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Abstract001

Conspiratorial discourse is increasingly embed-002
ded in digital communication, yet its struc-003
ture remains poorly understood. Analyzing004
Singapore-based Telegram groups, we show005
that conspiratorial content is integrated into006
everyday discussion rather than isolated echo007
chambers. We propose a two-stage framework:008
(1) RoBERTa-large classifies messages as con-009
spiratorial or non-conspiratorial (F1 = 0.866 on010
2,000 expert-annotated messages); (2) a signed011
belief graph models belief alignment via signed,012
similarity-weighted edges and is learned us-013
ing a Signed Belief Graph Neural Network014
(SiBeGNN) with Sign-Disentanglement Loss015
to separate ideological alignment from narra-016
tive style. Hierarchical clustering of 553,648017
messages reveals seven narrative archetypes:018
General Legal Topics, Medical Concerns, Me-019
dia Discussions, Banking and Finance, Contra-020
dictions in Authority, Group Moderation, and021
General Discussions. SiBeGNN substantially022
outperforms standard methods (cDBI = 8.38023
vs. 13.60–67.27), with 88% inter-rater valida-024
tion. Findings show conspiratorial discourse025
permeates mundane domains such as finance,026
law, and daily life, challenging assumptions of027
isolated online radicalization. The framework028
advances belief-aware discourse modeling for029
low-moderation platforms and informs stance030
detection, political discourse analysis, and con-031
tent moderation policy.032

1 Introduction033

The Web has transformed information circulation,034

enabling rapid narrative diffusion while introduc-035

ing challenges for information integrity and pub-036

lic trust. Conspiratorial content, narratives that at-037

tribute major social, political, or health events to038

covert groups with hidden, malevolent intent, ex-039

emplify these challenges (Zeng et al., 2022). Such040

narratives oppose official or mainstream explana-041

tions, alleging deliberate deception by institutions,042

governments, or corporations. Prior research shows043

that conspiratorial discourse undermines trust in 044

science and governance, intensifies polarization, 045

and accelerates misinformation during crises (Dou- 046

glas et al., 2017; Uscinski and Parent, 2014; Zollo 047

et al., 2017). Understanding how these narratives 048

emerge, circulate, and embed within digital ecosys- 049

tems is therefore a key concern for web science and 050

computational social science. 051

Digital platforms differ markedly in how they 052

afford conspiratorial discourse. Telegram has be- 053

come a prominent venue, particularly during crises, 054

as users seek alternative or counter-mainstream 055

perspectives. Its hybrid design, combining private 056

messaging, large public groups, and frictionless 057

forwarding, facilitates the spread of conspiratorial 058

and agenda-driven content (Urman and Katz, 2020). 059

During the COVID-19 pandemic, Telegram gained 060

traction in Singapore as a space for discussing 061

health policies, personal experiences, and politi- 062

cal opinions, often expressing skepticism toward 063

institutional authority (Ng and Loke, 2020). These 064

dynamics highlight broader web science questions 065

about how platform design shapes discourse pat- 066

terns and belief formation. 067

Singapore provides a distinctive socio-technical 068

context for examining conspiratorial discourse on- 069

line. With high social media penetration and strong 070

state investment in information governance, its me- 071

dia ecosystem reflects tensions between central- 072

ized regulation and decentralized, low-moderation 073

platforms such as Telegram (van der Linden et al., 074

2023; Tandoc et al., 2021). Prior work shows that 075

these spaces can function as echo chambers for anti- 076

vaccine sentiment, political discontent, and con- 077

spiratorial worldviews, particularly during public 078

health crises (Walther and McCoy, 2021; Nainani 079

et al., 2022). However, empirical research on how 080

conspiratorial narratives are structured, dissemi- 081

nated, and reinforced within closed or semi-public 082

messaging systems in Southeast Asia remains lim- 083

ited (Alvern Cueco Ligo et al., 2025; Goyal et al., 084
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2025). This gap is consequential given the region’s085

