexity of narratives demands sophisti-
cated representation models capable of capturing intricate
relationships. Furthermore, the subjective nature of narrative
interpretation requires interactive tools that can incorpo-
rate human feedback and domain knowledge [21], [22],
[23], [24].
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Current narrative extraction approaches employ techniques
from natural language processing, machine learning, and
graph theory [25], [26], [27], but fall short in critical
areas. Most existing methods lack scalability, struggling to
process the massive volumes of data generated in today’s
information ecosystem. They typically operate as black boxes
with limited transparency and interactivity, failing to leverage
human intuition and domain expertise. Moreover, they rarely
incorporate external knowledge, leading to incomplete or
inaccurate narrative representations. Most importantly, they
often lack effective evaluation metrics, making it difficult to
compare different approaches [9], [28].

This proposed field would bring together computational
optimization, large language models (LLMs), and knowledge
representation [29], [30], [31] with interactive visualization
techniques [32], [33] to create an integrated approach to
narrative understanding. While individual elements of this
field exist in isolation across various research domains,
we argue that establishing INA as a distinct discipline would
foster the cross-disciplinary collaboration needed to address
the complex challenges of narrative sensemaking.

In particular, this paper seeks to define the scope of this
nascent field, examining its theoretical foundations, poten-
tial components, anticipated research challenges, promising
applications, and future research directions. As a position
paper proposing a new interdisciplinary field, we synthesize
key concepts from multiple disciplines rather than providing
a systematic literature review. By defining this new area of
research, we aim to highlight the importance of integrating
computational extraction with human sensemaking capabili-
ties, providing a conceptual framework for future research in
INA. For detailed surveys of the underlying technical areas,
we refer interested readers to Keith et al. [9] on narrative
extraction, Santana et al. [12] on narrative processing, and
Keim et al. [34] on visual analytics foundations.

II. DEFINING INTERACTIVE NARRATIVE ANALYTICS
INA represents an emerging interdisciplinary field at the
intersection of computational narrative extraction, visual
analytics, and human-centered sensemaking. We define INA
as the systematic approach to extracting, representing, and
exploring event-based narrative structures from large textual
collections through a combination of computational methods
that identify temporal, causal, and semantic relationships
between events, interactive visual interfaces that support
human exploration and refinement of these structures, and
knowledge integration mechanisms that enhance narrative
understanding with external domain knowledge.

In particular, INA focuses primarily on event-based
narratives, particularly those found in news articles, social
media, and similar domains where understanding temporal
and causal relationships between events is crucial [9].
It emphasizes the interactive aspect of narrative analysis,
acknowledging that narrative understanding requires human
interpretation [23], and incorporates knowledge integration to
enhance extracted narratives with external domain knowledge

[35]. Thus, unlike traditional text analytics approaches that
focus on statistical patterns or isolated entities, INA is
concerned with the holistic structure of narratives, including
events, entities, temporal relationships, and causal connec-
tions. It extends beyond traditional narrative extraction by
incorporating interactive visualization and human feedback
into the extraction process itself, rather than treating these as
separate downstream tasks [36].

A. DISTINGUISHING INA FROM RELATED FIELDS
To clarify INA’s unique position in the research landscape,
we must distinguish it from several related but distinct
areas. Visual Analytics (VA) is defined as ‘‘the science of
analytical reasoning facilitated by interactive visual inter-
faces’’ [37]. VA emerged from intelligence needs following
the 9/11 attacks [34], [37] and provides the interactive
visualization foundation upon which INA builds. However,
while VA broadly addresses all data types and analytical
tasks, INA specifically focuses on narrative structureswithin
textual data, emphasizing temporal event sequences and
causal relationships rather than general data patterns. This
distinction is crucial: VA might visualize any patterns in
document collections, but INA specifically seeks to extract
and represent the stories those documents tell.

Intelligence and security analysis applications, which
historically drove VA development [34], employ visual
analytics primarily for threat detection, anomaly identifi-
cation, and real-time monitoring. While INA can support
intelligence applications, it extends far beyond security
contexts to support narrative understanding across diverse
domains including scientific literature, news media, and
legal documents. The key difference lies in the analytical
focus: intelligence analysis prioritizes identifying threats and
anomalies, while INA emphasizes understanding narrative
coherence, evolution, and the relationships between different
storylines.

Event-based text mining represents another related area
that shares INA’s interest in events but differs fundamentally
in scope and purpose. Traditional event extraction methods
identify isolated events and their attributes—who, what,
when, where—from text [38]. INA goes beyond this extrac-
tion to connect events into coherent narratives, emphasizing
not just what happened but how events relate to each other,
how they form storylines, and how these storylines evolve
and interact over time. Where event mining might produce a
database of discrete events, INA produces an interconnected
narrative structure that reveals the flow and development of
stories.

The distinction between INA and data storytelling or
narrative visualization [22], [39] is particularly important
given the overlapping terminology. Data storytelling and nar-
rative visualization focus on communicating predetermined
insights through carefully crafted narrative techniques—they
help authors tell stories with data. In contrast, INA sup-
ports discovering narratives within data through interactive
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exploration. This fundamental difference in purpose shapes
everything else: data storytelling optimizes for clarity and
engagement in presenting known insights, while INA opti-
mizes for exploration and discovery of unknown narrative
structures. Similarly, story visualization techniques visualize
existing, authored stories such as novels or films where
the narrative structure is explicit. INA instead must extract
implicit narratives from unstructured document collections
where no explicit story structure exists, making it a
fundamentally different challenge.

B. CORE PRINCIPLES AND OBJECTIVES
INA is guided by several core principles and objectives
that shape its approach to narrative understanding. At its
foundation, INA integrates computational algorithms with
human intuition and domain expertise, addressing what
Wenskovitch and North [23] call the ‘‘two black-box’’
problem where both artificial intelligence (AI) systems
and human users may lack understanding of each other’s
reasoning.

INA also strives to balance computational scalability with
interactive responsiveness, enabling the processing of large
text volumes while supporting real-time user interaction and
feedback. This balance is essential for analyzing rapidly
evolving news narratives and other high-volume text sources,
as noted by Liu et al. [40] in their work on narrative extraction
from breaking news.

