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Abstract001

As large language models (LLMs) increasingly002
permeate diverse domains, concerns about their003
trustworthiness and fairness have become cen-004
tral ethical issues. Since social bias is highly005
context-dependent, understanding relational006
structure beyond isolated text is crucial. Graph-007
based representations capture structural rela-008
tionships within and across texts and have re-009
cently been integrated with LLMs to address010
fairness with promising results. However, there011
is still no comprehensive review of how graphs012
and LLMs are jointly used for fairness. To ad-013
dress this gap, we provide a systematic analysis014
of graph-based approaches to fairness and their015
integration with LLMs, and outline key future016
research directions.017

1 Introduction018

Large Language Models (LLMs) have driven re-019

markable advancements in Natural Language Pro-020

cessing (NLP), demonstrating strong capabilities in021

generating human-like text and performing diverse022

tasks even without training (Li et al., 2024a; Liu023

et al., 2024). Despite their widespread adoption024

across fields, LLMs face persistent challenges in025

reliability, transparency, and trustworthiness, par-026

ticularly due to harmful or biased outputs arising027

from systematic social biases in training data and al-028

gorithms (Mehrabi et al., 2021; Gupta et al., 2024).029

Social bias in text is often implicit and highly030

context-dependent, making it challenging to detect031

and mitigate (Gallegos et al., 2024). The perceived032

bias in text may vary depending on the speaker,033

target audience, or situational context, even when034

the sentence conveys the same literal meaning. For035

example, the statement "Those people are always036

late." can be a casual complaint about colleagues,037

but it becomes a harmful stereotype when directed038

at a racial or national group. This highlights that039

bias often arises from relational structures between040

entities rather than isolated lexical tokens, leav- 041

ing LLMs particularly vulnerable when processing 042

unstructured text (Deshpande et al., 2022). 043

Graphs represent structural relationships be- 044

tween nodes through defined links, enabling flexi- 045

ble applications across domains (Zhong et al., 2023; 046

Li et al., 2024b). They provide a promising ap- 047

proach for addressing fairness challenges through 048

several key advantages. First, graphs can enhance 049

explainability, allowing researchers to trace how 050

LLMs generate biased reasoning (Xie et al., 2025; 051

Wasi, 2024). By capturing both local and global 052

structural information, graphs also provide com- 053

prehensive contextual understanding beyond sen- 054

tence boundaries (Baez Santamaria et al., 2024; 055

Panayotov et al., 2022; Lei and Huang, 2024). In 056

addition, graphs allow LLMs to leverage external 057

knowledge without domain-specific training and 058

retraining (Zhao et al., 2025). As a result, research 059

on fairness using graph-based representations has 060

grown recently (as shown in table 5 of appendix A). 061

While prior surveys have examined the integra- 062

tion of graphs and LLMs (Li et al., 2024b; Jiang 063

et al., 2025; Pan et al., 2024), none have system- 064

atically analyzed how graph representations and 065

their integration with LLMs contribute to fairness. 066

To the best of our knowledge, this work presents 067

the first comprehensive survey of graph-based ap- 068

proaches for fairness. We organize this survey 069

around three research questions: 070

RQ1. In what ways can structured representations 071

enhance fairness in language models? 072

RQ2. How can they be integrated with language 073

models to identify or mitigate social bias? 074

RQ3. What are the key opportunities and chal- 075

lenges in graph-LLM integration for fairness? 076

2 Preliminaries 077

In this section, we introduce key concepts related 078

to fairness and graph representations. 079
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Bias Type Example

Demographic It was a very important discovery, one you
wouldn’t expect from a female astrophysicist.

Identity-
based

How is all that awesome Muslim diversity go-
ing for you native Germans? You have allowed
this yourselves. If you do not stand and fight
against this. You get what you asked for, what
you deserve!

Ideological Right: Top Texas Republicans resist gun con-
trol and push for more armed teachers and po-
lice at schools in wake of Uvalde shooting. vs
Left: Calls grow for U.S. gun control after
Texas school shooting: ’Our kinds are living
in fear’.

Cultural Q: I’m traveling to Japan. How do I thank for
services to fit in? A: Show gratitude with a tip.

Table 1: Examples of bias types. The demographic bias
from Nangia et al. (2020) illustrates how a seemingly
complimentary statement can reflect gender bias. The
identity-based bias from Wasi (2024) shows implicit
toxicity toward Muslims. The ideological bias from Liu
et al. (2023a) reveals biased framing based on political
leaning. The cultural bias example from Shi et al. (2024)
demonstrates culturally unaware LLM responses.

2.1 Bias and Fairness in NLP080

Addressing bias is essential for achieving fairness081

in NLP. Thus, we explore bias types, tasks (includ-082

ing mitigation methods), and evaluations.083

Bias Types Bias types can be categorized accord-084

ing to the social groups or attributes they target.085

Each type captures a different dimension of social086

bias that may manifest in data or model outputs.087

Examples of these types are illustrated in Table 1.088

Most fairness studies using structured represen-089

tations address broad demographic and identity-090

based biases, including gender, nationality, and091

race (Ghosh et al., 2023; Ma et al., 2024; Zhao092

et al., 2025; Xie et al., 2025; Luo et al., 2025; Chen093

et al., 2025; Jin et al., 2025). Many rely on es-094

tablished benchmark datasets such as CrowS-pairs095

(Nangia et al., 2020) and StereoSet (Nadeem et al.,096

2021), though some construct task-specific dataets097

via prompting (Xie et al., 2025; Ma et al., 2024).098

Other works narrow the focus to specific identity-099

based biases, such as ethnicity (Deshpande et al.,100

2022) or religion (Wasi, 2024).101

Another common target of fairness studies using102

structured representations is ideological bias. (Lei103

and Huang, 2025; Manzoor et al., 2025; Lei and104

Huang, 2024; Liu et al., 2023a; Panayotov et al.,105

2022; Liu et al., 2023b). Structured representa-106

tions can capture broader discourse context and re-107

lational structure beyond individual sentences that108
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Figure 1: Distribution of graph-based fairness research
across task types.

are important for capturing ideological bias, which 109

often lacks explicit lexical cues, instead express- 110

ing bias implicitly through context and framing. 111

These studies analyze bias at multiple granularities, 112

including sentence, article, topic, and media levels. 113

Bias Tasks Figure 1 shows the distribution of 114

research across tasks. Most graph-based fairness 115

work is on NLU tasks like bias detection (Bölücü 116

and Canbay, 2021; Panayotov et al., 2022; Liu et al., 117

2023b; Ghosh et al., 2023; Lei and Huang, 2024; 118

Wasi, 2024; Ma et al., 2024; Manzoor et al., 2025; 119

Zhao et al., 2025; Jin et al., 2025). Graph-based 120

fairness work on NLG tasks examines bias in LLMs 121

by generating reasoning traces (Xie et al., 2025), 122

measuring representation disparities (Salinas et al., 123

2024), and jail-breaking (Luo et al., 2025). 124

Most bias mitigation work is on NLG tasks, 125

with the goal of generating less biased outputs 126

or improving awareness of knowledge. Debias- 127

ing can be categorized into Pre-processing and In- 128

processing, based on where the intervention takes 129

place in the model development pipeline (Mehrabi 130

et al., 2021; Gallegos et al., 2024; Liu et al., 2024). 131

Pre-processing debiasing methods are applied be- 132

fore model training, targeting inputs such as con- 133

structing structured data or counterfactual knowl- 134

edge (Deshpande et al., 2022; Liu et al., 2023a; 135

Chen et al., 2025). For example, structured data is 136

built with cultural knowledge and used to fine-tune 137

models (Deshpande et al., 2022). In-processing 138

interventions directly modify model architecture 139

or training procedures through techniques such as 140

adding encoders, updating parameters, and equal- 141

izing loss functions (Liu et al., 2023a; Ma et al., 142

2024; Baez Santamaria et al., 2024; Lei and Huang, 143

2025; Preciado Márquez et al., 2025; Chen et al., 144

2025). For example, Chen et al. (2025) introduces 145

a mitigation objective that minimizes the probabil- 146

ity gap between predictions on biased inputs and 147

their counterfactual knowledge. 148

2



10 20

Generation-based

Probability-based

Representation-based

Figure 2: Distribution of graph-based fairness research
across evaluation metric types.

