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Abstract001

Graph-based modeling has emerged as a promi-002
nent approach in hate speech detection and Ex-003
tremist narratives analysis, offering a flexible004
framework to encode complex textual, struc-005
tural, and semantic signals. We propose GR-006
EN-A-DE, a novel graph-based Extremist Nar-007
rative model grounded in established linguis-008
tic and sociological theories. On top of this009
model, we design two learning strategies: a010
semi-supervised graph encoder–decoder and a011
contrastive learning framework for extremist012
feature detection. Our method is evaluated on013
a large-scale Extremist Narrative classification014
benchmark that considers various multilingual015
data (real and synthetic), comparing also our016
approach to state-of-the-art masked language017
models.018

1 Introduction019

Extremist Narratives (EN) are meaning-making020

systems that structure events, actors, and proposed021

actions in ways that divide the world into morally022

superior in-groups and dangerous, inferior out-023

groups (Postigo-Fuentes et al., 2025). They operate024

along two main axes: the relationship between in-025

group and out-group, and the proposed solution026

to a perceived crisis (Postigo-Fuentes et al., 2025;027

Ingram, 2016b). Extremism is expressed through028

the rigidity of the Us/Them dichotomy and the029

harm potential of the solution, ranging from exclu-030

sion and silencing to calls for violence (Mudde and031

Rovira Kaltwasser, 2017; Määttä, 2023).032

In this sense, the annotation schema devel-033

oped by Baider and Gregoriou (2024) provides034

an operationalization of EN structure by focus-035

ing on extreme speech and its linguistic realiza-036

tion. Such schema identifies not only in-groups037

and out-groups, but also initiating problems, so-038

lutions, emotional appeals, rhetorical devices, and039

extreme speech parameters such as intolerance, hos-040

tility, superiority, polarization, and perceived threat.041

Figure 1: Example of Extreme Narrative structure
carved out from the context of anti-immigrant senti-
ment spread. In-Group: refers to the group in need of
defense/protection, and the Out-Group: is the target of
a negative claim. The Problematization is characterized
by distrust of institutions and poses a threat to culture
and safety, with a Possible Solution that involves calling
for radicalization.

These features draw on well-established insights 042

into the linguistic construction of hate and extreme 043

speech, such as the emphasis on the in-group’s pos- 044

itive qualities and the out-group’s negative traits 045

(Van Dijk et al., 1998; Allport et al., 1954; Musolff, 046

2015), the use of dehumanizing metaphors (Baider 047

and Kopytowska, 2018), and the deployment of 048

conspiracy theories and threat narratives (Udupa 049

et al., 2021; Richardson and Wodak, 2022). To 050

that extent, the schema offers the linguistic and tex- 051

tual granularity necessary to detect how Extremist 052

Narratives are articulated in discourse. 053

In Figure 1, we depict an example of an Extrem- 054

ist Narrative in the context of an anti-immigrant 055

rhetoric (Veri and Maier, 2025; Smets et al., 2019) 056

spreading in online platforms. In a typical scenario, 057

local and hard-working people (the In-Group) feel 058

attacked by immigrants and local government poli- 059

cies. Such a structured relationship is seen to be 060

evolving around a problematization, where culture 061

and safety are in danger, while the proposed so- 062

lution involves reinforcing, or even radicalizing, 063
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anti-imigrant narratives to protect the in-group.064

The feature-rich annotation schema proposed by065

Baider and Gregoriou (2024) enables a nuanced un-066

derstanding of extremist discourse and creates op-067

portunities and challenges for computational mod-068

eling. Typically, narrative classification solutions069

rely on large pre-trained models (i.e., Transformer-070

based models) (Vaswani et al., 2023) or traditional071

ML classifiers. These approaches excel in cap-072

turing sequential and contextual dependencies in073

natural language; however, they are not designed074

to model and thus leverage heterogeneous, multi-075

feature datasets that combine textual, structural,076

and semantic signals.077

In this sense, we propose to define and tackle078

Extremist Narrative analysis by adopting graph079

representation learning, which offers a principled080

way to jointly encode multiple feature types and081

their dependencies through node and edge rela-082

tions, enabling richer contextualization than purely083

sequence-based architectures.084

Contribution We propose a novel Graph Extremist085

Narrative Model, called GR-EN-A-DE, designed086

based on a well-established linguistic and socio-087

logical framework of Extremist Narratives across088

multiple contexts. Upon GR-EN-A-DE, we de-089

sign two learning strategies: (a) a semi-supervised090

graph encoder-decoder framework, and (b) a con-091

trastive learning framework for extremist feature092

detection. We evaluate our contribution on an ex-093

tensive EN classification benchmark, considering094

both real and synthetic datasets and comparing our095

approach against state-of-the-art masked language096

models.097

2 Related Work098

Graph-based modeling has emerged as a promi-099

nent approach in hate speech detection and so-100

cial media analysis, offering a flexible framework101

to encode complex linguistic, social, and conver-102

sational structures. Textual elements such as to-103

kens, posts, or tweets are often represented as104

nodes, with semantic relations (e.g., PMI (Fano,105

1963), TF-IDF (Joachims et al., 1997)) defining106

edges, and thus, enabling Graph Neural Networks107

(GNNs) to capture fine-grained contextual depen-108

dencies (Wu et al., 2024; Bölücü and Canbay, 2021;109

Duong et al., 2022). Beyond text, user-centered ap-110

proaches model social interactions and community111

structure to incorporate behavioral context, improv-112

ing robustness and generalization (Mishra et al.,113

2019, 2018; Del Tredici et al., 2019; Chakraborty 114

et al., 2022). Temporal and structural graph rep- 115

resentations of retweet cascades and threaded dis- 116

cussions further support early detection of hate 117

propagation (Beatty, 2020; Hebert et al., 2022, 118

2023). Advanced architectures, including hyper- 119

graphs, heterogeneous graphs, and multimodal 120

models, extend this capacity by capturing higher- 121

order or cross-modal relationships (Mu et al., 2024; 122

Mou et al., 2021; Hebert et al., 2024). Graph- 123

based dialogue models have also been applied to 124

counter-narrative generation by leveraging full con- 125

versational context (Baez Santamaria et al., 2024). 126

Furthermore, graph-based studies have examined 127

how platform dynamics shape toxicity and polar- 128

ization (Chavalarias et al., 2023; Gaumont et al., 129

2018), while recent work highlights explainability 130

by identifying nodes and relations driving GNN 131

predictions (Wasi, 2023). 132

Following the research line introduced, we 133

present a novel graph-based model that accounts for 134

the complex relationships in the context of Extrem- 135

ist Narrative analysis. Before formally introducing 136

the model and the Machine Learning framework, 137

we define, in the following section, the narratolog- 138

ical aspects and entities at the core of Extremist 139

Narratives. 140

3 The GR-EN-A-DE Model 141

3.1 Extremist Narratives Features 142

Extremist Narrative Identification. The study 143

of Extremist Narratives has recently shifted from 144

theoretical analyses of ideology and discourse to 145

systematic, operational perspectives capable of cap- 146

turing their structural and contextual complexity, 147

and revealing how Extremist Narratives construct 148

moral hierarchies and collective identities, portray- 149

ing in-groups as superior and out-groups as threat- 150

ening, thereby facilitating polarization and legit- 151

imizing hostile or exclusionary actions (Määttä, 152

2023; Beyer and Schauer, 2021). Such narratives 153

often rely on storytelling, emotional appeals, his- 154

torical references, and conspiratorial or populist 155

elements to link crises to out-groups and solutions 156

to in-groups, framing radical or violent action as 157

morally justified (Postigo Fuentes et al., 2024; In- 158

gram, 2016a; Reed and Dowling, 2018; Glazzard, 159

2017; Hidalgo, 2021) . 160

Extremist Narrative Entities. Based on the in- 161

troduced conceptual framework and the extensive 162

study of Baider and Gregoriou (2024) and Postigo- 163
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Fuentes et al. (in press), we consider three intercon-164