Knowledge enhancement represents another crucial prin-
ciple, as INA incorporates external knowledge resources
to improve the accuracy and relevance of narrative extrac-
tion. By leveraging domain-specific ontologies, frames, and
knowledge graphs, INA systems can produce more contex-
tually appropriate and complete narrative representations,
as demonstrated in recent work by Yan and Tang [35] and
Blin [41].

Supporting narrative sensemaking is the primary objective
of INA. Thus, this field seeks to provide tools that help users
discover, explore, and understand complex narratives. These
tools should enable manipulation and refinement based on
user understanding and objectives, creating a more intuitive
analytical environment as shown in the work of Keith et al.
on semantic interaction for narrative visualization [36].

Finally, INA emphasizes evaluation and quality assessment
through methods for measuring narrative quality, coherence,
and utility. These evaluation approaches include metrics
for assessing narrative coherence, coverage, and relevance,
addressing a significant gap identified in current narrative
extraction research [9]. Figure 1 presents the five core
components of INA.

This comparative framework draws on established char-
acterizations from foundational works and recent surveys
across multiple domains. Visual analytics characterizations
are based on seminal frameworks by Thomas and Cook [37]
and Keim et al. [34], with interactive capabilities informed by
Endert et al.’s semantic interaction work [14], [15] and recent

advances in large-scale visual analytics [42]. Event mining
approaches reflect methodologies established by Chieu and
Lee [38] and evolutionary timeline work by Yan et al.
[43], while our broader narrative extraction characterization
synthesizes comprehensive surveys [9], [11], [12]. Data
storytelling and narrative visualization draw from Segel and
Heer’s foundational taxonomy [22] and recent surveys of
automation in narrative visualization [39], with visualization
scalability considerations informed by information cartog-
raphy approaches [44]. Intelligence analysis applications
reflect the motivations and requirements articulated in
Thomas and Cook’s work [37] and practical visual analytics
deployments [45]. The INA characterization synthesizes our
proposed framework with current capabilities in narrative
extraction [9], [26], [40], interactive visualization [14],
[15], [36], and knowledge integration [35], [41]. Scalability
assessments for each field reflect typical system capabilities
and architectural constraints discussed in domain literature,
including recent work on parameter-efficient adaptation for
large-scale text processing [46], [47], progressive visualiza-
tion techniques [48], andmulti-scale processing systems [49].
Evaluation metrics represent those commonly reported in
each field’s literature, with narrative quality assessment draw-
ing from recent work on subjective task evaluation [50], [51]
and established visual analytics evaluation frameworks [34].

C. INTEGRATION OF EXISTING APPROACHES
The defining attributes of INA work in tandem to enable
narrative understanding, building upon and extending estab-
lished concepts from visual analytics and narrative extraction.
The human-in-the-loop approach, while present in earlier
visual analytics work [14], [15], takes on new significance in
INA by incorporating user feedback directly into the narrative
extraction process rather than merely the visualization layer.
This allows algorithms to adapt to user understanding of
narrative coherence and importance, which varies by domain
and analytical goal.

Semantic interaction techniques in INA extend the foun-
dational work of Endert et al. [14], [15] by enabling users
to manipulate narrative visualizations in ways that reflect
their understanding of story structure.When an analyst moves
events closer together or groups related storylines, these
interactions propagate to the computational model, refining
its understanding of narrative relationships. This bidirectional
flow between user and system, recently advanced through
deep learning approaches [32], [33], creates a more intuitive
environment specifically tailored for narrative analysis rather
than general data exploration.

Multi-scale representation in narrative contexts presents
unique challenges beyond traditional overview-plus-detail
visualizations [52]. INA must maintain narrative coherence
across scales—from individual events to complete storylines
to entire narrative landscapes. Building on information car-
tography concepts [44], INA systems support fluid transitions
between reading individual documents, following specific
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FIGURE 1. The five core components of interactive narrative analytics and their interconnections. Each component addresses specific challenges while
working together in an integrated system.

TABLE 1. Comparative Framework: INA and Related Fields.

narrative threads, and understanding the overall narrative
structure. This requires careful attention to preserving
temporal and causal relationships across scales, ensuring that
zooming in or out does not break the narrative flow as the user
progressively interacts with the system [53].

Knowledge integration in INA goes beyond simple entity
linking to incorporate rich domain knowledge about narrative
structures, event types, and causal relationships. Recent
work on narrative-enhanced knowledge graphs [35], [41]
demonstrates how external knowledge can fill gaps in
extracted narratives, provide historical context, and validate
causal connections. This integration must be carefully
balanced—too little leaves narratives incomplete, while too
much can overwhelm the extraction process with irrelevant
information.

The adaptive extraction algorithms in INA learn not just
from user feedback but from the evolving understanding of

what constitutes a coherent narrative in specific domains.
This adaptation, advocated by Wenskovitch et al. [24],
enables systems to improve their narrative extraction
over time, learning domain-specific patterns of narrative
development, common storyline structures, and important
narrative elements that might not be explicitly stated in the
text.

III. THEORETICAL FOUNDATIONS
INA draws from four key theoretical traditions that have
evolved over decades of research in their respective fields.
In particular, INA draws from four key theoretical traditions:
interactive visual analytics [23], computational narratives [9],
[11], [12], sensemaking [17], [54], [55], [56], and knowledge
representation [57]. This section provides a focused overview
of how these theoretical foundations converge to establish the
conceptual framework of INA.
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A. VISUAL ANALYTICS FOUNDATIONS
The theoretical foundations of visual analytics, essential to
INA, were established through seminal works that shaped
the field. Thomas and Cook’s ‘‘Illuminating the Path’’ [37]
provided the foundational definition of visual analytics as
‘‘the science of analytical reasoning facilitated by interactive
visual interfaces,’’ explicitly connecting it to intelligence
analysis needs. This work, emerging from post-9/11 security
concerns, established core principles of combining automated
analysis with human insight that remain central to INA.

Keim et al.’s framework [34] formalized visual analytics as
combining ‘‘automated analysis techniques with interactive
visualizations for an effective understanding, reasoning and
decision making on the basis of very large and complex
data sets.’’ This definition explicitly acknowledges the ‘‘two
black box’’ problem that Wenskovitch and North [23] later
address—neither humans nor machines fully understand each
other’s reasoning processes. Ben Shneiderman’s ‘‘eyes have
it’’ mantra [58]—overview first, zoom and filter, then details
on demand—provides an interaction paradigm that INA
extends to narrative exploration.