high digital connectivity and political diversity,086

where platforms like Telegram mediate both social087

mobilization and the diffusion of narratives shap-088

ing public opinion, health behavior, and political089

stability.090

Recent large-scale web studies have begun map-091

ping Telegram’s conspiratorial ecosystems. The092

Schwurbelarchiv project documents multimodal093

conspiratorial content across German-language094

Telegram networks (Angermaier et al., 2025), while095

the TeleScope dataset captures longitudinal diffu-096

sion across millions of messages and channels097

(Gangopadhyay et al., 2025). Together, these ef-098

forts underscore the need for geographically and099

culturally grounded analyses that account for local100

contexts of meaning-making, policy discourse, and101

narrative co-construction.102

In this study, we analyze Singapore-based Tele-103

gram groups to characterize conspiratorial dis-104

course in a low-moderation environment. We ex-105

amine not only the linguistic properties of con-106

spiratorial messages but also their propagation and107

interaction within public group structures. To do so,108

we organize messages into narrative archetypes;109

recurring thematic patterns that reflect how mean-110

ing, intention, and stance are structured. A nar-111

rative archetype captures the narrative function112

a message performs (e.g., framing events, assert-113

ing causality, or reinforcing group identity), rather114

than its surface linguistic form. This abstraction115

enables analysis of the deeper narrative mecha-116

nisms through which conspiratorial discourse is117

constructed, shared, and sustained.118

We ask: How is conspiratorial discourse struc-119

tured within Singapore-based Telegram groups,120

and what narrative archetypes emerge from121

message-level patterns?122

2 Related Work123

Research on conspiratorial discourse spans psy-124

chology, communication, and computational social125

science. Foundational work defines conspiracy the-126

ories as belief systems that attribute major events127

to secret, malevolent groups, often driven by uncer-128

tainty, mistrust, or identity threat (Douglas et al.,129

2017; Uscinski and Parent, 2014). These narratives130

persist due to cognitive biases, affective polariza-131

tion, and resistance to correction (Abdou et al.,132

2021; Tandoc et al., 2021). However, much of this133

work underemphasizes how platform-level affor-134

dances shape collective conspiratorial dynamics 135

(Chen et al., 2023a; Goyal et al., 2023). 136

Telegram as a Platform for Conspiratorial Dis- 137

course: Telegram has become a key venue for 138

conspiratorial and extremist communication due 139

to its hybrid public-private structure, large groups, 140

and minimal moderation (Urman and Katz, 2020; 141

Skarzauskiene et al., 2025). Forwarding and chan- 142

nel interconnectivity facilitate narrative diffusion 143

and semi-private echo chambers (Nainani et al., 144

2022; Chen et al., 2023b). Large-scale corpora 145

like Schwurbelarchiv (Angermaier et al., 2025) and 146

TeleScope (Gangopadhyay et al., 2025) enable mul- 147

timodal, longitudinal analysis, but research remains 148

mostly Euro-American, overlooking regional lin- 149

guistic and cultural contexts (Ng and Loke, 2020; 150

Goyal et al., 2025). We address this gap by focusing 151

on Singapore-based Telegram groups. 152

Computational Detection of Conspiratorial Con- 153

tent: Transformer-based models like BERT, 154

RoBERTa, DeBERTa, and newer systems such as 155

LLaMA and SEA-LION have advanced automated 156

detection (Urman and Katz, 2020; Skarzauskiene 157

et al., 2025). Though effective on benchmarks, 158

performance drops under domain shift and mul- 159

tilingual noise (Walther and McCoy, 2021; Alvern 160

Cueco Ligo et al., 2025). Existing approaches treat 161

detection as binary classification, ignoring diverse 162

communicative patterns and narrative structures. 163

We go beyond this by identifying and characteriz- 164

ing distinct narrative archetypes. 165

Graph Neural Networks for Social Dis- 166

course: Graph-based methods naturally capture 167

relational structures in online discourse. Signed 168

graph neural networks model positive and negative 169

edges to represent agreement and opposition, in 170

line with structural balance theory (Derr et al., 171

2018; Zhang et al., 2021, 2024). Prior applications 172

focus on explicit social ties or simple sentiment, 173

rarely addressing complex belief alignment 174

and ideological conflict in text networks. Most 175

also lack mechanisms to disentangle orthogonal 176

dimensions, such as belief versus stylistic ex- 177

pression. SiBeGNN addresses this with a novel 178

Sign-Disentanglement Loss. 179

Disentangled Representation Learning: Models 180

such as DisenGCN (Ma et al., 2019a) and DiGGR 181

(Hu et al., 2024) demonstrate how orthogonal sub- 182

spaces can isolate distinct generative processes in 183

graph-structured data. However, they have not been 184

adapted to signed graphs or belief-oriented text 185
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networks. We bridge this gap by integrating disen-186

tangled representation learning with signed belief187

graphs, enabling simultaneous capture of ideologi-188

cal alignment and communicative style.189

Clustering and Narrative Archetype Discov-190

ery: Clustering methods reveal latent communities191

and thematic patterns from text-network embed-192

dings (Li et al., 2021), including hierarchical clus-193

tering, HDBScan, Gaussian Mixtures, and topic194

models. While these capture semantic similarity,195

they do not model belief polarity or antagonism,196

limiting their ability to uncover ideological struc-197

tures in conspiratorial discourse, where messages198

may be thematically diverse but share skepticism199

(Uscinski and Parent, 2014). No prior work system-200

atically clusters conspiratorial content to identify201

narrative archetypes based on both semantic con-202

tent and belief alignment; existing studies rely on203

binary classification/qualitative thematic analysis.204

3 Data205

We use two datasets corresponding to our two-stage206

pipeline: an annotated subset for conspiratorial clas-207

sification (Stage 1) and a large-scale corpus for208

narrative archetype discovery (Stage 2).209

Stage 1: Annotated Training Set. We randomly210

sampled 2,000 Telegram messages for expert an-211

notation. Two experts with over five peer-reviewed212

publications each labeled messages using the defi-213

nition from Diab et al. (2024): “A conspiracy the-214

ory is a narrative accusing agent(s) of specific215

actions serving secretive and malevolent objec-216

tives.” Inter-annotator agreement was 85%, with217

a third expert resolving disagreements. The bal-218

anced dataset (1,000 conspiratorial; 1,000 non-219

conspiratorial) was used to fine-tune a RoBERTa-220

based classifier.221

Stage 2: Full Corpus. We collected complete his-222

tories from six Singapore-based Telegram groups223

with diverse themes (Table 1), yielding 553,648224

messages and 24,270,653 words (mean = 43.8225

words, SD = 70). The trained classifier labels all226

messages, enabling signed belief graph construc-227

tion with edges encoding textual similarity and228

belief alignment. SiBeGNN learns disentangled229

embeddings, which are hierarchically clustered to230

identify narrative archetypes.231

4 Methods232

We use a two-stage approach: (1) fine-tune233

RoBERTa-large to classify messages as conspir-234

Dataset Words Messages Dates (From – To)
1M65 11,213,414 524,524 19-12-08 – 25-02-04
Chill Corner 99,291 12,580 25-04-15 – 25-05-14
Healing The Divide 10,687,504 3,919 21-08-11 – 25-01-20
Mile Lion 194,767 10,900 25-04-15 – 25-05-14
SG Corona Freedom Lounge 1,623,387 829 21-06-14 – 25-01-19
SG Covid Infection Survivor 452,290 896 21-07-31 – 25-01-19

