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Abstract001

Fake news spreads rapidly on social media and002
causes serious societal harm. Existing methods003
rely on propagation structures, temporal004
signals, or external knowledge, but often model005
them separately and fail to capture dynamic006
diffusion, evolving comment-based knowledge,007
and high-order semantic relationships. We008
propose llm-augmented dynamic knowledge009
graph (LADKG), a unified framework for010
fake news detection. LADKG constructs011
a dynamic post–entity–concept knowledge012
graph from posts and user comments using013
large language models and updates it over014
time to capture semantic evolution. A multi-015
hop graph attention mechanism aggregates016
high-order neighborhood information for017
deep semantic reasoning. LADKG further018
introduces a post-enhancement unit to model019
fine-grained interactions between textual020
and knowledge representations. Experi-021
ments on two datasets show that LADKG022
consistently outperforms strong baselines,023
with notable gains in early-stage fake news024
detection. Our implementation is available at025
https://anonymous.4open.science/status/LADK026
G01-4B47.027

1 Introduction028

Social media platforms such as Twitter and Face-029

book have become primary channels for news dis-030

semination and public discourse, enabling infor-031

mation to spread globally within seconds. How-032

ever, limited content regulation has allowed fake033

news to proliferate rapidly (Allcott and Gentzkow,034

2017). Fake news refers to intentionally false or035

misleading information, which can distort public036

understanding and lead to serious societal conse-037

quences, including the erosion of institutional trust038

and the escalation of social conflicts (Sharma et al.,039

2019). As a result, automatic fake news detection040

has become a critical research problem in natural041

language processing and social media analysis (Shu042

Figure 1: Evolution of the dynamic knowledge graph
for fake news detection. Dotted circles represent the
propagation of information over time, and based on the
time intervals, we generate dynamic knowledge graphs
(i.e. G1, G2, G3 etc.).

et al., 2017; Thorne and Vlachos, 2018). Existing 043

approaches to fake news detection can be broadly 044

grouped into three research directions: external 045

knowledge integration, information propagation 046

modeling, and temporal dynamics analysis. 047

Firstly, external knowledge bases (KBs) are inte- 048

grated, such as Wikidata, to improve factual aware- 049

ness and verification capability (Whitehouse et al., 050

2023). More recent studies leverage large lan- 051

guage models (LLMs) to generate dynamic back- 052

ground knowledge and perform reasoning-based 053

fact verification (Li et al., 2024; Chen et al., 2025), 054

demonstrating strong potential in handling com- 055

plex claims. Yet, they rely heavily on static or post- 056

centric information and often overlook the evolving 057

background knowledge expressed in user comments, 058

which may contain corrections, supplementary ev- 059

idence, and collective reasoning that accumulate 060

over time. 061

Secondly, propagation-based approaches model 062

the diffusion of misinformation through user in- 063

teractions, which naturally form tree- or graph- 064

structured patterns (Ma et al., 2018; Sun et al., 065

2022b). Graph neural networks are widely adopted 066
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to capture spatial diffusion structures and high-067

