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Abstract

Digital social platforms have transformed political discourse into complex socio-technical
environments characterized by rapid narrative diffusion, emotional amplification, and
large-scale audience interaction. Understanding how sentiment and semantic alignment
interact within such environments is important for analyzing polarization and patterns of
audience response. This study examines narrative-audience interaction in Telegram politi-
cal ecosystems using a combination of sentiment analysis, semantic similarity measures,
and engagement metrics. Transformer-based language models are applied to quantify
relationships between source posts and user-generated comments, enabling joint analysis
of affective tone and topical alignment. The results reveal a consistent affective-semantic
asymmetry: user responses tend to remain semantically aligned with source narratives
while shifting toward more negative sentiment. This pattern indicates that disagreement is
predominantly expressed through affective reframing rather than through divergence from
the original topic. Further analysis shows systematic differences across ideological groups.
Pro-government channels exhibit higher reach and more stable discourse alignment, while
pro-opposition channels generate stronger engagement and more pronounced negative
sentiment shifts. Neutral channels display intermediate characteristics. These findings
demonstrate that online political discourse in Telegram is characterized by stable topical
anchoring combined with systematic variation in emotional response.
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Although narrative diffusion processes in social networks have been extensively studied [5],
understanding how narrative content and audience response interact remains a central
challenge. Given the societal implications of disinformation and coordinated framing
strategies [6,7], there is a growing need for empirical analyses that capture the interplay
between semantic structure, emotional tone, and audience engagement.

Despite substantial progress in sentiment analysis, semantic modeling, and opinion
dynamics, these approaches are often applied in isolation. Sentiment analysis has ma-
tured significantly, encompassing lexicon-based, machine learning, and transformer-based
techniques [8], while emotion detection in political discourse has been operationalized
through automated transcript analysis [9] and visualization frameworks [10]. At the same
time, research on opinion dynamics has developed through analytical, simulation-based,
and control-theoretic approaches [11], often abstracting away from the semantic structure
of narratives. Agent-based models capture interaction effects and polarization mecha-
nisms [12,13], yet typically rely on simplified representations of textual content. As a result,
there remains a lack of empirical studies that jointly examine semantic alignment, sentiment
dynamics, and engagement patterns within real-world communication environments.

The importance of such integrated analysis is particularly evident in platform-specific
contexts. Telegram has emerged as a distinctive environment for political communication
due to its broadcast-oriented structure, large channels, and relatively limited modera-
tion [14]. Prior work documents the presence of collective narratives and ideological
consolidation in Telegram communities [15], while studies of social learning and cascad-
ing activation highlight the active role of audiences in shaping discourse [16,17]. Cross-
platform analyses further reveal consistent patterns of toxicity and engagement in online
political communication [4], and research on digital media consumption shows how nar-
rative framing interacts with audience response [18]. These findings motivate a closer
empirical examination of how narrative structure and audience feedback co-evolve in
Telegram ecosystems.

Existing methods provide important analytical tools but remain fragmented. Network-
based approaches identify narrative structures and semantic centrality [19,20], while deep
learning models support predictive analysis using sentiment and textual features [21,22].
Dynamical perspectives have been applied in related domains [23,24], and psycholog-
ical research emphasizes the role of emotional coordination in communication [25,26].
However, empirical applications that combine semantic similarity, sentiment analysis,
and engagement metrics in a unified analysis of real-world discourse remain limited. This
fragmentation makes it difficult to capture the joint dynamics of narrative framing and
audience response.

To address this gap, this study presents a large-scale empirical analysis of Telegram
political discourse by integrating sentiment analysis, semantic similarity modeling, and en-
gagement metrics into a unified analytical pipeline. Rather than introducing a new stan-
dalone methodological framework, the study combines established computational tech-
niques to enable a systematic examination of narrative—audience interaction. This inte-
grated approach allows for the joint analysis of affective tone, topical alignment, and partic-
ipation intensity, providing a multidimensional perspective on online discourse dynamics.

The main contributions of this work are as follows:

* A comprehensive empirical analysis of narrative dominance, engagement intensity,
and sentiment dynamics across ideologically distinct Telegram ecosystems.

¢ Identification of a systematic affective-semantic asymmetry, where audience re-
sponses remain topically aligned with source content while shifting toward more
negative sentiment.
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¢  Characterization of engagement patterns, showing that negative affect is a stronger
driver of audience interaction than positive framing across all narrative groups.

*  Comparative analysis of pro-government, pro-opposition, and neutral channels, re-
vealing structurally different patterns of audience feedback and discourse alignment.

By providing an integrated empirical perspective on narrative structure, sentiment
dynamics, and audience engagement, this study contributes to a better understanding of
how political discourse evolves in digitally mediated environments and offers a scalable
analytical approach for examining ideological communication ecosystems.

2. Related Work

The study of online discourse has been widely explored across multiple research
domains, including sentiment and semantic analysis, narrative and polarization modeling,
and engagement dynamics; while these strands provide valuable insights into specific
aspects of digital communication, they are often examined separately, limiting a unified
understanding of how content and audience interact in real-world environments.

2.1. Semantic and Sentiment Analysis in Online Communication

Recent advances in natural language processing have enabled increasingly accurate
modeling of textual meaning and affect. Embedding-based methods allow quantification of
semantic similarity and topical alignment between texts, supporting analysis of discourse
coherence and thematic structure [24]. In parallel, automated sentiment analysis has been
widely applied to large-scale online data to capture affective patterns in user-generated
content [9]; while these approaches provide strong analytical foundations, they are typically
applied independently, focusing either on semantic structure or emotional tone rather than
their joint interaction.