The intelligence analysis roots of visual analytics directly
inform INA’s development. Pike et al.’s work on the science
of interaction [59] established principles for how analysts
make sense of complex information through interactive
visualization. The VAST Challenge series, beginning in
2006, has driven innovation in visual analytics for narrative
understanding through scenarios involving terrorism, disease
outbreaks, and social unrest. These challenges revealed
the need for tools that can extract and visualize narrative
structures from massive text collections—precisely the gap
INA addresses.

B. NARRATIVE THEORY AND COMPUTATIONAL
APPROACHES
Narrative theory provides essential concepts of narrative
structure—events, entities, temporal and causal relations—
that computational narratology has translated into formal
models [9], [11], [12]. Event-based approaches conceptu-
alize narratives as sequences of connected events, while
entity-based approaches focus on characters and relation-
ships. The concept of narrative coherence [25], [26] is central
to computational modeling, measured through semantic
similarity, temporal consistency, and causal connectedness.

C. SENSEMAKING
Sensemaking, characterized by Pirolli and Card as an iterative
process involving information foraging and schema forma-
tion, is inherently subjective and context-dependent [16],
[17]. Visual analytics [42] supports this process through
interactive visualizations that enable exploration at multiple
scales, from overview to detail [44]. Semantic interaction—
enabling users to express analytical reasoning through natural
interactions that propagate to underlying computational

models—is particularly significant for INA [14], [15], [32].
Figure 2 shows a mockup of a multi-scale INA system.

D. KNOWLEDGE REPRESENTATION AND INTEGRATION
Knowledge representation provides frameworks for incorpo-
rating external knowledge into narrative extraction through
ontologies, frames, and knowledge graphs [35], [60]. Knowl-
edge graphs align naturally with narrative structures [31],
representing entities, events, and relationships in graph-based
formats—though challenges remain in adapting general
knowledge resources to specific narrative domains [41].
Figure 3 shows a representation of how knowledge could
augment interactive narrative systems.

E. CONVERGENCE IN INTERACTIVE NARRATIVE
ANALYTICS
INA represents the convergence of these theoretical tradi-
tions, synthesizing concepts from narrative theory, sense-
making, visual analytics, and knowledge representation. This
convergence is guided by several key principles:

• Complementarity of Computation and Cognition:
INA recognizes that computational models and human
cognition offer complementary strengths in narrative
understanding [23].

• Iterative Narrative Construction: INA conceptualizes
narrative extraction as an iterative process involving
continuous refinement based on user feedback and
interaction [24].

• Knowledge-Enhanced Understanding: INA incorpo-
rates external knowledge resources to enhance narrative
extraction and visualization, recognizing that narrative
understanding often requires background knowledge not
explicitly stated in text [35].

• Interactive Exploration: INA emphasizes interactive
exploration in narrative understanding, providing tools
that enable users to navigate and manipulate narrative
representations according to their analytical goals [36].

This theoretical integration provides a foundation for
addressing the challenges of narrative sensemaking. Drawing
on established theories acrossmultiple disciplines, INA offers
a principled approach to combining computational methods
with human insight for narrative understanding.

IV. CORE ELEMENTS: CURRENT APPROACHES AND
RESEARCH CHALLENGES
The development of Interactive Narrative Analytics requires
advancing five interconnected elements: computational
architectures, visualization approaches, interaction mecha-
nisms, knowledge resources, and evaluation frameworks. For
each element, we examine current approaches, their limita-
tions, and the research challenges that must be addressed to
realize INA’s potential.

A. THE NEED FOR INTERACTIVE NARRATIVE ANALYTICS
The limitations identified in current approaches highlight
the need for an integrated field of INA that addresses
these challenges holistically. By combining advances in
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FIGURE 2. Multi-scale narrative visualization showing different levels of granularity while maintaining context across levels.

FIGURE 3. Before-and-after comparison showing how external knowledge enhances a narrative about semiconductor export restrictions
with contextual information, historical patterns, and domain expertise.

computational narrative extraction, visual analytics, and
interactive systems, INA aims to provide more effective tools
for understanding complex narrative landscapes.

Specifically, INA seeks to address scalability chal-
lenges through optimized extraction algorithms and efficient
visualization techniques, enabling analysis of large-scale

narrative collections. It aims to enhance interactivity through
semantic interaction models specifically designed for nar-
rative exploration and manipulation, allowing analysts to
incorporate their expertise into the extraction process.
It strives to integrate external knowledge resources to improve
narrative completeness and accuracy, providing context

VOLUME 14, 2026 2273



B. Keith: INA: Bridging Computational Narrative Extraction and Human Sensemaking

FIGURE 4. Comparison between the traditional linear pipeline approach and the Interactive Narrative Analytics integrated approach with continuous
feedback between computational and human processes.

and background information that may be implicit in the
text.

In addition, INA strives to develop integrated evaluation
frameworks that assess both computational performance and
user experience, accounting for the subjective nature of
narrative interpretation while providing meaningful quality
metrics. It also aims to address misinformation challenges
through credibility assessment mechanisms and narrative ver-
ification techniques, helping analysts identify and understand
misleading content in narrative contexts.

By addressing these challenges, INA offers a promising
approach to narrative understanding in complex information
environments, supporting analysts in making sense of the
ever-growing volume of textual data in domains ranging
from news analysis to intelligence gathering, from scientific
literature to social media discourse. Figure 4 shows the com-
parison between INA approaches and traditional pipelines,
demonstrating the paradigm shift from sequential processing
to integrated, iterative analysis.

B. COMPUTATIONAL ARCHITECTURES FOR NARRATIVE
PROCESSING
Current narrative extraction methods face fundamental
scalability challenges that limit their practical application.
Timeline-based approaches like those of Chieu and Lee [38]
and Yan et al. [43] typically exhibit polynomial time com-
plexity in the number of documents, making them impractical
for large corpora. More sophisticated timeline extraction
by Shahaf and Guestrin [25] identifies coherent chains

of news articles, yet still faces computational bottlenecks
with large collections. Graph-based approaches such as
Narrative Maps [26] and Story Forest [40] face even steeper
computational challenges, with complexity often quadratic or
higher relative to document count. These methods involve
computationally intensive operations including pairwise
document similarity calculations, global optimization over
entire document collections, and complex graph algorithms
that become prohibitive as collections grow [9].