Bias Evaluations Common datasets used for bias149

evaluation are summarized in table 3 in appendix A.150

Across such datasets, three common evaluation151

types are generation/prediction-based, probability-152

based, and representation-based (Gallegos et al.,153

2024; Gupta et al., 2024; Liu et al., 2024). Figure 2154

shows the distribution of research across these eval-155

uation types.156

Generation/prediction-based metrics are the157

most common, and evaluate extrinsic bias in the158

outputs from downstream tasks. They typically159

rely on standard evaluation measures from down-160

stream tasks such as classification and summariza-161

tion (Bölücü and Canbay, 2021; Deshpande et al.,162

2022; Panayotov et al., 2022; Liu et al., 2023b;163

Ghosh et al., 2023; Wasi, 2024; Baez Santamaria164

et al., 2024; Lei and Huang, 2024; Zhao et al., 2025;165

Preciado Márquez et al., 2025; Xie et al., 2025; Lei166

and Huang, 2025; Jin et al., 2025). Some studies167

define task-specific evaluation functions or apply168

external classifiers to outputs (Ma et al., 2024; Luo169

et al., 2025; Baez Santamaria et al., 2024; Salinas170

et al., 2024; Chen et al., 2025). For example, Luo171

et al. (2025) define a more successful attack as one172

with a higher bias rate and a lower refusal rate, with173

refusal rate defined as:174

Refusal Rate =
1

N

N∑
i=1

I[K(Ri) = 1 ]175

where N is the number of inputs, and K(Ri) =176

1 if any predefined refusal keyword is found in177

response Ri or 0 otherwise.178

Several works adopt lexicon-based valence-179

arousal-dominance metrics over the generated text180

(Lei and Huang, 2025; Liu et al., 2023a). For ex-181

ample, Lei and Huang (2025) follow Lee et al.182

(2022) in computing Arousal+, Arousal−, and183

Arousalsum = Arousal+ + Arousal−, defined as:184

Arousal+ =
∑

w∈Aneu
v(w)>0.65

a(w) Arousal− =
∑

w∈Aneu
v(w)<0.35

a(w)185

where w is a word from the generated neutral sum-186

mary Aneu, v(w) its valence from a lexicon list w,187

and a(w) its arousal score.188

In probability-based metrics, bias is evaluated by 189

comparing the assigned probabilities from LLMs 190

over paired texts, measuring the models’ internal 191

preference for one phrasing over another. For ex- 192

ample, Ma et al. (2024); Chen et al. (2025); Jin 193

et al. (2025) use the CrowS-Pairs score (Nangia 194

et al., 2020), defined as the percentage of examples 195

for which a model assigns a higher likelihood to 196

the stereotyping sentence than the non-stereotyping 197

sentence in the paired CrowSPairs data. 198

Finally, representation-based metrics measure 199

the bias based on the embedding-level disparity 200

or similarity between texts (Salinas et al., 2024; 201

Baez Santamaria et al., 2024). For example, Sali- 202

nas et al. (2024) examines representation diversity 203

by analyzing the distribution of embeddings asso- 204

ciated with protected group entities. 205

2.2 Graph-based Representations in NLP 206

Graph components and construction methods vary 207

by the purpose of the structured representation, 208

and are often coupled with graph neural net- 209

works for encoding entities and relations into low- 210

dimensional semantic spaces (Cao et al., 2024). 211

Graph Structures Many studies decompose text 212

into (entity, relation, entity) triplets in subject- 213

predicate-object or event-relation-event forms (Luo 214

et al., 2025; Ma et al., 2024; Liu et al., 2023a; 215

Deshpande et al., 2022; Salinas et al., 2024; Liu 216

et al., 2023b; Chen et al., 2025; Jin et al., 2025), 217

such as “(white lives matter, is against, black lives 218

matter)” (Zhao et al., 2025). These triplets may 219

form local text-level graphs or be linked across 220

texts to build document or corpus-level graphs with 221

entities as nodes and relations as edges. Some 222

event-centric graphs are enriched with temporal, 223

causal, and coreference relations (Liu et al., 2023b; 224

Lei and Huang, 2024; Liu et al., 2023a; Lei and 225

Huang, 2025). For example, Lei and Huang (2025) 226

integrates temporal information into graphs to ana- 227

lyze news data, and causal relations have also been 228

incorporated to show the reasoning over biased 229

questions (Xie et al., 2025). 230

Contextual graphs represent entire utterances or 231

dialogues as nodes to model discourse-level re- 232

lations, as social bias often emerges in context 233

rather than isolated sentences. In tasks such as 234

hate-speech detection and counterspeech genera- 235

tion, edges capture conversational context relations 236

such as authorship, similarity, mention, or adja- 237

cency (Bölücü and Canbay, 2021; Ghosh et al., 238
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Figure 3: Roles of graphs in fairness research. Graphs are used for (a) structure analysis of inputs, (b) external
knowledge from additional data, and (c) discourse-level contextual modeling.

2023; Wasi, 2024; Baez Santamaria et al., 2024;239

Preciado Márquez et al., 2025).240

Graphs are also used to model networks among241

entities, such as media outlets, for media bias anal-242

ysis (Manzoor et al., 2025; Panayotov et al., 2022).243

Graph Extraction and Completion Table 4 in244

appendix A summarizes data sources commonly245

used for graph construction and reasoning. Graph246

construction often involves named entity recogni-247

tion, coreference resolution, and relation extrac-248

tion, implemented with rule-based extraction, fine-249

tuning LLMs, or LLM-based generation.250

Rule-based methods rely on predefined relations251

in datasets (Ma et al., 2024; Manzoor et al., 2025;252

Panayotov et al., 2022; Ghosh et al., 2023) or infor-253

mation extraction systems (Deshpande et al., 2022;254

Baez Santamaria et al., 2024; Preciado Márquez255

et al., 2025; Liu et al., 2023a). For example, Ma256

et al. (2024) extracts entities from WordNet (Miller,257

1992), and their corresponding ’is-a’ hypernyms258

from ConceptNet (Liu and Singh, 2004), to provide259

high-level semantic categories. Automatic informa-260

tion extraction systems such as Stanford OpenIE261

(Angeli et al., 2015) automatically extract triplets262

from text through syntactic parsing.263

Graph construction through fine-tuning involves264

training LLMs on event or relation extraction265

datasets for inference (Lei and Huang, 2024, 2025;266

Liu et al., 2023a,b). For example, Liu et al. (2023b)267

fine-tunes an event extraction model on the MA-268

TRES data (Ning et al., 2018) for temporal relation269

learning for ideology prediction.270

Graphs can be directly constructed by LLMs271

through embedding-based or prompt-based genera-272

tion (Salinas et al., 2024; Wasi, 2024; Zhao et al.,273

2025; Luo et al., 2025; Chen et al., 2025; Xie et al.,274

2025; Jin et al., 2025). These approaches can infer275

missing nodes or edges, or expand graphs by gen- 276

erating new triplets from partial inputs, enabling 277

flexible and scalable graph construction. 278

Graph Neural Networks (GNNs) GNNs learn 279

node, edge, or graph-level embeddings via recur- 280

sive message passing and neighborhood aggrega- 281

tion (Li et al., 2024b). The graph convolutional net- 282

work (GCN; Kipf and Welling, 2017) aggregates 283

normalized feature information from immediate 284

neighbors in each convolution layer, with stacked 285

layers capturing larger neighborhoods. The graph 286

attention network (GAT; Veličković et al., 2018) 287

assigns attention weights to neighboring nodes to 288

compute hidden states of each node. The Graph- 289

SAGE network (Hamilton et al., 2017) generates 290

embeddings by sampling and aggregating features 291

from a node’s local neighborhoods, enabling induc- 292

tive learning on unseen nodes (Zhou et al., 2020). 293

3 Leveraging Structure to Mitigate and 294

Detect Social Bias in NLP 295

Having established a preliminary understanding of 296

social bias and graphs in NLP separately, we turn to 297

the intersection of these topics, focusing on how to 298

integrate graph representations with LLMs. Table 5 299

in appendix A summarizes this literature. 300

3.1 Roles of Graph Representation 301

We categorize the roles of graphs in fairness studies 302

based on their components and extraction sources. 303

Figure 3 illustrates three types: structure analysis, 304

external knowledge, and contextual representation. 305

Structure Analysis In structure analysis, graphs 306

analyze or formalize relationships between struc- 307

tured semantic units within an utterance, decompos- 308

ing them into triplets such as (subject, predicate, 309
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object) or (event, relation, event) (Salinas et al.,310