2.2. Narrative Formation and Polarization

A substantial body of research examines how narratives emerge, evolve, and shape
collective behavior in online environments. Prior work has explored narrative structures
and their role in framing public discourse [5,19], as well as processes of group formation,
ideological alignment, and polarization [1]. Computational approaches have enabled large-
scale analysis of narrative diffusion and framing patterns [14]. However, much of this work
emphasizes identifying narrative structures, with comparatively less attention to how these
narratives are received and reinterpreted by audiences.

Recent research has highlighted the central role of political narratives as mechanisms
for framing social reality, shaping collective interpretation, and reinforcing ideological
alignment. Narratives function as interpretative structures through which actors construct
meaning, assign responsibility, and position themselves within political discourse [19].
In digitally mediated environments, these narratives are often intertwined with emotionally
charged and antagonistic language, which contributes to the intensification of polarization,
the erosion of institutional trust, and the emergence of self-reinforcing information envi-
ronments [1,27]. Empirical studies further show that political communication in online
platforms is characterized by affective asymmetries, including the prevalence of negative
or toxic interactions, particularly across ideological divides [4], and by engagement-driven
dynamics that amplify emotionally salient or conflict-oriented content [2].

In the context of Telegram and similar platforms, prior work emphasizes the im-
portance of structural and affordance-related factors in shaping narrative dissemination.
Telegram channels enable large-scale broadcasting while supporting loosely connected
communities, facilitating the spread of disinformation and coordinated messaging across
networked clusters [28]. Studies also document the prominence of specific narrative forms,
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such as collective victimhood framing in extremist communities, which can intensify group
identity and contribute to radicalization processes [15]. Moreover, platform-specific af-
fordances give rise to diverse narrative profiles, ranging from coherent storytelling to
fragmented or loosely connected narrative streams, depending on the thematic orienta-
tion and community structure [14]. These findings highlight that political narratives in
online ecosystems are shaped not only by content, but also by platform architecture and
interaction patterns.

2.3. Engagement Dynamics and Information Propagation

Another line of research focuses on how users interact with content and how infor-
mation spreads across platforms. Engagement-driven mechanisms have been shown to
influence content visibility and amplification, particularly in social media environments [3].
Studies of collective behavior further demonstrate how user interactions contribute to large-
scale communication patterns [15]. Additional work highlights the relationship between
engagement, toxicity, and polarization in online discourse [4,8]; while these studies capture
important aspects of interaction, engagement is often treated as an outcome rather than as
part of a coupled content-audience process.

2.4. Integrated Perspectives on Online Discourse

More recent research has begun to explore integrated perspectives that combine multi-
ple dimensions of online communication. Agent-based and computational models simulate
interactions between users and narratives to study emergent behavior in complex sys-
tems [13]. These approaches highlight the importance of considering feedback mechanisms,
but often rely on stylized assumptions or focus on specific components of the system.

Building on these strands of research, this study combines sentiment analysis, semantic
similarity, and engagement metrics to examine how narrative content and audience re-
sponse interact in an empirical setting. Rather than introducing a new modeling framework,
the analysis applies established computational methods in a unified manner to investigate
their joint behavior in Telegram political discourse. This perspective enables a more compre-
hensive interpretation of how affective tone, topical alignment, and engagement co-evolve
in practice. Although the analysis is conducted on Telegram data, the combination of
methods used in this study can be applied to other online communication environments,
supporting comparative investigations of narrative dynamics across platforms.

3. Analytical Approach
3.1. Conceptual Overview

This study adopts an integrated analytical approach to examine the interaction be-
tween narrative content and audience response in online discussions. The aim is to capture
how the affective tone and semantic properties of textual content relate to audience en-
gagement, and how these elements jointly characterize discourse dynamics in real-world
communication environments.

At a high level, the analysis considers three interconnected components: (i) the narra-
tive signal, representing the sentiment expressed in textual content; (ii) semantic alignment,
capturing the topical similarity between posts and associated responses; and (iii) the en-
gagement response, reflecting the intensity of audience interaction. These components are
analyzed jointly to provide a multidimensional view of how content and audience behavior
relate within the same communication instance.

To support this analysis, the interaction between posts and responses is interpreted
from a dynamical perspective, where observed variables reflect different aspects of an
evolving discourse process. In this setting, sentiment captures affective orientation, seman-
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tic similarity represents topical coherence, and engagement reflects the strength of audience
response. This perspective enables the examination of narrative-audience interaction
beyond static, single-variable analysis.

The role of feedback is particularly important in this context. In online environments,
highly engaging content can amplify specific narratives, reinforce emotional framing,
or contribute to shifts in discourse patterns. By jointly analyzing content characteristics and
audience responses, the approach captures the recursive nature of communication, where
audience reactions are closely linked to the properties of the originating content.

Although the analysis is applied in this study to Telegram political discourse, the same
set of analytical components can be used to examine other online communication environ-
ments. The operational definitions of sentiment, semantic similarity, and engagement may
vary depending on the dataset, but the overall structure of the analysis remains consistent,
allowing for flexible application across different domains.

3.2. System Architecture and Dynamical Modeling

The interaction between content producers and their audiences is analyzed using a
dynamical perspective that captures the relationship between narrative characteristics and
audience response. The structure illustrated in Figure 1 represents this interaction as a
feedback-oriented process, where audience engagement is treated as a response signal
associated with previously published content. Rather than assuming a purely linear
dissemination process, this representation highlights the interdependence between content
properties and audience behavior.

Content Producers - \ Audiences
Post
[ Hl I [ Narrative Classification || B Q
Adaptive | Delayed G
Gain < v Feedback

- | =
m Serr}an?lc Sentiment ;
Similarity Analysis a @
.U Analysis Y [j [J
E
U gt
4 v v v t

{ Real-world Events } Metrics External Disturbance

Figure 1. Structural representation of narrative—audience interaction, illustrating the relationship
between content characteristics and audience response.