The computational demands become particularly acute
when narratives evolve in real-time, requiring systems
to process streaming data and incrementally update nar-
rative structures without complete recalculation. Current
approaches struggle with this temporal constraint, creating
tension between computational thoroughness and responsive-
ness. Shahaf et al. [44] address this through approximation
techniques and incremental updates, but these solutions
often introduce trade-offs between narrative quality and
computational performance that remain unresolved. Most
existing systems operate in batch mode, processing entire
document collections offline before presenting results, which
fails to support the iterative exploration central to INA.

The integration of Large Language Models presents both
opportunities and challenges for computational narrative
extraction. While LLMs offer powerful semantic processing
capabilities that could enhance narrative understanding,
they introduce substantial computational costs, potential
biases, and transparency issues [29], [30], [61]. Their
black-box nature often obscures the reasoning behind
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extracted narrative structures, making it difficult for analysts
to understand how particular narratives were derived. Current
research explores using LLMs for specific subtasks like event
extraction or coherence scoring, but fully integrating these
models into interactive narrative systems while maintaining
computational efficiency and interpretability represents a
critical research challenge.

Addressing these computational challenges requires
developing architectures that balance multiple competing
demands. Systems must process document collections
ranging from thousands to millions of documents while
maintaining sub-second response times for interactive
operations. They must support both batch processing for
initial narrative extraction and stream processing for real-
time updates. They must integrate multiple computational
approaches—from traditional NLP to deep learning to graph
algorithms—within a unified framework. Recent work on
distributed computing frameworks and GPU acceleration
shows promise [42], but adapting these technologies
specifically for narrative processing while maintaining
the semantic richness required for meaningful narrative
extraction remains an open challenge.

Recent advances in parameter-efficient fine-tuning provide
practical pathways for adapting large language models to
narrative extraction tasks while maintaining computational
feasibility for interactive systems. For example, Low-Rank
Adaptation (LoRA) [46] decomposes weight updates into
low-rankmatrices, reducing trainable parameters by orders of
magnitude while matching full fine-tuning performance. For
resource-constrained environments, QLoRA [47] combines
4-bit quantization with LoRA to enable fine-tuning of very
largemodels on single GPUs. Prompt tuning approaches [62],
[63] offer even greater efficiency by optimizing only contin-
uous task-specific vectors while freezing model parameters
entirely. For INA systems, modular integration architectures
could allow the selective use of LLMs for specific subtasks
(e.g., event extraction, coherence scoring, and entity linking)
while maintaining traditional approaches for computationally
intensive operations. However, the choice among these tech-
niques involves trade-offs betweenmodel size, computational
efficiency, adaptation quality, and interactive responsiveness.

Another challenge in this context is addressing the ‘‘two
black-box’’ problem, which requires integrating explainable
AI techniques specifically adapted for narrative extraction.
SHAP-based approaches [64] or LIME variants [65] could
be used to quantify the contribution of individual narrative
elements (events, entities, temporal markers) to extraction
decisions, though adaptation from tabular to textual narrative
data requires careful consideration [66]. Counterfactual
generation methods [67], [68] could enable analysts to under-
stand how narrative structures would change under alternative
event configurations—for instance, how removing specific
events would affect inferred causal chains. Attention visual-
ization techniques that go beyond raw attention weights [69]
could be useful to reveal which textual spans most influence
narrative connection decisions across transformer layers. For

narrative-specific explanations, causal inference approaches
[70], [71] could help surface why particular events are
grouped into storylines or why certain temporal/causal
relationships are inferred. In this context, developing inter-
active explanation interfaces could allow users to query
why specific narrative elements were connected, drill down
into model reasoning, and provide corrective feedback that
propagates through the extraction model—creating a trans-
parent and collaborative human-in-the-loop system where
analysts understand and can guide computational narrative
construction.

C. VISUALIZATION APPROACHES FOR NARRATIVE
STRUCTURES
Creating effective visual representations of narrative struc-
tures presents unique challenges beyond traditional infor-
mation visualization. Narratives inherently involve complex
structures with multiple storylines, branching paths, and
interconnected elements that resist straightforward visual
encoding. Current approaches broadly fall into timeline-
based, graph-based, and hybrid visualizations, each with
distinct capabilities and limitations.

Timeline-based visualizations excel at representing tempo-
ral evolution but struggle with complex non-linear narratives.
Systems like CloudLines [72] address scalability through
compact visualization techniques using logarithmic time
scaling and distortion lenses, yet they primarily support linear
narrative flows. Shahaf et al.’s Information Cartography [44]
extends timeline concepts with zoomable maps supporting
multi-scale exploration, but maintaining narrative coherence
across scales remains challenging. The fundamental limita-
tion of timeline approaches lies in their difficulty representing
parallel storylines, narrative branches, and convergent paths
that characterize complex real-world narratives [9].

Graph-based visualizations offer greater expressiveness for
complex narrative structures but introduce severe scalability
and interpretability challenges. As narrative graphs grow,
they quickly become cluttered and difficult to navigate [42].
Keith andMitra’s Narrative Maps [26] attempt to address this
through hierarchical clustering and progressive disclosure,
but users still struggle to maintain awareness of overall narra-
tive structure while examining specific details. Liu et al. [40]
organize events into tree structures that capture evolutionary
relationships, yet these still face visualization challenges as
trees grow. The cognitive load of interpreting complex graph
structures can overwhelm analysts, particularly when narra-
tives involve hundreds of events and multiple intersecting
storylines. Furthermore, standard graph layout algorithms
often fail to preserve the temporal and causal relationships
crucial to narrative understanding.

The design of these visualizations must consider human
perceptual and cognitive constraints [73], [74]. Limited
working memory, attentional bottlenecks, and interpretation
biases all affect how effectively analysts can make sense of
visual narrative representations [75], [76], [77]. Visualization
approaches must work within these constraints while still
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FIGURE 5. Mockup of an Interactive Narrative Analytics interface showing a narrative map visualization with semantic interaction capabilities and
knowledge integration features.

conveying the richness and complexity of narrative structures.
Figure 5 shows a mockup of a potential INA system
that addresses these challenges through multi-level repre-
sentation, semantic interaction capabilities, and integrated
knowledge features.