Table 1: Overview of Telegram Groups Analyzed.
Summary of word counts, message volumes, and tem-
poral coverage for each dataset.

atorial or non-conspiratorial; (2) build a signed be- 235

lief graph with edge signs for belief alignment and 236

weights for similarity, then apply a Signed Belief 237

Graph Neural Network (SiBeGNN) to learn embed- 238

dings disentangling belief polarity from narrative 239

style, which are hierarchically clustered into seven 240

narrative archetypes. 241

4.1 Stage 1: Conspiratorial Content 242

Classification 243

The first stage of our methodology involves train- 244

ing a binary classifier to distinguish conspirato- 245

rial from non-conspiratorial discourse. To iden- 246

tify the optimal language model for conspirato- 247

rial content classification, we conducted a system- 248

atic comparison of nine transformer-based archi- 249

tectures, selected based on their documented per- 250

formance on discourse classification tasks and re- 251

gional linguistic applicability. The evaluated mod- 252

els include: RoBERTa-large (Liu et al., 2019), Gem- 253

ini 2.0 Flash (Google DeepMind, 2024), LLaMA 254

3.2 3B (Meta AI, 2024), RoBERTa-base (Liu et al., 255

2019), DeBERTa-base (He et al., 2021), BERT- 256

large-uncased (Devlin et al., 2019), DistilBERT- 257

base-uncased (Sanh et al., 2019), BERT-base- 258

uncased (Devlin et al., 2019), and aisingapore/SEA- 259

LION-v1-7B (AI Singapore, 2024). SEA-LION-v1- 260

7B is a multilingual large language model specifi- 261

cally developed for Southeast Asian languages by 262

AI Singapore, included to assess the potential ad- 263

vantages of region-specific pretraining. All models 264

were fine-tuned on the balanced 2,000-message 265

manually annotated dataset using identical prepro- 266

cessing and tokenization pipelines to ensure com- 267

parability. Annotation was performed by expert 268

co-authors of this paper rather than external par- 269

ticipants. Annotators were provided with a written 270

definition of conspiratorial discourse from (Diab 271

et al., 2024), along with examples and counterex- 272

amples discussed during a calibration round prior 273

to annotation. 274

Training was conducted for three epochs with 275

a learning rate of 2 × 10−5, batch size of 16, and 276
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evaluation conducted after each epoch. Model per-277