At a conceptual level, the input corresponds to the generation of narrative content,
influenced by prior discourse and external events. The observed signal is characterized by
both narrative intensity and sentiment, which together describe the affective and expressive
properties of the content. Audience responses, in turn, provide measurable indicators
of how content is received, including both engagement levels and sentiment expressed
in reactions.

To support the analysis, the narrative-audience interaction is represented using a
discrete-time state description. The state at time ¢ is defined as:

Xt = [Spost,tr Sresponse,tr Sresponses,tr Ssem,t/ Ke,t s (1)

where Spost,+ denotes the sentiment of the source content, Sresponse,+ represents individual
response sentiment, Sresponses,t is the aggregated audience sentiment, Sgem,+ captures se-

https:/ /doi.org/10.3390/app16094154


https://doi.org/10.3390/app16094154

Appl. Sci. 2026, 16, 4154

6 of 22

mantic alignment between content and responses, and K, is the normalized engagement
intensity coefficient.

Within this representation, the forward relation captures how content characteristics
are associated with audience response. After publication, the narrative becomes visible
within the platform, where its reach is shaped by platform mechanisms and user activity.
The resulting audience response reflects both the properties of the content and contextual
factors influencing user behavior.

Two aspects are particularly relevant for interpreting the observed dynamics. First,
audience reactions are subject to temporal delay, as engagement typically unfolds over time
following content publication. Second, external events may influence audience behavior
independently of the specific content, introducing variability in the observed response
patterns. Considering these factors provides a more comprehensive view of how narrative
characteristics and audience engagement are related within the empirical data.

3.3. Methodological Components

The analysis employs a multi-stage natural language processing pipeline to extract the
variables used to characterize narrative content and audience response. The methodology
focuses on quantifying narrative intensity, semantic alignment, and affective response,
which together provide a structured representation of discourse dynamics.

Three transformer-based models are used to operationalize these components:

* Narrative classification was performed using the MoritzLaurer/mDeBERTa-v3-base-mnli-
xnli model. This is a multilingual DeBERTa-v3 transformer fine-tuned on the MultiNLI
and XNLI natural language inference (NLI) benchmarks spanning 100+ languages. It
operates in a zero-shot fashion: given a text and a set of candidate labels phrased as
hypotheses, it estimates the entailment probability for each hypothesis without task-
specific fine-tuning. Its multilingual NLI pretraining makes it particularly suitable for
cross-lingual political discourse where annotated corpora are scarce.

*  Semantic similarity between posts and audience comments was computed with the
sentence-transformers/paraphrase-multilingual-mpnet-base-v2 model. This is a multilin-
gual sentence-transformer based on the MPNet architecture, trained via contrastive
learning on over one billion paraphrase pairs in 50+ languages. It maps input texts
into a shared 768-dimensional dense vector space in which semantically related sen-
tences are geometrically close. Cosine similarity between the post embedding and
the mean comment embedding then quantifies discourse alignment-the degree to
which audience discussion remains topically coherent with the original post. This
model was selected for its strong cross-lingual transfer and robustness to informal
social-media register.

*  Sentiment analysis was conducted using the cardiffnlp/twitter-xlm-roberta-base-sentiment
model. This is an XLM-RoBERTa transformer fine-tuned on the TweetEval benchmark
for three-class sentiment classification (positive, neutral, negative). It is specifically
optimized for short, informal social-media text and supports multiple languages.
The model outputs class probabilities, from which a continuous sentiment score S; is
derived (Equation (3)). It outputs class probabilities that are subsequently transformed
into a continuous sentiment score, enabling fine-grained analysis of affective dynamics.

The primary input to the analysis is the narrative intensity score derived from classifi-
cation outputs. For each textual unit, the model produces a probability distribution over N
candidate labels. To reduce ambiguity, a confidence threshold (T = 0.5) is applied. Only
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labels exceeding this threshold are considered active, while lower-confidence outputs are
treated as unclassified:

D — label; if P(label;) > 0.5, 2
" ]| Unclassified if P(label;) < 0.5.

This thresholding procedure provides a consistent way to identify dominant narratives
while filtering weak or ambiguous signals.

To ensure consistent polarity measurement, sentiment is represented as a continuous
scalar derived from model-estimated class probabilities. For each textual unit 7, the senti-
ment score is computed as:

s;=p —p), 3)

where PZ.H) and Pi(f) denote the predicted probabilities of positive and negative sentiment,
respectively. The resulting score is bounded within S; € [—1, 1], where values near +1 indi-
cate strong positive polarity, values near —1 indicate strong negative polarity, and values
near 0 correspond to neutral sentiment.

For aggregated analysis, sentiment values of associated responses are averaged:
S_responses = N 2 S jr 4)

where N denotes the number of responses linked to a given content item. This provides a
normalized representation of collective audience sentiment.

To examine the relationship between content and audience response, several derived
measures are computed. Sentiment shift (AS) captures the difference between the sentiment
of the source content and the aggregated audience response:

AS = 5respor\:ses - Spost/ (5)

where S_responses is the mean sentiment of the responses and Syt is the sentiment of the
source content. This measure reflects how audience reactions differ in affective tone from
the originating message.

Semantic alignment is computed as the cosine similarity between the embedding
vector of the source content, Up, and the mean embedding vector of associated responses, v,:

vp'vc

S =
sem va” Al

(6)
Values of Sgem approaching 1 indicate strong topical coherence, while lower values
reflect increasing divergence from the original narrative context.
To quantify the strength of audience response relative to exposure, an engagement
intensity coefficient is defined as:

C
Ke = x 1000, (7)

where C denotes the number of responses and V represents the exposure level of the
content. This normalization enables comparison across content items with different reach.
Higher values of K, indicate stronger engagement relative to exposure.