nected levels in the discourse: (I) Group identity165

level, namely In-group and Out-group, (II) Thesis166

level, the central problem, a.k.a Initiating prob-167

lem attributed to the Out-group, and (III) the Out-168

come level, which identifies the target actions and169

the presence of a radical responses, namely Hostil-170

ity, Intolerance, Threat, Polarization, Solution and171

Topic.172

In our work, we argue that learning Extremist173

Narrative patterns must rely on the identification174

of a relational topology in which meaning emerges175

through the connection of different contexts. There-176

fore, rather than treating a corpus under the lens as177

a collection of independent (annotated) elements,178

we aim to define a graph structure that explicitly179

states the narrative logic and the level of connec-180

tion, e.g., who speaks, about whom, and toward181

which actions. Intuitively, such a representation182

can directly capture both the local tensions (e.g., a183

cluster binding an out-group to a specific grievance)184

and the broader narrative trajectories that guide au-185

diences from identity claims to action prescriptions.186

In the following sections, we formally introduce187

the proposed model and subsequently describe the188

novel Extremist Narrative classification framework189

that leverages it.190

3.2 Extremist Narrative Graphical Model191

We define a graph model in which in-group and192

out-group features are encoded as attributes of ex-193

tremist discourse connections among nodes, which194

in turn represent textual feature dimensions. Our195

assumption is that this model captures potential196

causal relationships within the complex rhetoric197

of extremist discourse, thereby providing a spatial198

structure for the narrative.199

Formally, we define the Extremist Narrative200

Model (GR-EN-A-DE) as an attributed graph: G =201

(V,E, ϕV ) where: (V ) is a finite set of nodes,202

(E ⊆ V × V ) is a set of undirected edges, ϕV203

is a node attribute function.204

Each node v ∈ V is associated with attributes205

provided by the following functions:206

Hostility : V → {0, 1}, Initiating Problem :207

V → {0, 1}, Intolerance : V → {0, 1}, Threat208

: V → {0, 1}, Polarization : V → {0, 1}, So-209

lution : V → {0, 1}, Topic : V → T , where210

T = {t1, t2, . . . , tk} is a finite set of topic cate-211

gories, Target Group : V → T G, where T G =212

{tg1, tg2, . . . , tg′k} is a finite set of narrative target213

group, Annotation Type : V → AT , where AT =214

{at1, at2, . . . , at′′k} is a finite set of annotation type 215

categories, In-Group : V → L and Out-Group : 216

V → L, where L = {g1, g2, . . . , gk} ∪ {⊥} be 217

the finite set of group identities of interest, with ⊥ 218

denoting the undefined value. 219

Therefore, the node attribute function is de- 220

fined as: ϕV (v) = Hostility(v), Initiating Prob- 221

lem(v), Intolerance(v), Threat(v), Polarization(v), 222

Solution(v), Topic(v), Target Group(v), Annota- 223

tion Type(v), In-Group(v), Out-Group(v), where 224

v ∈ V . 225

4 Extremist Narrative Classification 226

Framework 227

Here, we present the details of our novel EN clas- 228

sification framework based on GR-EN-A-DE. In 229

Figure 6 we depict the main algorithmical compo- 230

nents, showing the overall architecture of our EN 231

classification framework composed by three differ- 232

ent blocks : I) Embedding computation and graph 233

initialization, II) Graph Model Learning, and III) 234

Node attribute prediction. 235

4.1 Graph Initialization 236

In our solution, we start to construct G considering 237

that each vertex vi ∈ V refers to a text sample 238

embedding represented in a d-dimensional feature 239

space (Rd). 240

We illustrate in Figure 3 the GR-EN-A-DE con- 241

struction steps. We initialize the graph using the 242

K-nearest neighbor algorithm (Cover and Hart, 243

1967) on the node features, generating an initial 244

set of edges (EkNN ⊆ E), which connect the K 245

similar nodes to each candidate. We enrich the 246

model, adding extra edges (Eatt ⊆ E) between 247

vertices that encode text concerning the same In- 248

group or Out-group. Hence, for each (v, v′) ∈ Eatt, 249

at least one of the following conditions hold: In- 250

Group(v) = In-Group(v′) and Out-Group(v) = Out- 251

Group(v′). 252

We leverage the topology of the generated graph- 253

ical model using two graph learning paradigms, 254

presented in the following subsection. 255

4.2 Graph Model Learning 256

Semi-supervised graph learning Semi-supervised 257

graph learning refers to a class of learning 258

paradigms in which models leverage both labeled 259

and unlabeled nodes in a graph to infer node rep- 260

resentations and predict target properties (Jiang 261

and Bai, 2024), exploiting the relational structure 262
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Figure 2: Extremist Narratives Classification Framework. (a) Initialization of GR-EN-A-DE model from the
annotated corpus. (b) Self-supervised contrastive graph structure learning. (c) Semi-supervised graph learning (d)
Masked Language Model baseline.

Figure 3: EN Graph construction pipeline. (1) Each text smaple is embedded using a pretrained SBERT model and
represents a node. (2) We compute kNN edges for each node based on embedding similarity and construct an initial
graph. (3) We add co-membership edges based on shared EN categorical attributes (In-Group, Out-Group, etc.).
The final graph captures both semantic and contextual relationships among text samples.

Figure 4: Semi-supervised graph learning

encoded in the graph, such as edges representing263

interactions, similarities, or relations between node264

attributes.265

In Figure 4 we show the architecture of semi-266

supervised learning. For a given graph G = (V,E)267

with node features R|V |×d, the encoder is defined268

as: H = fθ(X,A) where A is the adjacency matrix269

of the graph, H ∈ R|V |×d′ is the matrix of node270

embeddings (with d′ < d), and fθ is a graph neural271

network parameterized by θ that aggregates neigh-272

borhood information. The learned embeddings are273

then passed through a task-specific MLP head for274

prediction Ŷ = gϕ(H), where gϕ is a multi-layer275

perceptron parameterized by ϕ and Ŷ contains the276

predicted attributes of the nodes.277

Contrastive Learning Contrastive Learning has278

emerged as a powerful framework for graph repre-279

sentation learning, whose objective is to align node280

Figure 5: Self-Supervised graph contrastive learning.
The input G undergoes two data augmentations τa and
τb to generate the two graph views Ga and Gb, both of
which are encoded by the same GNN fθ to produce the
representations Ha and Hb, which are then optimized
using the contrastive loss Lcontrastive in order to max-
imise the agreement between the two views.

embeddings across multiple augmented views of 281

the same graph (You et al., 2020; Liu et al., 2022). 282

Although originally designed for unlabeled graphs, 283

we extend contrastive learning to incorporate avail- 284

able node labels, to guide embedding refinement 285

and improve representation quality. 286

Our approach builds upon the StrUcture 287

Bootstrapping contrastive LearnIng fraMEwork 288

(SUBLIME) proposed by (Liu et al., 2022), which 289

effectively captures structural information through 290

4



graph augmentations and contrastive objectives.291

As illustrated in Figure 5, the input graph G =292

(V,E), with node features X ∈ R|V |×d, is sub-293

jected to two stochastic augmentation functions,294

τa and τb, resulting in two distinct graph views295

Ga and Gb. These augmentations can involve ran-296

dom edge/node dropping, attribute masking, or sub-297

graph sampling. Each view is then passed through298

a shared graph neural network (GNN) encoder fθ,299

yielding node representations Ha = fθ(Xa, Aa)300

and Hb = fθ(Xb, Ab), where Aa and Ab denote301

the adjacency matrices of the respective views.302

To encourage view-invariant representations, we303

optimize a contrastive loss Lcontrastive that aligns304

embeddings of the same node across views while305

pushing apart representations of different nodes.306

The contrastive loss is defined as:307

Lcontrastive =
1

2n

n∑
i=1

[ℓ(za,i, zb,i) + ℓ(zb,i, za,i)] ,308

where309

ℓ(za,i, zb,i) = − log
exp (sim(za,i, zb,i)/t)∑n

k=1 exp (sim(za,i, zb,k)/t)
.310

Here, sim(·, ·) denotes cosine similarity, t is a tem-311

perature parameter, and n is the number of nodes.312

Node embeddings are enriched by concatenating313

textual features xi with additional encoded node at-314

tributes ci (i.e., in-group and out-group), producing315

a combined representation316

zi = fθ(xi, ci)317

that captures both structural and contextual in-318

formation. These enriched embeddings are then319

used in the contrastive objective, where the sim-320

ilarity sim(za,i, zb,i) reflects both graph structure321

and node-level context, strengthening the quality322

of the learned representations for downstream node323

classification tasks.324

5 Experimental Setup325

In this section, we present the experimental frame-326

work employed to evaluate the proposed EN clas-327

sification framework, detailing the datasets and328

model configurations.329

Model training and evaluation were carried330

out using key libraries such as transformers,331

datasets, PyTorch-geometric, and DGL1. Com-332

prehensive information on package versions333

1https://www.dgl.ai/

and the computational environment is available 334

in our repository to facilitate reproducibility: 335

https://anonymous.4open.science/r/ARR_ 336

PPR_SUBMISSION-8139/. 337

5.1 Datasets and Data Preparation 338

To evaluate our approach, we use three datasets 339

covering multiple languages and containing anno- 340

tations and metadata related to Extremist Narra- 341

tives. These include ToxiGen (Hartvigsen et al., 342

2022), FRENK (Ljubešić et al., 2019), and a newly 343

collected Multilingual EN Corpus curated from 344

social media platforms in French, German, Slove- 345

nian, and Cypriot Greek. 346

The first two datasets are publicly available un- 347

der permissive licenses, and the Multilingual EN 348

Corpus is intended to be released for research use. 349

Our use of these resources is consistent with their 350

original purpose, primarily classification and mod- 351

eration of hate and extremism related content. 352

In the following subsections, we describe each 353

dataset and its preprocessing steps in detail. We 354

moreover add in the Appendix (section A) finer 355

details of the analyzed datasets. 356

5.2 Models and Training Setup 357

We evaluate two graph based modeling approaches, 358

namely a self supervised graph learning framework 359

and a contrastive graph learning framework, and 360

compare them with a transformer based text classi- 361

fication baseline using BERT Base uncased (Devlin 362

et al., 2019). All experiments are conducted on an 363

infrastructure equipped with NVIDIA A100 GPUs 364

with 80 GB of memory, 2 TB of system memory, 365

and dual AMD EPYC 7543 Milan processors with 366

32 cores operating at 2.80 GHz. 367

5.2.1 Framework Settings 368

To build the GR-EN-A-DE model (refer to Fig- 369

ure 6), we first embed text instances using a pre- 370

trained sentence encoder (Sentence Bert) (Reimers 371

and Gurevych, 2019). 372

Semi-Supervised Learning In the Semi- 373

Supervised Learning pipeline, we employ the 374

GraphSAGE framework (Hamilton et al., 2018), 375

which adopts a graph encoder to learn node 376

embeddings using the iterative message passing 377

paradigm, allowing information to diffuse across 378

semantically similar nodes and mitigate noise 379

in individual feature vectors. To optimize the 380

hyperparameters, we conduct a grid search over 381

dropout rates (0.2, 0.4, 0.6), hidden dimensions 382
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(64, 128), learning rates (1e-3, 5e-3), activation383