formance was assessed using accuracy, precision,278

recall, and F1-score on a held-out test set. The279

best classifier is then applied to the full corpus of280

553,648 messages to generate binary belief labels281

(conspiratorial vs. non-conspiratorial). An exam-282

ple of both conspiratorial and non-conspiratorial283

message is shown in Table A1284

4.2 Stage 2(a): Signed Belief Graph Neural285

Networks286

Using the binary conspiratorial labels, we construct287

a graph capturing semantic similarity and belief288

polarity. We then apply our Signed Belief Graph289

Neural Network (SiBeGNN) to learn embeddings290

for messages.291

4.2.1 Graph Construction and Representation292

Telegram messages were cleaned and encoded us-293

ing a fine-tuned RoBERTa-large to obtain contex-294

tual semantic embeddings, which were augmented295

with four discourse-level features to capture how296

beliefs are expressed in addition to message con-297

tent. Epistemic modality measures expressed cer-298

tainty or uncertainty through hedging and certainty299

markers, capturing degrees of belief (Egan and300

Weatherson, 2011; Markkanen and Schröder, 1997).301

Agency captures active versus passive framing by302

comparing active and passive constructions, reflect-303

ing speaker positioning in discourse. Sentiment po-304

larity is derived from a transformer-based classifier305

and scored continuously in [–1, 1] to represent pos-306

itive, negative, or neutral affect (Chriqui and Yahav,307

2022). Emotion spectra encode probabilities of joy,308

anger, fear, and sadness using a pretrained emo-309

tion model, producing a multidimensional affective310

representation (Araque et al., 2019). These seven311

discourse features are concatenated with RoBERTa312

embeddings, mean-centered, and L2-normalized to313

form enriched discourse-belief vectors that separate314

belief content from expressive style.315

Using these representations, we construct a316

signed graph G = (V,E,W, S) where nodes corre-317

spond to messages, edge weights Wij ∈ [0, 1] rep-318

resent cosine similarity between discourse-belief319

embeddings, and edge signs Sij ∈ +1,−1 encode320

belief alignment, positive for messages sharing the321

same conspiratorial label and negative for opposing322

labels. To ensure sparsity, edges are retained only323

when similarity exceeds 0.5, with positive edges324

above µ+0.5σ and negative edges below µ−0.5σ,325

where µ and σ denote the mean and standard devia-326

tion of similarity. The resulting signed belief graph 327

captures the socio-semantic polarity of discourse, 328

explicitly modeling agreement and antagonism and 329

distinguishing cooperative clusters that reinforce 330

conspiratorial narratives from adversarial clusters 331

that contest or debunk them (Awal et al., 2022; 332

Chin et al., 2024). 333

4.2.2 Disentangled Sign-Aware Graph Neural 334

Network 335

Building on signed network representation learn- 336

ing (Kumar et al., 2016) and disentangled graph 337

embeddings (Ma et al., 2019b), SiBeGNN learns 338

separate representations for belief polarity and nar- 339

rative style from the signed graph. Each node vi 340

is mapped into two orthogonal subspaces: a belief 341

subspace zb,i ∈ Rdb encoding ideological align- 342

ment, and a persona subspace zp,i ∈ Rdp captur- 343

ing stylistic and behavioral traits independent of 344

belief. The final embedding is the concatenation 345

zi = [zb,i; zp,i] ∈ Rdb+dp . 346

Architecture: The model begins with learnable 347

node embeddings X ∈ RN×din , processed through 348

two sign-specific graph convolutional layers, one 349

for positive edges E+ and one for negative edges 350

E−. Message passing is defined as: 351

h+ = ReLU(GCNConv+(X,E+)),

h− = ReLU(GCNConv−(X,E−)),
(1) 352

where GCNConv denotes graph convolutional op- 353

erations. Hidden states are concatenated and pro- 354

jected: 355

h = ReLU(Wp[h
+;h−]), (2) 356

where Wp is a learnable weight matrix. Finally, 357

belief and persona embeddings emerge through 358

separate linear projections, both L2-normalized for 359

stability: 360

zb = Wbh, zp = W ′
ph, (3) 361

This architecture performs sign-aware message 362

passing while explicitly disentangling ideological 363

and behavioral signals. 364

Sign-Disentanglement Loss: Training uses the 365

Adam optimizer with weight decay, selecting the 366

checkpoint with lowest total loss. On conver- 367

gence, SiBeGNN yields two orthogonal embed- 368

dings, zb,ii = 1N for belief polarity and zp, iNi=1 369

for narrative persona, used for hierarchical clus- 370

tering in Stage 2(b). A composite loss optimizes 371

SiBeGNN through four objectives enforcing struc- 372

tural fidelity, semantic grounding, and disentangled 373
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representation. An ablation of performance of clus-374

ter quality with respect to different components of375

the loss is shown in Table A3.376

Ltotal = λreconLrecon + λsignLsign

+ λbeliefLbelief + λorthLorth
(4)377

(1) Reconstruction Loss preserves signed struc-378

tural relationships. Predicted adjacency is:379

Âij = σ(z⊤i zj), (5)380

where σ(·) is the sigmoid function. Target adja-381

cency Atarget ∈ [0, 1]N×N maps positive edges to382

1, negative edges to 0, and unobserved edges to 0.5:383

Atarget =
Asigned + 1

2
(6)384

The reconstruction loss is:385

Lrecon =
1

|M|
∑

(i,j)∈M

(Âij −Atarget,ij)
2, (7)386

where M = {(i, j) : Atarget,ij ̸= 0.5}.387

(2) Sign-Consistency Loss regulates the persona388

subspace to respect social alignment. Positively389

linked pairs should have close embeddings; nega-390

tively linked pairs should be separated by margin391

M :392

Lsign =
1

|E+|
∑

(i,j)∈E+

∥zp,i − zp,j∥22

+
1

|E−|
∑

(i,j)∈E−

[max(0,M − ∥zp,i − zp,j∥2)]2

(8)393
(3) Belief Alignment Loss trains a classification394

head on the belief subspace. Given predicted logits395

si = fbelief(zb,i) and labels yi ∈ {0, 1}:396

Lbelief = − 1

N

N∑
i=1

[
yi log σ(si)

+ (1− yi) log(1− σ(si))
]
(9)397

(4) Orthogonality Loss enforces disentanglement398

by minimizing cross-covariance:399

Lorth =
∥∥∥(zb − z̄b)

⊤(zp − z̄p)

N − 1

∥∥∥2
F
, (10)400

where ∥ · ∥F is the Frobenius norm and z̄b, z̄p are401

mean-centered embeddings.402

Model Accuracy Recall Precision F1-Score
roberta-large 0.85 0.87 0.86 0.87
google/gemini-2.0-flash 0.84 0.86 0.85 0.85
meta-llama/Llama-3.2-3B 0.83 0.84 0.83 0.83
roberta-base 0.80 0.83 0.81 0.82
deepset/gbert-base 0.83 0.81 0.82 0.82
microsoft/deberta-base 0.80 0.80 0.80 0.80
bert-large-uncased 0.77 0.77 0.77 0.77
distilbert-base-uncased 0.76 0.79 0.78 0.78
bert-base-uncased 0.75 0.77 0.76 0.77
aisingapore/SEA-LION-v1-7B 0.63 0.68 0.64 0.65
TelConGBERT(Pustet et al., 2024) 0.90 0.82 0.81 0.81
Goyal et al.(Goyal et al., 2025) 0.72 0.85 0.65 0.74
GPT-3.5 0.78 0.74 0.78 0.76
GPT-4 0.83 0.80 0.84 0.82
Llama 2 0.66 0.57 0.60 0.60

Table 2: Performance comparison of language models
in detecting conspiratorial content, including additional
fine-tuned, few-shot, and zero-shot models. Metrics re-
ported are accuracy, recall, precision, and F1-score.