The resulting representation defines a joint feature space in which narrative struc-
ture, affective response, semantic alignment, and engagement can be analyzed together.
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This allows for a systematic empirical examination of how different types of content are
associated with distinct patterns of audience behavior.

4. Materials and Methods

This section describes the empirical dataset and the procedures used to implement
the analytical approach in the context of the studied communication environment. We first
outline the criteria for channel selection and dataset construction, ensuring a structured
representation of ideologically distinct narrative ecosystems. We then detail the extraction
of sentiment, semantic alignment, narrative intensity, and engagement variables from
the data. Together, these elements provide the empirical basis for the representation
introduced in Section 3, enabling quantitative analysis of narrative characteristics and
audience response patterns.

4.1. Dataset and Channel Selection

The primary dataset comprises a curated sample of 88 high-visibility Telegram chan-
nels selected to capture the ideological structure of the Russian-language political informa-
tion environment. Channel inclusion was based on sustained posting activity, audience
reach, and relevance to public political discourse. The collected data span the period from
21 November 2025 to 20 January 2026, enabling temporal analysis of narrative activity and
audience engagement during a continuous two-month observation window.

To situate the dataset, a brief contextual note is necessary. Following the onset of
the full-scale Russian invasion of Ukraine in February 2022, Telegram emerged as one
of the primary arenas for Russian-language political discourse: traditional media faced
increasing censorship, while Telegram offered pseudonymous publishing, large broadcast
channels, and minimal moderation. This created a highly polarized information ecosystem
in which three broadly distinct orientations co-exist: pro-government channels aligned with
official narratives and state-affiliated media frames; pro-opposition channels associated
with independent journalists, exiled activists, or anti-war civic voices; and neutral channels
that aggregate news or commentary without a consistently identifiable political alignment.

Each channel was assigned to one of three narrative groups according to its domi-
nant editorial orientation: pro-government (Pro-Gov), pro-opposition (Pro-Opp), or neu-
tral/informational. This grouping enables structured comparison of narrative framing,
engagement patterns, and audience response across distinct political positions. As summa-
rized in Table 1, the dataset covers channels with heterogeneous audience sizes and interac-
tion intensities, including state-aligned sources, independent publishers, and opposition-
oriented communities. This composition supports comparative analysis of how narrative
positioning relates to engagement behavior and discourse alignment.

Table 1. Dataset statistics by narrative group.

Narrative Channels Posts Comments Availability (%) Rate to Views (%) Sentiment Semantic
Group Per Active Post Comment Reaction Comment Reaction Post Comment Similarity
Neutral 29 23,998 210 17.2 289 0.09 1.92 —0.08 —0.27 0.33
Pro-Gov 39 26,718 183 36.0 89.5 0.07 1.89 —0.08 —0.20 0.36
Pro-Opp 20 7995 355 15.7 56.5 0.14 2.20 —0.11 —0.22 0.36
Total (mean) 88 58,711 205 25.6 60.2 0.08 1.94 —0.09 —0.22 0.35

To capture interaction dynamics, the dataset integrates post-level content with
engagement-related metadata, including reaction availability, comment status, and senti-
ment characteristics of both posts and responses. A substantial portion of the analyzed
channels allows direct audience feedback; however, the availability of comments varies

https:/ /doi.org/10.3390/app16094154


https://doi.org/10.3390/app16094154

Appl. Sci. 2026, 16, 4154

9 of 22

across the ideological spectrum, providing an additional dimension for distinguishing
active public discourse from passive content consumption. The dataset includes aggregate
indicators such as average reaction rate and average comment rate, together with sentiment
estimates for both posts and associated comments. This multi-layered structure provides
the variables required for the empirical analysis, enabling joint examination of narrative
content, audience engagement, and discourse alignment.

To ensure robustness of semantic and sentiment inference, textual inputs were fil-
tered prior to model processing. Entries were excluded if the text was empty, contained
only whitespace, or consisted of fewer than three tokens. This filtering rule was applied
uniformly across narrative classification, semantic similarity estimation, and sentiment
analysis to reduce noise from non-informative or structurally incomplete content.

4.2. Implementation Details

This subsection describes how the analytical approach is applied to the empirical
dataset; while Section 3 outlines the conceptual structure and computational components,
the present subsection specifies their implementation in the context of Telegram-based
discourse data. The dataset consists of posts and associated user comments collected from
selected Telegram channels. Each post represents a unit of analysis, while the corresponding
comment threads capture observable audience response. For each post-comment set,
the variables defined in Section 3 are extracted and computed.

Textual data were preprocessed to ensure consistency across inputs. This included
removal of non-textual artifacts, normalization of encoding, and segmentation of posts and
comments into analyzable units. No language-specific filtering was imposed, allowing the
multilingual models described in Section 3.3 to operate directly on the raw textual inputs.

For each post, narrative classification was performed to obtain a probability distri-
bution over a predefined set of narrative labels. In this study, N = 6 narrative categories
are considered: Military Success, Civilian Welfare, Economic Hardship, Foreign Intervention,
Internal Unrest, and Diplomatic Conflict. These categories define the thematic space used
in the empirical analysis. The dominant narrative was determined using a confidence
threshold (T = 0.5), ensuring that only sufficiently strong signals are treated as active
narrative assignments. Posts below this threshold were retained but treated as weakly
classified instances.

Sentiment scores were computed independently for each post and for each associated
comment. Comment-level sentiment values were then aggregated to obtain the mean
audience sentiment, Scomments, providing a collective representation of audience response.
This aggregation enables direct comparison between the sentiment of the source content
and the sentiment expressed in the discussion.

Semantic alignment between posts and their corresponding comment sets was com-
puted using embedding-based cosine similarity. For each post, an embedding vector was
generated and compared to the mean embedding of all associated comments. This provides
a quantitative measure of discourse coherence within each post-comment interaction.