functions (relu", "elu"), and Jumping Knowledge384

models (JK) ("lstm", "cat", "max") following (Xu385

et al., 2018). Each configuration was trained386

over 600 epochs on a fixed random seed (42).387

We manually inspect the loss values evolution388

during the training of all these parameters and389

run ablation studies to confirm the behavior of390

each one. We notice that the configuration with391

the highest dropout (0.6) and a large lr (0.005)392

achieved the best validation performance overall.393

Upon close inspection we realize that this happens394

only after two epochs suggesting that the model395

quickly learned to separate the classes but may396

overfit afterwards. This is why for the experiments397

we employ a more conservative setup (dropout 0.2,398

lr 0.001, ELU, JK-LSTM) which showed a slower399

and more stable learning.400

Contrastive Learning In the Contrastive Learn-401

ing pipeline, the views are refined using Feature402

Graph Prior (FGP) learners Liu et al. (2022). Node403

embeddings are optimized via contrastive learning404

with random edge dropout (pa = 0.2) and feature405

masking (px = 0.35). Both views are encoded406

with a shared 2-layer GraphSAGE encoder (Hamil-407

ton et al., 2018) (hidden dimension 256, dropout408

0.5) and projected through an MLP (representation409

dimension 256, projection dimension 128). Train-410

ing runs for 4000 epochs using Adam (learning411

rate 0.005, weight decay 1× 10−4) with a global412

contrastive loss temperature of t = 0.08.413

Downstream Node Classification Node em-414

beddings are used for classification with a two-415

layer GraphSAGE model (hidden dimension 256,416

dropout 0.5), incorporating Batch Normaliza-417

tion and Jumping Knowledge concatenation to418

aggregate information across layers. A fixed419

train/validation/test split (60/20/20) is applied, and420

models are trained for 600 epochs using Adam421

(learning rate 0.01, weight decay 5 × 10−4). Per-422

formance is evaluated using macro-averaged F1 of423

classification performed on the test set . Multiple424

seeds (0, 21, 42, 84, 123) are used to ensure robust-425

ness, and results are reported as mean ± standard426

deviation.427

6 Results428

6.1 Sensitivity Analysis429

We first conduct a sensitivity analysis to assess430

the impact of graph construction choices on node431

classification performance. In particular, we vary432

the number of neighbors k ∈ {5, 10, 15, 25} used 433

in the k-nearest neighbor graph and the maximum 434

number of attribute edges per node in Eattr denoted 435

as Max EN ∈ {0, 10, 50, 100, 150, 200}. When 436

Max EN is equal to 0, the considered graph is ob- 437

tained exclusively by applyinh the K −NN algo- 438

rithm. 439

6.1.1 Discussion 440

In Figures 6 and 7 we present the results of the 441

sensitive analysis for all the datasets, varying the 442

Max EN and K respectively. 443

Detailed results for each dataset are provided in 444

the appendix (Tables 2, 3, 4, 5, 6, 7, 8, and 9, 10, 445

11, 12, 13). 446

Toxigen Incorporating a small number of auxil- 447

iary features substantially improves performance 448

on Toxigen across both learning paradigms (see 449

Tables 2, and 3). For Semi-Supervised graph learn- 450

ing, the results indicate that performance is mainly 451

influenced by the maximum number of auxiliary 452

features rather than the choice of k. For example, 453

at k = 5, increasing Max from 0 to 10 improves 454

the score from 68 to 72. Beyond this point, gains 455

diminish and performance stabilizes or slightly de- 456

creases, while variations in k lead to only marginal 457

changes. When using Contrastive Learning, a 458

similar trend is observed: Max EN = 10 achieves 459

the highest F1 scores (65-66), outperforming Max 460

EN = 0 (63-64) by approximately 1.5-2 points. Fur- 461

ther increases in Max EN provide only marginal or 462

inconsistent improvements, and changes in k have 463

limited impact, indicating that a small amount of 464

auxiliary information captures most of the benefit. 465

FRENK Incorporating auxiliary features sub- 466

stantially improves performance on the FRENK 467

dataset across both learning paradigms (see Tables 468

4, 5). For Semi-Supervised graph learning, perfor- 469

mance is strongly influenced by the number of node 470

features (Max EN), while variations in the number 471

of neighbors k have a smaller effect. For example, 472

in the LGBT subset at k = 10, increasing Max EN 473

from 0 to 10 decreases the F1 score from 99.17 to 474

86.33, but further increases in Max EN (50–200) re- 475

cover and stabilize performance around 99.0–99.1. 476

For the Migrants subset, scores are already high 477

at Max EN = 0 (98.95) and remain stable across 478

higher Max EN values. Contrastive Learning 479

shows a stronger positive effect of auxiliary fea- 480

tures. In FRENK-LGBT, F1 scores increase from 481

83–90 at Max EN = 0 to 97–99 for Max EN ≥ 10, 482
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Figure 6: Node Classification in Toxigen, FRENK and the Multilingual EN Corpus: Mean Macro F1 scores for the
target labels. Results are reported using node attributes, varying the number of node features considered per node
(Max EN attributes).

representing gains of up to 15 points. FRENK-483

Migrants exhibits a comparable improvement, ris-484

ing from 87–94 to 95–99 for Max EN ≥ 10. Per-485

formance is most stable for Max EN = 50–200 and486

k = 10–25, demonstrating that relational modeling487

with attribute-enriched nodes effectively enhances488

classification, particularly when a moderate to large489

number of auxiliary features are incorporated.490

Multilingual EN Corpus In Tables 6, 7, 8, and491

9, 10, 11, 12, 13) we report macro F1 scores for492

the Multilingual EN Corpus. Across all languages,493

incorporating node features consistently improves494

performance relative to the attribute-free baseline495

(Max EN = 0), whereas variations in neighborhood496

size (k) have limited impact.497

For German, in Semi-Supervised graph learn-498

ing, moderate feature sets (Max EN = 10–50) sta-499

bilize F1 scores, with gains of 2–3 points for labels500

such as Intolerance (62 → 65) and Polarization (55501

→ 57) compared with Max EN = 0, while varia-502

tions in k have little effect. For Contrastive Learn-503

ing, including node features increases F1 by 3–6504

points across most labels, notably Hostility, Intoler-505

ance, Threat, Polarization/Othering, and Solution,506

with the largest gains observed when considering a507

small to moderate number of features (Max EN =508

10–50), and limited additional improvement from509

larger feature sets.510

For French, auxiliary features generally improve511

performance, though some minor drops occur in512

some settings. In Semi-Supervised learning, mod-513

erate Max EN (10–50) boosts F1 for labels like514

Topic (67 → 71.05), or Threat (54 → 58) while 515

labels Initiating Problem show slight decreases 516

at some settings (e.g., 63 → 58). Larger Max 517

EN (100–200) stabilizes scores within 1–2 points. 518

Larger improvements are observed for Contrastive 519

Learning, with F1 gains of 4–14 points, partic- 520

ularly for Topic, Threat, Hostility, and Polariza- 521

tion/Othering. Performance stabilizes once a mod- 522

erate number of node features is included, with 523

additional features yielding only marginal gains. 524

In Cypriot Greek, in Semi-Supervised learning, 525

moderate Max EN (10–50) improves labels like 526

Hostility (58 → 62), Intolerance (62.74 → 64.55), 527

and Topic (57 → 62) while some labels such as 528

Initiating Problem show minor drops. Higher Max 529

EN (100–200) stabilizes scores across all labels, 530

with diminishing gains. For Contrastive Learn- 531

ing baseline performance is strong for Topic and 532

Initiating Problem but lower for Hostility and Intol- 533

erance; incorporating node features substantially 534

enhances these weaker categories, yielding gains 535

up to 15 points before saturating at higher Max EN 536

values. 537

In Slovenian, for Semi-Supervised learning, in- 538

creasing node features and neighbors mainly im- 539

proves Topic, while other labels such as Hostility, 540

Initiating Problem, Intolerance, Threat, Polariza- 541

tion, and Solution show minor fluctuations or oc- 542

casional drops. In Contrastive Learning, includ- 543

ing node features improves weaker labels such as 544

Initiating Problem, Threat, and Solution by 3 to 8 545

points, with peak performance at moderate Max EN 546

values, while additional features provide smaller or 547

7



Figure 7: Node Classification in Toxigen, FRENK and the Multilingual EN Corpus: Mean Macro F1 scores for the
target labels. Results are reported using node attributes, varying the number of neighbors (k) used to construct the
graph.