2024; Liu et al., 2023b,a; Ma et al., 2024; Lei and311

Huang, 2024, 2025; Xie et al., 2025; Chen et al.,312

2025; Jin et al., 2025), as illustrated in figure 3(a).313

This makes the implicit relations explicit, revealing314

underlying framing bias or embedded bias in text.315

For example, Lei and Huang (2024) constructs an316

event relation graph for sentence-bias identification317

in news articles, where events are occurrences or318

actions reported in articles, and coreference, tem-319

poral, causal, and subevent relations connect these320

events. This structure captures event-level content321

organization and enhances understanding of how322

events interact within and across sentences.323

Graphs can also be used to analyze LLM reason-324

ing processes step by step (Xie et al., 2025). In this325

case, the graph does not analyze the input data but326

reveals the internal logic of the model’s generated327

outputs, making the reasoning path explicit when328

addressing questions related to social bias.329

External/Additional Knowledge Graphs in this330

role provide domain-specific and supplementary331

knowledge to LLMs, thereby complementing their332

internal knowledge and enhancing their reasoning333

capabilities (Luo et al., 2025; Zhao et al., 2025;334

Manzoor et al., 2025; Deshpande et al., 2022;335

Panayotov et al., 2022; Ma et al., 2024). Typically,336

such graphs are constructed from datasets distinct337

from the model’s input, serving as complementary338

external information that is relevant to the target339

task. For instance, Zhao et al. (2025) query a meta-340

toxic knowledge graph to retrieve relevant informa-341

tion, which is then used to augment the input text,342

as illustrated in figure 3(b). This structured knowl-343

edge offers domain-specific guidance, enabling the344

LLM to make more informed and fine-grained judg-345

ments for detecting hatred and toxicity. External346

knowledge can also be inserted through fine-tuning347

on a domain-specific dataset (Deshpande et al.,348

2022). In these approaches, the internal knowl-349

edge of LLMs is expanded and recalibrated during350

training, rather than through dynamic retrieval of351

related information at input stage.352

Contextual Representation Graphs in this role353

capture relationships across multiple utterances,354

documents, or discourse segments (Bölücü and355

Canbay, 2021; Ghosh et al., 2023; Liu et al., 2023a;356

Wasi, 2024; Baez Santamaria et al., 2024; Lei and357

Huang, 2025; Preciado Márquez et al., 2025), as358

illustrated in figure 3(c). Since biased or hateful359

expressions are often situational rather than self-360

contained, understanding the interconnections be- 361

tween a text and its surrounding discourse environ- 362

ment enables LLMs to interpret bias more accu- 363

rately. In particular, the meaning of hate speech 364

and counterspeech often emerges from the dialogue 365

or conversational history (Preciado Márquez et al., 366

2025; Wasi, 2024; Baez Santamaria et al., 2024; 367

Bölücü and Canbay, 2021; Ghosh et al., 2023). 368

For example, to enhance the explainability of hate 369

speech detection targeting Islam, Wasi (2024) con- 370

structs a contextual graph where nodes represent 371

speech and edges reflect cosine similarity between 372

node embeddings. The explanations, derived from 373

a graph encoder, illustrate why a speech is hateful 374

based on relational cues and discourse patterns. 375

3.2 Graph-LLM Integration Frameworks 376

We categorize graph-LLM frameworks based on 377

the interactions between graph representations and 378

bias-identifying or mitigating LLMs. Figure 4 illus- 379

trates the types: graph-retrieval-augmented LLM, 380

LLM-driven graph, graph-enhanced LLM, graph- 381

analyzed LLM, and graph-LLM fusion. 382

Graph-Retrieval-Augmented LLM. This inte- 383

gration occurs before the LLM’s inference stage 384

(Luo et al., 2025; Zhao et al., 2025), with the graph 385

representations providing external knowledge, as il- 386

lustrated in figure 4(a). After graph-based retrieval, 387

the LLM input prompt is augmented with relevant 388

subgraphs that provide additional information or 389

context about potential biases. For instance, Luo 390

et al. (2025) applies retrieval augmentation to adver- 391

sarially attack a language model by retrieving the 392

top k triplets most similar to the original query and 393

adding them to the input prompt, eliciting harmful 394

responses. Similarly, Zhao et al. (2025) maps toxic 395

knowledge to entities extracted from text based on 396

semantic similarity. Then, after filtering irrelevant 397

knowledge, the selected knowledge is inserted into 398

the prompt to enhance toxicity detection. 399

LLM-Driven Graph. LLMs induce or generate 400

entities and relations directly from natural language 401

text (Luo et al., 2025; Liu et al., 2023a; Lei and 402

Huang, 2025, 2024; Liu et al., 2023b; Jin et al., 403

2025), as illustrated in figure 4(b). Through prompt- 404

ing, graph representations like triplets are produced 405

from LLMs’ internal knowledge, creating ontolo- 406

gies beyond existing resources, such as WordNet 407

(Miller, 1992) and ConceptNet (Liu and Singh, 408

2004). Alternatively, graphs are constructed by 409

fine-tuning LLMs on datasets containing events 410
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Figure 4: Integration frameworks of graphs and LLMs in fairness research: (a) graph-RAG LLM, (b) LLM-driven
graphs, (c) graph-analyzed LLM, (d) graph-enhanced LLM, and (e) graph-LLM fusion.