4.3 Stage 2(b): Narrative Archetype Discovery 403

via Hierarchical Clustering 404

Having obtained disentangled persona embeddings 405

zp,i
N
i=1 from SiBeGNN, we identify distinct nar- 406

rative archetypes through hierarchical clustering. 407

These archetypes capture recurring communicative 408

patterns defined by stylistic and behavioral traits 409

rather than ideological content, allowing analysis 410

of how different discourse modes coexist within 411

the conspiratorial ecosystem. 412

Each message ti is represented by its persona 413

embedding zp,i ∈ Rdp learned in Stage 2(a), which 414

encodes narrative style independent of belief polar- 415

ity via the Sign-Disentanglement Loss. To reduce 416

dimensionality while preserving semantic structure, 417

Principal Component Analysis (PCA) is applied, re- 418

taining components that explain p% of the variance. 419

This balances noise suppression with structural 420

fidelity, enhancing clustering stability and inter- 421

pretability. The reduced embeddings are clustered 422

using agglomerative hierarchical clustering with 423

Ward’s linkage (Murtagh, 1983), which minimizes 424

within-cluster variance while preserving hierarchi- 425

cal relationships. 426

The optimal number of clusters k∗ is selected by 427

evaluating candidate counts k ∈ [k_min, k_max] 428

using the silhouette coefficient (Shahapure and 429

Nicholas, 2020), which measures cluster cohesion 430

and separation. Post-hoc merging combines cluster 431

pairs whose centroid cosine similarity exceeds a 432

threshold τ , ensuring that final clusters correspond 433

to semantically distinct narrative archetypes rather 434

than minor stylistic variations. 435

To assess robustness and generalizability, we 436

conducted ablation studies varying key hyperpa- 437

rameters: PCA variance retention (pca_var ∈ 438

0.5, 0.6, 0.7), merge threshold (merge_th ∈ 439

0.75, 0.8), and cluster bounds (k_min ∈ 2, 3, 4, 440
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k_max = 20). Across 18 configurations, aver-441