less stable gains.548

6.2 Overall Performance549

Table 1 (Appendix) summarizes the results for550

models trained with and without attribute edges551

(Max EN = 0), reporting the minimum and maxi-552

mum performance among the different tested set-553

tings. We compare our approach with a fine-tuned554

BERT Base uncased model (Devlin et al., 2019) for555

text classification using the [CLS] representation.556

Across all datasets, incorporating node features557

consistently improves performance compared to558

models trained without them. Furthermore, mod-559

els leveraging graph-based representations outper-560

form the text-only BERT baseline, demonstrating561

the benefits of modeling relational and contextual562

dependencies in EN prediction tasks. Semi su-563

pervised learning with added EN attributes Graph-564

SAGE yields stable improvements over both the565

baseline MLM and its KNN-only counterpart (re-566

ferred to as SS w/o node attr in table 1). This567

suggests that propagating attribute information is568

beneficial beyond simple neighborhood-based su-569

pervision, with relative performance gains of up to570

+6.95% and a mean improvement of +1.90% across571

evaluated settings. However, in a small number of572

cases, when predicting EN attributes the KNN-only573

variant slightly outperforms the attribute-enriched574

model. This is the case for example of Threat in the575

German dataset and "Polarization" in the Slovenian576

dataset.577

Finally, the contrastive learning approach pro-578

vides a modest but consistent improvement over579

semi-supervised-only training. Incorporating ex- 580

plicit contrastive objectives results in relative gains 581

of up to +10.86%, with a mean improvement of 582

+2.55%, suggesting that contrastive supervision fur- 583

ther enhances the model’s ability to capture struc- 584

tural relationships in the graph. 585

7 Conclusion 586

We presented GR-EN-A-DE, a novel graph-based 587

Extremist Narrative model upon which we pro- 588

posed a classification framework based on two 589

graph learning strategies: a semi-supervised en- 590

coder–decoder and a contrastive learning approach. 591

Experiments on different available and newly pro- 592

posed datasets show that incorporating relational 593

and node-level information consistently improves 594

performance over text-only baselines, emphasiz- 595

ing the importance of modeling structural and con- 596

textual dependencies. These findings demonstrate 597

the potential of graph-based methods for analyz- 598

ing complex social and linguistic phenomena and 599

motivate future exploration of graph architectures 600

and feature integration in multilingual and cross- 601

domain settings. 602

Limitations 603

Extremist narratives are inherently complex and 604

highly context-dependent, making annotation chal- 605

lenging and introducing subjectivity into the labels. 606

Annotator confidence in the Multilingual EN Cor- 607

pus was generally moderate, underscoring the diffi- 608

culty of consistently identifying and categorizing 609

8



extremist content. These factors may limit the relia-610

bility of the training data and, in turn, affect model611

performance. The results of our effort, which is612

among the first in this direction, indicate that lever-613

aging relational and contextual information through614

graph-based methods is a more effective approach615

for modeling and classifying extremist content. To616

extend our work, ad-hoc graph-based explainabil-617

ity is essential to understand how and under which618

conditions the adopted models capture and lever-619

age complex extremist narrative structures such as620

actors and actants (e.g., in-group versus out-group),621

role configurations (victim, aggressor, defender),622

patterns of conflict, causal links, and underlying623

moral or ideological frames.624
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A Appendix871

A.1 Benchmark Datasets872

A.1.1 ToxiGen873

Dataset Overview. ToxiGen is an open-source,874

large-scale benchmark English dataset developed875

by Hartvigsen et al. (2022) for detecting and eval- 876

uating toxic and socially biased language. It cap- 877

tures both explicit and implicit expressions of toxi- 878

city across a broad spectrum of social groups and 879

identity categories, addressing the limitations of 880

earlier resources that primarily focused on overt 881

hate speech or profanity. The dataset contains 882

274K statements-approximately half toxic and half 883

benign-generated through a combination of human- 884

authored prompts and machine-generated contin- 885

uations using the GPT-3 language model. The 886

data generation process employed demonstration- 887

based prompting, a technique in which example 888

sentences guide the model to produce new state- 889

ments that mention minority groups in both neu- 890

tral and biased ways. ToxiGen spans 13 minority 891

identity groups, including racial, gender, sexual, 892

religious, and disability-related categories (e.g., 893

African American, Muslim, LGBTQ+, Women, 894

Physically or Mentally Disabled, Jewish, Asian, 895

and Latino). The resulting corpus consists largely 896

of human-like text, most of which lacks explicit 897

slurs, making it suitable for studying implicit prej- 898

udice and model bias. 899

Labels and Auxiliary Attributes. Each instance 900

in ToxiGen is accompanied by multiple annotations 901

describing how social groups are referenced and 902

discussed. In our setting, the target_group field is 903

used to identify the social or identity group men- 904

tioned in the text and serves as the primary signal 905

for associating instances with targets. 906

Additional annotations provide complementary 907

information about the linguistic and pragmatic 908

properties of the statement. Specifically, the 909

ingroup_effect field indicates whether identity- 910

aligned or self-referential language is used, while 911

framing characterizes the communicative intent of 912

the statement (e.g., moral judgment, disagreement, 913

or causal explanation). These annotations are in- 914

corporated as auxiliary attributes to enrich node 915

representations. 916

Data Filtering. To ensure sufficient represen- 917

tation for model training, we excluded minority 918

classes that individually accounted for less than 919

5% of the data. These removals correspond to a 920

small fraction of the total dataset, ensuring that the 921

overall coverage and distribution remain largely 922

unaffected. 923
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A.1.2 FRENK924

Dataset Overview. FRENK (Ljubešić et al.,925

2019) is a collection of Facebook comment threads926

responding to mainstream media posts in Slovene927

and English. Developed within the Slovene na-928

tional project FRENK, the dataset focuses on two929

topics (migrants and LGBT) and is manually an-930

notated for both the type of socially unacceptable931

discourse (SUD) and its targets. The annotation932

schema distinguishes six types of SUD (acceptable933

speech, inappropriate speech, background offen-934

sive, background violence, other offensive, other935

threat/violence) and five possible targets (migrants936

or LGBT individuals, related groups or organiza-937

tions, journalists and media, other commenters,938

others).939

The dataset comprises 30 Slovene posts on mi-940

grants, 93 on LGBT, 16 English posts on migrants,941

and 14 on LGBT, totaling roughly 4,500-6,500942

comments per topic. Each comment received multi-943

ple annotations, averaging 7-9 per comment, result-944

ing in over 40K annotations per topic and language.945

Labels and Auxiliary Attributes. We use the946

annotation_type field as the primary label, indi-947

cating the type of socially unacceptable speech.948

Complementary information is captured through949

the anonymized user_id and the annotation_target950

fields. The user_id reflects the commenter’s per-951

spective, implicitly providing an in-group signal,952

while annotation_target identifies the referenced953

group or entity similarly to the out-group. These954

fields facilitate the construction of relational edges955

and node attributes in the graph, supporting the956

modeling of interaction and reference patterns with-957

out exposing personal information.958

Data Filtering. For our experiments, we used959

only the English subset of FRENK and aggregated960

multiple annotations per comment via majority961

vote. Similar to ToxiGen, rare classes representing962

less than 5% of the data were excluded. These pre-963

processing steps retain the majority of the dataset964

while ensuring reliable and consistent labels for965

model training.966

A.1.3 Multilingual EN Corpus967

Data Selection and Collection. The selection968

and collection of data followed a structured and969

collaborative process between the research teams970

and the data engineers to ensure alignment between971

the project’s research goals and technical feasibility.972

Preliminary discussions led to identifying the rele- 973

vant digital platforms (Twitter, Facebook, TikTok, 974

YouTube, Telegram, and Wikipedia) as key arenas 975

of political discourse across Europe. Researchers 976

in each country mapped social media accounts of 977

politicians, political parties, institutions, and other 978

influential actors deemed relevant for the analy- 979

sis. The inclusion criteria focused on accounts that 980

produced or shared content aligned with Extremist 981

Narratives, with particular attention to right-wing 982

ideologies. Content was selected if it addressed 983

topics such as science, gender, or nation in ways 984

that reflected closed, non-negotiable, or potentially 985

violent discourse, or that displayed chauvinistic, 986

xenophobic, misogynistic, or homophobic motives, 987

or a rejection of scientific knowledge. This focus 988

is theoretically justified by the growing political 989

and social impact of far-right ideologies across 990

Europe, which often stand in opposition to the 991

core democratic values of inclusivity, equality, and 992

mutual respect that underpin the European Union 993

(Mudde, 2007; Forti, 2021). As noted in recent 994

studies (Kallis, 2013; Brown et al., 2023; Ivaldi, 995

2024), far-right ideas are increasingly adopted or 996

normalized within mainstream right-wing parties, 997

further motivating a broader analysis of right-wing 998

discourse online. Data collection was conducted 999

through platform APIs (Twitter, TikTok, YouTube, 1000

and Wikipedia) while data from Facebook and Tele- 1001

gram were limited to publicly available content 1002

due to technical restrictions. The process ensured 1003

that both qualitative and quantitative data were col- 1004

lected in a transparent, systematic manner, includ- 1005

ing textual content, nodes, and engagement metrics 1006

where available. 1007

Annotation Process. A subset of the collected 1008

dataset was subjected to manual annotation to en- 1009

able systematic qualitative analysis. In total, 1,002 1010

tweets (334 per topic) were annotated by two in- 1011

dependent annotators per language following the 1012

annotation schema developed and published in 1013

Baider and Gregoriou (2024). This schema pro- 1014

vided the theoretical and methodological frame- 1015

work for identifying and classifying relevant dis- 1016

cursive elements in the corpus, ensuring that the 1017

annotation process was consistent and replicable 1018

across annotators. 1019

Annotation Quality Assessment. Each dataset 1020

was independently annotated by two expert annota- 1021

tors. To evaluate annotation reliability, we applied 1022

the Cleanlab framework (Northcutt et al., 2022), 1023
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Figure 8: Mean annotator confidence across languages
for target features: Perceived Threat, Initiating Problem,
Polarization/Othering, Hostility to out-group.

