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Changes in how events, actors, and social issues are represented in public discourse, often generalized
as narrative change, can affect how audiences interpret and contest public issues. Despite growing
computational work on narrative change analysis, no systematic review has synthesized its core
methodological choices: analytical tasks, operationalizations of change, change-detection and analysis
methods, and data sources. We therefore systematically identify and review 114 papers from 1,017
candidates published between 2020 and 2025 along these four dimensions. We find that most studies

operationalize narrative change through content features and descriptive temporal trend tracking,
while stylistic, distributional, and causal approaches remain underexplored.

1. Introduction

Narratives can be understood as interpretive constructs
that link events, actors, and causal mechanisms into a co-
herent and meaningful storyline [36, 117]. When particular
narratives gain prominence in public discourse, they can
significantly affect political debates and, e.g., shape which
policies are considered feasible or legitimate [81]. However,
narratives in public discourse are not static; they compete,
evolve, and may be displaced over time [36]. Climate dis-
course illustrates both this dynamism and its consequences:
over the last sixty years, narratives have shifted from apoc-
alyptic environmentalism, through greening capitalism, to
the rise of degrowth [81]. Each phase reframes who bears
responsibility and what counts as a solution, from regulat-
ing pollution to harmonizing growth with sustainability to
challenging growth itself [81]. Similar patterns of narrative
change have been documented across domains, such as in
refugee policy [53] and COVID-19 news coverage [106].

Because narratives provide an interpretative framework
through which humans organize experience and attribute
meaning to events [44, 113], analyzing narrative changes
might offer a systematic way to gain insight into the evolu-
tion of collective beliefs. Computational narrative research
has attracted growing attention, and a variety of recent sur-
veys reflect this trend, covering topics such as the extraction
of narratives from text [112, 132], narrative diffusion in
social networks [55], topic evolution in social networks
[26], and framing analysis in media [115]. Each of these
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surveys contributes valuable perspectives on a specific as-
pect of narrative analysis. However, existing surveys focus
on individual aspects such as content, framing, or spread;
none integrates all dimensions into a comprehensive view
of how narratives change over time. As a result, the field
lacks a systematic comparison of computational approaches
to detecting and analyzing shifts in narrative content, style,
and distribution.

To fill this gap, we provide the first systematic review
of computational approaches for representing, detecting,
and analyzing narrative change over time in public dis-
course. From an initial set of 1,017 papers from Web of
Science, Scopus, and DBLP (2020-2025), we select 114
relevant papers through a systematic pipeline consisting of
keyword-based search, screening, and snowballing. Across
the surveyed literature, we identified four dimensions that
capture how studies approach narrative change: the research
questions (aspects of narrative change a study investigates),
narrative attributes (features used to measure change over
time, such as topic, sentiment, or distributor), change de-
tection and analysis methods (computational techniques ap-
plied, such as trend analysis or change point detection),
and data sources (e.g., social media or news outlets). Each
dimension is further partitioned into categories. Together,
these dimensions and their categories form our Narrative
Change analytical framework. We annotated each paper as
a configuration across the four dimensions, revealing which
combinations frequently co-occur and which remain unex-
plored, thereby exposing open gaps as concrete directions
for future research. Specifically, our contributions are as
follows:

1. A systematic review of 114 papers on computational
narrative change detection, selected from 1,017 can-
didates through a three-phase pipeline of keyword-
based search, screening, and snowballing.
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2. An analytical framework, characterizing narrative
change research along four dimensions: research ques-
tions, narrative attributes, detection and analysis meth-
ods, and data sources, with hierarchical categories
and subcategories that make studies comparable along
shared design choices.

3. A cross-dimensional analysis that identifies three un-
derexplored regions: the dominance of content at-
tributes over style and distributor categories; the field
defaults to simple trend tracking even when richer
narrative representations and detection methods are
available; and the absence of shared evaluation bench-
marks.

As the first systematic review of computational narrative
change detection, our survey provides a framework to study
how narrative change research is conducted. Furthermore,
we provide a cross-dimensional evaluation that highlights
under-researched dimensions and combinations, identifying
open gaps for future research.

2. Definition(s) of Narrative and Narrative
Changes

To enable our analysis of computational methods for
detecting narrative change, we first summarize existing the-
oretical work on narratives. We begin by reviewing how
narratives are defined in the literature in Section 2.1, then
discuss their relevance in Section 2.2, and finally examine
how and why narratives change in Section 2.3.

2.1. Narrative Definition

Narratives have been studied for several decades [48,
27, 1]. The concept of narrative has multiple interpreta-
tions across academic fields [128]. In this paper, we fol-
low the broad notion that narratives are the "stories people
tell" [117], which highlights their communicative and social
functions.

We further base our theoretical concept on the theoretical
framework by Dennison [36], who defines narratives as
selective depictions of reality across at least two points in
time that include one or more causal claims. This characteri-
zation foregrounds three properties. Narratives are selective:
they highlight certain events, actors, and causal relationships
while hiding others [36], and they have a temporal structure
that depicts phenomena across at least two points in time.
Furthermore, they contain causal claims that link otherwise
independent phenomena into explanatory chains [36]. Based
on these properties, we distinguish three narrative attribute
categories along which narrative change can be measured:
content, style, and distributor. The first two follow directly
from the definition of Dennison [36], while the third extends
it to account for the circulation of narratives in public dis-
course.

Content attributes tell us what narratives are about. As
such, it captures the events, actors, causal mechanisms,
and evaluative judgments that a narrative selects, enabling
tracking of changes in the story itself. Style attributes capture

how the content is conveyed. They concern rhetorical and
linguistic features such as sentiment, emotion, and framing,
drawing on sentiment and emotion analysis [122] and fram-
ing theory, which examines how selective emphasis shapes
audience interpretation [43, 146]. Since a narrative may pre-
serve its core content and causal claims while shifting toward
more emotionally charged language, or replace its central
actors and causal story while maintaining the same style,
style can be analyzed independently of content. Distributors
capture who propagates the narrative. Who distributes a
narrative matters because different actors, institutions, and
platforms shape how a narrative is formed, projected, and re-
ceived across communicative arenas [98]. The credibility of
the messenger, in turn, influences how plausible a narrative
appears to its audience [36]. Since the reach and perceived
legitimacy of a narrative can shift even when its content
and style remain unchanged, distributors can be analyzed
independently of the other two categories.

2.2. Narrative Relevance

Humans use narratives to organize individual experi-
ences and memories [18] and to structure the understanding
of time [1]. Beyond the individual level, narratives also func-
tion as a social phenomenon through which we humans con-
struct and convey shared meanings via coordinated action
[113]. Narratives influence how audiences interpret events
through mechanisms that operate independently of formal
logic. Fisher [44] argues that humans are fundamentally
storytelling beings who evaluate the world through narrative
rationality rather than formal logic. In existing work, narra-
tives are assessed on two criteria: their internal coherence as
a consistent account, and their fidelity to the values and lived
experience of the audience [44, 27]. Because narratives are
assessed by narrative rationality rather than logical validity,
they can be deployed strategically to construct, maintain,
or challenge worldviews, not through logical persuasion
alone, but by shaping the interpretive frames through which
audiences make sense of events [98].

2.3. Narrative change

Narrative change' describes how narratives in public
discourse develop and shift over time [57]. Such changes can
occur in two ways: the set of narratives (which narratives are
present in discourse) and their frequency (how prominently
each is used) can both differ over time [57]. Empirical
evidence of narrative change has been documented across
domains, including climate change discourse [81] and de-
bates surrounding refugees and asylum [53]. Climate change
narratives evolved from apocalyptic environmentalism in
the 1960s-1970s to a polarized framework dominated by
two competing narratives: greening capitalism (emphasiz-
ing ecological modernization, sustainable development, and
green growth) and degrowth (challenging continuous eco-
nomic expansion)[81]. During the 2015 European refugee
crisis, narratives shifted from background and victimization

I Also referred to as narrative shift, narrative evolution, or narrative
dynamics in the literature.
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Table 1

Coverage of narrative change analysis dimensions in related surveys.

Narrative Attributes
Survey Content Style Distributor | Temporal Change Detection Public Discourse
Gurung and Agarwal [55] - - (+) + - (+)
Santana et al. [132] + - - - - _
Norambuena et al. [112] + - - (+) — (+)
Ranade et al. [124] + - - (+) (+) -
Churchill and Singh [26] + - - - - (+)
Otmakhova et al. [115] - (+) - - - _
This survey |+ + + ‘ + + +
+ = primary focus, (+) = partially addressed, — = not addressed

frames to settlement and reception concerns, following secu-
ritization and economization frames as the crisis peaked, be-
fore transitioning to reception and distribution frames [53].
Beyond such domain-specific examples, narrative change
can be conceptualized more generally in terms of several
recurring patterns: Schmidt [134] shows how crisis-driven
narrative change occurs when disruptive events challenge
established narratives, creating space for new interpreta-
tions. They also discuss how incremental change unfolds
through the gradual adaptation of narratives to evolving
social or political conditions. Miller [97] describes compe-
tition for dominance in public discourse as the main reason
for narrative change. Together, these mechanisms illustrate
how narratives evolve over time, offering a foundation for
analyzing the relationship between narrative dynamics and
broader societal change.

3. Related Work

To identify the gaps that motivate our work, we review
several surveys that address related aspects of narrative
analysis. We give a brief overview of existing surveys,
comparing them along the attribute categories introduced
in Section 2.1, and investigate how they handle temporal
dynamics and public discourse. Table | summarizes this
comparison.

Gurung and Agarwal [55] survey narrative diffusion, ex-
amining how narratives spread through social media. Their
focus, however, remains on propagation patterns rather than
on how narrative content or style changes during circulation
or how competing narratives interact. Santana et al. [132]
survey computational methods for narrative extraction, pre-
senting a pipeline from data acquisition through narrative
component identification to evaluation. While their work
provides a useful static snapshot of narrative structure, it
does not consider temporal dynamics, stylistic categories,
or the role of distributors. Similarly focused on extraction,
Norambuena et al. [112] review methods for constructing
event-based news narratives at three resolutions: sentence-
, document-, and cluster-level. While their framework in-
corporates temporal ordering of events within a narrative, it
does not track how narrative meaning or framing shifts over
time, nor does it examine cross-narrative interaction. Taking

a broader view, Ranade et al. [124] provides an overview
of narrative understanding tasks, including story evolution,
timeline generation, and summarization. Although shift de-
tection is mentioned, the focus remains on storyline con-
struction rather than on how framing or distributors shape
narrative change. Churchill and Singh [26] survey Topic
Detection and Tracking (TDT) techniques, the set of tech-
niques that are used to discover, organize, and track topics
in a large collection of text, specifically used on Twitter/X.
TDT focuses on the story, namely what is discussed, while
for narrative change/evolution, we also track how the content
is portrayed, and who distributes the narrative. As a result,
while the content category is covered, the stylistic and dis-
tributor categories remain unaddressed. Approaching narra-
tives from the perspective of presentation, Otmakhova et al.
[115] provides a typology of computational methods for
analyzing media framing, i.e., how information is presented
to attract attention and potentially influence opinions. Their
typology includes narrative framing among other linguistic
framing types. While such framing approaches can help
quantify how narratives are portrayed, the survey does not
address content-level narrative structure, temporal change,
or the distributors.