age coherence scores ranged from 0.360 to 0.386442

(within 8% variation), demonstrating stable and in-443

terpretable clustering. All reported results use the444

optimal configuration from Table A2, confirming445

that the narrative archetype structure consistently446

emerges from the disentangled SiBeGNN embed-447

dings rather than being an artifact of specific hyper-448

parameter choices.449

5 Results450

Classification models: As shown in Table 2,451

RoBERTa-large achieved the highest performance452

(F1 = 0.866, accuracy = 0.852, precision = 0.86,453

recall = 0.87), while SEA-LION-v1-7B, a multilin-454

gual Southeast Asian model (AI Singapore, 2024),455

scored lowest (F1 = 0.653), suggesting that region-456

specific pretraining does not guarantee an advan-457

tage. RoBERTa-large was thus selected as the pri-458

mary classifier and applied to the full corpus of459

553,648 messages to generate binary conspiratorial460

labels.461

Narrative Archetype Characterization and Clus-462

tering Quality: The seven narrative archetypes463

derived from SiBeGNN embeddings (Table 4) cap-464

ture diverse conversational modes and user intents465

in Singapore-based Telegram groups. Larger clus-466

ters such as General Discussions and Banking and467

Finance emphasize everyday interaction, casual468

conversation, shopping, and financial literacy, re-469

flecting socially grounded communication rather470

than overt ideological expression. Contradictions471

in Authority and Medical Concerns highlight in-472

stitutional skepticism and health-related anxieties,473

while General Legal Topics reflects civic curios-474

ity about rights and governance. Smaller clusters,475

Group Moderation and Media Discussions, center476

on meta-discourse regarding community norms and477

popular culture. Collectively, these archetypes il-478

lustrate that Telegram discourse spans civic inquiry,479

social bonding, and episodic skepticism, forming480

a continuum of everyday engagement rather than481

being dominated by conspiratorial narratives482

LIWC (Boyd et al., 2022) analyses provide ad-483

ditional insight into cluster-specific linguistic char-484

acteristics. General Legal Topics employs practi-485

cal, informational language with minimal emotion,486

reflecting public curiosity. Medical Concerns ex-487

presses personal experiences and anxieties with488

higher emotional and health-related language, in-489

cluding advocacy and empathy. Media Discus-490

sions exhibits informal, interactive language fo- 491

cused on entertainment and trending news. Banking 492

and Finance uses analytical language centered on 493

money, economics, risk, and skepticism, whereas 494

Contradictions in Authority features elevated nega- 495

tive emotion and dissent, challenging institutional 496

decisions through emotionally charged discourse. 497

Group Moderation employs procedural, minimally 498

emotional language, while General Discussions 499

spans casual, inclusive exchanges on diverse every- 500

day topics. 501

Conspiratorial discourse is distributed across 502

these archetypes rather than confined to specific 503

clusters. Elevated prevalence occurs in Contradic- 504

tions in Authority and Medical Concerns, consis- 505

tent with institutional skepticism and health policy 506

critique. However, conspiratorial narratives also 507

emerge in mundane clusters like Banking and Fi- 508

nance and General Legal Topics, where they oc- 509

casionally intersect with systemic manipulation 510

claims. This distribution reinforces the central find- 511

ing that conspiratorial discourse operates within 512

everyday communicative practices, emphasizing 513

the need for context-aware platform governance 514

rather than blanket removal policies. 515

Clustering quality was assessed using topic co- 516

herence, silhouette score, and the Davies–Bouldin 517

index, integrated into a composite cDBI (Krasnov 518

and Sen, 2019) as shown in Table 3: 519

cDBI =
Davies–Bouldin Index

Average Coherence
. (11) 520

Lower cDBI indicates better joint coher- 521

ence–compactness performance. Hierarchical 522

clustering on SiBeGNN embeddings achieved 523

the lowest cDBI (8.38), outperforming Bertopic 524

(13.60) and other methods (33.13–67.27), demon- 525

strating that the latent-graph hierarchical approach 526

produces semantically coherent, well-separated 527

clusters. Ablation studies removing Lorth, Lsign, 528

or Lbelief increased cDBI by 58.2%, 94.6%, and 529

136.9%, respectively, while using only Lrecon 530

caused a 271.4% increase. These results confirm 531

that all four loss components are essential for 532

generating interpretable, semantically meaningful 533

narrative archetypes, reflecting both content and 534

structural topology of the discourse. 535

Manual verification of narrative archetypes: To 536

evaluate the ability of different clustering al- 537

gorithms to capture the diversity of narrative 538

archetypes, we manually compared the clusters 539
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Model Avg. Coherence Silhouette Score Davies–Bouldin Index cDBI
Hierarchical clustering with SiBeGNN embeddings 0.386 -0.021 3.233 8.38
Bertopic clusters with vanilla Roberta-large embeddings 0.331 -0.014 4.502 13.60
Bertopic clustering with SiBeGNN embeddings 0.196 -0.042 6.494 33.13
Hierarchical clusters with vanilla Roberta-large embeddings 0.234 -0.015 8.246 35.24
HBScan clusters with vanilla Roberta-large embeddings 0.235 -0.018 13.360 56.85
Gaussian mixture model with SiBeGNN embeddings 0.207 -0.015 13.924 67.27
Spectral clustering with vanilla Roberta-large embeddings 0.218 -0.019 12.345 56.63
KMeans with SiBeGNN embeddings 0.189 -0.025 14.567 72.10

Table 3: Comparison of clustering quality metrics using cDBI. Lower cDBI values indicate better joint coher-
ence–compactness performance.

Narrative
Archetype

Description Common Keywords # Messages Avg. Length # Conspiratorial

Legal Topics Everyday legal issues, rights, exemp-
tions, and practical legality.

commoner, legalized, crime,
deemed, run, definitely

69,357 160.22 3,468

Medical Concerns Personal feelings on medical topics and
advocacy for individual rights.

place, medical, feel, people,
concerned, individuals

11,357 170.36 3,407

Media Discussions Commentary on pop culture, concerts,
news stories, and viral events.

taylor, cruel, concert, attend,
swift, 81

41,625 293.33 2,081

Banking and Finance Analysis of finance, banking, rates, and
the economic system.

rates, cdp, account, fed, likely,
till

70,726 232.20 14,145

Contradictions in Au-
thority / Riot

Opinions on authority, health policy,
and contradictions from officials.

contradictory, gotta, dun, boss,
totally, spread

55,197 137.33 38,638

Group Moderation Moderation, rules, respectful conduct,
and group management.

disrespectful, expletives, ex-
plicitly, irrelevant, disappears,
exists

5,416 36.41 271

General Discussions Broad conversations on casual chat,
shopping, food, and miscellaneous
events.

shopping, areas, jb, talk, abt,
non, just, like, yes

299,470 125.47 44,921

Table 4: Narrative archetype clusters with estimated conspiratorial message counts. Total estimated conspiratorial
messages: 106,931.

Model Ground Truth Overlap (/9)
Hierarchical clustering with
SiBeGNN embeddings

5/9

Bertopic clusters with vanilla
RoBERTa-large embeddings

7/9

Bertopic clustering with SiBeGNN em-
beddings

6/9

Hierarchical clusters with vanilla
RoBERTa-large embeddings

4/9

HBScan clusters with vanilla
RoBERTa-large embeddings

2/9

Gaussian mixture model with
SiBeGNN embeddings

5/9

Spectral clustering with vanilla
RoBERTa-large embeddings

5/9

KMeans with SiBeGNN embeddings 5/9

Table 5: Comparison of narrative archetype coverage
across clustering methods. Scores indicate the number
of archetypes captured out of 9 possible ground truth
narrative archetypes