which estimates the probability of label correctness1024

using confident learning. Sentence embeddings1025

were generated with a SentenceTransformer model1026

(MiniLM-L3-v2) to represent each instance in a1027

high-dimensional semantic space. A simple logis-1028

tic regression classifier with cross-validation was1029

then used to predict label probabilities for each fea-1030

ture. For each language, and class, we computed1031

the mean Cleanlab confidence score per annota-1032

tor, representing the expected correctness of labels.1033

Mean annotator confidence ranged between 0.5 to1034

0.6 across languages reflecting the task’s inherent1035

complexity and thus the moderate certainty for tar-1036

get features(Perceived Threat, Initiating Problem,1037

Polarization/Othering, Hostility to out-group). On1038

the other hand, we note that Confidence is very1039

similar across annotators.1040

Annotation Alignment To derive a single gold1041

label from two independent annotations, we ap-1042

plied a deterministic set of disagreement-resolution1043

rules designed to favor unambiguous interpreta-1044

tions. Prior to merging, duplicate texts were re-1045

moved from the dataset, retaining only the first1046

occurrence to prevent redundancy and label leak-1047

age.1048

For binary labels (True/False), any disagreement1049

was resolved by assigning the negative class, re-1050

flecting a conservative bias against over-annotation.1051

For ordinal or scalar labels, disagreements were1052

resolved by selecting the lower or weaker value.1053

Specifically, Tone of Post was set to the lower-1054

valued tone, while Topic and Narrator were set1055

to Irrelevant and Unclear, respectively, in cases of1056

disagreement.1057

Disagreements for In-Group and Out-Group la-1058

bels were resolved using a hierarchy based on po-1059

litical orientation and specificity. If both annotators1060

selected values within the same political spectrum 1061

but differed in extremity (e.g., Left vs. Far-Left), 1062

the less extreme category was selected. If annota- 1063

tors selected opposing political orientations (e.g., 1064

Left/Far-Left vs. Right/Far-Right), the label was set 1065

to Political Party(ies), indicating a generalized po- 1066

litical reference. When one annotation was Other 1067

Country and the other Other, the merged label was 1068

set to Other. All remaining unresolved disagree- 1069

ments were assigned None/Unclear. 1070

If a label was missing from one annotation but 1071

present in the other, the present label was retained, 1072

assuming annotator omission rather than disagree- 1073

ment. For the Character(s) attribute, when one 1074

annotation was Explicit and the other Implicit, the 1075

merged label was set to Implicit, reflecting a more 1076

cautious interpretation. 1077

A.2 Detailed Experimental Results 1078
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Dataset Method Target Group Annot. Type Hostility Init. Problem Intolerance Threat Polarization Solution Topic

Toxigen

SS w/o node attr. - - - - - - - - -
SS w node attr. 71.800.372 - - - - - - - -

CL w/o node attr. 63.690.85 - - - - - - - -
CL w node attr. 65.601.21 - - - - - - - -

Baseline 71.271.21 - - - - - - - -

LGBT

SS w/o node attr - 99.270.12 - - - - - - -
SS w/ node attr - 99.190.06 - - - - - - -

CL w/o node attr - 89.870.80 - - - - - - -
CL w/ node attr - 98.780.35 - - - - - - -

Baseline - 65.123.00 - - - - - - -

Migrants

SS w/o node attr - 98.950.00 - - - - - - -
SS w/ node attr - 98.950.00 - - - - - - -

CL w/o node attr - 93.950.40 - - - - - - -
CL w/ node attr - 98.880.07 - - - - - - -

Baseline - 67.240.78 - - - - - - -

GER

SS w/o node attr - - (58.71-61.28)1.18 (62.70-63.63)0.40 (62.20-62.96)0.33 (61.91-63.20)0.58 (54.81-56.07)0.58 (56.03-57.77)0.75 (62.33-63.29)0.42
SS w/ node attr - - (58.03-60.86)0.80 (62.04-64.48)0.71 (63.34-65.46)0.68 (60.19-62.62)0.61 (54.79-57.18)0.69 (54.02-57.97)1.08 (62.74-64.20)0.35

CL w/o node attr - - (59.55-63.59)1.95 (62.78-65.22)1.15 (55.96-61.44)2.53 (57.90-59.88)0.98 (50.53-54.36)1.65 (56.79-61.43)2.12 (68.23-70.18)0.89
CL w/ node attr - - (58.61-63.71)1.46 (54.32-63.52)2.56 (55.62-61.89)1.63 (58.16-63.47)1.50 (52.04-58.38)1.57 (52.98-59.60)1.79 (63.64-67.96)1.12

Baseline - - 44.06 4.29 52.77 8.24 57.03 3.05 50.91 4.53 47.81 6.61 51.72 7.73 60.16 3.45

FR

SS w/o node attr - - (54.93-56.26)0.55 (62.05-63.46)0.65 (62.61-63.16)0.24 (54.28-54.49)0.09 (55.34-56.38)0.49 (55.43-56.02)0.28 (67.43-69.33)0.89
SS w/ node attr - - (54.95-58.22)0.88 (57.67-63.03)1.66 (60.60-63.14)0.65 (53.64-58.00)1.24 (52.75-56.04)0.85 (54.29-57.55)0.70 (66.75-71.05)0.97

CL w/o node attr - - (51.14-56.22)2.18 (58.21-62.36)1.73 (48.07-52.52)1.88 (47.14-47.80)0.30 (46.67-49.38)1.41 (48.21-51.29)1.29 (50.92-56.47)2.64
CL w/ node attr - - (47.66-57.02)2.86 (53.41-62.69)2.20 (49.06-57.48)2.49 (47.52-52.99)1.81 (45.84-51.43)1.50 (48.86-57.05)2.27 (51.22-65.01)3.88

Baseline - - 48.91 2.79 54.36 6.44 52.60 6.18 48.35 0.22 48.74 2.58 48.73 0.27 51.2 3.70

CY

SS w/o node attr - - (57.52-58.14)0.29 (58.21-59.50)0.55 (62.74-64.17)0.70 (59.31-59.97)0.30 (64.78-65.44)0.28 (73.12-75.06)0.87 (56.61-58.56)0.84
SS w/ node attr - - (58.54-62.18)0.92 (55.73-58.75)0.74 (60.56-64.55)0.92 (58.86-61.87)0.64 (64.02-67.83)1.09 (73.37-78.90)1.59 (58.37-61.67)0.83

CL w/o node attr - - (56.12-58.50)1.12 (70.94-72.18)0.55 (56.61-62.25)2.44 (65.35-68.05)1.31 (63.82-65.46)0.69 (62.29-74.49)5.64 (74.91-75.86)0.41
CL w/ node attr - - (51.72-60.48)2.16 (68.75-73.17)1.27 (55.17-64.55)2.69 (61.73-68.64)1.83 (59.10-67.14)2.17 (62.86-76.77)4.19 (71.78-76.15)1.14

Baseline - - 44.86 0.54 45.63 6.25 46.35 0.81 44.21 0.37 50.38 5.10 48.51 0.09 38.51 9.20

SL

SS w/o node attr - - (64.51-65.11)0.26 (61.50-62.14)0.28 (58.06-58.88)0.34 (56.27-57.75)0.70 (62.71-64.67)0.82 (53.72-54.65)0.46 (60.64-62.19)0.74
SS w/ node attr - - (63.17-65.35)0.66 (55.83-62.70)1.93 (55.54-59.51)1.04 (52.88-57.71)1.26 (60.48-63.32)0.69 (50.46-54.02)1.08 (60.81-68.06)2.41

CL w/o node attr - - (56.78-60.29)1.54 (54.59-60.38)2.44 (58.99-63.27)1.85 (53.04-58.69)2.40 (60.44-66.22)2.74 (49.48-54.65)2.58 (61.10-65.69)2.19
CL w/ node attr - - (51.78-59.54)2.16 (56.32-60.77)1.26 (56.35-60.50)1.26 (53.13-60.53)1.80 (57.99-64.08)1.56 (47.73-56.33)2.01 (58.08-65.46)1.96

Baseline - - 43.43 4.09 49.02 ± 5.20 48.68 ± 5.01 45.50 5.75 45.67 3.21 46.02 0.68 49.15 4.01

Table 1: F1 score comparison of semi-supervised (SS) and contrastive learning (CL) node classification models,
with and without node feature representations, and a BERT-base text classification baseline, across datasets (mean
SD).