order relational dependencies among users and068

posts (Yin et al., 2024). However, propagation-069

based methods primarily focus on structural diffu-070

sion patterns while under-modeling semantic evo-071

lution during information spread.072

Thirdly, temporal modeling approaches empha-073

size tracking the evolution of news over time, par-074

ticularly for early-stage fake news detection, often075

using Transformer-based architectures to model076

temporal dynamics and distribution shifts (Hu J,077

2025; Hu et al., 2023). Such temporal dynamics078

are frequently modeled in isolation, without being079

tightly coupled with spatial propagation structures080

or external knowledge signals.081

To address these limitations, we propose llm-082

augmented dynamic knowledge graph (LADKG),083

a unified framework that integrates spatial and tem-084

poral propagation modeling with dynamic external085

knowledge reasoning. As illustrated in Figure 1,086

LADKG constructs a dynamic post–entity–concept087

tripartite knowledge graph by extracting entities,088

concepts, and relations from both source posts and089

user comments using a LLM, specifically Qwen-090

turbo. The knowledge graph is updated incremen-091

tally across multiple temporal stages of the news092

lifecycle, which allows the model to capture se-093

mantic evolution as the news unfolds. To capture094

deeper relational dependencies, LADKG employs095

a multi-hop graph attention mechanism that aggre-096

gates high-order neighborhood information beyond097

direct node connections.098

A central component of LADKG is the post-099

enhancement unit, which explicitly couples tex-100

tual representations with knowledge graph features.101

Instead of using simple feature concatenation or102

late fusion strategies, this unit models fine-grained103

interactions between post text embeddings and104

knowledge-aware representations. This design al-105

leviates the decoupling of text and knowledge ob-106

served in previous work and leads to richer seman-107

tic representations. Finally, LADKG integrates108

contextual and knowledge-enhanced features for109

fake news classification.110

The main contributions of this work are summa-111

rized as follows:112

• We propose a unified framework for fake news113

detection that jointly models spatial–temporal114

propagation, evolving external knowledge115

from posts and user comments, and high-order116

semantic relationships.117

• We construct a dynamic post–entity–concept 118

tripartite knowledge graph and design a multi- 119

hop graph attention mechanism with a post- 120

enhancement unit to enable effective inter- 121

action between textual representations and 122

knowledge graph features. 123

• Extensive experiments on two datasets show 124

that LADKG consistently outperforms strong 125

text-based, graph-based, and LLM-based 126

baselines, especially in early-stage fake news 127

detection. 128

2 Related Work 129

Related works of fake news detection are summa- 130

rized as the following three research directions: 131

Spatial structure based fake news detection: 132

Early work modeled message propagation trees 133

using recursive neural networks (Ma et al., 134

2018). Recent developments utilize advanced 135

GNNs to model evolving neighborhood patterns. 136

For instance, Bidirectional Temporal-delay GCN 137

(BTGCN-FND) captures dynamic spatial interac- 138

tions in propagation graphs (Yin et al., 2024). Spa- 139

tial structure modeling remains vital for captur- 140

ing how misinformation spreads through network 141

topology. 142

Temporal dynamics based fake news detection: 143

Temporal modeling has advanced rapidly in re- 144

cent years. Hu J (2025) propose dynamic tem- 145

poral networks and Transformer encoders to detect 146

fake news in early stages. Hu et al. (2023) intro- 147

duce FTT, forecasting temporal trends to handle 148

distribution shifts between training and test time. 149

Logic-based frameworks like NDTL model diffu- 150

sion as temporal logic to capture propagation pat- 151

terns (Fionda, 2025). These works demonstrate the 152

importance of capturing when and in what order 153

messages propagate. 154

Knowledge graph and LLM-based fake news de- 155

tection: Knowledge-graph-based methods enrich 156

message content with external factual context. For 157

instance, KMGCN (Wang et al., 2020) and Com- 158

pareNet (Hu et al., 2021) leverage entity-concept 159

structures. Recent work integrates LLMs to fur- 160

ther enhance reasoning: LEKD (Chen et al., 2025) 161

combines LLM retrieval with structured knowledge 162

graphs; Re-Search (Li et al., 2024) employs multi- 163

round retrieval-augmented LLM for claim verifica- 164

tion; DKFND (Liu et al., 2025) enhances few-shot 165

detection using dual-perspective LLM reasoning. 166
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In summary, most existing approaches treat ex-167

ternal knowledge, spatial diffusion, and tempo-168

ral evolution as separate components, limiting169

their ability to jointly capture dynamic propaga-170

tion behaviors, evolving comment-based knowl-171

edge, and high-order semantic relationships that172

are inherently intertwined in real-world fake news173

dissemination. Our method uniquely constructs174

and dynamically updates a knowledge graph from175

posts, jointly models spatial-temporal propagation176

through multi-hop attention, and deeply fuses tex-177

tual and knowledge features.178

3 Methodology179

3.1 Problem Definition and Overview180

The task of fake news detection can be defined181

as a binary classification problem aimed at iden-182

tifying false or misleading information, such183

as fabricated news articles, social media posts,184

or other digital content. A news consists of185

the source post and comment contents as o =186

{(s, t0), (c1, t1), . . . , (cm−1, tm−1)}, where s rep-187

resents the source post released at time t0 = 0. And188

ci denotes the i-th comment in the sequence and ti189

is its relative release time. Here, m indicates the190

total number of source post and comments. Com-191

ments are segmented into γ stages based on the192

duration, where γ is a hyperparameter. The dura-193

tion of each stage is ∆t = tm−1

γ .194

The goal is to learn a classification model f that195

maps news to a predefined category in Y = {0, 1},196

where y = 0 denotes true news and y = 1 denotes197

fake news.198

The overall architecture of our fake news detec-199

tion framework is illustrated in Figure 2. Given200

a source post and its comments, they are fed into201

dynamic knowledge graph construction module.202

It extracts external knowledge (entities and con-203

cepts) from this text using a LLM and incremen-204

tally constructs a temporal, tripartite knowledge205

graph, thereby capturing the evolving semantic re-206

lationships throughout the news lifecycle. The dy-207

namic graph is fed into the dynamic knowledge208

graph attention. This module employs a multi-hop209

graph attention mechanism over the graph to learn210

comprehensive node representations that jointly211

encode spatial structure, temporal evolution, and212

knowledge semantics, enabling deep contextual rea-213

soning. Then the learned knowledge-aware node214

representations are passed to the post-enhancement215

unit, explicitly models fine-grained interactions be-216

tween the post textual and the derived knowledge- 217

based representations, generating enriched, hybrid 218

features that fuse both information streams. Fi- 219

nally, these enhanced features are aggregated and 220

fed into the fake news classification module, which 221

synthesizes them to make the final prediction on 222

the veracity of the news. 223

3.2 Dynamic Knowledge Graph Construction 224

Posts often contain condensed content with numer- 225

ous entity mentions, which can be ambiguous due 226

to aliases, abbreviations, and alternative spellings. 227

For example, in the post “Exciting updates from 228

@Tesla about their new Model S enhancements. 229

Can’t wait for the test drive!”, it is crucial to dis- 230

cern that “Tesla” refers to an “electric vehicle man- 231

ufacturer” and “Model S” is a “specific model of 232

electric car”. To address this ambiguity, we inte- 233

grate external knowledge from both source posts 234

and their comments, which evolves dynamically as 235

the news progresses. 236

Specifically, we employ Qwen-turbo to identify 237

entities, extract concepts, and capture relationships 238

through carefully designed prompts. This approach 239

first extracts entities from the post, then dynam- 240

ically leverages the rich semantic understanding 241

capabilities of large language models (LLMs) 242

to perform comprehensive semantic annotation 243

on the entities. For instance, for the entities 244

identified in the example post involving "Tesla" 245

and "Model S", we obtain the corresponding 246

concepts and relations: Concept(Tesla) = 247

{Vehicle Manufacturer, Technology Company}, 248

Concept(Model S) = {Electric Car, Automobile}, 249

and Relation(Tesla-Model S) = 250

{Manufactures, Produces}. 251

As mentioned above, we segment comments into 252

γ stages based on their time duration. For a post 253

and the first i stages of comments, we construct a 254

corresponding dynamic knowledge graph Gi. The 255

(i + 1)-th stage of comments are then utilized to 256

expand Gi to obtain Gi+1. Thus a set of dynamic 257

knowledge graphs {G1, . . . , Gγ} can be formed, 258

where Gi = ⟨Vi, Ei⟩ is a post-entity-concept tripar- 259

tite graph. Vi denotes the vertices and Ei denotes 260

the edges. Edges are established based on: 261

• Post-entity edges: These are formed between 262

a post and an entity if the post contains a men- 263

tion of the entity. The edge weights are de- 264

termined by the term frequency-inverse docu- 265

ment frequency (TF-IDF) of the entity within 266
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Figure 2: The framework of the proposed method. It consists of four components: (1) the leftmost block: input; (2)
the left block: dynamic knowledge graph attention; (3) the right block: post-enhancement; (4) the rightmost block:
fake news classification.