produced by each method against nine ground-540

truth archetypes defined in our study (Table 5).541

Archetypes were defined by two experts who had542

published at least five articles on misinformation543

in Singapore and the broader region. Experts de-544

veloped archetypes independently, and a third ex-545

pert resolved disagreements. These archetypes rep-546

resented distinct core narratives in the news and547

online environment during the study period. For548

instance, A1: Technocratic Control vs Personal Au-549

tonomy reflects governance systems overriding in-550

dividual choice, signaled by mentions of mandates,551

VDS compliance, surveillance, and bodily control. 552

A2: Betrayal by Trusted Institutions denotes per- 553

ceived deception or incompetence by protective 554

institutions, exemplified by government distrust 555

or hospitals hiding data. A3: Unequal Citizenship 556

& Social Stratification captures societal tiers with 557

unequal rights, such as vaxxed versus unvaxxed 558

populations and exclusion from jobs or venues. A4: 559

Elite Collusion & Loss of National Sovereignty 560

highlights decision-making dominated by elites or 561

external powers, including global institutions or 562

corporate capture. A5: Information Manipulation 563

& Manufactured Consent focuses on media shaping 564

opinion through censorship or framing, for exam- 565

ple, news media distrust or propaganda. A6: Moral 566

/ Civilisational Decline reflects the erosion of ethi- 567

cal boundaries, often involving religious framing, 568

children, consent, or dehumanization. A7: Awak- 569

ening, Resistance & Minority Identity describes 570

minorities claiming awareness of hidden truths, 571

signaled by terms like “sheeple,” “awakened,” or 572

“truth-seekers.” A8: Everyday Life Under Systemic 573

Stress emphasizes the impact of large systems on 574

daily life, such as disruptions to food, jobs, travel, 575

healthcare access, or cost of living. Finally, A9: 576

External Conflict as Moral Contrast captures the 577

use of foreign conflicts to interpret local events, for 578

7



example, comparisons involving the US, China, or579

Russia. The manual verification results show that580

Hierarchical clustering with SiBeGNN embed-581

dings captured five of the nine archetypes, success-582

fully identifying both everyday and conspiratorial583

discourse clusters and demonstrating strong separa-584

tion of narrative personas. Bertopic clusters with585

vanilla RoBERTa-large embeddings captured586

seven archetypes, showing higher semantic cov-587

erage but lower interpretability due to some cluster588

overlap. Bertopic clustering with SiBeGNN em-589

beddings identified six archetypes, balancing per-590

sona representation with semantic alignment. Hi-591

erarchical clusters with vanilla RoBERTa-large592

embeddings captured four archetypes, missing sev-593

eral conspiratorial narratives such as A2 and A6.594

HBScan clusters with vanilla RoBERTa-large595

embeddings captured only two archetypes, indi-596

cating poor granularity and failure to differentiate597

stylistic nuances. Other methods, including Gaus-598

sian mixture model with SiBeGNN embeddings,599

Spectral clustering with vanilla RoBERTa-large600

embeddings, and KMeans with SiBeGNN em-601

beddings, captured five archetypes each, demon-602

strating moderate coverage but lower interpretabil-603

ity relative to hierarchical approaches. These re-604

sults indicate that SiBeGNN-based hierarchical605

clustering provides the best balance between cov-606

erage and interpretability. By leveraging disentan-607

gled, sign-aware embeddings, this approach effec-608

tively distinguishes both conspiratorial and every-609

day discourse modes, producing coherent and se-610

mantically meaningful narrative archetypes. In con-611

trast, clustering methods that rely solely on vanilla612

embeddings or standard algorithms either fail to613

cover key archetypes or produce overlapping clus-614

ters, underscoring the importance of using belief-615

aware, persona-disentangled representations to cap-616

ture the full spectrum of online discourse narra-617

tives.618

6 Discussion and Implications619

This study shows that conspiratorial discourse in620

Singapore-based Telegram groups is embedded621

within everyday communication rather than iso-622

lated spaces, challenging prevailing assumptions623

about online radicalization and highlighting the624

need to study such narratives within broader social625

discourse.626

Methodological implications: Our signed belief627

graph–based hierarchical clustering achieves the628

lowest cDBI (8.38) compared to standard methods 629

(13.60–67.27), indicating more interpretable narra- 630

tive archetypes (Krasnov and Sen, 2019). The Sign- 631

Disentanglement Loss effectively separates belief 632

polarity from stylistic variation, extending beyond 633

conspiracy detection to applications in stance de- 634

tection, political discourse analysis, and other tasks 635

requiring joint modeling of relational polarity and 636

semantic content. 637

Platform governance and generalizability: The 638

seven archetypes exhibit distinct conspiracy preva- 639

lence patterns, indicating that moderation should be 640

archetype-aware. For example, Medical Concerns 641

may benefit from targeted health interventions, 642

while Contradictions in Authority may require ap- 643

proaches addressing institutional trust deficits. Al- 644

though the framework is platform- and region- 645

agnostic, the identified archetypes reflect Singa- 646

pore’s socio-political context, underscoring the 647

need for cross-platform and cross-regional stud- 648

ies to distinguish universal from context-specific 649

patterns. 650

7 Conclusion 651

This study shows that conspiratorial discourse in 652

Singapore-based Telegram groups exists within ev- 653

eryday communication, spanning legal, health, me- 654

dia, and financial discussions, rather than in iso- 655

lated echo chambers. Using a two-stage framework 656

combining transformer-based classification and 657

Signed Belief Graph Neural Networks (SiBeGNN), 658

we identified seven narrative archetypes, reveal- 659

ing how conspiratorial content interweaves with 660

ordinary social interaction. The findings challenge 661

assumptions about online radicalization: narrative 662

archetypes from General Legal Topics to Con- 663

tradictions in Authority illustrate that pragmatic, 664

affective, and ideological communication coex- 665

ist. Even skepticism-laden clusters appear within 666

broader conversational contexts, highlighting the 667

need for interventions that consider conspiratorial 668

discourse’s embeddedness in everyday digital life. 669

Methodologically, the Sign-Disentanglement Loss 670

separates belief polarity from narrative style, yield- 671

ing superior clustering quality (cDBI = 8.38). This 672

approach offers a replicable framework for study- 673

ing belief-driven discourse across platforms, inte- 674

grating signed network analysis with transformer 675

embeddings to capture semantic content and rela- 676

tional structure, with applications in stance detec- 677

tion, and political discourse analysis. 678
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8 Limitations679