Max K=5 K=10 K=15 K=25
0 68.3700.300 69.4861.087 70.9050.793 70.8840.671
10 71.8010.372 70.5420.190 70.3870.334 70.7230.290
50 70.6020.289 70.6410.311 70.5810.281 70.5810.471

100 70.1520.362 70.1600.321 70.1860.326 70.1540.399
150 69.8980.445 69.9150.389 69.8880.355 69.9270.417
200 69.8010.334 69.7960.244 69.8110.359 69.7320.272

Table 2: Semi-supervised (GraphSAGE) Node Classification in Toxigen: Macro F1 scores for the target label
target_group. Results are reported using ingroup_effect and framing node attributes, varying the number of node
features considered per node (Max EN) and the number of neighbors (k) used to construct the graph. Minority
classes (less than 5% of dataset elements) were removed.

Max K=5 K=10 K=15 K=25
0 63.720.76 63.690.85 62.881.10 63.480.74
10 64.890.52 65.550.66 64.671.04 65.600.20
50 63.970.72 64.110.96 64.130.52 64.880.66

100 63.530.68 63.971.25 62.930.52 63.320.32
150 64.270.80 63.781.02 64.370.48 64.100.97
200 63.750.70 64.440.87 63.500.65 63.530.20

Table 3: Contrastive Learning Node Classification in Toxigen: Macro F1 scores for the target label target_group.
Results are reported using ingroup_effect and framing node attributes, varying the number of node features
considered per node (Max EN) and the number of neighbors (k) used to construct the graph. Minority classes (less
than 5% of dataset elements) were removed.

Max LGBT Migrants
K=5 K=10 K=15 K=25 K=5 K=10 K=15 K=25

0 98.620.00 99.170.12 99.270.12 99.270.12 98.950.00 98.950.00 98.950.00 98.950.00
10 97.480.09 86.330.94 73.590.89 68.370.56 98.160.11 88.650.31 75.750.26 69.740.56
50 99.010.12 99.060.14 99.170.12 99.110.14 98.900.07 98.840.14 98.770.17 98.870.12

100 99.110.14 99.060.14 99.130.12 99.190.06 98.920.06 98.920.06 98.950.00 98.920.06
150 99.060.14 99.060.14 99.170.12 99.110.14 99.000.07 98.920.06 98.920.06 98.950.00
200 99.110.14 99.060.14 99.170.12 99.170.12 98.970.06 98.950.00 98.950.00 98.950.00

Table 4: Semi-supervised (GraphSAGE based) Node Classification in FRENK: Macro F1 scores for the target
label annotation_type. Results are reported using user_id and annotation_target node attributes, varying the number
of node features considered per node (Max EN) and the number of neighbors (k) used to construct the graph.
Minority classes (less than 5% of dataset elements) were removed.
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Max LGBT Migrants
K=5 K=10 K=15 K=25 K=5 K=10 K=15 K=25

0 83.170.51 86.590.96 88.070.65 89.870.80 86.880.41 89.610.40 91.420.28 93.950.40
10 94.700.38 96.760.16 96.870.51 96.650.31 95.020.22 96.600.18 97.250.28 97.040.28
50 96.840.41 98.000.17 98.200.40 98.150.53 96.060.42 98.300.18 98.880.07 98.810.18

100 97.260.34 98.660.33 98.390.13 98.650.19 97.510.29 98.200.11 98.370.07 98.380.27
150 96.970.26 98.080.15 98.400.25 98.770.10 97.150.21 98.530.07 98.670.10 98.680.16
200 97.630.40 98.780.35 98.570.24 98.700.32 96.630.42 98.080.24 98.490.13 98.640.23

Table 5: Contrastive Learning Node Classification in FRENK: Macro F1 scores for the target label annotation_type.
Results are reported using user_id and annotation_target node attributes, varying the number of node features
considered per node (Max EN) and the number of neighbors (k) used to construct the graph. Minority classes (less
than 5% of dataset elements) were removed.

Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 61.281.81 62.701.76 62.351.66 63.200.51 54.901.21 56.030.36 62.330.91
10 58.711.38 63.632.17 62.961.12 62.481.62 55.411.06 56.380.96 62.550.47
15 59.091.76 63.072.09 62.201.40 63.011.72 56.071.16 57.770.41 62.880.85
25 59.040.90 63.361.46 62.390.82 61.910.73 54.811.62 56.801.19 63.290.80

10

5 59.822.67 62.042.01 65.401.25 61.161.06 56.921.39 54.741.25 63.550.99
10 60.861.60 62.541.22 65.050.93 61.732.44 56.932.10 55.070.92 63.480.98
15 59.371.39 62.601.55 65.110.55 60.191.68 56.341.99 54.021.31 63.870.90
25 60.841.85 62.922.32 65.461.21 60.901.37 54.791.63 54.671.18 62.741.22

50

5 60.721.72 63.951.12 63.722.55 60.941.22 57.180.75 56.321.42 63.951.29
10 59.320.66 64.451.23 64.811.36 62.071.91 56.081.72 57.000.74 63.230.82
15 59.131.11 64.081.09 65.311.89 60.951.32 56.380.82 56.191.88 63.330.48
25 60.041.75 64.481.26 65.242.24 61.700.70 57.181.73 55.271.51 64.121.19

100

5 58.921.00 63.931.03 63.342.58 62.342.26 55.751.16 57.771.12 63.360.92
10 59.141.59 64.220.71 64.111.35 61.721.59 55.901.69 56.511.28 64.200.82
15 58.871.20 63.310.91 64.231.70 61.311.08 56.261.15 56.831.41 63.710.45
25 59.331.87 63.840.55 64.181.35 61.090.78 56.721.23 56.421.78 64.030.72

150

5 59.231.05 64.441.94 64.092.31 62.621.77 55.241.20 56.441.74 63.360.72
10 58.781.13 64.441.51 64.132.38 61.951.47 56.221.08 57.251.82 63.550.96
15 59.281.70 64.253.08 63.722.30 62.030.96 55.851.40 56.571.38 63.531.09
25 58.341.39 63.742.45 64.802.16 61.921.05 55.741.03 57.972.15 63.790.71

200

5 58.530.59 64.192.65 63.731.11 62.170.77 55.121.17 57.211.98 63.440.72
10 58.031.20 63.941.47 63.901.40 62.262.08 55.351.52 56.661.40 63.430.96
15 58.671.37 63.611.96 63.881.48 61.811.87 55.351.16 57.101.94 63.640.60
25 58.711.48 63.801.02 63.742.10 62.102.03 56.051.38 57.291.05 63.150.64

Table 6: Semi-supervised (GraphSAGE) Node Classification in the Multilingual EN Corpus - German: Macro
F1 scores for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and Topic.
Results are reported using In-group and Out-group node attributes, varying the number of node features considered
per node (Max EN) and the number of neighbors (k) used to construct the graph.
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Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 56.261.84 63.461.40 63.161.31 54.280.44 55.412.09 55.430.54 67.431.35
10 55.602.14 63.282.33 62.971.22 54.390.53 55.341.78 55.980.79 67.901.35
15 55.461.73 62.052.49 62.770.79 54.490.45 56.381.08 55.690.55 69.332.19
25 54.931.94 63.272.00 62.610.98 54.390.53 55.462.11 56.021.05 68.971.38

10

5 56.693.52 57.671.17 62.872.28 53.812.45 52.820.82 54.293.04 66.752.85
10 56.572.42 57.960.93 61.901.26 53.642.86 54.130.62 55.521.87 69.112.16
15 58.221.97 57.690.64 62.381.14 57.421.91 54.030.52 56.281.54 68.323.13
25 58.022.95 58.350.63 61.851.84 58.001.55 52.751.17 55.720.89 67.472.64

50

5 56.133.04 61.592.26 61.262.17 57.053.45 55.520.95 56.002.17 68.541.30
10 55.712.06 61.001.42 62.451.04 55.391.92 54.831.62 56.602.05 69.831.78
15 55.822.01 61.171.93 61.371.74 56.593.37 54.041.40 56.972.84 71.051.43
25 55.122.60 60.912.34 60.601.82 56.082.08 53.770.89 55.710.77 69.751.55

100

5 57.452.54 61.512.07 61.912.02 56.151.91 55.281.27 57.551.84 67.922.31
10 56.293.24 60.262.34 61.752.23 55.431.22 54.620.81 57.031.87 69.092.06
15 55.332.09 61.041.92 62.871.77 55.341.22 55.241.40 56.501.36 68.910.80
25 54.952.07 61.061.48 62.681.67 55.972.40 54.401.28 56.631.27 69.010.88

150

5 56.501.36 63.031.23 62.032.61 55.102.43 54.840.92 55.830.59 68.302.41
10 56.181.10 62.082.70 62.451.11 53.921.35 54.531.05 56.181.20 67.582.02
15 56.051.17 61.621.83 62.871.79 54.831.46 54.561.21 56.061.33 69.372.17
25 55.441.08 61.532.35 61.851.84 55.011.34 54.902.34 56.531.56 67.671.54

200

5 56.531.58 62.651.39 62.121.77 54.761.76 56.041.81 55.460.82 68.231.82
10 55.931.75 62.471.51 62.610.98 54.290.67 55.331.57 56.260.73 68.621.81
15 55.711.61 61.981.97 62.821.38 54.130.98 55.171.06 55.810.38 68.852.12
25 55.601.50 62.181.83 63.141.15 54.181.01 55.481.27 56.651.42 69.172.38

Table 7: Semi-supervised (GraphSAGE) Node Classification in the Multilingual EN Corpus - French: Macro
F1 scores for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and Topic.
Results are reported using In-group and Out-group node attributes, varying the number of node features considered
per node (Max EN) and the number of neighbors (k) used to construct the graph.

Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 57.911.50 58.211.76 62.741.46 59.411.08 65.291.30 73.123.58 57.972.12
10 58.140.94 59.180.44 62.950.74 59.970.69 65.441.10 73.495.93 56.612.54
15 58.111.04 59.051.57 63.911.61 59.310.83 64.780.95 75.065.54 58.561.66
25 57.520.70 59.501.28 64.170.83 59.712.28 65.180.31 73.425.81 57.331.08

10

5 59.441.07 57.021.36 60.560.44 61.870.85 65.061.12 74.655.33 60.941.57
10 59.010.42 58.001.17 62.022.01 60.451.54 64.781.18 74.504.06 59.851.60
15 58.541.76 57.490.97 63.461.34 60.530.67 64.141.71 74.722.63 59.690.84
25 58.710.89 57.090.51 62.982.38 58.861.06 64.021.61 75.434.04 59.011.35

50

5 62.180.78 57.611.97 64.550.99 61.120.42 67.361.26 74.894.71 61.471.90
10 61.312.12 57.261.33 63.730.31 60.130.71 66.480.89 76.275.23 60.461.51
15 60.920.88 56.401.52 64.440.91 60.861.22 67.271.22 75.453.86 61.671.01
25 61.031.22 55.731.14 63.170.52 60.250.90 66.340.77 73.376.97 60.151.36

100

5 59.741.27 58.051.36 63.232.12 60.181.33 66.941.48 78.787.24 60.231.48
10 60.040.91 58.261.69 63.761.54 61.141.15 66.331.14 76.839.42 59.690.49
15 59.691.41 57.781.74 62.070.61 60.460.92 67.832.86 77.105.14 59.451.30
25 60.021.11 58.751.60 62.731.89 60.142.03 67.081.33 75.192.96 59.851.09

150

5 59.341.68 57.981.87 64.041.71 60.051.60 66.091.74 78.905.23 60.471.25
10 59.741.14 57.691.56 63.091.65 59.921.47 66.920.83 78.485.37 60.010.65
15 59.761.21 57.831.68 62.140.89 60.211.48 66.031.35 76.515.36 60.101.30
25 59.491.50 57.890.82 62.691.19 60.610.84 66.671.67 76.216.00 59.020.81

200

5 59.571.08 58.412.36 62.411.17 59.872.38 64.780.94 78.237.67 59.790.77
10 58.870.59 58.722.05 63.340.86 59.370.85 65.761.52 78.216.84 59.150.65
15 59.210.95 58.341.91 62.960.79 60.141.52 65.271.10 76.407.77 58.991.43
25 60.401.82 57.981.41 62.710.85 60.131.63 66.460.69 76.176.60 58.371.11

Table 8: Semi-supervised (GraphSAGE) Node Classification in the Multilingual EN Corpus - Cypriot Greek:
Macro F1 scores for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and
Topic. Results are reported using In-group and Out-group node attributes, varying the number of node features
considered per node (Max EN) and the number of neighbors (k) used to construct the graph.
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Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 64.511.20 62.020.96 58.881.08 56.271.04 63.631.51 54.651.59 60.642.04
10 64.921.35 62.140.55 58.521.03 57.751.68 64.671.51 54.531.51 61.891.20
15 65.111.59 62.000.94 58.530.77 57.540.92 63.291.38 53.911.97 62.192.90
25 65.011.59 61.500.71 58.061.16 57.671.05 62.711.04 53.722.04 60.930.30

10

5 63.591.64 58.371.53 58.461.22 55.011.36 62.040.79 51.811.85 68.062.37
10 63.171.56 58.720.83 56.142.31 54.551.85 61.731.46 50.900.52 66.561.59
15 63.241.59 56.961.31 56.881.16 53.171.45 61.341.81 50.821.15 67.671.75
25 64.391.67 55.831.03 55.540.67 52.881.42 60.480.53 50.461.80 66.660.91

50

5 63.251.07 60.370.58 58.942.71 55.450.69 62.441.23 53.872.40 66.011.57
10 64.101.04 59.850.46 59.091.07 55.060.91 61.581.28 53.841.70 66.272.05
15 64.801.27 59.950.71 58.721.13 55.461.52 61.851.99 52.930.92 66.762.86
25 64.780.95 60.261.28 57.892.65 55.321.14 62.582.05 53.321.42 65.891.79

100

5 64.271.39 62.281.15 58.931.97 56.371.67 63.162.47 53.202.40 64.081.47
10 63.820.45 61.760.79 58.522.49 56.701.10 62.652.05 54.022.74 63.771.32
15 64.500.83 61.751.36 58.322.29 56.011.68 62.641.54 52.331.31 62.983.24
25 65.050.92 61.010.93 58.261.33 57.160.60 62.671.62 53.362.02 64.901.32

150

5 63.751.32 61.741.39 58.512.08 56.711.06 62.841.70 53.582.75 62.291.17
10 64.171.29 62.241.53 58.631.69 56.280.99 61.932.10 53.712.22 62.460.57
15 64.991.35 62.572.23 58.491.85 57.711.51 62.262.42 53.802.57 63.753.73
25 64.870.90 62.701.56 57.060.92 56.621.36 62.391.56 53.202.43 61.501.45

200

5 64.822.03 62.041.61 59.331.45 56.161.61 62.191.50 53.832.49 60.812.70
10 64.391.32 61.621.41 59.511.22 56.851.65 62.591.30 52.922.32 61.531.49
15 65.021.65 61.630.55 58.701.54 56.922.39 63.322.72 53.152.13 61.081.17
25 65.351.49 62.460.68 58.390.75 56.651.94 63.191.81 52.952.35 61.092.20

Table 9: Semi-supervised (GraphSAGE) Node Classification in the Multilingual EN Corpus - Slovenian: Macro
F1 scores for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and Topic.
Results are reported using In-group and Out-group node attributes, varying the number of node features considered
per node (Max EN) and the number of neighbors (k) used to construct the graph.

Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 59.551.55 63.362.30 57.444.06 57.902.49 53.531.82 57.141.63 68.231.60
10 60.242.78 62.822.18 55.962.70 59.451.75 50.530.82 58.072.37 70.011.36
15 63.591.32 65.222.84 61.443.72 58.102.13 54.362.21 56.792.54 69.671.17
25 62.793.29 62.783.07 60.302.94 59.883.17 52.844.13 61.432.00 70.180.82

10

5 59.151.88 54.322.03 59.602.69 59.313.53 52.041.87 56.451.93 65.002.11
10 61.272.49 61.801.40 57.351.80 60.761.22 54.923.66 58.092.44 67.013.12
15 63.712.55 60.291.51 56.741.90 60.323.03 56.373.50 57.342.01 65.811.70
25 61.991.88 61.701.80 58.292.95 63.121.86 55.302.01 54.682.03 66.981.80

50

5 62.201.65 61.952.58 59.633.42 58.163.34 55.862.17 57.462.56 66.042.22
10 62.390.87 61.341.47 60.394.91 62.372.12 57.381.57 54.902.15 65.282.60
15 60.832.50 63.523.02 60.231.23 60.001.92 54.484.40 57.731.50 67.280.82
25 61.161.52 62.412.92 58.282.15 63.032.35 57.682.63 58.232.57 66.451.71

100

5 58.612.40 56.392.18 58.013.25 59.961.15 55.192.37 56.431.74 66.422.56
10 62.761.85 59.442.16 59.203.07 61.483.25 56.463.16 59.472.56 66.861.90
15 60.782.99 59.732.53 61.502.21 62.551.50 53.861.88 57.922.28 66.621.90
25 63.541.82 60.451.40 61.891.81 62.203.19 55.061.69 61.56 3.57 67.170.99

150

5 58.612.82 55.010.76 61.202.39 59.491.83 56.541.66 56.212.04 67.072.11
10 60.992.02 58.792.01 58.584.25 61.941.01 55.452.13 58.702.51 67.483.66
15 62.512.57 62.042.86 57.452.06 62.951.11 55.671.93 57.821.41 65.042.36
25 62.922.62 63.371.85 57.662.11 63.473.28 54.613.18 59.600.69 67.453.01

200

5 60.932.47 61.451.35 59.542.66 60.070.72 58.382.03 59.581.73 63.641.91
10 61.232.46 62.321.85 58.533.49 61.062.85 52.611.80 52.982.27 66.411.25
15 61.852.34 59.302.54 59.703.83 62.461.86 56.834.04 59.291.40 67.962.42
25 62.682.28 60.382.07 55.624.09 61.552.02 55.902.22 58.202.74 64.601.87