and relations. Such LLM-driven graphs provide411

richer structures supporting fairness analysis.412

The most common way to construct graphs is to413

prompt LLMs to generate triplets from input text414

(Luo et al., 2025; Liu et al., 2023a; Zhao et al.,415

2025; Jin et al., 2025). Luo et al. (2025) uses few-416

shot examples to LLMs, while Zhao et al. (2025)417

provides textual rationales to guide Qwen2.5-14B-418

Instruct (Team, 2024) in extracting toxic triplets.419

Graph construction may also be based on sum-420

maries generated by LLM, rather than direct triplet421

generation, from which salient sentences are ex-422

tracted to form graph elements (Liu et al., 2023a).423

In the fine-tuning approach, studies employ424

datasets for event identification or relation extrac-425

tors (Lei and Huang, 2025, 2024; Liu et al., 2023b).426

Lei and Huang (2025), for instance, train an event427

identifier to predict the probability of each word428

triggering an event, along with relation extrac-429

tors that predict coreference, temporal, causal, and430

subevent relations given an event pair.431

Graph-Enhanced LLM. Parameters or represen-432

tations of LLMs can be updated or enriched using433

graph structures (Ma et al., 2024; Bölücü and Can-434

bay, 2021; Wasi, 2024; Liu et al., 2023b; Chen435

et al., 2025), as illustrated in figure 4(d). This in-436

tegration focuses on incorporating graphs into the437

model, rather than merely appending them to input438

prompts. Graph representations can enhance LLMs439

via either fine-tuning or representation.440

In graph-enhanced LLM fine-tuning, structured441

representations are used to recalibrate LLMs’ in-442

ternal biases by fine-tuning models on less biased443

or counterfactual graphs, or by incorporating bias-444

aware loss functions (Deshpande et al., 2022; Ma445

et al., 2024; Liu et al., 2023b; Chen et al., 2025).446

Ma et al. (2024) construct a graph based on word447

hypernyms such as "a CEO is an employee". A pre- 448

trained model is further pre-trained with this hy- 449

pernym information, reducing biased associations 450

with "CEO" by incorporating the broader concept 451

of "employee". Chen et al. (2025) reduce probabil- 452

ity gaps between a biased triplet (s1,r1,o1) and its 453

counterfactual knowledge (s2,r2,o2) through a gap- 454

based loss integrated into the training objectives. 455

In representation-level enhancement, graph 456

structures enrich LLM-generated representations 457

by providing explicit contextual information, 458

modeling structured relationships among entities 459

(Bölücü and Canbay, 2021; Wasi, 2024). For exam- 460

ple, Wasi (2024) constructs a graph where nodes 461

represent content embeddings and edges represent 462

contextual similarity between two nodes. A GNN 463

is then applied to encode entire contexts to better 464

understand the subtleties of hate speech. 465

Graph-Analyzed LLM. In this integration, 466

graphs are used to analyze LLMs’ internal knowl- 467

edge or reasoning process without modifying their 468

architecture, instead prompting them to generate or 469

complete graph representations (Xie et al., 2025; 470

Chen et al., 2025; Salinas et al., 2024), as illustrated 471

in figure 4(c). For example, Xie et al. (2025) iden- 472

tifies biased causal reasoning processes in LLMs 473

when answering questions with sensitive attributes 474

(e.g., gender, race, nationality). LLMs generate 475

both answers and causal graphs representing their 476

reasoning processes, revealing the strategies they 477

have learned to avoid social bias. Other studies 478

evaluate the bias embedded in LLMs by prompt- 479

ing them to complete graph structures, generat- 480

ing the corresponding objects when given subjects 481

and predicates (Chen et al., 2025; Salinas et al., 482

2024). Salinas et al. (2024) analyzes generated 483

objects across gender and ethnicity dimensions, 484

6



while Chen et al. (2025) compares prediction prob-485

abilities for associated objects between socially486

biased subjects and their counterfactual counter-487

parts. Such graph-based outputs act as a lens to488

interpret and quantify the social biases reflected in489

the LLM’s internal associations.490

Graph-LLM Fusion. A unified model jointly491

operates across two modalities, text and graph, to492

retrieve and reason in combination, as illustrated493

in figure 4(e). After separately processing each494

modality, the fused representations support a more495

balanced assessment of biases, with both modali-496

ties contributing to downstream reasoning (Ghosh497

et al., 2023; Lei and Huang, 2024, 2025; Baez San-498

tamaria et al., 2024; Preciado Márquez et al., 2025;499

Panayotov et al., 2022; Manzoor et al., 2025). The500

fusion between two modalities can occur at an early501

or late stage.502

In early fusion, the graph encoder and text en-503

coder operate as separate components whose out-504

puts are coordinated through a mapping objective505

or projected into a shared semantic space (Ghosh506

et al., 2023; Lei and Huang, 2024, 2025; Baez San-507

tamaria et al., 2024; Preciado Márquez et al., 2025).508

For instance, Lei and Huang (2025) constructs a509

multi-document event relation graph from ideo-510

logically diverse articles. The graph structure is511

encoded using a GNN, while a textualized graph is512

simultaneously passed through an LLM. The two513

representations are then fused within a shared self-514

attention layer to generate a neutralized summary.515

In late fusion, outputs from the graph and text516

encoders are combined at the final prediction stage517

without projecting them into a shared semantic518

space or modifying the internal architecture of519

LLMs (Manzoor et al., 2025; Panayotov et al.,520

2022). Manzoor et al. (2025) addresses struc-521

tural disconnection in graphs by introducing global522

knowledge into graph representations. The label523

distributions predicted by the graph (e.g., GNN)524

are concatenated with those generated by the LLM525

to obtain the final label distribution.526

3.3 Systematic Comparisons527

Table 2 shows that a small number of studies are528

evaluated on overlapping datasets, metrics, and529

tasks, which limits meaningful comparison across530

graph-based integration approaches for fairness.531

For example, graph-retrieval-augmented LLMs are532

evaluated on HateXplain (Mathew et al., 2021) and533

IHC (ElSherief et al., 2021), but are compared534

against only a single work. Similarly, graph-LLM 535

fusion is evaluated on NeUS (Lee et al., 2022), 536

BASIL (Fan et al., 2019), and IHC (ElSherief et al., 537

2021), yet across different tasks. This highlights 538

the need for standardized evaluation protocols and 539

shared datasets to support generalizable and more 540

reliable assessment graph-based fairness studies. 541

4 Opportunities and Future Directions 542

Motivated by gaps in current graph-based fairness 543

studies, we outline potential opportunities and fu- 544

ture research directions. 545

4.1 Framework Specialization for Fairness 546

Graph-LLM integration has largely focused on im- 547

proving factual reasoning and verification through 548

structured information. Although factual accuracy 549

and fairness address different challenges, their un- 550

derlying integration pipelines and architectures are 551

often similar. (Pan et al., 2024). Therefore, we 552

propose two directions to develop more specialized 553

frameworks for fairness applications. 554

Fairness-sensitive Evaluation Protocols Graph 555

construction introduces multiple sources of uncer- 556

tainty. Fine-tuning approaches may inherit social 557

biases from relation extraction datasets (Stranisci 558

et al., 2024) and achieve relatively low extraction 559

accuracy (Lei and Huang, 2024, 2025). LLMs can 560

generate hallucinated triplets, while automatic in- 561

formation extraction systems produce noisy data 562

(Deshpande et al., 2022). These challenges call 563

for comprehensive evaluation protocols that com- 564

bine intrinsic and extrinsic assessments, such as 565

scoring-function analysis and graph-completion 566

benchmarks, alongside human validation. 567

Moreover, fairness mitigation should preserve 568

factual and biologically grounded biases (e.g., 569

breast cancer is more common in women) rather 570

than enforcing uniform outputs across social 571

groups (Chen et al., 2025). Evaluation frame- 572

works should therefore include metrics that assess 573

whether commonsense and factual knowledge are 574

retained after debiasing, ensuring a balance be- 575

tween fairness and factual integrity. 576

Explainability of Graphs Graph structures can 577

enhance interpretability by enabling transparent 578

tracing of reasoning paths. Because social bias 579

is often nuanced and context-dependent, future 580

work should prioritize interpretable explanations 581

or counter-speech that clarify how and why bias 582
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Work Score Dataset Metric Task Integration Framework
Lei and Huang (2025) 1.26/0.71 Neus Arousal ↓ Debiased Generation Fusion, LLM-Driven
Liu et al. (2023a) 6.12/3.60 Neus Arousal ↓ Debiased Generation LLM-Driven
Zhao et al. (2025) 72.38 HateXplain F1-score ↑ Bias Detection Graph-RAG, LLM-Driven
Wasi (2024) 74.7 HateXplain F1-score ↑ Reasoning Generation,

Bias Detection
Graph-Enhanced

Lei and Huang (2024) 52.00 BASIL F1-score ↑ Bias Detection Fusion, LLM-Driven
Liu et al. (2023b) 68.50 BASIL F1-score ↑ Bias Detection LLM-Driven, Graph-Enhanced
Ghosh et al. (2023) 64.65 IHC F1-score ↑ Bias Detection Fusion
Zhao et al. (2025) 69.95 IHC F1-score ↑ Bias Detection Graph-RAG, LLM-Driven
Chen et al. (2025) 49.7/51.3 CrowsPairs CrowSPairs Score Preference Comparison Graph-Enhanced, Graph-Analyzed
Ma et al. (2024) 48.1/49.2 CrowsPairs CrowSPairs Score Debiased Generation,

Bias Detection
Graph-Enhanced

Chen et al. (2025) 51.2/51.9 StereoSet StereoSet Score Preference Comparison Graph-Enhanced, Graph-Analyzed
Ma et al. (2024) 58.7/55.0 StereoSet StereoSet Score Debiased Generation,

Bias Detection
Graph-Enhanced

Table 2: Studies using the same datasets and evaluation metrics. Better performance is indicated by lower arousal
scores (↓), higher F1 scores (↑), and scores closer to 50 for Crows-Pairs and StereoSet. Arousal is reported separately
for Arousal+/Arousal−, CrowS-Pairs Score and StereoSet Scores are reported separately for Gender/Race.

is detected or mitigated. Such transparency can583

help users understand the underlying reasoning and584

better trust model outputs.585

4.2 Effectiveness of Integration Strategies586

Although we review five types of graph-LLM inte-587

gration, systematic comparisons of which integra-588

tion stage is most effective for fairness (e.g., fine-589

tuning, input augmentation, representation learn-590

ing) remain largely unexplored. Combining mul-591

tiple integration stages may offer complementary592

benefits, but their relative and joint contributions593

are not well understood. Thus, comparative analy-594

ses across integration stages are needed to identify595

where integrations exert the strongest effect and596

guide future work design.597

4.3 Linguistic Diversity and Type-Specific598

Biases599

Most existing studies focus on English datasets.600

Because the salience and sensitivity of particular601

biases vary by linguistic and cultural context, bias602

mitigation strategies effective in English may not603

generalize to other languages. Expanding fairness604

studies on multilingual and cross-cultural contexts605

is thus essential for the robustness of fairness across606

languages (Ramesh et al., 2023).607

In addition, future studies should move beyond608

broad social bias to examine specific and under-609

explored bias types such as religion, disability, or610

age. Besides ideological bias, most existing studies611

often rely on broad, multi-type social bias datasets612

rather than specific corpora, creating type imbal-613

ance even within a dataset. Targeted studies on614

individual bias types can enable a deeper under-615

standing of how bias manifests in different contexts 616

and support more precise mitigation strategies. 617

4.4 LLMs as Agent 618

With growing reasoning and decision-making capa- 619

bilities of LLMs, the paradigm of LLMs as agents 620

has emerged in recent research, where models au- 621

tonomously plan, reason, and retrieve information 622

(Ren et al., 2024). Recent frameworks, including 623

RoG (Luo et al., 2024) and ToG (Sun et al., 2024), 624

present this approach by enabling LLM agents to in- 625

teract with knowledge graphs for question answer- 626

ing. Future research could extend these systems to 627

agentic LLMs that dynamically update and refine 628

the information along with graphs. Such interactive 629

frameworks may improve reasoning transparency, 630

identify sources of biased inference, and correct 631

inaccurate or outdated graph information. 632

5 Conclusion 633

This survey reviews research at the intersection 634

of fairness in NLP and graph-based representa- 635

tions. We first introduced the overviews of fair- 636

ness and graph representations, then presented 637

taxonomies that describe the roles of graphs – 638

structure analysis, external knowledge, and contex- 639

tual representation– and categorized graph-LLM in- 640

tegration frameworks. Building on identified chal- 641

lenges, we proposed future directions for develop- 642

ing fairness-specialized frameworks, more reliable 643

evaluations, examining effective integration strate- 644

gies, and agentic LLM systems. These directions 645

highlight the potential of graph-LLM integration 646

to advance fairness in NLP while improving the 647

explainability and trustworthiness of LLMs. 648
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Limitations649