the post.267

• Entity-concept edges: The relationships be-268

tween entities and their corresponding con-269

cepts are quantified using Pointwise Mutual270

Information (PMI), which is calculated over a271

fixed-size sliding window of a global corpus.272

• Entity-entity edges: These edges capture se-273

mantic relationships between different entities,274

which are generated by LLM through struc-275

tured prompts.276

3.3 Dynamic Knowledge Graph Attention277

This module generates node representations that278

incorporate spatial, temporal, and knowledge infor-279

mation. By leveraging the graph attention network280

architecture (Velickovic et al., 2017), we compute281

attentive weights for cascaded information propa-282

gation to reveal the importance of different node283

connections. We first describe the structure of a284

single layer, which consists of information propaga-285

tion and aggregation mechanisms, and then extend286

this framework to multiple layers for enhanced rep-287

resentation learning.288

Information Propagation: Entities enrich posts289

by propagating aggregated information from multi-290

ple associated concepts. To characterize nodes’ hi-291

erarchically extended propagation in terms of KG,292

we recursively define the set of k-hop neighbor set293

and triplet set for Gi = ⟨Vi, Ei⟩:294

Definition 1 (Neighbor Set) Given the knowledge295

graph Gi in i-th stage, the k-hop neighbor set for296

graph Gi is defined as:297

N k
i = {n | (v, r, n) ∈ Gi and v ∈ N k−1

i }
k = 1, 2, 3, ...,K.

298

where v denotes the head entity, r is the relation, 299

n is the tail entity. K is the largest hop number. 300

N 0
i = Vi is the set of vertices at the beginning of 301

i-th stage, which can be seen as the seed set of the 302

knowledge graph. 303

Definition 2 (Triplet Set) The k-hop triplet set of 304

knowledge graph Gi is defined as the set starting 305

from N k−1
i : 306

T k
i = {(v, r, n) | (v, r, n) ∈ Gi and v ∈ N k−1

i }
k = 1, 2, 3, ...,K.

307

where K is the largest hop number. 308

For the knowledge graph Gi at the i-th stage, it 309

already contains the nodes from Gi−1. Then for 310

the newly added nodes, we use BERT (Devlin et al., 311

2019) as the encoder, each head node is encoded 312

into an embedding vi. Each triple (v, r, n) is repre- 313

sented by (vi, ri,ni). Given a node v as the head 314

node and the one-hop triplet set T 1
i , a relevance 315

probability is assigned to each triple (v, r, n) by 316

comparing the head node embedding vi with its 317

neighbor node embedding ni and the correspond- 318

ing relation embedding ri: 319

pi =
exp

(
v⊤
i · (ri ⊙ ni)

)∑
(vi,ri′,ni

′)∈T 1
i
exp

(
v⊤
i · (r′i ⊙ n′

i)
) (1) 320

where ⊙ is the element-wise multiplication and 321

· denotes the inner product. (vi, ri
′, ni

′) ∈ T 1
i 322

indicates all the triplets with the head node as v in 323

the triplet set T 1
i . 324

The relevance probability pi controls the decay 325

factor on each propagation edge (vi, ri,ni), indi- 326

cating how much information is being propagated 327
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from ni to vi conditioned on relation ri, regarded328