As Table 1 illustrates, most existing surveys focus nar-
rowly on content, neglecting style and distributor categories.
Where temporal dynamics are considered, current surveys
are limited to event ordering or diffusion rather than seman-
tic or framing shifts. More broadly, the literature remains
fragmented regarding how dimensions of narrative change,
change-detection methods, and research questions are de-
fined, studied, and connected. Our work is motivated by
the need for a broader and more systematic perspective on
narrative change and its study in public discourse data.

4. Methodology

The goal of our paper is to analyze literature on compu-
tational narrative change in public discourse. We focus on
corpus-level analysis, which captures shifts in the narrative
landscape over time, and exclude document-level analysis,
which focuses on changes in internal story structure. Build-
ing on the framework established in Section 2, we define
inclusion criteria (see Phase 2 of the pipeline) that require
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PHASE 1

Data Collection

Sources
Web of Science, Scopus, DBLP

Search Strategy

Keywords and combinations
connecting narratives/discourse
with change detection in news
media and social media

n = 1,017 papers retrieved

PHASE 2

Screening

Procedure

Reading title and abstract; if
relevant, reading the full article

Inclusion Criteria

Aligns with narrative definition;
analyzes public discourse

data; computational narrative
extraction; computationally
detects temporal change

n = 54 papers retained

PHASE 3
Snowballing
& Manual

Snowballing

Examining the reference lists

of relevant papers and papers
citing relevant papers to identify
additional studies

Manual Addition

Adding relevant papers not
found through database searches

n = 114 papers (final corpus)

Figure 1: Survey review methodology: data collection, screening, and corpus construction.

papers to computationally extract narratives from public
discourse text and computationally detect changes over time.
We further restrict attention to textual data sources that re-
flect public discourse, such as newspapers and social media,
as these platforms shape and reflect collective narratives at
scale. To analyze a representative sample of the field, we
employ a three-phase pipeline (Figure 1).

Phase 1: Data Collection We query the Web of Science 2,
Scopus *, and DBLP # databases for papers published be-
tween 01.01.2020 and 25.11.2025. These databases are se-
lected as Web of Science and Scopus provide broad coverage
of peer-reviewed literature and complement each other with
a small overlap [162], while DBLP specializes in computer
science publications. The start date focuses the review on
recent developments, while the end date reflects the date
the search was conducted. In Web of Science and Scopus,
the query used combines terms related to narrative and
discourse change (e.g., narrative shift, discourse evolution)
with computational methods and public discourse sources
(see Appendix 7). Since search options in DBLP are limited
to the title, we restricted our query to terms related to narra-
tive and discourse change, omitting the method and source
terms to align with DBLP’s focus on computer science
and avoid overly restricting results. After deduplication, this
phase ended with 1,017 candidate papers.

Phase 2: Screening Phase 2 is structured in two rounds. In
the first round, the first author scanned titles and abstracts
across all 1,017 candidate papers, excluding non-English
publications and any that did not meet all four inclusion
criteria:

1. Does the study align with our narrative definition?

2https ://www.webofscience.com/
3https ://www. scopus. com
4https ://www.dblp.org/

2. Does the paper analyze public discourse data?

3. Does the paper employ computational methods for
narrative extraction or identification?

4. Does the paper use computational methods to detect
or analyze narrative change over time?

The abstract and title screening retained 225 papers. Since
narrative change research spans multiple disciplines with
varying publication cultures, we used venue rankings as a
transparent, consistently applicable proxy for peer-reviewed
rigor, prioritizing papers from A/A* conferences and Ql
journals®. Relying on external rankings maintains this pri-
oritization objective and makes it reproducible across fields.
However, since emerging and interdisciplinary research
on narrative change is published in lower-ranked venues,
prioritization by venue rankings alone could systematically
exclude relevant work. To mitigate this, we performed a sec-
ond pass over the remaining abstracts, selecting additional
papers for full-text review based on their alignment with our
inclusion criteria and their relevance to themes and gaps
identified during the review of the A/A* conferences and
QI papers. The second pass contributed 10 additional papers
after full-text review, bringing the Phase 2 total to 54.
Phase 3: Snowballing To mitigate the known limitations
of database search coverage [101], we complemented our
search with backward and forward snowballing across the 54
selected works. Each candidate identified through snowball
sampling was evaluated using the same screening and full-
text review procedures as in Phase 2. To further reduce
the risk of missing relevant work due to database coverage
limitations, we additionally considered a small number of
candidate papers identified through the authors’ domain

SRankings are based on Scimago (Journals) and CORE (Conferences)
ratings at the time of publication
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Exploratory Group Timeframe Correlations w/ Narrative
Analysis Comparison Comparison External Data Interactions
Research Questions
What aspect of narrative change is investigated? Trend Tracking &
Evolution Analysis
Content v
What is claimed
2 Strchtural_Break
. . H i etection
Style Narrative Attributes Narrative Change Ang)litsei;:tlﬁgtéi)ds
How it is expressed What is measured? Analytical Framework How is change detected? Dependency &

Causality Analysis

Distributor
Who spreads it

Structural Network

Data Sources Analysis
Where is public discourse observed?
Newspapers Social Media Auxiliary Data

Figure 2: Overview of the Narrative Change analytical framework. We organize the field along four dimensions: research questions,
narrative attributes, detection and analysis methods, and data sources, each further divided into categories.

knowledge. These papers were subjected to the same inclu-
sion criteria and full-text review procedure as all other can-
didates and were included only if they met all requirements.
Snowballing contributed 51 additional papers and manual
addition a further 9, bringing the total to 114 papers for
inclusion in the survey.

To organize the surveyed papers, we developed an ana-
lytical framework through iterative inductive coding during
the full-text reading phase. All 114 papers were annotated by
the first author along four dimensions: (1) the research ques-
tions posed, (2) the narrative attributes examined and their
extraction methods, (3) the computational methods used to
detect and analyze narrative change, and (4) the data sources
used. We assigned initial codes to each paper, merged them
iteratively across multiple passes, and stopped when the
hierarchy stabilized. After the final category structure was
established, we revisited each paper to ensure consistency
with the finalized scheme.

5. Results

Based on the results of the inductive coding, we cate-
gorize the surveyed literature through the Narrative Change
analytical framework shown in Figure 2. The framework
breaks studies of narrative change into four design choices:
1) the research question it poses, 2) the narrative attributes
through which changes are measured, 3) the detection and
analysis methods applied to those attributes, and 4) the data
sources on which the analysis rests. Each dimension is fur-
ther partitioned into categories and subcategories, providing
a fine-grained approach for describing design choices across
studies.

Beyond organizing studies within each dimension, the
framework treats each paper as a tuple of choices across the
four axes, surfacing which combinations often co-occur in

the literature and which remain unexplored. Such a cross-
dimensional view makes studies comparable along shared
design choices and exposes underexplored regions of the
design space as directions for future research. The remain-
der of this section follows the four axes of Figure 2. The
Research Questions dimension (Section 5.1) categorizes
research questions about narrative change, ranging from
descriptive questions about changes to explanatory questions
about why and how narratives shift. The Attributes dimen-
sion (Section 5.2) addresses which features researchers used
to measure narrative changes. We organized this dimension
into content-based measures (what is claimed), stylistic mea-
sures (how it is expressed), and distribution measures (who
propagates the narrative). The Detection/Analysis Methods
dimension (Section 5.3) examines the computational tech-
niques used to detect, quantify, and analyze how the selected
narrative attributes change over time. The Data Sources
dimension (Section 5.4) explores the types of discourse
data used and how different sources, or their combinations,
enable distinct insights into narrative dynamics. Within each
subsection, we additionally report how adoption of subcat-
egories has shifted between 2020 and 2025 to surface the
field’s evolution alongside its current state.

5.1. Research Questions

The research questions a study asks shape the compu-
tational methods and analytical frameworks it uses, making
them a useful dimension for our framework. We group these
research questions into five categories based on the aspect
of narrative change they address (Figure 3). Notably, many
of the surveyed papers ask questions that fall into at least
two categories, reflecting the extent to which these aspects
of narrative change are linked.

Mandl et al.: Preprint submitted to Elsevier

Page 5 of 27



A Systematic Survey on Computational Analysis of Narrative Change in Public Discourse

Exploratory

Analysis

Group
Comparison

Timeframe
Comparison

Correlations with
External Data

Narrative
Interactions

Description

Discover or track
narratives within a
specific group or source
over a timeframe

Focus
Topic prevalence
Sentiment & emotion
trends

kVqume over time

Description

Compare narrative
evolution across
countries, outlets,
factions, or platforms

Focus

Cross-group divergence
Convergence patterns
Distributor differences

Description
Compare narratives
between discrete
periods anchored to
events or eras

Focus
Before/after event
Era contrasts
Event-anchored

Description

Match narrative
dynamics against
external time series or
event data

Focus
Policy events
Pandemic indicators
Financial markets

L Public opinion

Description

Examine how compet-
ing narratives influence
and shape one another
over time

Focus
Causal influence
Co-evolution
Convergence &
divergence

L g

Figure 3: Overview of Research questions used in connection to narrative change research.

5.1.1. Exploratory analysis

In this category, studies examine narratives within a spe-
cific group (e.g., a subreddit community or climate activists
in France) or a specific source (e.g., Twitter or a specific
newspaper), over a certain timeframe, either inductively
discovering topics [16, 71] or tracking predetermined topics
as they evolve [33, 77]. Studies further vary in the changes
they examine. Most focus on content changes, such as topic
prevalence and volume over time [173, 102], while others
track stylistic changes in sentiment, emotion, or framing [91,
159]. Notably, the distributors, the actors who participate,
and how their contributions differ remain underexplored.

5.1.2. Group comparison

In this category, studies compare how narrative change
on the same topic differs across groups, such as coun-
tries [51, 88], media outlets [68, 56], political factions [19,
10], or platforms [13]. For instance, Heidenreich et al. [62]
compares refugee coverage across five European countries,
while Drecker [39] contrasts climate discourse between left-
wing and right-wing partisans on Twitter.