Hybrid approaches attempt to combine the strengths of
timeline and graph representations. Angus et al.’s Discourse
Lines [27] blend timeline representations with narrative
maps to show policy and media storylines, using spatial
positioning to encode both temporal progression and thematic
relationships. These hybrid visualizations show promise but
introduce new challenges in maintaining visual coherence,
managing screen real estate, and helping users understand
multiple visual encodings simultaneously. The design space
for hybrid narrative visualizations remains largely unex-
plored, with no established guidelines for when to use which
visual encoding or how to transition between them [36].

Topic and trend visualization techniques, while not specif-
ically designed for narratives, provide relevant insights for
INA design. Topic models visualize thematic patterns in
text collections, though they typically operate at document
level rather than capturing fine-grained event structures [42].
Trend visualization shows temporal patterns but often lacks
the causal and explanatory connections between events that
define narratives [11]. These approaches highlight the gap
between general text visualization and narrative-specific
visual representations.

In this context, several multi-scale techniques could
address some of the visualization challenges inherent in

complex narrative structures. Edge bundling methods [78],
[79] reduce visual clutter in narrative graphs by routing
related connections along shared paths while maintaining
readability, with recent optimizations achieving signifi-
cant speedup for large-scale graphs. Timeline compression
approaches enable semantic zoom where temporal granu-
larity adjusts based on user focus—for instance, showing
individual events during detailed examination but aggregating
to weekly or monthly summaries in overview mode [49].
Hierarchical clustering techniques organize narratives into
multi-level structures allowing top-down exploration from
major storylines to constituent events [80], with progressive
visualization methods [48] enabling incremental refinement
as users navigate across scales. The key challenge in using
these approaches lies in maintaining narrative coherence
across scale transitions—ensuring that temporal ordering,
causal relationships, and thematic connections remain inter-
pretable whether viewing individual documents, specific
narrative threads, or the entire narrative landscape.

D. INTERACTION MECHANISMS FOR NARRATIVE
EXPLORATION
The interactive dimension fundamentally distinguishes INA
from automated narrative extraction, yet current systems pro-
vide limited support for meaningful interaction with narrative
structures.Most existing narrative extractionmethods operate
in batch mode with minimal user involvement [36], while
those that do support interaction typically limit it to basic
operations like filtering, zooming, and highlighting. Search
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and filtering interfaces rely heavily on users formulating
appropriate queries and synthesizing results into coherent
narratives themselves [42]. This gap between automated
extraction and interactive exploration represents a critical
limitation in current approaches.

Semantic interaction, pioneered by Endert et al. [14], [15]
and extended through deep learning by Bian and North [33],
enables analysts to express analytical reasoning through
natural interactions with visualizations. When users spatially
arrange documents or adjust similarities, these interactions
propagate to underlying computational models. Recent
advances by Han et al. [32] demonstrate how explainable
projections can make these interactions more interpretable.
However, current semantic interaction systems focus primar-
ily on document-level representations rather than narrative
structures [9]. Extending semantic interaction to narrative
elements—events, entities, relationships, and storylines—
requires new interaction paradigms that can capture the
complex reasoning involved in narrative sensemaking.

Keith et al. [36] introduce mixed multi-model semantic
interaction specifically for narrative visualizations, allowing
users to manipulate graph-based narrative representations
with changes propagating through multiple computational
models. Their approach demonstrates how user interactions
with visual narrative elements can update both the extrac-
tion model’s understanding of narrative coherence and the
relevance weights for different narrative components. Yet
this work also reveals fundamental challenges: inferring user
intent from potentially ambiguous interactions, translating
those intentions into meaningful model updates, and man-
aging conflicts between user preferences and computational
recommendations all remain difficult problems.

The challenge of interaction design for narrative analytics
extends beyond technical implementation to understanding
how analysts naturally think about and work with narratives.
Cognitive processes involved in narrative sensemaking [81],
[82] include identifying key events, establishing causal
connections, recognizing patterns across storylines, and syn-
thesizing multiple perspectives into coherent understanding.
Current interaction mechanisms often fail to support these
natural reasoning processes, forcing analysts to translate
their narrative understanding into system-specific operations.
Developing interaction vocabularies that align with analysts’
mental models of narratives while remaining computationally
tractable represents an ongoing challenge [14], [15].

System responsiveness creates additional technical chal-
lenges when interactions trigger computationally intensive
operations. Re-extracting narratives based on user feedback,
updating visualizations to reflect new parameters, or com-
puting alternative narrative structures all potentially require
significant computation. Current systems often sacrifice
either interactivity (by processing updates offline) or quality
(by using simplified models for real-time response). Pro-
gressive computation approaches that provide initial results
quickly while refining them over time show promise [83],
but implementing these approaches specifically for narrative

analytics while maintaining narrative coherence requires
careful algorithm design and avoiding the issue of introducing
potentially spurious patterns [84].

Multimodal interaction modalities could enhance narra-
tive exploration through natural, accessible interfaces. For
example, voice command interfaces could enable hands-free
navigation of narrative structures, particularly valuable for
large display environments where analysts may be distant
from traditional input devices [85]. Natural language query
systems allow analysts to ask questions like ‘‘show me
events related to trade negotiations in March’’ rather than
constructing complex filter sequences [86]. Gesture control
for spatial narrative manipulation enables direct manipulation
of graph-based narrative visualizations through touch or mid-
air gestures, creating more intuitive workflows for exploring
connections between events. Eye-tracking systems could
implicitly detect analyst interest, automatically providing
additional detail for fixated elements or adapting visualiza-
tions based on attention patterns. However, such multimodal
interaction capabilities remain unexplored in INA and could
present interesting opportunities for future work in the field.

E. KNOWLEDGE RESOURCES FOR NARRATIVE
ENHANCEMENT
External knowledge integration fundamentally enhances
narrative extraction by providing context, background infor-
mation, and domain expertise that may not be explicit
in text. However, incorporating knowledge resources into
narrative analytics systems presents significant challenges
in representation, alignment, and reasoning that current
approaches only partially address.