as the similarity of the head entity vi and the tail en-329

tity ni measured in the space of relation ri. When330

performing propagation forward, the pi suggests331

parts of the data to focus on, which can be treated332

as explanations behind the propagation.333

After obtaining the relevance probabilities, we334

then compute a weighted neighbor representation335

for the given head node vi:336

n
(1)
i =

∑
(vi,ri,ni)∈T 1

i

pini, (2)337

Distinct from the information propagation in338

GCN (Kipf and Welling, 2016) and GraphSage339

(Hamilton et al., 2017) which set the discount fac-340

tor between two nodes as a fixed number, our model341

not only exploits the proximity structure graph342

but also specifies varying importance of neighbors.343

Moreover, distinct from the graph attention net-344

work which only takes node representations as in-345

puts, we model the relation r between v and n,346

encoding more information during propagation.347

Information Aggregation: This phase is to ag-348

gregate the node representation vi and its 1-hop349

neighbor set representations n(1)
i - more formally,350

v
(1)
i = f(vi,n

(1)
i ). We implement f(·, ·) using the351

Bi-Interaction Aggregator (Wang et al., 2019b) to352

consider two kinds of feature interactions between353

vi and n
(1)
i , as follows:354

f(vi,n
(1)
i ) =LeakyReLU(W1(vi + n

(1)
i ))+

LeakyReLU(W2(vi ⊙ n
(1)
i )),

355

where W1,W2 are trainable weight matrices, and356

⊙ denotes the element-wise product. Distinct from357

GCN and GraphSage aggregators, we additionally358

encode the feature interaction between vi and n
(1)
i .359

This term makes the information being propagated360

sensitive to the affinity between vi and n
(1)
i , e.g.,361

passing more messages from similar entities.362

We further stack more propagation layers to ex-363

plore the high-order connectivity information, gath-364

ering the information propagated from the high-hop365

neighbors. More formally, in the l-th hop, we re-366

cursively formulate the representation of KG as:367

v
(l)
i = f(v

(l−1)
i ,n

(l−1)
i ) (3)368

After K propagation layers, we obtain the final369

representation v
(K)
γ , where K is the maximum hop370

number and γ denotes the number of stages into371

which comments are segmented by time.372

3.4 Post-Enhancement Unit 373

Motivated by the idea of root feature enhancement 374

in (Bian et al., 2020), we emphasize the pivotal 375

role of the source post in fake news detection. 376

To better integrate the original post features with 377

knowledge-enhanced representations, we design a 378

cross-information sharing mechanism inspired by 379

multi-task fusion (Wang et al., 2019a) and dual- 380

channel interaction approaches (Guo et al., 2020). 381

Specifically, we concatenate all the comments’ 382

initial text and encode into an embedding p. With 383

the latent representation v
(K)
γ produced by the dy- 384

namic knowledge graph attention. This fusion en- 385

ables incremental learning by capturing both the 386

raw semantic content and context-enriched repre- 387

sentations. To model fine-grained interactions be- 388

tween posts and knowledge nodes, we compute two 389

cross-feature matrices using pairwise outer prod- 390

ucts: 391

Cv = [v(K)
γ ]p⊤, Cp = p[v(K)

γ ]⊤, (4) 392

where v
(K)
γ ,p ∈ Rd are the embeddings of knowl- 393

edge graph nodes and post nodes, respectively. 394

Here, Cv reflects how knowledge influences the 395

post semantics, while Cp models the influence 396

from the post to the knowledge representation. 397

We project the cross-feature matrices back to the 398

latent space via linear compression: 399

v′ = ReLU(Cvu1 + b1) (5) 400

p′ = ReLU(Cpu2 + b2) (6) 401

where u1,u2 ∈ Rd×1 and b1, b2 ∈ Rd are train- 402

able parameters. The resulting feature vectors v′ 403

and p′ represent cross-modal feature interactions 404

and semantic alignment. 405

Through this post-enhancement unit, our frame- 406

work effectively integrates knowledge-aware con- 407

text with original textual information, producing 408

enriched semantics for improved classification. 409

3.5 Fake News Classification 410

This component performs final fake news classi- 411

fication by aggregating semantic and knowledge- 412

enhanced representations. It uses a series of fully 413

connected layers with a sigmoid activation func- 414

tion to predict whether the news is fake or true. To 415

obtain a unified representation for the news, we 416

apply mean pooling over node embeddings from 417

the post-enhancement module: 418

z = MeanPooling({v′,p′}) (7) 419
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We then concatenate z with contextual features420