This study has several limitations presenting oppor-680

tunities for future research. First, our analysis relies681

on textual embeddings from a specific transformer682

model; alternative architectures or multimodal data683

may reveal different patterns. Second, our normal-684

ization and weighting schemes, while theoretically685

justified, remain heuristic and could be optimized686

for specific objectives. A critical limitation is our687

reliance on text-based features for archetype dis-688

covery. Narrative archetypes emerge from richer689

behavioral, temporal, and network-level dynamics690

beyond text alone. Notably, lurkers, users who con-691

sume content without contributing, remain invisi-692

ble to text-based analyses yet constitute substantial693

portions of communities and indirectly influence694

information ecosystems. Capturing such latent par-695

ticipation requires incorporating posting frequency,696

temporal activity patterns, engagement metrics, re-697

sponse latency, and structural network position698

(e.g., central versus peripheral actors). Future ex-699

tensions incorporating multimodal or interaction-700

based signals could better model latent behavioral701

dimensions underlying archetype formation. Fi-702

nally, our dataset is restricted to Singapore-based703

Telegram groups and may not generalize to other re-704

gions or platforms with different cultural contexts,705

regulatory environments, or community norms. Fu-706

ture work could incorporate temporal dynamics707

of cluster evolution (Shimgekar et al., 2025b,a),708

integrate engagement metrics and social network709

structure, and conduct cross-platform comparative710

studies to identify universal versus context-specific711

patterns.712

9 Ethical considerations713

We implemented privacy safeguards including para-714

phrasing, anonymization, and analysis at the aggre-715

gate level. We acknowledge risks of surveillance716

misuse and emphasize that institutional skepticism717

is a core element of democratic discourse, dis-718

tinct from false misinformation. Labeling health719

concerns as “conspiratorial” risks pathologizing720

legitimate grievances; our annotation protocols721

distinguish evidence-free claims from evidence-722

based criticism, though this boundary is context-723

dependent. We commit to public release of methods724

and code while restricting access to raw message725

data. The dataset may contain offensive or harmful726

language reflective of real-world discourse; we do727

not amplify such content and restrict access to the728

data in accordance with institutional ethical guide- 729

lines. 730

The labelling task required labeling each mes- 731

sage as conspiratorial or non-conspiratorial based 732

solely on message content, without attempting 733

to infer author intent or user identity. As anno- 734

tators were domain experts and collaborators on 735

the project, no formal consent process or risk dis- 736

claimer was required; however, annotators were 737

informed that the data may contain offensive or 738

sensitive language typical of online political dis- 739

course. 740
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A Appendix942

Text (masked for brevity) Label
Zionism – A political movement that sucks the world dry. The Synagogue of Satan consists of Jews
and non-Jews. (Biblical terminology hijacked strategically by Kazarian mafia/Mossad)

1

Long list of hawker centres temporarily closed for cleaning. Some users speculate the word “affected”
may imply closures targeting unvaccinated patrons; others verify on NEA website that closures are
for cleaning only. Debate arises over tone and intention. [...]

0

Table A1: Masked chat excerpts with binary conspiratorial labels. Each example is labeled as conspiratorial (1) or
not (0), with unimportant text masked using [...].

PCA Th. kmin kmax Batch State Coher.
0.5 0.75 2 20 64 42 0.372
0.5 0.75 3 20 64 42 0.381
0.5 0.75 4 20 64 42 0.365
0.5 0.80 2 20 64 42 0.388
0.5 0.80 3 20 64 42 0.379
0.5 0.80 4 20 64 42 0.384
0.6 0.75 2 20 64 42 0.376
0.6 0.75 3 20 64 42 0.363
0.6 0.75 4 20 64 42 0.382
0.6 0.80 2 20 64 42 0.386
0.6 0.80 3 20 64 42 0.374
0.6 0.80 4 20 64 42 0.386
0.7 0.75 2 20 64 42 0.368
0.7 0.75 3 20 64 42 0.383
0.7 0.75 4 20 64 42 0.360
0.7 0.80 2 20 64 42 0.371
0.7 0.80 3 20 64 42 0.378
0.7 0.80 4 20 64 42 0.372

Table A2: Ablation results for hierarchical clustering parameters. Coherence values remain within 0.360–0.390,
indicating stable behavior across parameter settings.

Loss Variant Avg. Coherence Silhouette Score Davies–Bouldin Index cDBI ∆ cDBI
Full SiBeGNN (all losses) 0.386 -0.021 3.233 8.38 —
w/o Lorth (no orthogonality) 0.341 -0.028 4.521 13.26 +58.2%
w/o Lsign (no sign consistency) 0.318 -0.032 5.187 16.31 +94.6%
w/o Lbelief (no belief alignment) 0.297 -0.037 5.894 19.85 +136.9%
w/o Lorth & Lsign (both removed) 0.289 -0.041 6.523 22.57 +169.3%
Only Lrecon (no task supervision) 0.251 -0.046 7.812 31.12 +271.4%
Vanilla RoBERTa (no GNN) 0.234 -0.015 8.246 35.24 +320.5%

Table A3: Ablation study of sign-disentanglement loss components. Each row reports performance when specific
loss terms are removed. ∆ cDBI denotes percentage degradation relative to the full model. Lower cDBI values
indicate better clustering quality.
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