5.1.3. Timeframe comparison

A group of studies compares narratives between discrete
periods rather than tracking change continuously. The de-
sign isolates the impact of a specific event or policy shift
by holding the topic constant while contrasting multiple
temporal windows. The comparison may be anchored to an
external event, examining narratives before and after the
COVID-19 pandemic [72, 25], the release of ChatGPT [85],
or the European refugee crisis [172]. Alternatively, it may
span predefined eras: Ng and Chow [107] compares aging
narratives across 21 decades of published text, revealing
long-term shifts in stereotyping.

5.1.4. Correlations with external data

Studies in this category examine narrative change in
relation to external data. Unlike timeframe comparisons,
which use a simple before-and-after structure, these studies
match continuous or event data with discourse dynamics,
rather than partitioning into discrete periods. External data

ranges from policy events [7] and pandemic indicators [167]
to financial markets [156] and public opinion surveys [67].
This category is dominated by social media studies, likely
because discourse data and external indicators are readily
available in real time.

5.1.5. Narrative interactions

A small fraction of studies go beyond describing individ-
ual narratives and examine how competing or co-occurring
narratives influence one another over time. Studies in this
category focus on inter-narrative dynamics but study them
differently. For example, Aravamudan et al. [5] quantifies
causal influence among crisis narratives on Twitter, Shah-
savari et al. [137] examines how conspiracy theories attach
to news narratives, and Mervaala [96] traces the symmet-
ric co-evolution of competing narratives, namely climate
change and economic growth.

5.1.6. Trends

As shown in Figure 4a), research questions across all five
categories remain predominantly descriptive, i.e., focusing
on what narratives exist and how they change over time.
Explanatory questions, i.e., why narratives shift and what
drives these changes, are rare, with only a few studies em-
ploying causal or predictive framing. Beyond the descriptive
orientation, we observe a temporal shift in the types of
questions (see Section 5.1) posed. As shown in Figure 4a),
research questions on exploratory analyses are the most
common category throughout the corpus. From 2020 on-
ward, however, other research question categories also gain
traction: research questions on group comparisons and cor-
relations with external data grow steadily, while questions
on narrative interactions emerge as a distinct strand in the
most recent years. This diversification is further reflected in
Figure 4b), which shows that papers increasingly combine
multiple research questions, with multi-category designs
rising sharply from 2022 onward. Together, these trends
suggest a maturation of the field: while exploratory work
remains foundational, research designs are becoming more
comparative, relational, and multi-categorical.
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Figure 4: Temporal trends in the reviewed papers. (a) Publication volume containing research question categories per year.
(b) Dimensional scope per year: papers studying multiple questions.
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What the narrative is about

Description
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Topics Sentiment Individual
Schema-based Emotion Group
Networks Framing Publisher
Linguistic Other Platform
Geographical
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Style

How the narrative is expressed

Distributor

Description
Who spreads the narrative

Attributes Types

Figure 5: Overview of narrative attributes used to measure changes, categorized by Content, Style, and Distributor.

5.2. Narrative Attributes

Building on the definition developed in Section 2.1, we
organize narrative attributes along three categories: content,
style, and distributor, corresponding to what is claimed, how
it is expressed, and who expresses it, as shown in Figure 5.
Content attributes (Section 5.2.1) capture what the narrative
is about, enabling tracking of changes in the story itself.
Style attributes (Section 5.2.2) capture how the narrative is
expressed, reflecting shifts in language features and framing.
Distributor attributes (Section 5.2.3) capture who spreads the
narrative, tracking changes in its dissemination.

5.2.1. Content Attributes

Here, we discuss different subcategories of approaches
that extract attributes of what the narrative is about. Based on
our review, we group these into four subcategories: topics,
schema-based, network, and linguistic attributes. Table 2
shows an overview of the reviewed paper.

Topics The most common approach to extracting and rep-
resenting content in the reviewed articles is topic modeling,
which assumes latent topics correspond to circulating narra-
tives. Because it can identify thematic structures across large
corpora without predefined categories, it is used to track how
narratives emerge, evolve, and fade in public discourse.
Researchers primarily rely on three methods. Most com-
mon is Latent Dirichlet Allocation (LDA) [12]. Studies differ
in how they map topics to narratives: treating each topic as a
narrative individually (e.g. [67, 71, 144]) , grouping several
into a single narrative (e.g. [23, 76, 109]) , or map them to
established narratives based on domain knowledge [67].
Structural Topic Models (STM) [129] extend LDA by
incorporating document-level metadata as covariates, en-
abling researchers to directly model the effect of variables
such as publication date (e.g. [33, 89, 16]) , medium type
[16, 72, 82, 13], specific events [90, 35], or real-world
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Table 2
Overview of content attribute subcategories used to measure narrative changes in the reviewed articles
Category References
Topics [12, 67, 69, 83, 106, 95, 167, 173, 172, 38, 79, 71, 70, 91, 139, 176, 147, 62, 28, 144, 92, 141, 111, 23, 76,

77,159, 73, 3, 107, 109, 22, 129, 33, 89, 16, 82, 72, 34, 142, 14, 13, 90, 35, 54, 86, 165, 170, 126, 116,
15, 143, 96, 133, 56, 158, 10, 58, 49, 59, 160, 51, 46, 5, 131, 2, 166, 68, 84, 136, 100, 171, 164, 177]

Schema-based  [153, 8, 42, 41, 85]

Networks [7, 25, 9, 175, 137, 6, 24, 143, 157]

Linguistic

[50, 108, 163, 70, 25, 60, 37, 147, 103, 168, 145, 173, 102, 38, 58, 19, 179]

indicators [72, 82] on narrative prevalence. Covariate inte-
gration broadens the range of research questions a study can
pose: rather than just observing change, STM allows testing
whether a specific variable, such as COVID-19 mortality
rates [72, 82] or a policy intervention [90, 35], is associ-
ated with the change, shifting the analysis from descrip-
tion toward explanation. However, like LDA, STM requires
predetermined topic counts and relies on a bag-of-words
representation; using term lists to represent topics requires
manual interpretation.

BERTopic [54] uses a pipeline of document embed-
ding, dimensionality reduction, and clustering that elim-
inates predetermined topic counts and captures semantic
relations beyond word co-occurrence (e.g. [86, 165, 170,
126]). Compared to probabilistic models, it has a higher
computational cost and reduced transparency. Beyond the
BERTopic pipeline, direct clustering of n-grams [10], sen-
tences [58, 49], paragraphs [59], or documents [160] is also
used, varying the granularity at which narratives are defined.

A number of less widely adopted methods round out the
landscape, including NFA [51, 46, 5], KeyATM [131], CTM
[2], hierarchical topic modeling [166], and dictionary-based
approaches [68]. Notably, a few methods explicitly incor-
porate temporal dynamics rather than treating time as an
external variable: RollingL.DA [84] tracks topics over rolling
windows, the Network Hawkes Binomial Topic Model [136]
captures event-driven diffusion through Hawkes processes,
and Dynamic Topic Modeling [100] models topic evolution
directly. For short texts such as social media posts, BiTerm
Topic Modeling aggregates co-occurrence across documents
[171, 164, 177].

Schema-based Schema-based approaches capture narra-
tive structure at a finer granularity than topic models, ex-
tracting predefined elements such as actors, actions, objects,
and their relationships. These approaches vary in the type
and depth of structure they extract, and we briefly compare
the main variants. Using traditional NLP pipelines: Stuhler
[153] uses syntactic relations and part-of-speech tags to
identify motifs and the grammatical roles of nouns, captur-
ing surface-level grammatical agency but not semantic roles.
Ash et al. [8] combines semantic role labeling, named entity
recognition, and embeddings to generate narrative state-
ments, consisting of agent-action-patient tuples that preserve

causal directionality. Engel et al. [42] applies dependency
parsing to extract actors, places, and times. Furthermore,
LLMs have been used for richer schema extraction: Elfes
[41] uses LLMs to extract actant models that identify func-
tional roles such as protagonist, target, and supporter, mov-
ing beyond grammatical roles to capture agent role, while
Lee et al. [85] uses ChatGPT to extract custom schemata,
such as relevance and intended purpose.

Networks Network-based approaches model narratives as
relational systems, offering a structural perspective. The net-
work granularity spans from word-level co-occurrence net-
works to broad document- or topic-level similarity graphs.
At the word level, co-occurrence networks connect terms
that appear together, weighted by statistical association [7,
25, 9]. However, these networks capture only statistical
proximity, but not the nature of the relationship. Richer
approaches address this by incorporating linguistic structure:
Zhao et al. [175] uses Semantic Role Labeling to form
directed argument-verb-argument networks capturing who
does what to whom, while Shahsavari et al. [137] models
actants connected by their narrative relationships. At higher
levels of abstraction, document-level similarity graphs trace
information propagation over time [6], while topic-level
correlation networks identify distinct frames through com-
munity detection [24]. These sacrifice fine-grained relational
detail but capture broader thematic shifts. Several studies
combine multiple network types to capture different facets
of narrative change, such as user-overlap, URL-overlap, and
topic-similarity networks in parallel [143], or hashtag and
named-entity co-occurrence networks [157].

Linguistic Linguistic measures serve as proxies for narra-
tive tracking and are frequently combined with other con-
tent attributes. They share a common foundation in track-
ing lexical patterns over time, but vary in granularity and
analytical depth. At the simplest level, keyword analysis
tracks domain-relevant terms and their collocates [50, 108,
163, 70, 25], while n-gram analysis extends this to multi-
word expressions and phrasal patterns [60, 37, 147, 103].
Keyness measures can be used to identify significant term
usage shifts across time periods or corpora [168, 145].
Moving beyond raw frequencies, Named Entity Recognition
(NER) introduces semantic typing, enabling the tracking
of specific actors, organizations, or locations [173, 102].
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g\i/:I:/izw of style attribute subcategories used to measure narrative changes in the reviewed articles
Category References
Sentiment [99, 66, 125, 156, 152, 114, 75, 107, 109, 110, 108, 60, 35, 91, 172, 28, 83, 22, 141, 33, 34, 140, 111, 139,
102, 70, 2, 67, 85, 138, 87, 133, 167]
Emotion [122, 99, 91, 172, 141, 111, 170]
Framing [43, 146, 42, 25, 74, 144, 138]
Other [19, 167, 138, 42]

Finally, word embeddings depart most significantly from
surface-level analysis by capturing distributional semantics
and contextual meaning [38, 58, 19, 179].