of the source post s extracted by a pretrained BERT421

encoder (Devlin et al., 2019), and apply a linear422

transformation followed by Leaky ReLU:423

s̃ = LeakyReLU(Linear(z||BERT(s))) (8)424

The final classification prediction ŷ is computed425

as:426

ŷ = σ(Wf s̃+ bf ) (9)427

where Wf and bf are trainable weight and bias428

parameters.429

The model is optimized using the binary cross-430

entropy loss, which penalizes the divergence be-431

tween predicted probabilities and ground truth la-432

bels:433

Lc = −
∑
i

yi log ŷi (10)434

where yi ∈ {0, 1} is the true label for instance i.435

4 Experiments436

4.1 Datasets437

We evaluate LADKG on Pheme5 (Kochkina et al.,438

2018) and Pheme9 (Zubiaga et al., 2017). Each439

dataset contains a collection of social media events440

labeled as either fake news or real news. Pheme5441

consists of events from five high-impact news top-442

ics: Charliehebdo, Ferguson, Germanwings-crash,443

Otawashooting, and Sydney-siege. Each event in-444

cludes a source post, its replies, corresponding445

timestamps, and propagation structures. Pheme9446

extends Pheme5 by incorporating four additional447

events: Ebola-Essien, Gurlitt, PrinceToronto, and448

Putinmissing, maintaining the same structural for-449

mat. Dataset statistics are in Table 3. Detailed450

statistics are provided in Appendix.451

4.2 Comparison Methods452

We compare with the following baselines: BiGCN453

(Bian et al., 2020): A GCN approach using bidi-454

rectional propagation and post textual content.455

DDGCN (Sun et al., 2022a): A dual dynamic GCN456

that learns message propagation and knowledge457

graph dynamics. ASTKN (Li et al., 2023): Uses458

dynamic graph attention networks with a novel459

attention mechanism to merge propagation and460

knowledge structure data. NRA MOS-GAT (Patel461

et al., 2024): Leverages BERTweet for textual en-462

coding and GAT for graph-based propagation mod-463

eling, enhanced by a multi-oversampling strategy464

to mitigate class imbalance and boost early-stage465

fake news detection. NRA MOS-GCN (Patel et al., 466

2024): Similar to NRA MOS-GAT but employs 467

GCN for structural aggregation, providing compet- 468

itive results with improved robustness on PHEME 469

datasets. MRAN (Yang et al., 2024): A multimodal 470

relationship-aware attention network that extracts 471

hierarchical semantic features from text and visual 472

cues to model intra- and inter-modal dependencies. 473

4.3 Experiment Setup 474

We follow standard experimental protocols as 475

adopted in prior works. The implementation de- 476

tails, training settings, and evaluation protocol are 477

described in Appendix. 478

4.4 Performance Analysis 479

Table 1 presents the performance of all compared 480

models. Our model consistently achieves the best 481

results across all metrics on both Pheme5 and 482

Pheme9 datasets, confirming that incorporating 483

dynamic neighbor information significantly ben- 484

efits fake news detection. Traditional models such 485

as SVM-BOW perform poorly due to their depen- 486

dence on handcrafted features, which fail to cap- 487

ture complex semantic patterns. In contrast, deep 488

learning-based methods like CNN, BiLSTM, and 489

BERT demonstrate substantial improvements, with 490

BERT showing particular strength in modeling se- 491

mantic representations. 492

While BERT is competitive among text-only ap- 493

proaches, graph-based models such as Bi-GCN 494

further enhance performance, highlighting the im- 495

portance of integrating structural information from 496

propagation graphs with textual content. DDGCN 497

and ASTKN, which incorporate dynamic prop- 498

agation and knowledge structures, surpass most 499

prior baselines, indicating that knowledge-aware 500

modeling provides complementary advantages. 501

MOS-GAT and MOS-GCN use BERTweet plus 502

GAT/GCN propagation with multi-oversampling to 503

counter class imbalance; their moderate results sig- 504

nal that oversampling alone cannot compensate for 505

the lack of knowledge or neighbor cues. MRAN 506

deploys multimodal relation-aware attention for 507

text–visual interplay, yet without explicit propa- 508

gation and knowledge modeling its gains remain 509

limited. 510

Our method achieves the best overall perfor- 511

mance by jointly modeling temporal dynamics, 512

propagation structures, and external knowledge 513

from both source posts and user comments. Ad- 514

ditionally, it adaptively modulates node influence 515
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Method Features Pheme5 Pheme9
Text Temporal Spatial KG Neighboring Acc Rec F1 Acc Rec F1

SVM-BOW ✓ 0.669 0.524 0.529 0.688 0.512 0.515
BERT ✓ 0.815 0.779 0.796 0.821 0.788 0.803
CNN ✓ 0.787 0.702 0.719 0.795 0.673 0.701
BiLSTM ✓ 0.795 0.691 0.725 0.794 0.677 0.701
TD-RvNN ✓ ✓ 0.821 0.764 0.769 0.804 0.803 0.803
BU-RvNN ✓ ✓ 0.817 0.761 0.762 0.789 0.788 0.788
Bi-GCN ✓ ✓ 0.829 0.814 0.818 0.847 0.834 0.835
DDGCN ✓ ✓ ✓ ✓ 0.844 0.813 0.823 0.855 0.841 0.843
ASTKN ✓ ✓ ✓ ✓ 0.872 0.852 0.856 0.867 0.851 0.855
NRA MOS-GAT ✓ ✓ ✓ 76.45 - 73.64 78.36 - 73.07
NRA MOS-GCN ✓ ✓ ✓ 77.52 - 74.51 77.49 - 71.58
MRAN ✓ 0.870 0.868 0.874 - - -

LADKG ✓ ✓ ✓ ✓ ✓ 0.899 0.893 0.889 0.876 0.852 0.859

Table 1: Comparison of different models on the Pheme5 and Pheme9 datasets. Results are averaged over 5-fold
cross-validation.
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(d) Pheme9 dataset

Figure 3: Early fake news detection accuracy with the increase of observation time or percentage of the number of
comments.

Method Pheme5 Pheme9
ACC F1 ACC F1

-w/o Neighbor 0.873 0.856 0.860 0.850
-w/o Attention 0.847 0.825 0.830 0.821
-w/o PE 0.851 0.833 0.843 0.842
-w/o Dynamic 0.858 0.839 0.865 0.849
-w/o LLM 0.892 0.879 0.874 0.858

LADKG 0.899 0.889 0.876 0.859

Table 2: Performance of LADKG and its variants on
Pheme5 and Pheme9 datasets.

and emphasizes initial embeddings through a post-516

enhancement unit, leading to superior fake news517

classification accuracy.518

4.5 Ablation Study519

We conduct ablation experiments to evaluate the520

contribution of each core component in LADKG.521

The following variants are compared:522

• w/o Neighbor: Removes the neighbor set be-523

tween adjacent graphs to assess the effect of524

temporal entity relationships.525

• w/o Attention: Replaces the adaptive atten-526

tion mechanism with fixed uniform weights.527

• w/o PE: Replaces the post-enhancement unit 528

with a simple concatenation operation. 529

• w/o Dynamic: Uses only the final-stage 530

knowledge graph representations and a single 531

KGAT layer, discarding the dynamic model- 532

ing across time stages. 533

• w/o LLM: Builds the knowledge graph by ex- 534

tracting entities and concepts from the YAGO 535

database instead of using LLM-generated 536

nodes. 537

As shown in Table 2, all variants yield inferior 538

performance compared to the full LADKG model. 539

Specifically, removing neighboring information 540

causes an accuracy drop of 2.6% on Pheme5 and 541

1.6% on Pheme9, indicating its importance. Elim- 542

inating the attention mechanism results in 5.2% 543

and 4.6% drops on Pheme5 and Pheme9, respec- 544

tively. Replacing the post-enhancement unit leads 545

to a 4.8% drop on Pheme5 and 3.3% on Pheme9. 546

Using a static graph (w/o Dynamic) decreases per- 547

formance by 4.1% and 1.1%, respectively. Finally, 548

using YAGO-derived entities and concepts instead 549

of LLM-augmented ones—yields a 0.7% accuracy 550
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(d) Pheme9 dataset

Figure 4: Parameter study for LADKG.

decrease on Pheme5 and a 0.2% accuracy decrease551

on Pheme9. These results highlight the effective-552

ness of modeling temporal dynamics, neighbor-553

aware structures, LLM-augmented external knowl-554

edge and adaptive enhancement mechanisms in555

fake news detection.556

4.6 Early Fake News Detection Performance557

Early fake news detection targets the initial stage558

of news release, which is crucial to prevent559

widespread misinformation. We evaluate our560

method under two types: (1) elapsed time since the561

source post was released, and (2) the number of ac-562

cumulated comments, comparing it with DDGCN563

and BiGCN. As shown in Figure 3, LADKG con-564

sistently outperforms baselines in early stages. This565

shows the effectiveness of the proposed method in566

more difficult scenario. A possible reason is that567

baselines have limited context. Yet LADKG intro-568

duces external knowledge, leveraging neighbor and569

knowledge information for timely detection.570

4.7 Parameter Study571

To evaluate LADKG’s sensitivity to key configura-572

tions, we examine the effects of neighbor set size S573

(48–192) and learning rate lr (0.0001–0.002), keep-574

ing other parameters fixed. As shown in Figure575

4, performance improves as S increases, peaking576

at 192, beyond which excessive neighbors intro-577

duce noise and reduce accuracy. For the learning578

rate, lr = 0.001 yields the best performance across579

Accuracy, Recall, and F1-score, reflecting a good580

balance between convergence and generalization.581

4.8 Case Study582

To intuitively demonstrate the propagation in583

LADKG, we randomly sample source news and its584

comments, offering explanations. Figure 5 shows585

the visualization of adjacent nodes’ connectivity.586

The propagation paths can be viewed as the evi-587

dence why the news is fake. As we can see, the588

Figure 5: Real example from Pheme9 dataset.