Knowledge representation for narratives must balance
expressive power with computational feasibility. Ontologies
and frames can capture rich narrative concepts—event types,
participant roles, causal relationships—but often become
unwieldy for large-scale processing. Knowledge graphs
offer more scalable representations and align naturally with
graph-based narrative structures [35], [41], yet they struggle
to represent the temporal dynamics and uncertainty inherent
in evolving narratives. Porzel et al. [57] explore narrativizing
knowledge graphs to better capture story-like structures, but
finding representations that can capture narrative complexity
while supporting efficient computation remains challenging.

The alignment between textual mentions and knowledge
resources introduces fundamental difficulties in narrative
contexts. Entity linking in narratives must handle not just
ambiguity and coreference but also temporal evolution—
entities change over time, relationships shift, and the same
entity may play different narrative roles in different contexts.
Event detection and alignment face even greater challenges,
as the same real-world event may be described differently
across sources, at different granularities, and from different
perspectives. Current approaches using neural methods show
promise for entity and event alignment, but they often fail
to capture the narrative-specific aspects of these problems,
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such as maintaining character continuity or preserving causal
chains [35].

Domain adaptation presents another critical challenge for
knowledge-enhanced narrative analytics. Different narrative
domains—news, scientific literature, legal documents—
require different knowledge resources and reasoning patterns.
A system analyzing news narratives needs knowledge about
current events, political entities, and geographic relation-
ships, while scientific narrative analysis requires under-
standing of research concepts, methodologies, and citation
patterns. Developing domain-specific knowledge resources
requires substantial expertise and effort, yet general-purpose
resources often lack the specificity needed for meaningful
narrative enhancement [41]. Transfer learning and few-shot
adaptation techniques offer potential solutions, but their
application to narrative-specific knowledge remains largely
unexplored.

Handling noisy and conflicting knowledge graph data
requires robust mechanisms at multiple levels [87], [88].
For instance, confidence scoring systems could weight
knowledge sources based on provenance, recency, and his-
torical reliability, allowing narrative extraction to prioritize
high-quality information while still considering alternative
perspectives. Provenance tracking [89] mechanisms must
maintain detailed records of where knowledge originated,
enabling analysts to trace claims back to sources and assess
credibility in context. In this context, conflict resolution
heuristics become necessary when multiple sources provide
contradictory information about events or relationships:
voting-based approaches can favor majority consensus,
recency-based methods can prioritize newer information for
evolving situations, and source reliability-based techniques
can defer to authoritative sources.

The integration of multiple knowledge sources compounds
these challenges. Real-world narrative analysis often requires
combining general knowledge (from resources like WikiData
or ConceptNet) with domain-specific knowledge (from
specialized ontologies) and temporal knowledge (from event
databases or news archives). These resources may use differ-
ent representations, cover different time periods, and contain
conflicting information. Reconciling these differences while
maintaining narrative coherence requires sophisticated fusion
techniques that can reason about source reliability, temporal
validity, and contextual relevance [57].

F. EVALUATION APPROACHES FOR NARRATIVE QUALITY
The assessment of INA systems presents distinctive chal-
lenges related to the complex, subjective nature of narrative
understanding. Developing metrics and methodologies that
meaningfully capture narrative quality, system usability, and
analytical utility remains an open research problem [9].
The lack of standardized evaluation frameworks significantly
hinders comparative assessment and systematic progress in
the field.

Narrative quality assessment involves multiple dimensions
including coherence, completeness, accuracy, and relevance.

Formalizing these subjective qualities into measurable prop-
erties requires careful consideration of narrative theory,
computational feasibility, and human judgment alignment.
Different analytical contexts may prioritize different quality
aspects, further complicating standardization efforts. Current
metrics often capture isolated aspects of narrative quality but
fail to provide comprehensive assessment alignedwith human
narrative perception.

User-centered evaluation introduces additional complexity,
as it must assess how effectively systems support analytical
tasks within realistic contexts. Methodologies must balance
experimental control with ecological validity, requiring
careful task design and appropriate measurement approaches.
The diverse analytical needs across different application
domains further complicate standardization efforts. Develop-
ing formal evaluation approaches that are also practical rep-
resents a significant challenge for advancing INA research.
Future empirical studies comparing INA approaches should
carefully consider experimental design choices—such as
between-subjects versus within-subjects comparisons—and
ensure sufficient statistical power to detect meaningful
differences in user performance and narrative quality.

Comparative evaluation across different INA systems
requires standardized datasets, tasks, and metrics that
remain largely undeveloped. Creating representative bench-
mark materials that capture diverse narrative phenomena
while supporting systematic comparison requires substan-
tial community effort. The subjective nature of narrative
interpretation further complicates ground truth establish-
ment, as multiple valid interpretations may exist for the
same narrative material. Addressing these evaluation chal-
lenges will require collaborative efforts across the research
community and integration of perspectives from multiple
disciplines.

In particular, addressing subjectivity in narrative interpre-
tation requires evaluation frameworks that embrace rather
than eliminate disagreement [51]. Thus, annotation protocols
that preserve individual annotator judgments—rather than
simply collapsing to a majority vote—are required to retain
valuable disagreement signals, as perfect agreement may
be impossible—and even undesirable—for subjective narra-
tive tasks [50]. Multi-annotator modeling approaches [90]
treat disagreement as informative signal, predicting dis-
tributions over possible interpretations rather than single
labels, with evaluation metrics that reward capturing this
diversity. Task-based evaluation that measures utility for
downstream analytical goals (e.g., successful investigation
completion, accurate threat assessment) can complement
agreement-based metrics, assessing whether systems enable
effective sensemaking regardless of ‘‘ground truth’’ [91].
Importantly, evaluation must recognize that disagreement
sometimes reflects systematic differences across demo-
graphic or ideological groups [92] rather than random noise,
requiring fairness metrics that ensure minority perspectives
receive appropriate representation in both extraction and
evaluation.
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Ethical considerations in evaluation add another layer
of complexity. Evaluation must consider not just technical
performance but also potential biases, privacy implications,
and societal impacts [30], [93]. Systems that excel at
extracting narratives might also be effective at surveillance
or spreading misinformation [3], [4], [94]. Evaluation
frameworks must therefore incorporate ethical dimensions,
assessing whether systems respect privacy, avoid amplifying
biases, and prevent misuse. The challenge of detecting
and mitigating misinformation within narrative structures
requires specific evaluation criteria [95], [96], as systems
must help analysts identify potentially misleading content
while understanding how false narratives spread and evolve.