5.2.2. Style Attributes

In the style attributes category, we present approaches
that yield attributes of how narratives are expressed, such
as sentiment, emotional tone, and framing. The style of a
narrative can provide insights into rhetorical strategies and
communicative, e.g., via framing functions [146], and is
therefore particularly interesting for the research of narrative
change. In Table 3 we show an overview of the reviewed
papers.

Sentiment Sentiment, the linguistic expression of an au-
thor’s feelings or attitudes [149], is the most used style
attribute in the reviewed literature. The approaches range
from lexicon-based tools to transformer- and LLM-based
methods, and from document-level to topic-level sentiment
measurement.

Lexicon-based methods map words or phrases to prede-
fined sentiment values in lexicons. General-purpose lexicons
dominate, including NRC [99], which contains 14,200 an-
notated English words and automated translations into 108
languages, for multilingual sentiment and emotion annota-
tion [60, 35, 91, 172], VADER [66] for social media text
[28, 83, 22, 141], and language-specific resources such as
SentiWS [125] for German [33, 34].

Several studies develop domain-specific lexicons. Tuck-
ett et al. [156] proposes measuring sentiment as the differ-
ence between excitement and anxiety terms, an approach
adopted for financial and news narratives [152, 114]. Simi-
larly, Kabiri et al. [75] uses approval and avoidance terms to
measure business sentiment. Researchers also develop cus-
tom lexicons that quantify sentiment toward groups across
age-based [107], age- and role-based [109], occupation-
based [110], and LGBT-identity-based [108]. Pre-computed
scores from data providers such as GDELT [47] are also used
[133].

Machine learning approaches have gained popularity for
their ability to capture semantic context beyond individual
keywords. BERT-based models are used across languages
and platforms [140, 111, 139, 102] and domain-adapted
models [70], while LLMs have recently been adopted for
sentiment annotation [2, 67, 85]. Some studies combine
both, following the framework by Liu [87], using lexicon

scoring alongside ML classification for cross-platform anal-
ysis [138].

Finally, fopic-based sentiment methods measure senti-
ment not at the document level but linked to specific topics,
allowing researchers to trace how attitudes toward individual
narratives change over time [34, 33, 22, 152, 111].

Emotion Emotion analysis extends sentiment analysis by
providing a fine-grained characterization of feelings ex-
pressed in the narrative. Most studies [91, 172, 141] that
track emotional changes rely on the NRC lexicon [99],
which uses the eight basic emotions proposed by Plutchik
[122]: joy, sadness, anger, fear, disgust, surprise, trust and
anticipation.

Alternatively, studies employ BERT models trained on
varying emotion subsets, six dimensions in Nisch [111] and
four in Wu et al. [170]. Despite the broader insights it might
offer, emotion analysis remains underrepresented relative to
sentiment analysis, and no existing work combines it with
topic-level tracking for more fine-grained narrative analysis.

Framing Framing shapes how a narrative is portrayed by
selectively highlighting certain aspects while omitting others
[43], and can serve different functions such as focusing
attention on specific aspects, articulating mechanisms (i.e.,
tying together various elements into a coherent set of mean-
ings), and reconstituting how objects of attention are seen
or understood [146]. In the reviewed literature, framing is
used through two main approaches. Manual or semi-manual
methods assign frames based on theoretical typologies, for
example, diagnostic/prognostic/motivational tasks [42, 25]
or domain-specific frame sets such as government policy
or environmental conservation frames [144]. Automated ap-
proaches use keyword-based assignment, as in the Boolean
search used by Jones-Jang et al. [74] over five frames (real,
hoax, cause, impact, action), or domain-specific vocabulary
mapping [138]. However, even automated methods require
hand-crafted keyword lists, making framing the least scal-
able of the style attributes reviewed here.

Other Besides the often-occurring features of sentiment,
emotion, and framing, less prominent attributes also occur.
Several studies employ language safety and quality measures
in narrative content. Buzelin et al. [19] employs RoBERTa-
based classification for hate speech detection, identifying
different hate speech categories. Wicke and Bolognesi [167]
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Table 4

Overview of distributor levels used to measure changes in the reviewed articles
Level References
Individual [111, 100, 142, 136]
Group [160, 80, 136, 143, 176, 10, 141, 171, 142, 19, 39, 164, 73, 17]
Publisher [41, 68, 14, 103, 79, 153, 50, 59, 152, 53, 131]
Platform [17, 42, 139, 141]

Geographical

[131, 71, 28, 62, 140, 88, 67, 38, 106, 2, 76, 86, 51, 21]

measure changes in subjectivity, and Shaker [138] measures
the occurrence of rhetorical patterns such as authority, call
to action, and ethos building. Engel et al. [42] uses different
classifiers from Perspective API to track measures such as
toxicity, identity attack, insult, and threat over time. Buzelin
et al. [19] tracks the political valence of terms via the Word
Embedding Association Test (WEAT).

5.2.3. Distributor Attributes

While content and style attributes (Sections 5.2.1 and
5.2.2) address what is said and how, distributor attributes
address who spreads narratives. Knowing the distributors en-
ables analysis of how institutional, social, and geographical
positioning shapes discourse. We organize distributors into
five categories (see Table 4): Individual, Group, Publisher,
Platform, and Geographical, and discuss their interactions.

Individual At the individual level, analysis focuses on how
single narrative tellers, such as political leaders or influ-
ential social media accounts, drive narratives. Individual
distributors are operationalized through account-level meta-
data and influence metrics, such as post volume, platform-
specific engagement metrics, and triggering effects on other
accounts. For instance, Nisch [111] studies how the narra-
tives of Ukraine’s President Zelensky changed during the
Russian invasion, while other work identifies which social
media accounts were most influential in shaping discourse
during different crisis periods [100, 142]. Sha et al. [136]
measures individual influence among U.S. governors and
cabinet members by tracking spontaneous tweets and their
triggering effects.

Group At the group level, individuals are aggregated into
collectives to study how narrative priorities and influence
patterns differ across communities. Groups can be con-
structed via metadata-based stratification (e.g., account type
labels), political identity labels, stance assignments, or in-
dustry affiliation tags. Groups can be established via account
type (e.g., organizations, media companies, IGOs) [141,
80, 171, 160], political identity [176, 19, 136, 4], stance
on contested issues [142, 10, 17], and industry affiliation
[164]. Research demonstrates that influence patterns can
vary from traditional assumptions, with non-governmental
actors sometimes exerting stronger agenda-setting effects

than official institutions [73] and polarization dynamics
shaping narrative flow between communities [39].

Publisher At the publisher level, narratives are compared
across media outlets to reveal how institutional positioning,
partisan orientation, ownership, and format shape discourse.
Publisher-level comparisons are typically enabled by exter-
nal metadata such as political alignment ratings or reliability
categorizations, which allow researchers to group outlets and
compare their narrative attributes. Studies examine how par-
tisan alignment drives different narrative distributions [14,
68, 41], while Hanley et al. [59] analyzes narrative patterns
across unreliable news websites categorized by type (mis-
information, state propaganda, biased outlets). Similarly,
comparing tabloid and broadsheet newspapers shows that
tabloids tend toward more concrete or sensationalized fram-
ing, while broadsheets foreground policy and institutional
negotiations, though these differences can diminish during
high-salience events [53, 50]. However, these relationships
are not uniform. Stuhler [153] found that tabloids attributed
greater discursive agency to refugees than broadsheets, and
government-affiliated versus independent media diverge in
framing emphasis [131].

Platform Platform-level analysis extends the publisher
logic to digital infrastructure, examining how platform
affordances and user demographics shape narrative dy-
namics. Platform comparisons are operationalized through
separate data collection from platform-specific APIs, with
comparisons structured around differences in post format
and interaction features. Since platforms attract distinct user
populations, e.g., TikTok slants younger while X increas-
ingly attracts conservative users [118], research spans both
mainstream platforms (Facebook, Instagram, X, TikTok)
[141, 139, 17] and alternative platforms (Gab, Gettr, Parler,
Truth Social) [42]. A consistent finding is that identical
narratives produce markedly different engagement patterns
across platforms: misinformation gains disproportionate
traction on minimally moderated platforms [42, 17], dom-
inant actor types vary per platform [141, 139], and platform
affordances shape whether engagement is policy-oriented or
experiential [139]. These results suggest that platform in-
frastructure acts as a structural filter on narrative circulation,
determining not only which narratives gain traction but also
which actors shape discourse and how audiences engage.
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Geographical At the geographical level, narratives are
grouped by the distributor’s spatial location, enabling analy-
sis of how context shapes narrative construction and evo-
lution. Computationally, this is operationalized through
source-country metadata or outlet geolocation, enabling
stratified comparison of narrative attributes across spatial
units. Cross-national comparisons examine how the same
issues give rise to distinct narratives across countries, such
as patterns consistently observed for the European Refugee
Crisis [62], COVID-19 [76, 71, 2, 106], and climate change
[28, 88, 140, 103, 51]. At finer granularity, sub-national stud-
ies compare narratives across regions or states, examining,
for example, how COVID-19 fake news diffused across six
Latin American countries [21] or how homelessness narra-
tives vary across US states [67]. Geopolitical perspectives
examine how opposing sides construct divergent narratives
of shared events, as in studies of the Grand Ethiopian
Renaissance Dam dispute [131], the Hong Kong protests
[38], and Russia’s cross-border media influence [86].

Interaction of Levels Many studies examine interactions
between distributor levels. The most common pairing is
Platforms and Publishers [137, 69, 165, 13, 74, 138, 172],
with a central question being whether narratives circulate
differently across traditional and social media, and in which
direction influence flows. For instance, Yantseva [172] com-
pares migration narratives across news outlets, Facebook,
and Twitter, while Shaker [138] examines differences be-
tween X and news media. Publisher-Geography interactions
reveal that both outlet type and national context jointly shape
narrative emphasis, as demonstrated by divergent framing of
the Grand Ethiopian Renaissance Dam across countries and
media types [131]. The prevalence of two-level interaction
studies, combined with the rarity of analyses spanning three
or more levels, suggests an opportunity for more integrative
distributor analyses.

5.2.4. Trends

Figure 6 summarizes the temporal development of narra-
tive attribute usage. At the aggregate level (Figure 6a), con-
tent attributes appear most frequently throughout the review
period, while style and distributor attributes have grown in
parallel at lower volumes. Publication volume has surged
since 2023, with 2025 accounting for more papers than
any prior year. Figure 6b) shows how researchers combine
attribute categories. Content-only studies are the most com-
mon single-category design, spiking in 2025. Content+Style
and Content+Distributor are the most frequent two-category
pairings. Studies integrating all three categories have in-
creased since 2022, reaching eight papers in 2025.