connectivity s− c2− gunman has a higher atten- 589

tion score, indicating that comment2’s mocking of 590

the “gunman” claim that “he would speak to any 591

idiot” directly undermines the source news. Like- 592

wise, the path s− c3−M16 reveals comment3’s 593

sarcastic suggestion, which is absurd in the context 594

of real negotiation. Together, these high-weight 595

propagation paths serve as concrete evidence that 596

the original claim is unfounded—hence, the source 597

news is fake. 598

Conclusion 599

In this paper, we propose LADKG, a unified frame- 600

work for fake news detection that integrates spatial 601

propagation structure, temporal dynamics, exter- 602

nal knowledge, and textual information. LADKG 603

constructs dynamic post-entity-concept knowledge 604

graphs with the help of large language model 605

(LLM), and employs a multi-hop attention mech- 606

anism to capture evolving semantic relationships 607

across high-order neighbors. Additionally, a post- 608

enhancement unit is introduced to model fine- 609

grained interactions between posts and knowledge 610

nodes, enriching representations for more accurate 611

classification. Experimental results on two real- 612

world datasets demonstrate that LADKG consis- 613

tently outperforms strong baselines, especially in 614

early-stage fake news detection. 615
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Limitations616

In this study, although the proposed LADKG617

method shows good performance in fake news de-618

tection, it still has some limitations. Firstly, when619

dealing with the neighbor set in the dynamic knowl-620

edge graph attention, although sampling a fixed-621

size set of neighbors can reduce the computation622

overhead, it may also lose some useful informa-623

tion. In addition, the current model does not fully624

consider the potential influence of the interaction625

between different news on fake news detection.626

Each event is processed relatively independently,627

and the possible connections and mutual influences628

between events are not deeply explored. Finally,629

similar to some other studies, the evaluation of630

our method is mainly based on the existing public631

datasets. These datasets may have certain limita-632

tions in representing the real and complex social633

media environment, which may affect the general-634

ization ability of the model to some extent.635

References636

Hunt Allcott and Matthew Gentzkow. 2017. Social637
media and fake news in the 2016 election. Journal of638
economic perspectives, 31(2):211–236.639

Tian Bian, Xi Xiao, Tingyang Xu, Peilin Zhao, Wenbing640
Huang, Yu Rong, and Junzhou Huang. 2020. Rumor641
detection on social media with bi-directional graph642
convolutional networks. ArXiv, abs/2001.06362.643

Xueqin Chen, Xiaoyu Huang, Qiang Gao, Li Huang,644
and Guisong Liu. 2025. Enhancing text-centric fake645
news detection via external knowledge distillation646
from llms. Neural Networks, 187:107377.647

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and648
Kristina Toutanova. 2019. Bert: Pre-training of deep649
bidirectional transformers for language understand-650
ing. In North American Chapter of the Association651
for Computational Linguistics (NAACL).652

Valeria Fionda. 2025. Logic-based analysis of fake653
news diffusion on social media. Social Network Anal-654
ysis and Mining, 15.655

Xiaobo Guo, Wenfang Lin, Youru Li, Zhongyi Liu,656
Lin Yang, Shuliang Zhao, and Zhenfeng Zhu. 2020.657
Dken: Deep knowledge-enhanced network for rec-658
ommender systems. Information Sciences.659

William L. Hamilton, Zhitao Ying, and Jure Leskovec.660
2017. Inductive representation learning on large661
graphs. In Neural Information Processing Systems662
(NeurIPS).663

Beizhe Hu, Qiang Sheng, Juan Cao, Yongchun Zhu,664
Danding Wang, Zhengjia Wang, and Zhiwei Jin.665

2023. Learn over past, evolve for future: Forecasting 666
temporal trends for fake news detection. In Proceed- 667
ings of the 61st Annual Meeting of the Association 668
for Computational Linguistics (Volume 5: Industry 669
Track), pages 116–125, Toronto, Canada. Association 670
for Computational Linguistics. 671

Linmei Hu, Tianchi Yang, Luhao Zhang, Wanjun Zhong, 672
Duyu Tang, Chuan Shi, Nan Duan, and Ming Zhou. 673
2021. Compare to the knowledge: Graph neural 674
fake news detection with external knowledge. In 675
Annual Meeting of the Association for Computational 676
Linguistics (ACL). 677

Li Z Hu J, Zhang J. 2025. Tracing truth: Dynamic tem- 678
poral networks for multi-modal fake news detection. 679
PeerJ Computer Science 11:e2998. 680

Thomas Kipf and Max Welling. 2016. Semi-supervised 681
classification with graph convolutional networks. 682
ArXiv, abs/1609.02907. 683

Elena Kochkina, Maria Liakata, and Arkaitz Zubiaga. 684
2018. All-in-one: Multi-task learning for rumour 685
verification. In Proceedings of the 27th International 686
Conference on Computational Linguistics, pages 687
3402–3413, Santa Fe, New Mexico, USA. Associa- 688
tion for Computational Linguistics. 689

Guanghua Li, Wensheng Lu, Wei Zhang, Defu Lian, 690
Kezhong Lu, Rui Mao, Kai Shu, and Hao Liao. 691
2024. Re-search for the truth: Multi-round retrieval- 692
augmented large language models are strong fake 693
news detectors. Preprint, arXiv:2403.09747. 694