Engagement intensity was computed using the normalized comment rate per thousand
views. The number of comments and views was extracted directly from the Telegram
interface, enabling calculation of the engagement coefficient K,. This normalization allows
comparison across posts with different levels of exposure.

Temporal aspects of interaction are reflected implicitly in the data structure. Each
post and its associated comments form a discrete observation in which audience response
accumulates over time following publication; while explicit time-series modeling is not
imposed, the aggregated variables capture the outcome of these temporal processes.
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The resulting dataset enables systematic empirical analysis of how narrative orienta-
tion relates to engagement patterns, audience sentiment, and discourse alignment. Each
post is characterized by narrative probabilities, sentiment polarity, audience response met-
rics, and semantic similarity between posts and comments. Based on this representation,
the study addresses four research questions: which narratives dominate the observed
information space, which narratives are associated with stronger audience engagement,
how narrative framing relates to audience sentiment response, and which narratives are
associated with more aligned or more divergent discourse patterns.

5. Results and Discussion

The following section presents empirical findings addressing each research question
through quantitative analysis of narrative prevalence, engagement behavior, sentiment
response, and discourse alignment. All experiments were carried out on a workstation
equipped with an NVIDIA GeForce RTX 4080 Super GPU with 16 GB VRAM. The software
environment included Python 3.10.19, PyTorch 2.5.1, and CUDA 12.1.

5.1. Narrative Dominance and Engagement Intensity

Figure 2 presents the distribution of dominant narratives, defined as posts with a
narrative probability score exceeding the 0.5 threshold, across the three political groups.
The results reveal clear thematic asymmetries between groups. The pro-government group
(blue) is strongly dominated by the Foreign Intervention narrative, which represents the
most frequent category in the dataset. This indicates a pronounced emphasis on external
actors and geopolitical framing as the central organizing theme. Additional prominence of
Military Success and Diplomatic Conflict further supports an externally oriented narrative
structure. In contrast, Civilian Welfare and Internal Unrest appear relatively infrequently
within this group.

Mean Narrative Intensity: Supply vs. Active Discussion Dominant Narrative (Threshold > 0.5)

=4
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Figure 2. Narratives dominance in the information space.

The pro-opposition group (red) exhibits a more internally focused narrative profile;
while Foreign Intervention remains present, its relative frequency is substantially lower
than in the pro-government group. Instead, Internal Unrest and Economic Hardship occupy
a more prominent role, indicating stronger attention to domestic instability and socio-
economic conditions. The neutral group (green) combines elements of both patterns,
with Foreign Intervention remaining highly frequent while other categories, such as Economic
Hardship, Diplomatic Conflict, and Military Success, are more evenly distributed. Across
all groups, Civilian Welfare remains consistently underrepresented, suggesting limited
narrative centrality during the observed period.
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Figure 3 compares engagement rate (comments per 1000 views), average comment
count, and median views across narratives and ideological groups. The results show a clear
separation between reach and interaction intensity. Pro-opposition channels consistently ex-
hibit the highest engagement rates, particularly for Internal Unrest, where interaction levels
substantially exceed those observed in other groups. Elevated engagement is also observed
for Military Success and Diplomatic Conflict, indicating that conflict-related narratives are
particularly effective in stimulating discussion within opposition-oriented communities.
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Figure 3. (a) Engagement rate by narrative, (b) comment activity by narrative, (c) post views
by narrative.

In contrast, pro-government channels display more uniform engagement patterns
across narrative categories, with moderate increases for Military Success and Civilian Wel-
fare. This suggests a more stable interaction structure, with less pronounced engage-
ment spikes. Neutral channels consistently show the lowest engagement rates across all
categories, reflecting a predominantly informational communication style with limited
audience activation.

A different pattern emerges when considering scale. Pro-government channels achieve
the highest median views across most narrative categories, particularly in Foreign Interven-
tion, Diplomatic Conflict, and Military Success, indicating strong broadcast reach. However,
this visibility does not translate proportionally into interaction intensity. Pro-opposition
channels, despite lower median views, generate comparatively high comment volumes,
especially in Internal Unrest and Diplomatic Conflict. This divergence highlights a structural
distinction between communication modes: pro-government discourse is characterized
by high reach and lower interaction intensity, whereas pro-opposition discourse is more
engagement-driven and participatory.

Figure 4 further illustrates the relationship between sentiment and audience response
by showing the distribution of post sentiment (red) and associated comment volume (blue).
Across all groups, posts are concentrated around neutral to mildly negative sentiment
values, with peaks near zero. In contrast, comment activity is consistently skewed toward
more negative sentiment ranges.

In the pro-government group (Figure 4a), comments exhibit a clear peak at moderately
negative sentiment levels, despite posts being concentrated near neutrality. A similar
pattern is observed in the neutral group (Figure 4b), where comment volume increases
disproportionately in the negative range. The pro-opposition group (Figure 4c) displays
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an even stronger effect, with comment activity rising sharply as sentiment becomes more
negative. Across all groups, strongly positive sentiment is associated with comparatively
low comment volume.
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Figure 4. Sentiment vs. engagement for narrative groups: (a) Pro-Gov, (b) Neurtal, and (c) Pro-Opp.

These results indicate a consistent relationship between sentiment and engagement:
negative affect is more strongly associated with audience interaction than neutral or positive
framing. This pattern holds across ideological groups, suggesting that emotionally negative
content plays a central role in driving participatory discourse within the observed Telegram
communication environment.