5.3. Detection and Analysis Methods

After discussing the different attributes of narratives, we
discuss the computational and statistical techniques used to
detect, quantify, and interpret temporal shifts in the attributes
discussed in Section 5.2. We organize the methods used in
the literature into categories based on the type of temporal
change measured, as shown in Figure 7.

5.3.1. Trend Tracking & Evolution Analysis

Trend-tracking methods characterize how narrative at-
tributes change gradually over time and are the most com-
mon approach in the reviewed literature, ranging from de-
scriptive visualization, through regression-based trend as-
sessment, to lexical and semantic drift analysis.

The most common approach to monitor narrative change
is to extract a time-indexed attribute, such as topic preva-
lence (e.g. [2, 35, 106]), sentiment (e.g. [71, 83, 170]),
document volume (e.g. [59, 86, 108]), framing proportions
[74, 147, 24]), or keyword frequency [7, 69, 102, 65],
and plot it over time, often annotating the resulting curves
with external events (e.g. [155, 77]). Some studies addi-
tionally track compound attributes such as topic-specific
sentiment [22, 111, 102, 70, 140], emotion distributions per
frame [111, 91, 172], or changes in the distribution of key
terms within topics [72, 76, 166]. While feature-agnostic
and accessible, this approach rests on the researcher’s visual
judgment, making it susceptible to confirmation bias when
curves are annotated post hoc with events that appear to ex-
plain observed patterns. Further approaches track narrative
change at the level of structured semantic representations:
schema-based approaches such as those of Ash et al. [8] and
Elfes [41] can be used to track changes in the frequency of
specific narrative schemata, capturing compositional mean-
ing that topic models or keyword frequencies cannot rep-
resent, though accuracy depends on the underlying depen-
dency parsing.

Researchers frequently move beyond visual inspection
by fitting formal models to narrative time series. In the
simplest case, they use linear or polynomial regression with
time as the predictor to model how features such as volume
[56], subjectivity [167], polarization [176], or sentiment
trends [91, 153, 126] evolve over time. When trajectories are
suspected to follow non-linear paths, researchers use local
polynomial regression or splines. For example, to model
sentiment curves or the prevalence of theme-related words
[167]. Dehler-Holland et al. [33] uses local polynomial
regression to show non-linear topic prevalence, and Heiden-
reich et al. [62] applies kernel-weighted local polynomial
smoothing to compare framing salience across countries.
When semantic meanings change over different periods,
however, none of these regression approaches can detect
the shift, since they assume that the tracked feature remains
stable in meaning, a problem that the lexical and embedding-
based methods below are better suited to address.

The preceding regression-based approaches track document-

level features such as sentiment or topic prevalence over
time. A distinct family of methods instead operates at the
vocabulary level, tracking how word usage, salience, and se-
mantic associations shift across time periods or corpus par-
titions. Keyness measures quantify how a term is distributed
across corpus partitions, surfacing vocabulary that gains or
loses salience as discourse evolves. Studies differ primarily
in test statistic and reference corpus design: Nerlich et al.
[103] uses the G2 log-likelihood ratio to identify distinc-
tive n-grams across temporal periods in climate discourse,
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Figure 6: Temporal trends in the reviewed papers. (a) Publication volume for each attribute category per year. (b) Dimensional
scope per year: papers studying a single dimension, two dimensions, or all three.
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Figure 7: Overview of detection & analysis methods for narrative change.

supplemented by rank correlations against years to separate
abrupt from gradual shifts. Willaert [168] and Skumanich
and Kim [145] both adopt the Log Ratio, but the former com-
pares adjacent temporal slices of Telegram channels while
the latter uses all preceding timestamps as a cumulative
reference, capturing how terminology evolves relative to the
discourse’s own history. Moving away from keyness, Dodds
et al. [37] applies Rank Turbulence Divergence to weekly
word-rank distributions, quantifying aggregate vocabulary
reshuffling between time slices without testing individual
terms. These approaches identify which terms changed and
by how much, but not how their meaning shifted.

Usage Fluctuation Analysis (UFA) [94] addresses the
limitation of detecting only frequency changes by tracking
how collocate constellations around a central keyword tem-
porally evolve, revealing shifts in the discursive environment

rather than mere frequency changes. Researchers have ap-
plied UFA to compare climate narrative change across cor-
pora [88] and study how narratives around climate change
and global warming differ across newspaper formats [50].

Embedding-based methods capture the most nuanced se-
mantic shifts, changes in implicit associations, and semantic
meaning invisible to both frequency-based and collocational
approaches. Dore [38] compares embedding neighborhoods
for protest-related keywords across sources and time periods,
while Buzelin et al. [19] uses the Word Embedding Associa-
tion Test (WEAT) [20] to track how evaluative associations
of politically charged terms shift across electoral periods and
ideologically aligned communities.

5.3.2. Structural Break Detection
Structural break detection methods aim to identify spe-
cific points at which a narrative attribute undergoes an abrupt
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shift. The reviewed methods range from simple scalar-based
changes, through peak detection, to methods that detect
semantic-level change in high-dimensional representations.

The simplest approach detects structural breaks via
scalar signals such as document volume over time. Mean and
variance segmentation partitions discourse into temporal
phases that can be verified against external events [34, 33].
PELT (Pruned Exact Linear Time) [78] offers a more flex-
ible, efficient variant where change-point frequency grows
with corpus size [15]. Separately, BEAST (Bayesian Estima-
tor of Abrupt Change, Seasonal Change, and Trend) [174]
decomposes timelines into trend, seasonal, and change-point
components, which Hausmann et al. [60] leverage to analyze
data with periodic structure. Beyond batch segmentation,
stream-based drift detectors identify shifts in continuously
arriving data. Jafarinejad et al. [69] apply HDDM-A [45]
to identify real-time sentiment shifts in social media during
the COVID-19, an approach better suited to streaming data
where batch segmentation is impractical.

Peak detection methods identify moments of statistically
anomalous activity rather than persistent structural shifts.
The most common approach in the surveyed papers is to
compute a sliding-window z-score z = &= and detect
peaks with a certain threshold to remain robust to long-
term trends in non-stationary data, such as social media data
[164, 171, 116]. Wang et al. [164] and Yang et al. [171]
apply this to weekly Opinion Attention Measures (OAM)
on Weibo, while Paoletti et al. [116] targets daily topic-level
chat participation, adding a minimum of 50 chats to suppress
minor fluctuations. Boland et al. [15] offers a complemen-
tary peak definition based on deviation from expected mean
and standard deviation intervals rather than a rolling z-score.

Moving beyond scalar signals, other methods operate
directly on word-topic distributions or document embed-
dings to detect semantic change rather than relying on scalar
changes. The topical changes model [127] detects change
points within topics by comparing consecutive word-topic
count vectors computed by a rollingLDA model, identifying
not only when a shift occurred but which narratives were
affected [84]. For high-dimensional, sparse, or noisy narra-
tive data, distributional divergence measures offer greater
robustness: Zsolnai et al. [179] estimate Total Variation
Distance between temporal segments using neural networks
adapted for natural language, while Zhao et al. [175] apply
Meta Change Point Detection (MtChD) [61], which handles
sparse, high-dimensional data efficiently by treating classifi-
cation accuracy changes as evidence of distributional shift.

5.3.3. Dependency & Causality Analysis

Dependency and causality methods measure how changes
in one narrative attribute are systematically coupled with,
or predictable from, changes in another series or external
variable.

Cross-correlation estimates similarity as a function of
time lag, making it suited to identifying delayed relation-
ships between series [67, 137], while measures such as
Pearson and Spearman correlation quantify association at

a fixed point, appropriate for comparing narrative streams
of different scales [165, 51, 133, 75, 49]. In rolling form,
such measures additionally capture how association strength
evolves over time [156].

While correlation captures association, Granger causal-
ity [52] and Transfer Entropy [135] address the direction-
ality of influence between narrative time series. The two
differ in that Granger causality tests whether past values
of one series improve predictions of another, while Trans-
fer Entropy quantifies directed information flow without
assuming linearity. Granger causality has been applied to
assess directional influence between narrative and public
opinion series [74, 152, 67, 114], including in network set-
tings where confounding effects remain uncontrolled [136].
Within the Granger causality framework, Vector Autoregres-
sive (VAR) models can be used to estimate system interde-
pendencies among multiple series. For instance, Ji et al. [73]
model joint topic attention dynamics across media, govern-
ment, and public actors, while Vector Error Correction Mod-
els (VECM) test long-term equilibrium relationships [75].
Transfer Entropy quantifies the directed flow of information
between two time series [135]. Brugnoli and Delmastro [17]
apply a variant of Transfer Entropy that corrects for small-
sample estimation errors [93] to estimate narrative influence
between questionable and reliable media sources.

Point process models treat narrative events as stochastic
arrivals whose occurrence alters the probabilities of subse-
quent events. Aravamudan et al. [5] model concurrent nar-
rative streams during the Venezuelan presidential crisis as
a multivariate Hawkes process, quantifying pairwise direc-
tional influence between narratives and showing that activity
peaks align with political events. Compartmental epidemic
models provide an alternative by partitioning populations
into discrete states and modeling transition rates between
them. Al-Taweel et al. [4] combine churn analysis with the
SEIZ epidemic model to study how competing narratives
spread at different speeds. Their model yields interpretable
parameters, such as transmission and skepticism rates, that
they link to user attrition patterns.

When a specific real-world event serves as the inter-
vention of interest, time-series-based methods can estimate
its causal effect on narrative trajectories by contrasting
observed post-intervention behavior with a counterfactual.
Interrupted Time Series fits segmented regression with
level- and slope-change terms at the interruption point
[160], while Bayesian Structural Time Series projects a
counterfactual from the pre-intervention series, estimating
the causal effect as the gap between the counterfactual
and observed series [86]. More broadly, event-driven re-
gression designs use real-world events as predictors rather
than modeling smooth trends as in Section 5.3.1. Designs
range from OLS testing whether events predict frame trends
[24], to covariate-enriched models with epidemiological and
financial indicators [82], to bilinear and quadratic models
capturing non-linear polarization dynamics [176], and two-
way fixed effects panel regression with event-study designs
[95]. Structural break wald tests on regression residuals
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validate whether relationships shifted significantly around
known intervention points [35].