Hui Li, Guimin Huang, Cheng Li, Jun Li, and Yabing 695
Wang. 2023. Adaptive spatial–temporal and knowl- 696
edge fusing for social media rumor detection. Elec- 697
tronics. 698

Ye Liu, Jiajun Zhu, Xukai Liu, Haoyu Tang, Yang- 699
hai Zhang, Kai Zhang, Xiaofang Zhou, and Enhong 700
Chen. 2025. Detect, investigate, judge and deter- 701
mine: A knowledge-guided framework for few-shot 702
fake news detection. Preprint, arXiv:2407.08952. 703

Jing Ma, Wei Gao, and Kam-Fai Wong. 2018. Rumor 704
detection on twitter with tree-structured recursive 705
neural networks. In Annual Meeting of the Associa- 706
tion for Computational Linguistics (ACL). 707

Adam Paszke, Sam Gross, Francisco Massa, Adam 708
Lerer, James Bradbury, Gregory Chanan, Trevor 709
Killeen, Zeming Lin, Natalia Gimelshein, Luca 710
Antiga, Alban Desmaison, Andreas Köpf, Edward 711
Yang, Zach DeVito, Martin Raison, Alykhan Tejani, 712
Sasank Chilamkurthy, Benoit Steiner, Lu Fang, Jun- 713
jie Bai, and Soumith Chintala. 2019. Pytorch: An 714
imperative style, high-performance deep learning li- 715
brary. ArXiv, abs/1912.01703. 716

Shaswat Patel, Prince Bansal, and Preeti Kaur. 2024. 717
Rumour detection on benchmark twitter datasets us- 718
ing graph neural networks with data augmentation. 719
Social Network Analysis and Mining, 14(1):163. 720

9

https://api.semanticscholar.org/CorpusID:210713805
https://api.semanticscholar.org/CorpusID:210713805
https://api.semanticscholar.org/CorpusID:210713805
https://api.semanticscholar.org/CorpusID:210713805
https://api.semanticscholar.org/CorpusID:210713805
https://doi.org/10.1016/j.neunet.2025.107377
https://doi.org/10.1016/j.neunet.2025.107377
https://doi.org/10.1016/j.neunet.2025.107377
https://doi.org/10.1016/j.neunet.2025.107377
https://doi.org/10.1016/j.neunet.2025.107377
https://api.semanticscholar.org/CorpusID:52967399
https://api.semanticscholar.org/CorpusID:52967399
https://api.semanticscholar.org/CorpusID:52967399
https://api.semanticscholar.org/CorpusID:52967399
https://api.semanticscholar.org/CorpusID:52967399
https://doi.org/10.1007/s13278-025-01472-5
https://doi.org/10.1007/s13278-025-01472-5
https://doi.org/10.1007/s13278-025-01472-5
https://api.semanticscholar.org/CorpusID:4755450
https://api.semanticscholar.org/CorpusID:4755450
https://api.semanticscholar.org/CorpusID:4755450
https://doi.org/10.18653/v1/2023.acl-industry.13
https://doi.org/10.18653/v1/2023.acl-industry.13
https://doi.org/10.18653/v1/2023.acl-industry.13
https://api.semanticscholar.org/CorpusID:236460257
https://api.semanticscholar.org/CorpusID:236460257
https://api.semanticscholar.org/CorpusID:236460257
https://api.semanticscholar.org/CorpusID:3144218
https://api.semanticscholar.org/CorpusID:3144218
https://api.semanticscholar.org/CorpusID:3144218
https://aclanthology.org/C18-1288/
https://aclanthology.org/C18-1288/
https://aclanthology.org/C18-1288/
https://arxiv.org/abs/2403.09747
https://arxiv.org/abs/2403.09747
https://arxiv.org/abs/2403.09747
https://arxiv.org/abs/2403.09747
https://arxiv.org/abs/2403.09747
https://api.semanticscholar.org/CorpusID:260941950
https://api.semanticscholar.org/CorpusID:260941950
https://api.semanticscholar.org/CorpusID:260941950
https://arxiv.org/abs/2407.08952
https://arxiv.org/abs/2407.08952
https://arxiv.org/abs/2407.08952
https://arxiv.org/abs/2407.08952
https://arxiv.org/abs/2407.08952
https://api.semanticscholar.org/CorpusID:51878172
https://api.semanticscholar.org/CorpusID:51878172
https://api.semanticscholar.org/CorpusID:51878172
https://api.semanticscholar.org/CorpusID:51878172
https://api.semanticscholar.org/CorpusID:51878172
https://api.semanticscholar.org/CorpusID:202786778
https://api.semanticscholar.org/CorpusID:202786778
https://api.semanticscholar.org/CorpusID:202786778
https://api.semanticscholar.org/CorpusID:202786778
https://api.semanticscholar.org/CorpusID:202786778


Karishma Sharma, Feng Qian, He Jiang, Natali Ruchan-721
sky, Ming Zhang, and Yan Liu. 2019. Combating722
fake news: A survey on identification and mitigation723
techniques. ACM transactions on intelligent systems724
and technology (TIST), 10(3):1–42.725

Kai Shu, Amy Sliva, Suhang Wang, Jiliang Tang, and726
Huan Liu. 2017. Fake news detection on social me-727
dia: A data mining perspective. ACM SIGKDD ex-728
plorations newsletter, 19(1):22–36.729

Mengzhu Sun, Xi Zhang, Jiaqi Zheng, and Guixiang Ma.730
2022a. Ddgcn: Dual dynamic graph convolutional731
networks for rumor detection on social media. In732
AAAI Conference on Artificial Intelligence (AAAI).733