5.2. Sentiment Feedback and Discourse Alignment

The joint distribution of comment sentiment and semantic similarity to the correspond-
ing source post provides a detailed view of how emotional tone and topical alignment
interact within audience responses. The density heatmap (Figure 5) shows that the highest
concentration of comments occurs at moderate levels of semantic similarity (approximately
0.2-0.4), with a pronounced peak at slightly negative sentiment values (around —0.2 to 0).
In addition, a distinct high-density region is observed at strongly negative sentiment
levels (approximately —0.7 to —0.9). These patterns indicate that audience responses
typically remain topically related to the original post while expressing predominantly
negative evaluations.
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Figure 5. Comment sentiment score vs. comment semantic similarity to post.
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The marginal distributions support this interpretation. Semantic similarity follows a
unimodal distribution centered around mid-range values (approximately 0.3), suggesting
that most comments maintain moderate alignment with the source content rather than
diverging completely. In contrast, sentiment is clearly skewed toward negative polarity,
with substantially higher density below zero. Strongly positive sentiment appears infre-
quently and does not form a significant concentration in the joint space. This asymmetry
indicates that negative affect dominates audience responses even when topical alignment
is preserved.

The group-level analysis reveals consistent but structurally distinct patterns across
ideological categories. In the pro-government profile (Figure 6a), audience responses
are systematically more negative than the originating posts across nearly all narrative
categories. Posts associated with Civilian Welfare and Military Success exhibit positive
sentiment, yet corresponding comments shift toward neutrality or negativity, resulting
in consistently negative sentiment differences. For already negative narratives, such as
Economic Hardship, Internal Unrest, and Diplomatic Conflict, comments further intensify
negative sentiment. These patterns are reflected in the sentiment shift estimates, where
mean differences remain below zero across categories. Correlation analysis shows that
stronger emphasis on Internal Unrest and Diplomatic Conflict is associated with more negative
audience sentiment, while Military Success exhibits a weak positive association.
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Figure 6. Post vs. audience sentiment, audience sentiment shift, narrative intensity vs. comment sen-
timent in (a) Pro-Gov and (b) Pro-Opp profile.

The pro-opposition profile (Figure 6b) displays a more heterogeneous response struc-
ture. For several narratives, particularly Civilian Welfare and Military Success, posts are
relatively positive, but comments exhibit substantial downward shifts in sentiment. How-
ever, unlike the pro-government case, some narratives show weaker or even slightly
positive shifts, indicating that sentiment response is more context-dependent. Correlation
patterns further highlight this variation: narrative intensity is positively associated with
comment sentiment for some categories (e.g., Civilian Welfare, Economic Hardship), but nega-
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tively associated for others (e.g., Foreign Intervention, Internal Unrest). This suggests a more
polarized and narrative-contingent response structure.

Discourse alignment exhibits both stability and variation across groups. In the pro-
government setting (Figure 7a), semantic similarity scores cluster tightly around the group
mean (approximately 0.36), with substantial overlap across narrative categories. This indi-
cates a relatively stable level of topical alignment between posts and comments. However,
statistical tests identify selective differences, particularly for Internal Unrest and Military
Success, suggesting that some narratives produce distinct alignment patterns. Correla-
tion analysis shows that stronger emphasis on Civilian Welfare and Military Success is
associated with slightly higher alignment, whereas Foreign Intervention exhibits a weak
negative association.
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Figure 7. (a) Pro-Gov, (b) Pro-Opp narrative groups. Discourse alignment distribution, pairwise
significance (Dunn’s p-values), and intensity vs. alignment correlation.

The pro-opposition profile (Figure 7b) demonstrates greater variability in alignment
patterns. Although the overall mean similarity is comparable to the pro-government group,
the distribution is more dispersed across narratives. Statistical comparisons indicate more
pronounced differences between categories, particularly involving Economic Hardship and
Internal Unrest. In contrast to the mixed correlations observed in the pro-government
group, all narrative-intensity correlations in the pro-opposition setting are positive, sug-
gesting that increased narrative emphasis is consistently associated with stronger topical
alignment. This indicates that discourse in pro-opposition channels is more sensitive to
narrative framing.

Figure 8 highlights differences in the relationship between sentiment and engagement
across groups. In the pro-government segment, post sentiment is moderately correlated
with comment sentiment (r ~ 0.35), indicating partial alignment in emotional tone, while
engagement metrics show weak relationships with sentiment. This suggests that emotional
framing has limited influence on interaction intensity in this group.
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Figure 8. Sentiment and engagement correlation by narrative group.

The neutral group exhibits a different pattern, where engagement metrics are more
strongly interrelated than sentiment variables. Views show moderate correlations with
reactions and comments (r ~ 0.47 and r ~ 0.59), indicating that visibility is the primary
driver of interaction. Sentiment remains weakly associated with engagement, suggesting
that audience response is less influenced by emotional tone.

The pro-opposition group shows the strongest coupling between engagement metrics,
with very high correlations between views, reactions, and comments (up to r ~ 0.93).
At the same time, sentiment variables exhibit weak negative correlations with engage-
ment, indicating that higher interaction levels are associated with more negative discourse.
This pattern suggests that participation intensity is amplified independently of positive
emotional alignment.

Figure 9 presents the temporal dynamics of semantic and emotional drift across
narrative ecosystems over a 120-h window following publication. Figure 9a shows that
semantic similarity does not collapse sharply but instead exhibits gradual divergence
patterns across groups. The Pro-Gov narrative maintains the highest and most stable level
of semantic alignment with the source post throughout the observation period, indicating
sustained topic coherence. In contrast, the Pro-Opp and Neutral groups display greater
volatility and episodic drops in similarity, particularly after the first 48-72 h, suggesting a
higher propensity for discursive branching and contextual reframing. This pattern implies
that topic drift is not purely a time-driven decay process but is structurally mediated by
narrative community norms.
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Figure 9. Temporal dynamics of (a) semantic and (b) emotional drift across narrative ecosystems.