When a formal causal design is unnecessary, direct be-
fore/after comparison of narrative attributes around known
events offers a simpler alternative, using descriptive con-
trasts or nonparametric tests such as Mann-Whitney to assess
changes in volume, sentiment, or thematic composition [85,
90, 79]. When multiple predictors must be assessed jointly,
studies have used linear mixed models to estimate how
publication year, source type, and other attributes predict
sentiment shifts across longitudinal corpora [107]. Other
multivariate approaches include ANOVA and regression to
test whether role- vs. age-based framing varies across time
[109], random-effects meta-regression to estimate how dis-
course variables predict outcomes across study sites [163],
and OLS regression to quantify how topic and sentiment
jointly influence platform-specific narrative diffusion [141].

Across all these approaches, applications remain largely
limited to scalar features such as topic prevalence and senti-
ment scores, constraining the depth of relational conclusions
that can be drawn.

5.3.4. Structural Analysis

Structural methods measure how the relational structure
among narrative elements or actors shifts over time, moving
beyond descriptive network comparisons to quantified met-
rics that detect structural change.

Several studies compare networks descriptively across
temporal slices without formal significance testing, exam-
ining how semantic networks [7], topic correlation graphs
[80], or retweet networks [176] evolve. The methods below
extend this line of work by quantifying structural dynam-
ics through node-level, macro-structural, and distance-based
measures.

Centrality measures quantify how the importance of
individual nodes shifts over time. Applied to semantic net-
works, centrality can track how narratives gain or lose promi-
nence in discourse [25], and applied to actor networks, it can
identify which agents become dominant distributors [100,
142, 171]. Commonly used metrics include degree central-
ity, betweenness centrality (detecting bridge nodes that con-
trol information flow), and eigenvector centrality/PageRank
(measuring influence through network topology) [25, 100,
142, 171].

Macro-structural properties capture how entire networks
evolve. Network density tracks whether discourse concen-
trates or diversifies [143, 170], while modularity, transi-
tivity, assortativity, and centralization jointly characterize
community composition changes [143]. Polarization can
be quantified through modularity and in-group/out-group
strength indices, and community detection algorithms (e.g.,
Louvain, Leiden) reveal coalition formation and fragmenta-
tion across competing narratives [39]. Vishnuprasad et al.
[161] construct temporal hashtag co-occurrence networks
(HTEMap) and illustrate how macro-structural methods can
surface convergence among distinct narrative communities.

Finally, distance-based measures complement the node-
level and macro-structural approaches above by providing
scalar summaries of overall network change between con-
secutive snapshots. Rather than tracking individual nodes
or global properties, these methods compare entire net-
work distributions directly. Wasserstein distance and entropy
quantify distributional divergence between snapshots [9],
while the Number of Common Neighbors offers a local
structural similarity score that captures how neighborhood
overlap shifts over time [137].

5.3.5. Trends

Figure 8 summarizes the temporal development of de-
tection and analysis methods. At the category level (Fig-
ure 8a), trend tracking is the most frequently used method
category throughout and has grown over the review pe-
riod, with a marked increase in 2025. Notably, Depen-
dency & Causality methods maintain a steady but smaller
presence. Network analysis did not appear until 2021 and
has shown a relatively stable number of applications since
then. Structural break detection is the least common of
the four categories, with contributions appearing sparse
and increasing in the most recent years. Figure 8b shows
how researchers combine method categories. Single-method
studies account for the majority of papers. But multi-method
designs have become increasingly common. Among single-
method studies, trend-tracking-only designs predominate,
while the others are mostly combined with trend-tracking
methods. Among two-method pairings, Trend Tracking +
Dependency & Causality and Trend Tracking + Network
Analysis are the most recurrent, and have seen growing
adoption. Pairings that exclude trend tracking, such as Net-
work Analysis + Structural Break or Dependency & Causal-
ity + Network Analysis, are rare across the corpus.

5.4. Data Sources

Narratives in public discourse occur across a hetero-
geneous landscape of sources, each capturing different as-
pects of this discourse and shaping which kinds of narrative
change are observable. In this section, we focus on the two
dominant source types in the reviewed literature, newspa-
pers and social media, each capturing different aspects and
sets of narratives in circulation. For each, we describe the
characteristics that make them relevant to narrative change
research and review the databases and platforms through
which researchers can access them. Furthermore, we provide
an overview of the auxiliary data used for narrative change
analysis.

5.4.1. Newspaper

Newspapers are among the most established sources
for narrative analysis [112, 132]. As editorially curated,
long-form publications with regular cycles, they provide
linguistically consistent coverage of evolving events, often
with a focus on a single main event per article, which
facilitates corpus-level analysis of narrative change across
documents [112]. Beyond textual content, newspapers are
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Figure 8: Temporal trends in detection and analysis methods. (a) Publication volume for each method category per year.
(b) Methodological scope per year: papers employing a single method category, two categories, or three or more.

Newspapers

Strengths Strengths

Social Media

Auxiliary Data

Strengths

Editorially curated, long-form
Historical archives
Publisher & alignment metadata

Limitations

No network structure
Subscription required
Daily publication cycle

User-generated, real-time
Network & interaction data
Individual- & Group- & platform
analysis

Limitations

API instability & access
Short temporal spans
Reproducibility challenges

Contextualizes narrative shifts
Enables causal analysis
Bridges discourse and events

Limitations

Topic-dependent selection
Alignment assumptions
Mostly applied post hoc

Figure 9: Overview of the types of sources used in connection to narrative change research.

often accompanied by publisher metadata that captures as-
pects of media framing and reliability. Rating platforms such
as AllSides® and Ad Fontes’ provide structured assessments
of political bias and factual reporting. These ratings enable
comparisons of how narratives differ across outlets, includ-
ing variation along the source dimension (Section 5.2.3) and
in stylistic framing such as tone and lexical choice (Sec-
tion 5.2.2). Their historical depth enables longitudinal analy-
sis over extended time spans, in some cases reaching back to
the early 19th century (e.g., COHA [31]), supporting studies
of slowly evolving societal narratives such as demographic
framing and role representation over time [107, 109]. Re-
viewed studies draw on a range of newspaper databases that

Shttps://www.allsides.com/media-bias/media-bias-chart
7https://app.adfontesmedia.com/chart/interactive

differ in geographic coverage, language support, temporal
span, full-text availability, and access model (Table 5).

Nexis Uni[105] is the most frequently used news provider
in our survey [14, 33, 50, 88, 89, 90, 103, 131, 144, 152,
173]. It offers full-text access to over 17,000 curated sources
spanning more than 200 countries, with archives extending
to the 1980s, and supports query-based search with filtering
by source, geography, language, and date range.

GDELT [47] is freely available and monitors print,
broadcast, and web news in over 100 languages, updated
every 15 minutes, with coverage back to 1979. Rather than
providing full article text, GDELT offers structured metadata
including events, entities, themes, and sentiment scores.
Queries can be filtered by keyword, source country, lan-
guage, domain, and date range, and data can be downloaded
or accessed via Google BigQuery [67, 83, 133, 137].
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Table 5

Overview of news databases used in reviewed studies.
Database Countries Language Span Full Text Cost
GDELT [47] 200+ 100+ 1979-now  No Free
NewsAPI [104] 55 14 Last 5yrs  Yes Free (with rate limit)
Nexis Uni [105] 200+ 37 1790-now  Yes Subscription
ProQuest [123] 84 41 1700s—now  Yes Subscription
NOW [32] 20 1 2010-now  Yes Subscription
COCA [30] 1 1 1990-2019  Yes Subscription
COHA [31] 1 1 18202019  Yes Subscription
WiseSearch [169] 1 2 1980s—now  Yes Subscription

The large-scale corpora hosted by English-Corpora.
org [30, 31, 32] are also used by a number of studies [110,
106, 108, 107, 109]. These include COCA [30] (balanced
American English, 1990-2019), COHA [31] (historical Amer-
ican English back to 1820), and NOW [32] (daily updated
online news from 2010 to the present). All three support
full-text search over words, phrases, and collocates across
user-defined time spans, and are available for download.

Several additional providers appear in individual stud-
ies: ProQuest [123] offers full-text access to newspapers
and magazines with extensive historical archives [75, 102];
NewsAPI [104] provides developer-oriented API access with
limited historical depth [9, 51]; and WiseSearch [169] aggre-
gates Chinese domestic news sources [147].

5.4.2. Social Media

Social media platforms have become a major arena of
public discourse, offering a distinct and complementary per-
spective to institutional sources such as newspapers. Because
the majority of U.S. adults use social media and adoption
is still growing [118], these platforms have become an in-
creasingly important source of information for researchers
studying public narratives.

Social media differs from newspaper articles along three
axes that characterize social media as a source. First, content
is user-generated and produced in real time, which makes it
suitable for event-driven analysis and for detecting rapid nar-
rative emergence, as exemplified by studies of the COVID-
19 outbreak [167, 22] and political events [161, 116]. Sec-
ond, interaction features such as replies, mentions, retweets,
and hashtags expose a user-level network structure that sup-
ports the study of how narratives propagate across individu-
als and communities [137, 39] (Section 5.2.1), a granularity
that newspaper sources do not provide. Third, platforms dif-
fer substantially in structure. For instance, X (formerly Twit-
ter) centers on short public messages, Reddit is organized
into topic-specific communities with threaded discussions,
and Telegram is structured around closed or semi-closed
messaging channels, and these differences are accompanied
by distinct user demographics [118]. This structural and
demographic diversity allows cross-platform comparisons of
narrative distribution [140, 69] (Section 5.2.3).

Despite these advantages over newspapers, one major
drawback is the availability of data. Platform-controlled

APIs impose restrictive and ever-changing terms of service
that limit how data can be collected, stored, and shared,
directly undermining the reproducibility and replicability of
research [29]. For example, in 2023, X (formerly Twitter)
removed free API access entirely, making large-scale data
collection financially infeasible for most researchers [11].
Table 6 presents the 19 datasets identified in this survey.
X (formerly Twitter) is the most represented platform, with
13 datasets, followed by Reddit (4) and Telegram (3); one
dataset spans multiple platforms. Ten datasets are exclu-
sively in English, and six are multilingual, though studies
typically analyze only a single-language subset, most com-
monly English. The remaining three cover German, Persian,
and Cantonese. Thematically, COVID-19 and associated
topics, including vaccine perceptions, conspiracy theories,
nationalism, and mental health, account for more than half
of the datasets (10 of 19). The remainder address climate
change, political events such as elections and the Hong Kong
protests, the Belt and Road Initiative, and Al discourse,
while two are drawn from general-purpose X samples.

5.4.3. Auxiliary Data

Beyond the two previously discussed primary discourse
sources, several studies incorporate auxiliary data to contex-
tualize, segment, or explain narrative change. These external
data sources fall into three broad categories: event and policy
records, external time series, and media metadata.