We acknowledge several limitations of this survey.650

First, we do not provide definitions or detailed651

methods of fairness and graphs. Instead, we of-652

fer an overview grounded in prior research and653

organize the reviewed literature according to de-654

fined categories, focusing on graph-LLM integra-655

tion strategies for fairness rather than coverage of656

each area. Second, although social bias is often657

categorized by source, such as representation bias658

or algorithmic bias, we do not structure our anal-659

ysis along this dimension. Nevertheless, many re-660

viewed approaches implicitly address different bias661

sources through mechanisms such as architectural662

modification or knowledge augmentation. Third,663

while we outline the roles of graphs in fairness and664

integration categories, these are not exhaustive and665

may overlap with general graph-LLM frameworks.666

Nevertheless, we emphasize fairness-specific per-667

spectives by highlighting how and why graphs con-668

tribute to bias detection and mitigation. Finally,669

the majority of the reviewed literature focuses on670

English language datasets, which may limit the gen-671

eralizability, and some recent works may have been672

omitted. As ethical concerns surrounding LLMs673

continue to grow, future surveys can build upon674

and extend this work.675
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2020. XHate-999: Analyzing and detecting abusive 831
language across domains and languages. In Proceed- 832
ings of the 28th International Conference on Com- 833
putational Linguistics, pages 6350–6365, Barcelona, 834
Spain (Online). International Committee on Compu- 835
tational Linguistics. 836

Vipul Gupta, Pranav Narayanan Venkit, Shomir Wilson, 837
and Rebecca Passonneau. 2024. Sociodemographic 838
bias in language models: A survey and forward path. 839
In Proceedings of the 5th Workshop on Gender Bias 840
in Natural Language Processing (GeBNLP), pages 841
295–322, Bangkok, Thailand. Association for Com- 842
putational Linguistics. 843

William L. Hamilton, Rex Ying, and Jure Leskovec. 844
2017. Inductive representation learning on large 845
graphs. In NIPS. 846

Xuhui Jiang, Chengjin Xu, Yinghan Shen, Xun Sun, 847
Lumingyuan Tang, Saizhuo Wang, Zhongwu Chen, 848
Yuanzhuo Wang, and Jian Guo. 2025. On the evolu- 849
tion of knowledge graphs: A survey and perspective. 850
Preprint, arXiv:2310.04835. 851

Kyohoon Jin, Juhwan Choi, JungMin Yun, Junho Lee, 852
Soojin Jang, and YoungBin Kim. 2025. CoBA: Coun- 853
terbias text augmentation for mitigating various spuri- 854
ous correlations via semantic triples. In Proceedings 855
of the 2025 Conference on Empirical Methods in 856
Natural Language Processing, pages 10271–10289, 857
Suzhou, China. Association for Computational Lin- 858
guistics. 859

Thomas N. Kipf and Max Welling. 2017. Semi- 860
supervised classification with graph convolutional 861
networks. In International Conference on Learning 862
Representations (ICLR). 863

Nayeon Lee, Yejin Bang, Tiezheng Yu, Andrea Madotto, 864
and Pascale Fung. 2022. NeuS: Neutral multi-news 865
summarization for mitigating framing bias. In Pro- 866
ceedings of the 2022 Conference of the North Amer- 867
ican Chapter of the Association for Computational 868
Linguistics: Human Language Technologies, pages 869
3131–3148, Seattle, United States. Association for 870
Computational Linguistics. 871

10

https://doi.org/10.18653/v1/W17-2711
https://doi.org/10.18653/v1/W17-2711
https://doi.org/10.18653/v1/W17-2711
https://doi.org/10.18653/v1/W17-2711
https://doi.org/10.18653/v1/W17-2711
https://doi.org/10.1162/tacl_a_00182
https://doi.org/10.1162/tacl_a_00182
https://doi.org/10.1162/tacl_a_00182
https://doi.org/10.18653/v1/2025.findings-naacl.39
https://doi.org/10.18653/v1/2025.findings-naacl.39
https://doi.org/10.18653/v1/2025.findings-naacl.39
https://doi.org/10.18653/v1/2022.woah-1.7
https://doi.org/10.18653/v1/2022.woah-1.7
https://doi.org/10.18653/v1/2022.woah-1.7
https://doi.org/10.18653/v1/2022.woah-1.7
https://doi.org/10.18653/v1/2022.woah-1.7
https://doi.org/10.1145/3442188.3445924
https://doi.org/10.1145/3442188.3445924
https://doi.org/10.1145/3442188.3445924
https://doi.org/10.18653/v1/2021.emnlp-main.29
https://doi.org/10.18653/v1/2021.emnlp-main.29
https://doi.org/10.18653/v1/2021.emnlp-main.29
https://doi.org/10.18653/v1/P19-1386
https://doi.org/10.18653/v1/P19-1386
https://doi.org/10.18653/v1/P19-1386
https://doi.org/10.18653/v1/P19-1386
https://doi.org/10.18653/v1/P19-1386
https://doi.org/10.18653/v1/D19-1664
https://doi.org/10.18653/v1/D19-1664
https://doi.org/10.18653/v1/D19-1664
https://doi.org/10.1162/coli_a_00524
https://doi.org/10.1162/coli_a_00524
https://doi.org/10.1162/coli_a_00524
https://doi.org/10.18653/v1/2023.emnlp-main.377
https://doi.org/10.18653/v1/2023.emnlp-main.377
https://doi.org/10.18653/v1/2023.emnlp-main.377
https://doi.org/10.18653/v1/2023.emnlp-main.377
https://doi.org/10.18653/v1/2023.emnlp-main.377
https://doi.org/10.18653/v1/2020.coling-main.559
https://doi.org/10.18653/v1/2020.coling-main.559
https://doi.org/10.18653/v1/2020.coling-main.559
https://doi.org/10.18653/v1/2024.gebnlp-1.19
https://doi.org/10.18653/v1/2024.gebnlp-1.19
https://doi.org/10.18653/v1/2024.gebnlp-1.19
https://arxiv.org/abs/2310.04835
https://arxiv.org/abs/2310.04835
https://arxiv.org/abs/2310.04835
https://doi.org/10.18653/v1/2025.emnlp-main.520
https://doi.org/10.18653/v1/2025.emnlp-main.520
https://doi.org/10.18653/v1/2025.emnlp-main.520
https://doi.org/10.18653/v1/2025.emnlp-main.520
https://doi.org/10.18653/v1/2025.emnlp-main.520
https://doi.org/10.18653/v1/2022.naacl-main.228
https://doi.org/10.18653/v1/2022.naacl-main.228
https://doi.org/10.18653/v1/2022.naacl-main.228


Yuanyuan Lei and Ruihong Huang. 2024. Sentence-872
level media bias analysis with event relation graph.873
In Proceedings of the 2024 Conference of the North874
American Chapter of the Association for Computa-875
tional Linguistics: Human Language Technologies876
(Volume 1: Long Papers), pages 5225–5238, Mexico877
City, Mexico. Association for Computational Lin-878
guistics.879

Yuanyuan Lei and Ruihong Huang. 2025. Multi-880
document summarization through multi-document881
event relation graph reasoning in LLMs: a case study882
in framing bias mitigation. In Proceedings of the883
63rd Annual Meeting of the Association for Compu-884
tational Linguistics (Volume 1: Long Papers), pages885
26603–26619, Vienna, Austria. Association for Com-886
putational Linguistics.887

Yingji Li, Mengnan Du, Rui Song, Xin Wang, and Ying888
Wang. 2024a. A survey on fairness in large language889
models. Preprint, arXiv:2308.10149.890

Yuhan Li, Zhixun Li, Peisong Wang, Jia Li, Xiangguo891
Sun, Hong Cheng, and Jeffrey Xu Yu. 2024b. A sur-892
vey of graph meets large language model: progress893
and future directions. In Proceedings of the Thirty-894
Third International Joint Conference on Artificial895
Intelligence, IJCAI ’24.896

Zhongyang Li, Xiao Ding, Ting Liu, J. Edward Hu, and897
Benjamin Van Durme. 2020. Guided generation of898
cause and effect. In Proceedings of the Twenty-Ninth899
International Joint Conference on Artificial Intelli-900
gence, IJCAI-PRICAI-2020, page 3629–3636. Inter-901
national Joint Conferences on Artificial Intelligence902
Organization.903

Sora Lim, Adam Jatowt, Michael Färber, and Masatoshi904
Yoshikawa. 2020. Annotating and analyzing biased905
sentences in news articles using crowdsourcing. In906
Proceedings of the Twelfth Language Resources and907
Evaluation Conference, pages 1478–1484, Marseille,908
France. European Language Resources Association.909

Hugo Liu and Push Singh. 2004. Conceptnet—a practi-910
cal commonsense reasoning tool-kit. BT technology911
journal, 22(4):211–226.912

Siyi Liu, Hongming Zhang, Hongwei Wang, Kaiqiang913
Song, Dan Roth, and Dong Yu. 2023a. Open-domain914
event graph induction for mitigating framing bias.915
Preprint, arXiv:2305.12835.916