Figure 9b reveals even more evident divergence in emotional trajectories; while all
groups begin with moderately negative mean sentiment, the Pro-Opp narrative exhibits
increasing emotional volatility over time, with larger fluctuations and deeper negative
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excursions in later stages of the discussion cycle. The Pro-Gov ecosystem, by comparison,
shows a more controlled and gradually stabilizing sentiment trend, whereas the Neutral
group remains intermediate in both magnitude and variability. Importantly, emotional drift
appears less monotonic than semantic drift, suggesting that affective amplification operates
through episodic intensification rather than steady decay. The narrative ecosystems differ
not only in topic persistence but also in the regulation and escalation of collective emotional
expression over time.

5.3. Resistance Density Maps

The resistance density maps (Figure 10) provide a two-dimensional representation
of audience response by jointly considering semantic alignment (x-axis) and sentiment
shift relative to the source post (y-axis). Using the global mean semantic similarity and a
zero sentiment-shift threshold as reference axes, the space is partitioned into four regions:
active support (high alignment, positive shift), active resistance (high alignment, negative
shift), topic hijacking (low alignment, positive shift), and topic divergence (low alignment,
negative shift). This representation allows for a structured interpretation of how audience
responses combine topical alignment with affective direction.
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Figure 10. Resistance density maps illustrating the relationship between semantic similarity and
sentiment shift across (a) pro-government, (b) neutral, and (c) pro-opposition narrative groups. Based
on all observed comments.

Across all three ecosystems, the highest density of observations is concentrated near
moderate semantic similarity and slightly negative sentiment shifts. This indicates that
most comments remain loosely aligned with the source content while expressing mildly
critical or corrective sentiment. Despite this common baseline, the distribution across
regions differs systematically between groups.

In the pro-government ecosystem (Figure 10a), the largest concentrations are ob-
served in the topic divergence (n = 506,606) and active resistance (n = 544,234) regions.
This suggests that audience responses frequently combine moderate alignment with
negative sentiment shifts. At the same time, substantial activity is also present in the
active support (n = 258,441) and topic hijacking (n = 331,098) regions, indicating a het-
erogeneous interaction structure with both supportive and critical responses. The neu-
tral group (Figure 10b) exhibits a more balanced distribution across regions. However,
topic divergence (n = 299,945) remains more prominent than active support (n = 114,621),
indicating that even in less polarized environments, audience responses tend to shift
away from the original sentiment baseline while maintaining partial topical connection.
The pro-opposition ecosystem (Figure 10c) shows the strongest concentration in resistance-
oriented regions, particularly active resistance (n = 149,958), alongside notable density
in topic divergence (n = 113,134). This pattern reflects a more consistently adversarial
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response structure, where audience reactions remain topically aligned but shift toward
more negative sentiment.

While semantic alignment remains relatively stable across groups, sentiment shifts in-
troduce clear asymmetries. Pro-opposition discussions exhibit denser clustering in negative-
shift regions, neutral channels show more moderate dispersion, and pro-government
channels combine high activity with a more heterogeneous distribution. These patterns
indicate that differences between ecosystems are driven less by topical alignment than by
the direction and intensity of sentiment expressed in responses.

Figure 11 presents topic-specific density maps focusing on highly engaged comments
(top 10 per post with at least 100 reactions). These filtered representations highlight the most
visible audience responses and reveal more pronounced structural differences between
ecosystems. Across most narrative categories, pro-opposition discussions show a stronger
concentration in the active resistance region, indicating that highly engaged comments
tend to remain on-topic while expressing negative sentiment. In contrast, pro-government
channels display a more mixed distribution between active support and active resistance,
with greater dispersion toward topic divergence in some categories. Neutral channels
again occupy an intermediate position, with lower density peaks and more symmetric
distributions around the sentiment baseline.
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Figure 11. Topic-specific resistance density maps across narrative ecosystems (top engaged com-
ments). Only the top 10 comments per post with a minimum of 100 reactions are included, and only
posts with at least 100 total comments are considered. n denotes the number of comments represented
in each subplot.

The differences are particularly pronounced for Economic Hardship, Internal Unrest,
and Diplomatic Conflict. In these categories, pro-opposition discussions exhibit stronger
clustering in the negative-shift region while maintaining moderate-to-high semantic simi-
larity, indicating consistent critical engagement with the source content. Pro-government
distributions, while also showing negative-shift mass, are more dispersed, suggesting a
mixture of reinforcement and critique.

For Foreign Intervention and Military Success, both ecosystems maintain high semantic
alignment, but differ in sentiment structure. Pro-opposition responses remain concentrated
in negative-shift regions, whereas pro-government responses show broader variation,
indicating coexistence of supportive and critical reactions. The Civilian Welfare category
exhibits lower density and more diffuse patterns across all groups, suggesting weaker
polarization and lower engagement intensity.

These results show that while topical alignment remains relatively stable across nar-
rative ecosystems, sentiment direction varies systematically, particularly among highly
engaged responses. This indicates that differences in audience behavior are driven primar-
ily by affective framing rather than by divergence in topical focus.

5.4. Empirical Contributions and Insights

This study provides several empirical insights into the relationship between narra-
tive framing and audience response in Telegram political discourse. By jointly analyzing
sentiment, semantic alignment, and engagement patterns, the results reveal consistent
structural properties of narrative-audience interaction across ideologically distinct commu-
nication environments.

First, the analysis identifies a systematic affective-semantic asymmetry in audience
response; while comments remain strongly aligned with the semantic content of source
posts, their sentiment consistently shifts toward more negative values. This pattern is
observed across all ideological groups, indicating that audience discussion tends to preserve
topical coherence while amplifying negative affect. This finding extends prior observations
of emotional amplification in digital media [3,4] by demonstrating that negativity bias
coexists with high semantic alignment in real-world discourse.
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Second, the results show that negative sentiment is a strong and consistent driver of
audience engagement. Posts associated with more negative affect generate higher levels
of interaction relative to exposure, suggesting that emotional intensity plays a central
role in shaping participation dynamics. This relationship holds across different channel
types, indicating that negativity-driven engagement is a general feature of the observed
communication environment rather than a group-specific effect.