External knowledge about events or other milestones,
e.g., Covid-19 Phases, is used to partition discourse into pre-
and post-event phases for timeframe comparison [90, 35,
161, 175] or used for event-driven regressions [24, 95, 35].
Such data is usually used post hoc to study how events
and phases influenced the narratives. External time series
enable many analyses, as described in Section 5.3.3. They
are mostly topic-dependent and therefore need to be selected
specifically for a research goal. For example, infection and
death data from the COVID-19 pandemic are used [72, 82]
or financial market indices can be correlated with sentiment
in economic narratives [156, 152, 114, 75]. Indicators from
multiple fields, such as epidemiological and financial, can
also be combined and used [82]. Political alignment ratings,
from rating sites such as AllISides® and Ad Fontes Media®,

8https ://www.allsides.com/media-bias/media-bias-chart
ghttps ://app.adfontesmedia.com/chart/interactive
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Table 6

Publicly available social media datasets used in the reviewed studies, including platform, language, temporal coverage, and

repository links.

Dataset Topic Platform Lang. Duration Repository Reference(s)
COVID-19 Twitter Multiple Jan. 2020 — Apr. 2023 Zenodo [91]
COVID-19 Twitter EN Mar. 2020 — Jul. 2020 OSF [167]
COVID-19 Twitter EN Oct. 2019 — Mar. 2023  |EEE Dataport [22]
COVID-19 Twitter Multiple Jan. 2020 — Feb. 2023 GitHub [22, 71, 175]
COVID-19 Twitter Multiple Feb. 2020 — May 2020 CrisisNLP [176]
COVID-19 Telegram, Twitter, Insta- FA Jan. 2020 — Apr. 2020 COVIDChallenge [69]
gram
Twitter 1% Sample Twitter DE Apr. 2019 — Mar. 2023  Zenodo [165]
Twitter 1% Sample Twitter Multiple Feb. 2013 — Jun. 2023 GESIS TweetsKB [15]
COVID-19 Vaccine Perceptions Reddit EN Jan. 2020 — Dec. 2020  OSF [82]
COVID-19 Conspiracy Theories Reddit, 4Chan, GDELT EN Mar. 2020 — Apr. 2020  OSF [137]
Nationalism during COVID-19 Twitter EN Mar. 2020 — Jul. 2022 Nature [170]
Mental health during COVID-19 Reddit EN Jan. 2016 — Dec. 2021  Zenodo [35]
Climate change Twitter EN Jan. 2018 — Dec. 2021  Zenodo [126]
Climate change Twitter EN Jan. 2006 — Dec. 2019  Mendeley Data [140]
Al discourse and mental health Reddit EN Oct. 2014 — Oct. 2024  OSF [85]
HK Protest mobilization Telegram YUE Jan. 2019 - Sep. 2020 SWISSUbase [160]
US president election Twitter Multiple Dec. 2019 — Jun. 2021  GitHub [161]
2024 U.S. election debate Telegram Multiple Aug. 2024 — Oct. 2024  Harvard Dataverse [116]
Belt & Road Initiative Twitter EN Sep. 2013 — Nov. 2021  HKU Data [65]
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Figure 10: Temporal trends in usage of sources. (a) Publication volume for each source. (b) Source scope per year: papers

employing a single source, two sources, or all 3 categories.

stratify corpora by partisan orientation for publisher-level
comparison [ 14, 68, 41], while Hanley et al. [59] categorizes
outlets by reliability type (misinformation, state propaganda,
biased).

5.4.4. Trends

We summarize in Figure 10 the temporal development
of data source usage. At the aggregate level (Figure 10a),
newspaper and social media sources follow broadly parallel
growth trajectories. Auxiliary data have a stable lower vol-
ume, emerging since 2020. Overall publication volume has
surged since 2023, mirroring the trends observed across the
other three dimensions. Figure 10b) shows how researchers

combine data source types. Single-source studies remain
the most common design throughout, with newspaper-only
and social-media-only appearing in roughly equal propor-
tions. Among two-source pairings, Newspaper+Social Me-
dia is the most frequent combination, reflecting growing
interest in tracing narratives across institutional and user-
generated media. Newspaper+Auxiliary Data and Social
Media+Auxiliary Data pairings also appear, typically using
political-alignment metadata or external time series to con-
textualize narrative dynamics. Studies integrating all three
source types remain rare, appearing only in recent years.
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Figure 11: UpSet plot of most frequent co-occurrence patterns among items from the four dimensions of the narrative change
analytical framework. The top bars show the number of papers addressing each combination (with percentage), and the left bars

show the total number of papers per category of a dimension.

5.5. Cross-dimensional Comparison

Rather than appearing independently, design choices
often recur in specific cross-dimensional combinations of
narrative attribute, data source, analysis & detection method,
and research question. Figure 11 shows the most frequent
co-occurrence patterns across the four dimensions. The left
bars in Figure 11 reflect the uneven coverage of the sub-
categories within each dimension, as already described in
Sections 5.1.6, 5.2.4, 5.3.5, and 5.4.4.

Four configurations account for 28.9% of the reviewed
corpus, as shown in Figure 11. The two most common
configurations (17.5% of papers) share a common template:
Content + Trend Tracking + Exploratory Analysis + News-
paper, with the second adding stylistic attributes. The next
two most frequent configurations (11.4% of papers) follow
the same pattern but use social media data instead. These
four configurations share a recurring design: extract content
attributes (typically via topic modeling), optionally add a
style measure (such as sentiment), apply trend tracking, and
address an exploratory research question for a single source

type.

6. Discussion

Drawing on the results presented in Section 5, we dis-
cuss the methodological and structural implications of the
observed design concentrations and their limitations for the
scope of narrative change the field can currently capture
(Section 6.1), acknowledge limitations of our survey (Sec-
tion 6.2), and identify open gaps as directions for future
research (Section 6.3).

6.1. Cross-Dimensional Findings
6.1.1. The Default Design Template

The cross-dimensional co-occurrence analysis in Sec-
tion 5.5 reveals that 28.9% of the reviewed corpus uses
a similar subset of design configurations. The four most
frequent combinations in Figure 11 share a single template:
extract content-level attributes, most commonly topics and
optionally sentiment, track their prevalence over time, and
frame the study as exploratory, all within a single source
type. We refer to this recurring configuration as the default
design template of computational narrative change research.
While this template is methodologically accessible and pro-
duces interpretable outputs, it limits the types of narrative
change that can be observed. In particular, a design built on
topic prevalence over time comes with limitations, which we
discuss in the following.

6.1.2. Topic Modeling as Narrative Proxy

Topic modeling is the most frequently used content
attribute in the reviewed literature (see Section 5.2.1), and
this prevalence has consequences for what can and cannot
be analyzed. As defined in Section 2.1, narratives involve
selective depiction, temporal structure linking phenomena
across at least two points in time, and causal claims con-
necting otherwise independent events. Topic models capture
thematic co-occurrence patterns [12] rather than structural
properties. A single topic may contain competing narratives
with incompatible causal structures that the model cannot
separate; conversely, a single narrative may span multiple
topics as it connects events from different domains. As
discussed in Section 5.2.1, the reviewed papers attempt
to bridge this gap through three strategies: treating topics
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directly as narratives, grouping them into higher-order con-
structs, or mapping them onto domain-specific narratives,
but none extract causal structure. Schema-based approaches
(Section 5.2.1) come closest by extracting actors, roles, and
actions, yet they account for fewer than 5% of the corpus. As
a result, what most studies in the corpus track as “narrative
change” corresponds more closely to shifts in thematic at-
tention: changes in which topics receive coverage and how
much. Because narratives are inherently selective [36], track-
ing which topics receive attention captures one observable
aspect of this selectivity. However, topical prevalence alone
cannot reveal whether the causal claims and actor roles that
Section 2.1 identifies as constitutive of narratives have also
shifted.

6.1.3. Dimensional Imbalance

Asreported in Section 5.5, style and distributor attributes
trail compared to content attributes across study designs. The
interaction between style and distributor, whether certain
actors systematically adopt particular rhetorical strategies,
or whether platform affordances shape stylistic choices, re-
mains largely unexplored.

Within each attribute category, usage concentrates on
the most methodologically accessible subcategories. For
content, this concentration on topic modeling is discussed
in Section 6.1.2. For style, sentiment accounts for the large
majority of analyses due to the availability of lexicons and
pre-trained classifiers, while emotion and framing remain
underrepresented. Framing, in particular, is constrained by
its reliance on manual annotation or hand-crafted keyword
dictionaries that limit scalability (Sections 5.2.2-5.2.2). Ad-
jacent fields such as media bias research, which provides
fine-grained taxonomies and trained classifiers [149, 150,
64, 63], remain largely disconnected from narrative change
research. However, because media bias analysis often fo-
cuses on detailed content features [148, 151], combin-
ing both areas and drawing on media bias categories for
narrative analysis could be a promising avenue for future
work. For distributors, analysis mostly operates at a single
level, comparing outlets or countries, without tracking how
distributor patterns evolve over time or interact across levels
(Section 5.2.3).

6.1.4. Attributes and Detection Methods

Content and Trend Tracking appear in all nine top con-
figurations in Figure 11, and trend-tracking-only designs
have been the most common approach throughout the review
period (Section 5.3.5). Structural break detection, depen-
dency & causality analysis, and network methods do not
appear in any of the nine most frequent configurations. Such
concentration is also imbalanced, as discussed above, though
methodological accessibility and disciplinary conventions
may also contribute to the prevalence of trend tracking.

The reliance on trend tracking persists even when studies
use more detailed attribute representations. Studies that ex-
tract structured attributes, such as schemata (Section 5.2.1)
or narrative relationship networks (Section 5.2.1), mostly

reduce them to scalar time series before applying temporal
analysis.

Schema-based approaches often track how often indi-
vidual schemata appear rather than how relational structure
shifts (e.g., [8, 41]). Network-based approaches similarly
collapse relational data into aggregate counts or statistics
(e.g., [7, 25]). None of the frequent configurations in Fig-
ure 11 pair a structured representation with a detection
method operating on that structure directly. The analytical
step therefore discards the complexity captured by the rep-
resentation.

This limits the types of research questions the field can
address. Causal or mechanistic questions, such as whether
a policy intervention restructured the causal framing of a
narrative rather than only shifting topical attention, require
detection methods that operate on structured representations
rather than on scalar summaries derived from them. The
few studies applying such methods (Sections 5.3.2, 5.3.4)
demonstrate feasibility but remain isolated.