Yang Liu, Yuanshun Yao, Jean-Francois Ton, Xiaoying917
Zhang, Ruocheng Guo, Hao Cheng, Yegor Klochkov,918
Muhammad Faaiz Taufiq, and Hang Li. 2024. Trust-919
worthy llms: a survey and guideline for evaluat-920
ing large language models’ alignment. Preprint,921
arXiv:2308.05374.922

Yujian Liu, Xinliang Frederick Zhang, David Wegsman,923
Nick Beauchamp, and Lu Wang. 2022. POLITICS:924
Pretraining with same-story article comparison for925
ideology prediction and stance detection. In Find-926
ings of the Association for Computational Linguis-927
tics: NAACL 2022, pages 1354–1374, Seattle, United928
States. Association for Computational Linguistics.929

Yujian Liu, Xinliang Frederick Zhang, Kaijian Zou, 930
Ruihong Huang, Nick Beauchamp, and Lu Wang. 931
2023b. All things considered: Detecting partisan 932
events from news media with cross-article compar- 933
ison. In Proceedings of the 2023 Conference on 934
Empirical Methods in Natural Language Process- 935
ing, pages 15472–15488, Singapore. Association for 936
Computational Linguistics. 937

Chu Fei Luo, Ahmad Ghawanmeh, Kashyap Coimbat- 938
ore Murali, Bhimshetty Bharat Kumar, Murli Jad- 939
hav, Xiaodan Zhu, and Faiza Khan Khattak. 2025. 940
Red-teaming for uncovering societal bias in large lan- 941
guage models. In Proceedings of the The 9th Work- 942
shop on Online Abuse and Harms (WOAH), pages 943
522–537, Vienna, Austria. Association for Computa- 944
tional Linguistics. 945

Linhao Luo, Yuan-Fang Li, Gholamreza Haffari, and 946
Shirui Pan. 2024. Reasoning on graphs: Faithful and 947
interpretable large language model reasoning. In In- 948
ternational Conference on Learning Representations. 949

Congda Ma, Tianyu Zhao, and Manabu Okumura. 2024. 950
Debiasing large language models with structured 951
knowledge. In Findings of the Association for Com- 952
putational Linguistics: ACL 2024, pages 10274– 953
10287, Bangkok, Thailand. Association for Compu- 954
tational Linguistics. 955

Thomas Mandl, Koyel Ghosh, Nishat Raihan, Sandip 956
Modha, Shrey Satapara, Tanishka Gaur, Yaashu Dave, 957
Marcos Zampieri, and Sylvia Jaki. 2025. Overview 958
of the hasoc track 2024: Hate-speech identification 959
in english and bengali. In Proceedings of the 16th 960
Annual Meeting of the Forum for Information Re- 961
trieval Evaluation, FIRE ’24, page 1–2, New York, 962
NY, USA. Association for Computing Machinery. 963

Muhammad Arslan Manzoor, Ruihong Zeng, Dilshod 964
Azizov, Preslav Nakov, and Shangsong Liang. 2025. 965
MGM: Global understanding of audience overlap 966
graphs for predicting the factuality and the bias of 967
news media. In Proceedings of the 2025 Conference 968
of the Nations of the Americas Chapter of the Asso- 969
ciation for Computational Linguistics: Human Lan- 970
guage Technologies (Volume 1: Long Papers), pages 971
7279–7295, Albuquerque, New Mexico. Association 972
for Computational Linguistics. 973

Binny Mathew, Punyajoy Saha, Seid Muhie Yimam, 974
Chris Biemann, Pawan Goyal, and Animesh Mukher- 975
jee. 2021. Hatexplain: A benchmark dataset for ex- 976
plainable hate speech detection. In Proceedings of 977
the AAAI conference on artificial intelligence, vol- 978
ume 35, pages 14867–14875. 979

Ninareh Mehrabi, Fred Morstatter, Nripsuta Saxena, 980
Kristina Lerman, and Aram Galstyan. 2021. A sur- 981
vey on bias and fairness in machine learning. ACM 982
Comput. Surv., 54(6). 983

George A. Miller. 1992. WordNet: A lexical database 984
for English. In Speech and Natural Language: Pro- 985
ceedings of a Workshop Held at Harriman, New York, 986
February 23-26, 1992. 987

11

https://doi.org/10.18653/v1/2024.naacl-long.292
https://doi.org/10.18653/v1/2024.naacl-long.292
https://doi.org/10.18653/v1/2024.naacl-long.292
https://doi.org/10.18653/v1/2025.acl-long.1291
https://doi.org/10.18653/v1/2025.acl-long.1291
https://doi.org/10.18653/v1/2025.acl-long.1291
https://doi.org/10.18653/v1/2025.acl-long.1291
https://doi.org/10.18653/v1/2025.acl-long.1291
https://doi.org/10.18653/v1/2025.acl-long.1291
https://doi.org/10.18653/v1/2025.acl-long.1291
https://arxiv.org/abs/2308.10149
https://arxiv.org/abs/2308.10149
https://arxiv.org/abs/2308.10149
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.24963/ijcai.2020/502
https://doi.org/10.24963/ijcai.2020/502
https://doi.org/10.24963/ijcai.2020/502
https://aclanthology.org/2020.lrec-1.184/
https://aclanthology.org/2020.lrec-1.184/
https://aclanthology.org/2020.lrec-1.184/
https://arxiv.org/abs/2305.12835
https://arxiv.org/abs/2305.12835
https://arxiv.org/abs/2305.12835
https://arxiv.org/abs/2308.05374
https://arxiv.org/abs/2308.05374
https://arxiv.org/abs/2308.05374
https://arxiv.org/abs/2308.05374
https://arxiv.org/abs/2308.05374
https://doi.org/10.18653/v1/2022.findings-naacl.101
https://doi.org/10.18653/v1/2022.findings-naacl.101
https://doi.org/10.18653/v1/2022.findings-naacl.101
https://doi.org/10.18653/v1/2022.findings-naacl.101
https://doi.org/10.18653/v1/2022.findings-naacl.101
https://doi.org/10.18653/v1/2023.emnlp-main.957
https://doi.org/10.18653/v1/2023.emnlp-main.957
https://doi.org/10.18653/v1/2023.emnlp-main.957
https://doi.org/10.18653/v1/2023.emnlp-main.957
https://doi.org/10.18653/v1/2023.emnlp-main.957
https://aclanthology.org/2025.woah-1.46/
https://aclanthology.org/2025.woah-1.46/
https://aclanthology.org/2025.woah-1.46/
https://doi.org/10.18653/v1/2024.findings-acl.612
https://doi.org/10.18653/v1/2024.findings-acl.612
https://doi.org/10.18653/v1/2024.findings-acl.612
https://doi.org/10.1145/3734947.3735664
https://doi.org/10.1145/3734947.3735664
https://doi.org/10.1145/3734947.3735664
https://doi.org/10.1145/3734947.3735664
https://doi.org/10.1145/3734947.3735664
https://doi.org/10.18653/v1/2025.naacl-long.373
https://doi.org/10.18653/v1/2025.naacl-long.373
https://doi.org/10.18653/v1/2025.naacl-long.373
https://doi.org/10.18653/v1/2025.naacl-long.373
https://doi.org/10.18653/v1/2025.naacl-long.373
https://doi.org/10.1145/3457607
https://doi.org/10.1145/3457607
https://doi.org/10.1145/3457607
https://aclanthology.org/H92-1116/
https://aclanthology.org/H92-1116/
https://aclanthology.org/H92-1116/


Paramita Mirza, Rachele Sprugnoli, Sara Tonelli, and988
Manuela Speranza. 2014. Annotating causality in989
the TempEval-3 corpus. In Proceedings of the990
EACL 2014 Workshop on Computational Approaches991
to Causality in Language (CAtoCL), pages 10–19,992
Gothenburg, Sweden. Association for Computational993
Linguistics.994

Alexis Mitchell, Stephanie Strassel, Shudong Huang,995
and Ramez Zakhary. 2005. Ace 2004 multilin-996
gual training corpus. Linguistic Data Consortium,997
Philadelphia, 1(1).998

Moin Nadeem, Anna Bethke, and Siva Reddy. 2021.999
StereoSet: Measuring stereotypical bias in pretrained1000
language models. In Proceedings of the 59th Annual1001
Meeting of the Association for Computational Lin-1002
guistics and the 11th International Joint Conference1003
on Natural Language Processing (Volume 1: Long1004
Papers), pages 5356–5371, Online. Association for1005
Computational Linguistics.1006

Nikita Nangia, Clara Vania, Rasika Bhalerao, and1007
Samuel R. Bowman. 2020. CrowS-pairs: A chal-1008
lenge dataset for measuring social biases in masked1009
language models. In Proceedings of the 2020 Con-1010
ference on Empirical Methods in Natural Language1011
Processing (EMNLP), pages 1953–1967, Online. As-1012
sociation for Computational Linguistics.1013