G. ETHICAL CONSIDERATIONS IN NARRATIVE ANALYTICS
The development and deployment of INA systems raise
critical ethical considerations that must be addressed as the
field matures. Fischer et al.’s work on ethical awareness
in communication analysis [97] provides a framework
particularly relevant to INA applications. Their MULTI-
CASE framework [98] demonstrates how transformer-based
systems can incorporate ethical considerations directly into
the analytical process, implementing equal joint agency
between human and AI for heterogeneous information
analysis.

Privacy concerns in narrative extraction are paramount,
as personal narratives extracted from social media, news,
or other sources may contain highly sensitive information
about individuals and communities. The aggregation of
narrative fragments across multiple sources can reveal
patterns and connections that individuals never intended
to make public. INA systems must implement appropriate
consent mechanisms, data minimization principles, and
purpose limitation as required by regulations like GDPR.
The challenge intensifies when narratives span multiple
jurisdictions with different privacy regulations and cultural
expectations about information sharing.

Algorithmic bias in narrative interpretation presents
another critical challenge. Narrative understanding is inher-
ently cultural, and systems trained on Western news sources
may misinterpret narratives from other cultural contexts.
The selection of which events to include, how to connect
them, and what constitutes narrative coherence all embed
cultural assumptions that may not transfer across contexts.
Addressing this requires diverse training datasets, regular
auditing of system outputs for bias, and inclusive design
processes that involve stakeholders from multiple cultural
backgrounds.

The potential for INA systems to be used for surveil-
lance or population control cannot be ignored. The same
capabilities that help journalists understand complex stories
or researchers track scientific developments could be used
to monitor dissent, track activist movements, or suppress
minority narratives. Developers must consider implementing
technical safeguards, use restrictions, and transparency

measures that prevent misuse while enabling legitimate
applications. This includes careful consideration of who has
access to these tools and for what purposes.

Thus, considering the previous concerns, operational-
izing ethical INA systems requires concrete technical
safeguards and governance mechanisms. Bias auditing
pipelines should systematically evaluate narrative extrac-
tion across demographic groups, geographic regions, and
ideological perspectives [99], testing whether certain com-
munities’ narratives are systematically underrepresented
or mischaracterized. Fairness-aware modeling techniques
must ensure balanced narrative extraction across diverse
sources, avoiding over-reliance on dominant perspectives
while properly weighting minority viewpoints. Privacy-
preserving computation becomes critical when narratives
involve sensitive information about individuals or commu-
nities; differential privacy approaches [100] and federated
learning can enable aggregate narrative analysis while pro-
tecting individual data points. Transparency measures should
include model cards [101] documenting intended use cases,
known limitations, and performance across demographic
groups, alongside datasheets [102] specifying data collection
processes and potential biases. Governance frameworks
must establish oversight mechanisms for INA deployment,
particularly in high-stakes contexts like intelligence analysis
or misinformation detection, ensuring that systems remain
accountable and contestable rather than becoming opaque
arbiters of narrative truth.

V. FUTURE RESEARCH DIRECTIONS
A. ADVANCED COMPUTATIONAL MODELS FOR
NARRATIVE UNDERSTANDING
Future research should focus on developing more powerful
and efficient computational models for narrative extraction
and understanding. Narrative models based on LLMs offer
significant potential but require adaptation for narrative-
specific tasks [29], [30]. Research priorities include devel-
oping specialized architectures or training objectives that
capture narrative structures, creating more efficient models
suitable for interactive applications, and enhancing model
interpretability to support human-AI collaboration [103],
[104]. Incremental and adaptive extraction algorithms rep-
resent another critical research direction, enabling systems
to efficiently update narrative structures as new information
becomes available rather than reprocessing entire document
collections [40]. These approaches must address challenges
in maintaining narrative coherence across updates while
ensuring computational efficiency suitable for interactive
exploration.

B. HUMAN-AI COLLABORATION FOR NARRATIVE
SENSEMAKING
Effective integration of human intelligence and computa-
tional capabilities represents a fundamental research direc-
tion for INA [23], [24]. This research should explore different
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models for human-AI collaboration in narrative understand-
ing, examining how to allocate responsibilities between
analysts and algorithms to leverage their complementary
strengths. Key research questions include developing appro-
priate division of cognitive labor, designing interaction
mechanisms that support smooth transitions of control,
and creating collaborative frameworks that enhance rather
than diminish human analytical capabilities. These questions
require interdisciplinary approaches that combine insights
from human-computer interaction, cognitive science, and AI.

C. KNOWLEDGE-ENHANCED NARRATIVE ANALYTICS
The integration of external knowledge into narrative extrac-
tion presents significant opportunities for enhancing the
completeness, accuracy, and context of extracted narra-
tives [35], [41], [57]. Future research should develop
approaches for effectively incorporating domain-specific
knowledge and commonsense reasoning into narrative
analytics systems. Research priorities include developing
domain-specific knowledge resources for narrative domains,
creating efficient alignment techniques for mapping textual
mentions to knowledge bases, and designing inference mech-
anisms that apply external knowledge to enhance narrative
understanding. This integration must balance knowledge
depth with computational efficiency to maintain interactive
performance.

D. EVALUATION FRAMEWORKS AND ETHICAL
CONSIDERATIONS
The development of standardized evaluation frameworks
represents a critical requirement for advancing INA research.
These frameworks should include narrative quality metrics
that formalize subjective aspects of narrative coherence and
utility, benchmark datasets that enable systematic comparison
between approaches, and user-centered evaluation method-
ologies that assess how effectively systems support analytical
tasks [26]. In addition to technical development, research
must address ethical considerations such as detection andmit-
igation of bias, protection of privacy in narrative analysis, and
transparency improvements that make extraction processes
more understandable for users [30], [93].

E. ANTICIPATED LIMITATIONS FOR INA SYSTEMS
In summary, while INA offers promising approaches to
narrative understanding, several fundamental limitations
must be acknowledged. Computational complexity presents
a persistent challenge: extracting coherent narratives from
massive document collections while maintaining interactive
responsiveness requires careful algorithmic design and poten-
tially costly infrastructure. The subjective nature of narrative
interpretation means that ‘‘correct’’ narrative extraction may
not exist—different analysts with different goals may legiti-
mately construct different narrative representations from the
same documents. Domain transfer remains difficult, as nar-
rative extraction systems trained on news data may perform
poorly on scientific literature or legal documents without

substantial adaptation. Evaluation standardization proves
challenging given the lack of objective ground truth for
many narrative sensemaking tasks, requiring development of
task-based metrics that measure analytical utility rather than
algorithmic accuracy. Finally, misinformation and adversarial
narratives pose unique challenges, as malicious actors may
deliberately construct misleading narrative structures that
exploit system assumptions about coherence and plausibility.