Tiening Sun, Zhong Qian, Sujun Dong, Peifeng Li,734
and Qiaoming Zhu. 2022b. Rumor detection on so-735
cial media with graph adversarial contrastive learn-736
ing. Proceedings of the ACM Web Conference 2022737
(WWW).738

James Thorne and Andreas Vlachos. 2018. Automated739
fact checking: Task formulations, methods and fu-740
ture directions. In Proceedings of the 27th Inter-741
national Conference on Computational Linguistics,742
pages 3346–3359.743

Petar Velickovic, Guillem Cucurull, Arantxa Casanova,744
Adriana Romero, Pietro Lio’, and Yoshua Ben-745
gio. 2017. Graph attention networks. ArXiv,746
abs/1710.10903.747

Hongwei Wang, Fuzheng Zhang, Miao Zhao, Wenjie Li,748
Xing Xie, and Minyi Guo. 2019a. Multi-task feature749
learning for knowledge graph enhanced recommen-750
dation. The World Wide Web Conference (WWW).751

Xiang Wang, Xiangnan He, Yixin Cao, Meng Liu, and752
Tat-Seng Chua. 2019b. Kgat: Knowledge graph at-753
tention network for recommendation. Proceedings754
of the 25th ACM SIGKDD International Conference755
on Knowledge Discovery & Data Mining (SIGKDD).756

Youze Wang, Shengsheng Qian, Jun Hu, Quan Fang,757
and Changsheng Xu. 2020. Fake news detection via758
knowledge-driven multimodal graph convolutional759
networks. Proceedings of the 2020 International760
Conference on Multimedia Retrieval (ICMR).761

Chenxi Whitehouse, Tillman Weyde, Pranava Mad-762
hyastha, and Nikos Komninos. 2023. Evaluation763
of fake news detection with knowledge-enhanced lan-764
guage models. Preprint, arXiv:2204.00458.765

Hongyu Yang, Jinjiao Zhang, Liang Zhang, Xiang766
Cheng, and Ze Hu. 2024. Mran: Multimodal767
relationship-aware attention network for fake news768
detection. Computer Standards & Interfaces,769
89:103822.770

Yunfei Yin, Zhiling Chen, and Xianjian Bao. 2024.771
Bidirectional temporal-delay graph convolutional net-772
work for detecting fake news. Engineering Applica-773
tions of Artificial Intelligence, 133:108368.774

Arkaitz Zubiaga, Maria Liakata, and Rob Procter. 2017. 775
Exploiting context for rumour detection in social me- 776
dia. In Social Informatics. 777

A Appendix 778

Entity Relation Extraction Prompt 779

You are an information extraction system. Given a short
social media post or sentence, extract the following:

1. Extraction Tasks

1. A list of unique named entities mentioned in
the text, including people, organizations, locations,
and abstract concepts such as events and dates.
2. A list of semantic triples in the form
[head_entity, relation, tail_entity],
where each element is a real-world entity or con-
cept explicitly or implicitly stated in the text.

2. Extraction Rules

- Each entity must appear in the original text or be
an implied real-world concept (e.g., "President",
"2022").
- Entities should be non-redundant and canonical
(e.g., resolve pronouns like "he", "she", or "it" to
the correct entity when possible).
- Relations must describe meaningful semantic
connections (e.g., "is CEO of", "born in", "ac-
quired").
- Do not include verbs as standalone entities.
- Output must be formatted as a valid JSON object.

3. Output Format

Output format: { "entity": [...],
"relation": [[head, relation, tail],
...] }

4. Example

Text: "Elon Musk is the CEO of Tesla and he
acquired Twitter in 2022."
Output:{ "entity": ["Elon Musk", "Tesla",
"Twitter", "2022"], "relation": [ ["Elon
Musk", "is CEO of", "Tesla"], ["Elon
Musk", "acquired", "Twitter"], ["Elon
Musk", "acquired Twitter in", "2022"] ]
}

780

Concept Typing Prompt 781

You are a knowledge abstraction system. Given a named
entity, return its most relevant high-level concept cate-
gory.

1. Tying Tasks

The concept should describe what type of thing
the entity is (e.g., ’person’, ’organization’, ’event’,
’location’, ’disease’, ’company’, ’date’, etc.).

782
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2. Tying Rules

- Choose the most intuitive and commonly ac-
cepted category.
- Return only one lowercase word or short phrase.
- Do not add quotation marks, explanations, or
extra formatting.
- Be consistent and concise.

3. Example

Input: COVID-19 → Output: disease
Input: UN → Output: organization
Input: Barack Obama → Output: person
Input: Tesla → Output: company
Input: 2022 → Output: date
Input: World War II → Output: event

783

Dataset statistics784

Statistics Pheme5 Pheme9

# of Posts 103,212 105,354
# of events 5,802 6,425

# of Non-rumors 3,830 4,023
# of Rumors 1,972 2,402
# of classes 2 2

Avg. # of words/ post 13.6 13.6
Avg. # of posts/ event 17.8 16.3
Max # of posts/ event 346 246
Min # of posts/ event 1 1

Table 3: Statistics of Datasets

Experiment Setup785

Following prior works, we adopt the default opti-786

mization settings as reported in their original pa-787

pers. Our model is implemented using the PyTorch788

framework (Paszke et al., 2019), with parameters789

optimized via the Adam algorithm. We use BERT-790

base (Devlin et al., 2019) as the encoder for the791

source posts, initialized from pre-trained weights792

and fine-tuned on each dataset. The number of time793

stages is set to γ = 3, and the model is trained for 5794

epochs. For both Pheme5 and Pheme9 datasets, we795

split the data into training, validation, and test sets796

with a 7:1:2 ratio. The best model is selected based797

on validation performance. To account for label im-798

balance across datasets, we adopt Accuracy (Acc),799

Recall (Rec), and F1-score as evaluation metrics.800

We further perform 5-fold cross-validation by ran-801

domly partitioning each dataset into five subsets802

and reporting the average results.803
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