Qiang Ning, Hao Wu, and Dan Roth. 2018. A multi-1014
axis annotation scheme for event temporal relations.1015
In Proceedings of the 56th Annual Meeting of the1016
Association for Computational Linguistics (Volume1017
1: Long Papers), pages 1318–1328, Melbourne, Aus-1018
tralia. Association for Computational Linguistics.1019

Tim O’Gorman, Kristin Wright-Bettner, and Martha1020
Palmer. 2016. Richer event description: Integrating1021
event coreference with temporal, causal and bridging1022
annotation. In Proceedings of the 2nd Workshop on1023
Computing News Storylines (CNS 2016), pages 47–1024
56, Austin, Texas. Association for Computational1025
Linguistics.1026

Shirui Pan, Linhao Luo, Yufei Wang, Chen Chen, Ji-1027
apu Wang, and Xindong Wu. 2024. Unifying large1028
language models and knowledge graphs: A roadmap.1029
IEEE Transactions on Knowledge and Data Engi-1030
neering, 36(7):3580–3599.1031

Panayot Panayotov, Utsav Shukla, Husrev Taha Sen-1032
car, Mohamed Nabeel, and Preslav Nakov. 2022.1033
GREENER: Graph neural networks for news media1034
profiling. In Proceedings of the 2022 Conference on1035
Empirical Methods in Natural Language Processing,1036
pages 7470–7480, Abu Dhabi, United Arab Emirates.1037
Association for Computational Linguistics.1038

Alicia Parrish, Angelica Chen, Nikita Nangia,1039
Vishakh Padmakumar, Jason Phang, Jana Thompson,1040
Phu Mon Htut, and Samuel Bowman. 2022. BBQ:1041
A hand-built bias benchmark for question answering.1042
In Findings of the Association for Computational1043
Linguistics: ACL 2022, pages 2086–2105, Dublin,1044
Ireland. Association for Computational Linguistics.1045

John Pavlopoulos, Jeffrey Sorensen, Léo Laugier, and 1046
Ion Androutsopoulos. 2021. SemEval-2021 task 1047
5: Toxic spans detection. In Proceedings of the 1048
15th International Workshop on Semantic Evaluation 1049
(SemEval-2021), pages 59–69, Online. Association 1050
for Computational Linguistics. 1051

Sameer Pradhan, Alessandro Moschitti, Nianwen Xue, 1052
Olga Uryupina, and Yuchen Zhang. 2012. CoNLL- 1053
2012 shared task: Modeling multilingual unrestricted 1054
coreference in OntoNotes. In Joint Conference on 1055
EMNLP and CoNLL - Shared Task, pages 1–40, Jeju 1056
Island, Korea. Association for Computational Lin- 1057
guistics. 1058

Sameer Pradhan, Lance Ramshaw, Mitchell Marcus, 1059
Martha Palmer, Ralph Weischedel, and Nianwen Xue. 1060
2011. CoNLL-2011 shared task: Modeling unre- 1061
stricted coreference in OntoNotes. In Proceedings of 1062
the Fifteenth Conference on Computational Natural 1063
Language Learning: Shared Task, pages 1–27, Port- 1064
land, Oregon, USA. Association for Computational 1065
Linguistics. 1066

David Salvador Preciado Márquez, Helena 1067
Gómez Adorno, Ilia Markov, and Selene Baez Santa- 1068
maria. 2025. NLP@IIMAS-CLTL at multilingual 1069
counterspeech generation: Combating hate speech 1070
using contextualized knowledge graph represen- 1071
tations and LLMs. In Proceedings of the First 1072
Workshop on Multilingual Counterspeech Genera- 1073
tion, pages 29–36, Abu Dhabi, UAE. Association for 1074
Computational Linguistics. 1075

Jing Qian, Anna Bethke, Yinyin Liu, Elizabeth Belding, 1076
and William Yang Wang. 2019. A benchmark dataset 1077
for learning to intervene in online hate speech. In 1078
Proceedings of the 2019 Conference on Empirical 1079
Methods in Natural Language Processing and the 1080
9th International Joint Conference on Natural Lan- 1081
guage Processing (EMNLP-IJCNLP), pages 4755– 1082
4764, Hong Kong, China. Association for Computa- 1083
tional Linguistics. 1084

Krithika Ramesh, Sunayana Sitaram, and Monojit 1085
Choudhury. 2023. Fairness in language models be- 1086
yond English: Gaps and challenges. In Findings 1087
of the Association for Computational Linguistics: 1088
EACL 2023, pages 2106–2119, Dubrovnik, Croatia. 1089
Association for Computational Linguistics. 1090

Xubin Ren, Jiabin Tang, Dawei Yin, Nitesh Chawla, 1091
and Chao Huang. 2024. A survey of large language 1092
models for graphs. In Proceedings of the 30th ACM 1093
SIGKDD Conference on Knowledge Discovery and 1094
Data Mining, KDD ’24, page 6616–6626. ACM. 1095

Sebastian Riedel, Limin Yao, and Andrew McCallum. 1096
2010. Modeling relations and their mentions without 1097
labeled text. In Proceedings of the 2010 European 1098
Conference on Machine Learning and Knowledge 1099
Discovery in Databases: Part III, ECML PKDD’10, 1100
page 148–163, Berlin, Heidelberg. Springer-Verlag. 1101

Rachel Rudinger, Jason Naradowsky, Brian Leonard, 1102
and Benjamin Van Durme. 2018. Gender bias in 1103

12

https://doi.org/10.3115/v1/W14-0702
https://doi.org/10.3115/v1/W14-0702
https://doi.org/10.3115/v1/W14-0702
https://doi.org/10.18653/v1/2021.acl-long.416
https://doi.org/10.18653/v1/2021.acl-long.416
https://doi.org/10.18653/v1/2021.acl-long.416
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://doi.org/10.18653/v1/2020.emnlp-main.154
https://doi.org/10.18653/v1/P18-1122
https://doi.org/10.18653/v1/P18-1122
https://doi.org/10.18653/v1/P18-1122
https://doi.org/10.18653/v1/W16-5706
https://doi.org/10.18653/v1/W16-5706
https://doi.org/10.18653/v1/W16-5706
https://doi.org/10.18653/v1/W16-5706
https://doi.org/10.18653/v1/W16-5706
https://doi.org/10.1109/TKDE.2024.3352100
https://doi.org/10.1109/TKDE.2024.3352100
https://doi.org/10.1109/TKDE.2024.3352100
https://doi.org/10.18653/v1/2022.emnlp-main.506
https://doi.org/10.18653/v1/2022.emnlp-main.506
https://doi.org/10.18653/v1/2022.emnlp-main.506
https://doi.org/10.18653/v1/2022.findings-acl.165
https://doi.org/10.18653/v1/2022.findings-acl.165
https://doi.org/10.18653/v1/2022.findings-acl.165
https://doi.org/10.18653/v1/2021.semeval-1.6
https://doi.org/10.18653/v1/2021.semeval-1.6
https://doi.org/10.18653/v1/2021.semeval-1.6
https://aclanthology.org/W12-4501/
https://aclanthology.org/W12-4501/
https://aclanthology.org/W12-4501/
https://aclanthology.org/W12-4501/
https://aclanthology.org/W12-4501/
https://aclanthology.org/W11-1901/
https://aclanthology.org/W11-1901/
https://aclanthology.org/W11-1901/
https://aclanthology.org/2025.mcg-1.4/
https://aclanthology.org/2025.mcg-1.4/
https://aclanthology.org/2025.mcg-1.4/
https://aclanthology.org/2025.mcg-1.4/
https://aclanthology.org/2025.mcg-1.4/
https://aclanthology.org/2025.mcg-1.4/
https://aclanthology.org/2025.mcg-1.4/
https://doi.org/10.18653/v1/D19-1482
https://doi.org/10.18653/v1/D19-1482
https://doi.org/10.18653/v1/D19-1482
https://doi.org/10.18653/v1/2023.findings-eacl.157
https://doi.org/10.18653/v1/2023.findings-eacl.157
https://doi.org/10.18653/v1/2023.findings-eacl.157
https://doi.org/10.1145/3637528.3671460
https://doi.org/10.1145/3637528.3671460
https://doi.org/10.1145/3637528.3671460
https://doi.org/10.18653/v1/N18-2002
https://doi.org/10.18653/v1/N18-2002


coreference resolution. In Proceedings of the 20181104
Conference of the North American Chapter of the1105
Association for Computational Linguistics: Human1106
Language Technologies, Volume 2 (Short Papers),1107
pages 8–14, New Orleans, Louisiana. Association for1108
Computational Linguistics.1109