Third, the study reveals clear structural differences between ideological groups in
terms of audience interaction patterns. Pro-government channels are characterized by
high visibility but comparatively lower engagement intensity, consistent with a broadcast-
oriented communication structure. In contrast, pro-opposition channels exhibit lower
reach but substantially higher engagement, reflecting more interactive and participa-
tory discourse dynamics. These differences indicate that narrative positioning is asso-
ciated with distinct modes of audience response, ranging from passive consumption to
active discussion.

Finally, the joint analysis of sentiment and semantic alignment provides additional
insight into discourse structure. The results show that high semantic coherence does not
necessarily correspond to affective agreement; instead, audiences often engage critically
with content while remaining within the same topical space. This decoupling of semantic
alignment and sentiment response highlights the importance of considering multiple
dimensions of discourse simultaneously, as single-variable analyses may overlook key
aspects of audience behavior.

5.5. Limitations

Several limitations should be considered when interpreting the results. First, narrative
identification is based on zero-shot classification using predefined frame descriptions; while
this approach enables scalable multilingual analysis without manual annotation, the re-
sulting labels reflect probabilistic semantic matching rather than ground-truth annotations.
Accordingly, narrative assignments should be interpreted as approximate indicators of
thematic emphasis rather than exact categorizations.

Second, sentiment and semantic alignment measures rely on multilingual transformer
models. Although these models provide strong cross-lingual capabilities, their performance
may vary across languages, stylistic registers, and platform-specific discourse conventions.
In addition, the sentiment metric captures polarity rather than nuanced emotional states,
while semantic similarity reflects textual coherence rather than agreement or endorse-
ment. As a result, the analysis focuses on structural patterns in discourse rather than fully
capturing subjective audience intent.

Third, the study is observational and limited to a single platform. Telegram-specific
engagement indicators (views, reactions, comments) reflect the affordances of this en-
vironment and may not directly generalize to other social media platforms or broader
populations. The findings therefore describe associations between narrative framing and
audience response, without establishing causal relationships.

The set of narrative categories represents a bounded and simplified representation
of political discourse. Alternative or more fine-grained labeling schemes could reveal
additional structure and variation. Future work may extend this analysis through annotated
datasets, cross-platform comparisons, and longitudinal designs to further examine the
robustness of the observed patterns.

5.6. Legal and Regulatory Considerations for Automated Discourse Analysis

The observed platform-specific differences in discourse dynamics, particularly the
presence of heavy negative sentiment tails and emotionally amplified engagement patterns,
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raise important considerations beyond purely computational analysis. From a regulatory
perspective, systems designed to monitor and analyze online discussions operate within a
complex legal environment shaped by European data protection and emerging artificial
intelligence governance frameworks. In particular, the automated collection and processing
of user-generated content, even when publicly available, may trigger obligations under the
General Data Protection Regulation (GDPR), including requirements related to lawful basis,
data minimization, and transparency. Furthermore, the increasing recognition of foreign
information manipulation and interference (FIMI) as a security concern highlights the dual-
use nature of such analytical systems, which may serve both research and policy-oriented
monitoring purposes.

In this context, the development of computational tools for discourse analysis must
consider principles such as privacy by design and by default, as well as forthcoming re-
quirements under the European Union Al Act for high-risk Al systems. These include the
need for human oversight, robustness against bias, and the implementation of data gover-
nance mechanisms that ensure accountability and traceability. Additional challenges arise
in distinguishing between legitimate political expression and manipulative or disruptive
behavior, as this boundary remains legally and ethically contested in European jurispru-
dence and policy guidance. Consequently, while the analytical approach applied in this
study provides useful insights into discourse patterns, its application in operational settings
would require careful alignment with legal standards, ethical safeguards, and ongoing
regulatory developments.

6. Conclusions

The aim of this study was to examine narrative-audience interaction dynamics in Tele-
gram political discourse by jointly analyzing sentiment, semantic alignment, and engage-
ment patterns. The results suggest that, within the analyzed dataset, audience responses
tend to remain semantically aligned with source posts while shifting toward more negative
sentiment. This indicates that reactions are often expressed through affective modulation
rather than through substantial divergence from the original narrative context.

This pattern is relevant for understanding how online political discourse evolves
in practice. Rather than abandoning the original topic, users frequently engage within
the same semantic frame while adjusting its emotional interpretation. In the analyzed
Telegram channels, this results in a consistent tendency toward more critical or negative
audience responses, even when the originating content is neutral or positive. These findings
highlight the importance of considering both semantic coherence and affective dynamics
when interpreting patterns of online engagement.

The analysis also reveals differences across the examined narrative ecosystems. Pro-
government channels exhibit higher levels of content visibility and more stable semantic
alignment, whereas pro-opposition channels show stronger engagement intensity and
more pronounced negative sentiment shifts. Neutral channels display intermediate charac-
teristics. These differences suggest that narrative orientation is associated not only with
thematic emphasis but also with distinct patterns of audience interaction and feedback.

From a methodological perspective, the study demonstrates that combining sentiment
analysis, semantic similarity estimation, and engagement metrics provides a coherent basis
for examining discourse dynamics in an empirical setting. The joint analysis of these
dimensions enables a more nuanced interpretation of how narrative content and audience
response are related within the observed communication environment.

The findings should be interpreted in the context of the analyzed dataset and platform.
The study focuses on a specific set of Telegram channels over a defined observation period,
and the results may not generalize to other platforms or broader populations. Future work
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may extend this analysis to additional communication environments, incorporate longitu-
dinal modeling, or explore alternative narrative representations to further investigate the
dynamics of online discourse.
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