Table 10: Contrastive Learning for Node Classification in the Multilingual EN Corpus - German: Macro F1
scores for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and Topic.
Results are reported using In-group and Out-group node attributes, varying the number of node features considered
per node (Max EN) and the number of neighbors (k) used to construct the graph.
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Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 54.833.04 60.191.93 49.453.08 47.140.26 46.672.10 49.142.49 56.475.00
10 53.274.11 62.363.24 48.071.97 47.210.48 49.380.97 51.293.81 50.921.57
15 56.225.59 60.943.24 49.413.96 47.450.23 47.041.59 49.602.48 51.701.64
25 51.143.23 58.211.66 52.521.51 47.800.28 49.170.67 48.210.38 51.104.83

10

5 56.627.83 60.242.45 50.202.78 52.991.68 51.432.57 51.915.59 57.897.07
10 55.106.42 61.133.13 49.602.72 51.394.42 47.751.66 57.052.01 51.221.21
15 51.383.62 59.674.42 51.754.23 49.702.74 48.031.97 51.973.17 54.703.56
25 50.603.79 58.612.05 52.205.46 49.443.23 45.840.65 54.423.54 51.452.38

50

5 48.662.66 57.522.34 53.022.23 51.554.60 50.262.63 51.263.86 62.164.37
10 55.805.77 56.431.81 55.204.61 49.573.16 47.011.63 49.963.29 61.804.36
15 54.864.41 59.431.17 49.063.28 52.163.74 48.731.94 55.825.51 57.716.36
25 51.034.05 58.064.11 56.443.62 49.333.29 49.212.31 51.573.55 55.806.91

100

5 57.021.66 53.411.38 52.001.95 48.110.17 49.974.18 54.433.83 58.226.26
10 52.272.12 62.693.12 50.382.94 52.073.46 47.712.18 49.451.98 53.572.53
15 48.662.36 56.782.68 52.891.27 51.293.86 48.012.13 50.043.33 52.420.89
25 51.563.49 60.501.69 56.101.97 47.650.74 49.880.54 52.703.98 52.850.59

150

5 56.505.72 56.461.25 55.216.80 47.630.26 49.822.59 50.123.76 51.642.52
10 53.433.82 56.021.95 50.494.38 51.313.07 50.961.19 52.002.95 53.506.90
15 47.660.33 60.071.63 57.484.93 52.734.05 48.073.50 48.862.33 65.013.19
25 53.194.82 59.712.76 55.285.00 51.053.19 48.811.03 49.532.82 56.815.75

200

5 50.332.96 57.431.84 51.684.37 48.020.93 48.591.43 54.283.03 56.112.36
10 56.132.62 56.752.40 55.042.71 48.732.10 46.661.85 54.285.05 54.547.10
15 52.552.71 59.192.81 51.682.61 49.052.20 46.591.66 52.723.89 58.277.60
25 51.992.40 60.721.12 51.313.61 47.520.19 48.022.27 51.414.00 52.181.68

Table 11: Contrastive Learning Node Classification in the Multilingual EN Corpus - French: Macro F1 scores
for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and Topic. Results are
reported using In-group and Out-group node attributes, varying the number of node features considered per node
(Max EN) and the number of neighbors (k) used to construct the graph.

Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 56.121.03 72.180.74 56.614.42 65.524.26 64.822.01 62.292.07 74.910.68
10 56.212.15 70.941.49 58.112.73 65.352.05 65.012.54 69.067.67 75.293.24
15 58.503.12 72.002.46 57.931.23 68.051.56 65.462.47 74.494.40 75.860.69
25 57.332.86 71.701.49 62.254.31 67.163.64 63.822.98 63.385.15 75.601.41

10

5 54.991.41 71.872.72 61.771.60 63.833.13 64.131.91 63.581.81 73.082.13
10 54.730.80 71.651.12 63.482.14 65.753.36 66.482.98 62.862.77 75.650.95
15 56.162.97 69.502.24 60.683.53 63.292.59 67.140.72 71.805.38 75.262.52
25 58.291.72 70.333.44 60.633.06 67.441.67 64.831.06 70.363.65 76.152.10

50

5 52.112.03 69.312.01 63.123.04 62.952.99 60.881.69 69.293.80 75.410.62
10 52.751.81 68.751.50 59.450.93 68.642.39 60.942.08 76.593.28 75.531.27
15 54.690.71 70.831.28 56.752.72 66.190.58 62.751.95 74.652.52 74.891.92
25 57.654.28 69.711.25 60.271.27 65.002.90 65.352.49 73.832.15 73.931.57

100

5 56.252.62 70.022.94 64.552.13 63.581.13 59.103.28 67.053.86 73.212.83
10 53.443.01 70.733.00 62.471.92 66.632.28 61.521.99 73.702.33 75.402.15
15 54.252.32 70.162.59 58.483.55 66.962.30 63.982.59 76.346.34 74.111.96
25 51.722.08 72.311.37 58.773.40 65.251.38 64.722.47 76.771.58 74.471.66

150

5 54.872.07 73.172.41 55.171.58 62.732.20 64.051.51 66.684.64 72.381.79
10 60.483.03 71.472.44 58.923.54 65.191.19 66.882.03 71.573.82 74.820.82
15 57.223.84 71.330.88 60.132.61 65.692.07 65.182.63 68.774.22 75.000.95
25 57.163.65 72.442.12 62.042.27 67.811.98 65.501.44 75.047.68 73.921.26

200

5 56.031.24 69.232.21 57.713.03 61.731.58 63.203.08 71.593.11 74.671.38
10 55.492.43 70.161.78 56.111.90 63.971.67 63.302.87 76.503.38 74.602.14
15 57.061.69 72.821.14 55.492.47 65.951.47 63.752.25 69.517.61 71.781.56
25 56.411.38 71.122.96 58.702.39 64.922.15 66.572.78 71.862.91 73.862.39

Table 12: Contrastive Learning Node Classification in the Multilingual EN Corpus - Cypriot Greek: Macro
F1 scores for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and Topic.
Results are reported using In-group and Out-group node attributes, varying the number of node features considered
per node (Max EN) and the number of neighbors (k) used to construct the graph.
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Max K Hostility Initiating Problem Intolerance Threat Polarization Solution Topic

0

5 57.372.28 60.382.53 59.873.83 58.694.45 60.633.09 49.783.75 61.102.10
10 56.782.47 58.541.27 58.992.13 53.043.79 60.442.85 49.482.42 61.231.81
15 58.400.90 54.593.44 60.831.93 54.652.59 66.221.23 53.350.97 65.692.74
25 60.291.26 57.092.97 63.271.73 54.814.15 61.302.12 54.652.91 63.621.79

10

5 57.352.14 56.321.79 56.741.71 57.561.48 61.431.75 47.731.01 61.573.14
10 54.181.82 59.641.19 57.651.89 56.722.16 59.983.14 53.282.51 58.081.30
15 51.781.35 59.033.09 59.232.13 59.511.67 60.593.56 54.441.55 62.432.29
25 53.550.93 58.751.20 58.982.26 57.541.00 61.461.74 54.263.04 61.202.48

50

5 58.822.02 58.801.03 56.352.61 56.953.35 61.072.69 52.011.81 59.352.06
10 55.852.62 57.082.67 57.372.69 58.822.33 61.633.23 53.344.42 60.912.69
15 54.272.25 59.632.62 60.062.43 57.673.43 58.351.83 53.591.88 62.552.85
25 54.091.46 57.013.49 60.501.22 56.332.91 58.372.58 54.863.05 63.443.57

100

5 59.542.42 60.772.01 60.290.78 57.992.25 61.282.71 52.612.79 60.701.29
10 54.032.32 58.422.01 58.081.48 58.783.26 61.693.39 53.951.98 63.412.62
15 54.802.97 56.882.16 59.362.66 60.534.08 64.081.98 55.842.09 63.431.37
25 56.290.88 60.152.18 58.671.87 56.972.49 63.271.39 54.522.05 61.591.77

150

5 56.182.57 58.591.74 56.882.24 57.771.80 62.971.79 51.891.08 62.230.88
10 53.871.29 57.681.97 57.642.47 53.131.74 60.712.48 52.033.24 65.462.52
15 52.343.08 59.610.82 59.451.18 54.932.37 57.993.48 53.742.24 65.082.50
25 54.491.28 56.881.45 57.831.99 57.453.08 60.332.18 49.561.44 64.213.08

200

5 53.801.44 59.522.49 57.430.94 54.791.83 59.841.73 52.771.96 59.472.08
10 55.592.47 57.711.26 57.682.55 56.072.98 60.521.76 54.422.05 59.523.06
15 58.501.75 59.581.77 56.781.53 56.703.05 60.801.48 56.332.18 60.841.94
25 58.012.05 59.050.69 59.051.23 54.153.24 60.552.86 54.612.94 61.971.03

Table 13: Contrastive Learning Node Classification in the Multilingual EN Corpus - Slovenian: Macro F1 scores
for the target labels Hostility, Initiating Problem, Intolerance, Threat, Polarization, Solution, and Topic. Results are
reported using In-group and Out-group node attributes, varying the number of node features considered per node
(Max EN) and the number of neighbors (k) used to construct the graph.
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