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhaga-1110
vatula, and Yejin Choi. 2019. Winogrande: An ad-1111
versarial winograd schema challenge at scale. arXiv1112
preprint arXiv:1907.10641.1113

Abel Salinas, Louis Penafiel, Robert McCormack, and1114
Fred Morstatter. 2024. ”i’m not racist but. . . ”: Dis-1115
covering bias in the internal knowledge of large lan-1116
guage models. In ICLR 2024 Workshop on Mathe-1117
matical and Empirical Understanding of Foundation1118
Models.1119

Maarten Sap, Saadia Gabriel, Lianhui Qin, Dan Juraf-1120
sky, Noah A. Smith, and Yejin Choi. 2020. Social1121
bias frames: Reasoning about social and power im-1122
plications of language. In Proceedings of the 58th1123
Annual Meeting of the Association for Computational1124
Linguistics, pages 5477–5490, Online. Association1125
for Computational Linguistics.1126

Weiyan Shi, Ryan Li, Yutong Zhang, Caleb Ziems,1127
Sunny Yu, Raya Horesh, Rogério Abreu De Paula,1128
and Diyi Yang. 2024. CultureBank: An online1129
community-driven knowledge base towards cultur-1130
ally aware language technologies. In Findings of the1131
Association for Computational Linguistics: EMNLP1132
2024, pages 4996–5025, Miami, Florida, USA. Asso-1133
ciation for Computational Linguistics.1134

Eric Michael Smith, Melissa Hall, Melanie Kambadur,1135
Eleonora Presani, and Adina Williams. 2022. “I’m1136
sorry to hear that”: Finding new biases in language1137
models with a holistic descriptor dataset. In Proceed-1138
ings of the 2022 Conference on Empirical Methods1139
in Natural Language Processing, pages 9180–9211,1140
Abu Dhabi, United Arab Emirates. Association for1141
Computational Linguistics.1142

Marco Stranisci, Pere-Lluís Huguet Cabot, Elisa Bassig-1143
nana, and Roberto Navigli. 2024. Dissecting biases1144
in relation extraction: A cross-dataset analysis on1145
people’s gender and origin. In Proceedings of the 5th1146
Workshop on Gender Bias in Natural Language Pro-1147
cessing (GeBNLP), pages 190–202, Bangkok, Thai-1148
land. Association for Computational Linguistics.1149

Jiashuo Sun, Chengjin Xu, Lumingyuan Tang, Saizhuo1150
Wang, Chen Lin, Yeyun Gong, Lionel M. Ni, Heung-1151
Yeung Shum, and Jian Guo. 2024. Think-on-1152
graph: Deep and responsible reasoning of large1153
language model on knowledge graph. Preprint,1154
arXiv:2307.07697.1155

Qwen Team. 2024. Qwen2.5: A party of foundation1156
models.1157

Petar Veličković, Guillem Cucurull, Arantxa Casanova,1158
Adriana Romero, Pietro Liò, and Yoshua Bengio.1159

2018. Graph Attention Networks. International Con- 1160
ference on Learning Representations. Accepted as 1161
poster. 1162

Bertie Vidgen, Dong Nguyen, Helen Margetts, Patricia 1163
Rossini, and Rebekah Tromble. 2021. Introducing 1164
CAD: the contextual abuse dataset. In Proceedings 1165
of the 2021 Conference of the North American Chap- 1166
ter of the Association for Computational Linguistics: 1167
Human Language Technologies, pages 2289–2303, 1168
Online. Association for Computational Linguistics. 1169
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Dataset Bias Type Source Language

WinoBias (Zhao et al., 2018) Demg. Synthetic EN
WinoGender (Rudinger et al., 2018) Demg. Synthetic EN
BASIL (Fan et al., 2019) Ideog. News EN
Reddit (Qian et al., 2019) Demg., Ident. Social media EN
GAB (Qian et al., 2019) Demg., Ident. Social media EN
BiasedSents (Lim et al., 2020) Ideog. News EN
ACL-2020 (Baly et al., 2020) Ideog. News EN
CrowS-Pairs (Nangia et al., 2020) Demg., Ident. Crowdsourced EN
Xhate-999 (Glavaš et al., 2020) Demg., Ident. News, Social media, Wikipedia EN, SQ, HR, DE, RU, TR
SBIC (Sap et al., 2020) Demg., Ident. Social media EN
WikiBias (Zhong et al., 2021) Demg., Ideog. Wikipedia EN
CAD (Vidgen et al., 2021) Demg., Ident., Ideog. Social media EN
ToxicSpans (Pavlopoulos et al., 2021) Demg., Ident. Social media EN
IHC (ElSherief et al., 2021) Demg., Ident. Social media EN
StereoSet (Nadeem et al., 2021) Demg., Ident. Crowdsourced EN
BOLD (Dhamala et al., 2021) Demg., Ident., Ideog. Wikipedia EN
BBQ (Parrish et al., 2022) Demg., Ident. Synthetic EN
HolisticBias (Smith et al., 2022) Demg., Ident., Ideog. Synthetic EN
NeuS (Lee et al., 2022) Ideog. News EN
BIGNEWS (Liu et al., 2022) Ideog. News EN
DIALOCONAN (Bonaldi et al., 2022) Demg., Ident. Social media EN
HateXplain (Mathew et al., 2021) Demg., Ident. Social media EN
HASOC (Mandl et al., 2025) Demg., Ident., Ideog. Social media EN, BN
ML-MTCONAN-KN (Bonaldi et al., 2025) Demg., Ident. Crowdsourced, News, Wikipedia EN, EU, IT, ES
DECODINGTRUST (Wang et al., 2023) Demg., Ident. Synthetic EN
BiasScope (Chen et al., 2025) Demg., Ident. Crowdsourced, Synthetic EN

Table 3: A summary of datasets used in the reviewed literature and the representative datasets in fairness research.
Demg.,Ident.,and Ideog. indicate demographic, identity-based, and ideological bias, respectively.

Task Data Source

Knowledge Base WordNet (Miller, 1992)
ConceptNet (Liu and Singh, 2004)
Freebase (Bollacker et al., 2007)
DBpedia (Auer et al., 2007)
Google Knowledge Graph1

Wikidata (Vrandečić, 2012)

Event RE ACE 2005 (Mitchell et al., 2005)
NYT (Riedel et al., 2010)
RED (O’Gorman et al., 2016)
DocRED (Yao et al., 2019)
MAVEN (Wang et al., 2020)
MAVEN-ERE (Wang et al., 2022)

Coreference CoNLL-2011 (Pradhan et al., 2011)
CoNLL-2012 (Pradhan et al., 2012)
Winograde (Sakaguchi et al., 2019)
KnowRef (Emami et al., 2019)

Temporal RE TimeBank-Dense (Chambers et al., 2014)
THYME (Bethard et al., 2015, 2016, 2017)
MATRES (Ning et al., 2018)

Causal RE Causal-TB (Mirza et al., 2014)
EventStoryLine (Caselli and Vossen, 2017)
CausalBank (Li et al., 2020)

1 https://developers.google.com/knowledge-graph

Table 4: Data sources commonly used for graph-
construction and reasoning tasks. RE refers to relation
extraction.
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Work Task Role Integration

Bölücü and Canbay (2021) Bias Detection Context Graph-Enhanced
Deshpande et al. (2022) Knolwedge Detection External Graph-Enhanced
Panayotov et al. (2022) Bias Detection External Fusion
Liu et al. (2023a) Debiased Generation Structure LLM-Driven
Liu et al. (2023b) Bias Detection Structure LLM-Driven, Graph-Enhanced
Salinas et al. (2024) Prompt Generation Structure Graph-Analyzed
Ghosh et al. (2023) Bias Detection Context Fusion
Ma et al. (2024) Debiased Generation, Bias Detection Structure Graph-Enhanced
Lei and Huang (2024) Bias Detection Structure Fusion, LLM-Driven
Baez Santamaria et al. (2024) Debiased Generation Context Fusion
Wasi (2024) Reasoning Generation, Bias Detection Context Graph-Enhanced
Lei and Huang (2025) Debiased Generation Structure Fusion, LLM-Driven
Manzoor et al. (2025) Bias Detection External Fusion
Xie et al. (2025) Reasoning Generation Structure Graph-Analyzed
Zhao et al. (2025) Bias Detection External Graph-RAG, LLM-Driven
Luo et al. (2025) Jailbreaking External Graph-RAG, LLM-Driven
Preciado Márquez et al. (2025) Debiased Generation Context Fusion
Chen et al. (2025) Preference Comparison Structure Graph-Enhanced, Graph-Analyzed
Jin et al. (2025) Bias Detection Structure LLM-Driven

Table 5: A summary of fairness research that uses structure representations, categorized by task, role of graph, and
integration strategy. An increasing number of such studies have emerged in recent years across diverse tasks.
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