VI. APPLICATIONS AND OPPORTUNITIES
A. NEWS ANALYSIS AND MISINFORMATION DETECTION
News analysis represents a primary application domain for
INA, addressing challenges in tracking evolving stories and
identifying misinformation. INA systems can extract and
visualize narrative structures from diverse sources, revealing
how stories develop over time and how different publications
characterize events [40]. These capabilities support com-
parative analyses, identification of underreported aspects,
and contextual verification of claims. In misinformation
detection, INA can provide contextual verification mech-
anisms that place specific claims within broader narrative
structures [95], [96]. In particular, social media platforms
generate vast amounts of content with complex diffusion
patterns and embedded misinformation. INA can help track
how narratives spread and evolve across platforms and
communities, revealing adaptation patterns and transforma-
tions [105], [106].

In particular, INA systems could integrate multiple com-
plementary components into a unifiedworkflow. Recent work
demonstrates the importance of narrative structure analysis
for identifying coordinated disinformation campaigns [107],
[108]. An INA-based misinformation detection systemwould
combine: (1) stance detection using retrieval-augmented
approaches to identify how claims propagate across narra-
tives [109], (2) fact-checking knowledge base integration
drawing from datasets like AVeriTeC [110] and FEVER [111]
for evidence-based verification, (3) source credibility assess-
ment [112] tracking provenance and historical reliability
patterns within narrative contexts, (4) inconsistency detec-
tion [113] identifying contradictions in evolving narratives
over time, and (5) narrative-based claim verification that
examines not just isolated statements but their embed-
ding within broader story structures [108]. This integrated
approach addresses the limitation that misinformation often
manifests through narrative framing and psychological mech-
anisms [114] rather than simple factual errors, requiring
systems that can surface how stories evolve and how different
sources characterize events.

B. INTELLIGENCE ANALYSIS AND SECURITY
APPLICATIONS
Intelligence analysis involves making sense of complex,
incomplete, and sometimes contradictory information. INA
can assist by extracting narrative elements from intelligence
reports and visualizing connections between them [45]. These
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capabilities help analysts discover non-obvious relationships
between events, identify gaps in intelligence coverage, and
construct a more thorough understanding of complex situa-
tions. INA systems can also support the generation and testing
of hypotheses by enabling the exploration of alternative
narrative explanations, comparing these hypotheses with
available evidence [16], [17].

In particular, building on the visual analytics frameworks
that emerged from post-9/11 intelligence needs [37], an INA-
based intelligence system would integrate: (1) multi-source
narrative fusion combining structured intelligence reports,
intercepted communications, open-source news, and social
media into unified narrative representations that reveal con-
nections across disparate information streams, (2) temporal
pattern detection identifying recurring narrative structures
that may signal coordinated activities or evolving threats [49],
(3) anomaly identification highlighting events or relation-
ships that deviate from expected narrative patterns within
specific threat contexts, (4) hypothesis generation and testing
enabling analysts to construct alternative narrative explana-
tions and evaluate them against available evidence [16], [17],
and (5)multi-scale exploration allowing seamless navigation
from strategic overviews of entire situations to tactical details
of specific events or actors [48]. Knowledge integration with
threat databases, historical case studies, and domain expertise
could enhance narrative extraction while privacy-preserving
techniques [100] could enable collaborative analysis across
organizational boundaries without compromising sensitive
sources.

C. SCIENTIFIC LITERATURE EXPLORATION
The exponential growth of scientific literature creates chal-
lenges for researchers attempting to understand research
landscapes and identify relevant prior work. INA can help
researchers map these landscapes by extracting and visualiz-
ing narrative structures from scientific publications [44]. INA
systems can also support the identification of literature gaps
by revealing underexplored connections or questions within
research narratives, and scientific claim verification by track-
ing how findings evolve through subsequent studies [31].

In particular, a scientific literature INA system would
combine: (1) research trajectory mapping that traces how
specific research questions, methodologies, or findings
develop across publications and citation networks, revealing
the narrative arc of scientific inquiry [44], (2) literature
gap identification by analyzing narrative structures to reveal
under-explored connections, contradictory findings that lack
resolution, or logical next steps in research progressions,
(3) claim verification across studies tracking how specific
scientific claims are supported, refuted, or refined through
subsequent research [110], enabling researchers to under-
stand evidential strength and ongoing controversies, (4)
cross-disciplinary connection discovery identifying narra-
tive threads that span traditional disciplinary boundaries,
revealing potential synergies or common patterns across
fields, and (5) methodological evolution tracking showing

how experimental approaches, analytical techniques, or the-
oretical frameworks develop and spread through research
communities, while acknowledging that scientific narrative
interpretation may vary across theoretical traditions or
methodological schools [50].

VII. CONCLUSION
We have defined Interactive Narrative Analytics as a
nascent field addressing the challenges of understanding
complex narrative structures in our information-rich land-
scape. Rather than treating narrative extraction and interactive
visualization separately, we establish INA as a distinct
interdisciplinary field that integrates these approaches
to solve challenges neither computational nor manual
methods can address alone. Furthermore, current narrative
analysis suffers from fundamental limitations: computational
methods operate as black boxes, visualization systems lack
narrative-specific capabilities, and both fail to incorporate
external knowledge effectively. These limitations create a
significant gap between theoretical potential and practical
utility.

INA represents a paradigm shift by placing human-
machine collaboration at the center of narrative sense-
making, challenging the notion that extraction should merely
precede human analysis. Our five core components—scalable
computational architectures, interactive visualization tech-
niques, semantic interaction models, knowledge integration
approaches, and evaluation metrics—define the scope of this
field.

Finally, as information volumes grow and narrative
manipulation becomes more sophisticated, INA offers a fun-
damental reconceptualization of how research commu-
nities approach complex narrative landscapes. We invite
researchers across disciplines to contribute to developing this
field’s foundations, methodologies, and applications.
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