6.1.5. Data Sources and Evaluation Infrastructure

The dimensions of the framework a study can address
depend in part on the properties of its underlying corpus.
Newspaper corpora, for instance, enable analysis spanning
decades [107, 109] and benefit from editorial curation and
political-alignment metadata (Section 5.4.1), but they do
not provide the relational structure, such as reply networks,
retweet cascades, and community membership, needed for
distributor analysis beyond the publisher level. Social me-
dia provides this network-based and group-level structure
(Section 5.2.3) but rarely spans more than two to three years
and faces increasing API instability [29, 11]. The result is a
complementarity gap: slow narrative change can primarily
be studied in newspapers, which offer limited distributor
analysis (Section 5.4.1), while distributor dynamics can
primarily be studied on social media, which often lacks
temporal depth (Table 6, Section 5.4.2).

Despite the prevalence of cross-media designs noted in
Sections 5.2.3 and 5.4.4, no surveyed study has published a
dataset combining both source types, limiting reproducibil-
ity in cross-media narrative change research. Such source-
level constraints are compounded by the absence of shared
evaluation infrastructure. Available social media datasets fo-
cus on a single platform, language, and topic (Table 6), while
newspaper databases typically require institutional subscrip-
tions (Table 5). Platform APIrestrictions increasingly under-
mine both new data collection and the reconstruction of ex-
isting datasets distributed as tweet ID lists [11, 29]. Beyond
data availability, the field lacks any standard benchmark or
ground truth for narrative change detection. Most studies
validate findings by comparing detected shifts with known
external events [15, 164] or through qualitative interpreta-
tion [42, 25]. While reasonable for exploratory work, this
practice makes it difficult to systematically compare methods
or determine whether a detected change reflects a genuine
narrative change rather than an artifact of the extraction
pipeline or the data.
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6.2. Limitations

We recognize the following limitations of our survey.
We consider only corpus-level changes, excluding narrative
changes within individual texts (e.g., literary works). We
further focus exclusively on textual data, leaving out multi-
modal narratives involving images, sound, and video, which
are increasingly prominent vectors of narrative change in
digital discourse. Our systematic search was also restricted
to works published between 2020 and 2025, potentially
excluding earlier foundational contributions. While we at-
tempted to mitigate this by backward snowballing cited
references, some relevant work outside this time frame may
have been missed.

6.3. Open Gaps
6.3.1. Structured Narrative Representations

As discussed in Section 6.1.2, the use of topic models
as narrative proxies limits the granularity and structural fi-
delity of narrative representations. Future work should move
toward representations that capture components that distin-
guish narratives from thematic clusters: actors, their roles,
causal connections between events, and the evaluative stance
toward each. A promising approach is to employ LLMs to
extract a detailed schema, as described in Section 5.2.1.
Piper and Bagga [119] demonstrates that LLMs can annotate
narrative discourse features derived from narratological the-
ory [120], such as temporality, perspective, and setting, with
reasonable agreement with human annotators, suggesting
that LLM-based extraction of structured narrative attributes
is feasible at scale. Also, shared evaluation efforts, such
as SemEval-2025 Task 10 on multilingual narrative char-
acterization and extraction from news [121], further sup-
port this direction. Beyond schema extraction, future work
should explore how different attribute types can be inte-
grated rather than analyzed separately. For instance, schema-
based approaches that extract actors and their roles could
be extended to capture sentiment or emotion toward those
actors, combining content and style into a single structured
attribute. Such integration would enable research questions
that single-category designs cannot address, for example,
whether a shift in emotional valence toward a specific ac-
tor precedes changes in that actor’s narrative role. Moving
from tracking narrative-level prevalence to monitoring how
individual entities’ portrayed agency, moral evaluation, and
relational position evolve over time would shift the field to-
ward entity-level change analysis, a granularity that current
designs rarely achieve.

6.3.2. Methods to analyze changes

As discussed in Section 6.1.4, the temporal analysis in
most studies reduces structured attribute representations to
scalar time series, even when the attribute extraction it-
self captures relational or compositional information. Three
methodological directions could help close this gap.

First, change-point detection on structured representa-
tions. Schema-based attributes extract relational structures
such as actors, roles, and actions (Section 5.2.1), yet tempo-
ral analysis of these structures remains limited to frequency

tracking. Change-point methods could be applied directly to
role distributions or actor—action relation graphs, detecting
not only when a narrative changed but which structural ele-
ment changed, such as whether new actors entered, whether
causal attributions reversed, or whether evaluative framing
shifted while the cast of actors remained stable. Methods
for change-point detection in dynamic graphs have been
surveyed [178], but, beyond distance-based comparisons
between snapshots [9, 137], remain largely unapplied.

Second, joint multi-attribute detection. As shown in Fig-
ure 6b), the number of studies combining multiple attribute
categories has grown steadily, yet the integration remains
shallow: most multidimensional studies analyze each at-
tribute in a separate pipeline. Isolated designs cannot capture
narrative changes that manifest as coordinated movement
across categories simultaneously, for instance, a narrative
that maintains stable topical content while being reframed
by a different set of distributors using different rhetorical
strategies. Multivariate change-point methods or joint em-
beddings that represent content, style, and distributor in a
shared space could detect such coordinated shifts.

Third, causal and counterfactual designs. As discussed
in Section 5.1, research questions remain predominantly
descriptive. Moving toward explanatory and predictive ques-

tions requires adopting counterfactual designs, such as Bayesian

structural time series and synthetic control methods, that
estimate what a narrative trajectory would have been without
an intervention. Researchers could begin by applying syn-
thetic control methods to cross-national newspaper corpora
in which a policy event affected one jurisdiction but not
another. Comparing the observed and counterfactual trajec-
tories would isolate the causal effect of the event on narrative
framing.

6.3.3. Data Infrastructure and Benchmarks

As discussed in Section 6.1, the field currently lacks a
shared evaluation infrastructure, and the available datasets
are narrow in scope. Future work should address both the
evaluation and data sides. On the evaluation side, build-
ing a benchmark is a substantial undertaking, particularly
because annotating corpus-level narrative change requires
judgments about when and how an entire discourse shifted,
rather than just labels on individual documents. We iden-
tify several components that such a benchmark would re-
quire. First, annotated (or synthetically generated) corpora
in which narrative changes are labeled with temporal bound-
aries, change types (e.g., gradual drift vs. abrupt shift), and
the attribute categories affected (content, style, or distribu-
tor). Since corpus-level annotations of narrative change are
difficult to obtain in practice, synthetic dataset generation
offers one viable alternative. Duong et al. [40] demonstrate
such an approach for the related task of unsupervised dis-
course change detection. Second, standardized evaluation
tasks, such as change-point detection on narrative time series
with known ground truth, that allow method comparison
independent of the domain. Third, metrics that capture both
temporal precision (e.g., detecting a shift within the correct
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time window) and attribute specificity (e.g., correctly iden-
tifying which narrative attributes changed). Without these,
systematic method comparison remains limited, making it
difficult to build cumulatively on individual contributions.
On the data side, current social media datasets concentrate
heavily on English-language COVID-era Twitter (Table 6),
while newspaper corpora require institutional access (Ta-
ble 5) and lack the relational metadata needed for distrib-
utor analysis. Future datasets should aim to span multi-
ple languages, platforms, and source types. Most critically,
multi-source datasets that pair newspaper and social me-
dia coverage of the same events would enable cross-media
narrative tracking, as several studies attempt [137, 172,
138], but no dataset in our review currently supports it.
Given the increasing instability of APIs [29, 11], commu-
nity efforts toward platform-independent archiving and data-
sharing agreements will be essential to sustain longitudinal
research.

6.3.4. Non-Human Narrative Distribution

Al-generated social media text and news websites have
grown rapidly [154, 130], yet the 114 reviewed papers do not
distinguish human-authored from machine-generated con-
tent in analyses of narrative change. Because non-human
sources may introduce, amplify, and mediate narratives, we
outline three related directions for further study.

First, bots may amplify or introduce narratives, extend-
ing the distributor attribute category (Section 5.2.3) by dis-
tinguishing human from automated sources of circulation.
This distinction is important for assessing whether observed
narrative changes reflect organic change or coordinated in-
authentic behavior.

Second, large language models are increasingly used
for large-scale content generation in social media and news
workflows. Unlike traditional automated accounts that pri-
marily repackage or amplify existing content, LLMs can
generate novel text that introduces new framings, causal
claims, or rhetorical strategies into discourse.

Third, LLMs function as narrative mediators. Queries
produce responses shaped by training data, which may shift
with retraining, creating a feedback loop where models
reflect and propagate evolving narratives.

7. Conclusion

Our survey presents the first systematic review of com-
putational approaches to detecting and analyzing narrative
change over time in public discourse. Drawing on 114 pa-
pers, we derived our Narrative Change analytical frame-
work, organizing the field along four axes: the research ques-
tions posed, the narrative attributes employed, the detection
and analysis methods applied, and the data sources used. By
integrating dimensions that prior surveys addressed only in
isolation, our framework offers researchers a shared struc-
ture for situating their work and identifying underexplored
combinations of methods, attributes, and data sources.

Our cross-dimensional analysis reveals three main gaps.
First, the field currently relies heavily on topic modeling,

which often conflates thematic content, leaving other direc-
tions, such as schemata, still underexplored. Second, style
and distributor attributes are used considerably less often
than content attributes and are rarely analyzed jointly, limit-
ing the field’s ability to detect narrative changes involving
simultaneous shifts in what is said, how it is expressed,
and who distributes it. Third, trend tracking accounts for
the large majority of detection methods, even when richer
attribute representations are available, and shared evaluation
benchmarks do not yet exist.

Future work should prioritize structured narrative rep-
resentations that go beyond topical prevalence, detection
methods that operate on these structures rather than reducing
them to scalar time series, and shared benchmarks that
allow systematic comparison across studies. By providing
our framework and identifying these open gaps, this survey
aims to serve as a foundation for future research on how
narratives in public discourse change over time.
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Appendix A: Query

("narrat* change” OR "narrat* drift” OR "narratx shift” OR

"narratx trackx" OR "narratx dynamicx” OR "narrat* evolx" OR

"narratx trendx" OR "discourse change” OR "discourse drift” OR
"discourse shift” OR "discourse evol*") AND ("detectx” OR
"analy*" OR "modelx" OR "extractx" OR "computx") AND

("news*" OR "social media” OR "twitter” OR "Facebook” OR
"Reddit” OR "blogx") AND PUBYEAR > 2019

Figure 12: Boolean search query used to retrieve candidate
papers from the selected databases. The query targets narrative
and discourse change detection in online media, restricted to
publications after 2019.
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