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Abstract001

Current research predominantly focuses on002
model performance while overlooking uncer-003
tainty, particularly as LLMs increasingly gen-004
erate annotated data. We introduce a frame-005
work combining conformal prediction with col-006
laborative filtering to detect LLM biases. Us-007
ing Non-Conformity Scores (NCS), we intro-008
duce the Ghost Prediction metric and Ghost009
Annotator concept to quantify and profile cases010
where models diverge from all human anno-011
tations. Applying Cosine similarity measures,012
we identify systematic biases along sociode-013
mographic axes. Evaluating four LLMs across014
four content moderation datasets we revealed015
that smaller LLMs tend to be more confident016
yet less aligned with human annotations com-017
pared to larger models, and across all mod-018
els, uncertainty increases as annotator disagree-019
ment rises, mirroring collective human behav-020
ior. Finally the Ghost Annotator framework021
unveils strong alignment between LLMs and022
annotators of a specific gender on particular023
datasets.024

1 Introduction025

Human Label Variation (HLV) (Plank, 2022) re-026

cently emerged as a research paradigm aimed to027

enhance the fairness and inclusivity of language028

technologies and resources. In overcoming tradi-029

tional approaches based on label aggregation, HLV030

claims for a new generation of datasets and models031

(Uma et al., 2021; Cabitza et al., 2023) that are able032

to represent different perspectives especially on033

highly subjective phenomena (Frenda et al., 2025).034

This shift has important theoretical and practical035

implications, as biased technologies can harm vul-036

nerable populations in downstream tasks such as037

automatic content moderation (Kocoń et al., 2021a;038

Anand et al., 2024).039

The Natural Language Processing (NLP) com-040

munity addresses issue of HLV from a wide range041

of perspectives: from the development of disag- 042

gregated data with annotators’ metadata (Sachdeva 043

et al., 2022; Davani et al., 2024), to the assessment 044

and development of technologies that are able to 045

capture different world-views (Wich et al., 2021; 046

Van Der Meer et al., 2024) and ‘listen’ to the voices 047

of minoritized groups (Vitsakis et al., 2024). Sev- 048

eral challenges are still open, though: i. The gener- 049

alization of findings on HLV is hindered by the lack 050

of alignment between datasets and their annotation 051

schemes (Fortuna and Nunes, 2018; Vidgen and 052

Derczynski, 2020); ii. most research focuses on 053

model performances, overlooking the issue of un- 054

certainty, which is becoming central with the grow- 055

ing adoption of Large Language Models (LLM) to 056

generate annotated datasets (Tan et al., 2024). 057

Our work tackles these challenges by presenting 058

the Ghost Annotator: a framework to assess the 059

presence of LLMs bias against specific categories 060

of annotators based on uncertainty estimation. Our 061

approach relies on Conformal Prediction (Chen 062

et al., 2023), a methodology for models’ uncer- 063

tainty estimation, to profile groups of annotators 064

and identify which identities the model align the 065

most with. 066

Through the design of the Ghost Annotator we 067

answer the following questions 068

[RQ1] Is there a coherence between models’ un- 069

certainty and HLV expressed in disaggregated cor- 070

pora? 071

[RQ2] Do models align with specific categories of 072

annotators? 073

Our results indicate that smaller LLMs exhibit 074

higher confidence in their predictions while diverg- 075

ing more substantially from human annotations 076

than larger models. Despite these differences, all 077

models display confidence patterns that reflect col- 078

lective annotator behavior: as disagreement among 079

annotators increases for a given message, model 080

uncertainty correspondingly increases, confirming 081

findings from previous works (Schmeisser-Nieto 082
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et al., 2024; Anand et al., 2024). Finally, our frame-083

work enables the identification of a strong align-084

ment between LLMs and annotators of a specific085

gender on particular datasets, as well as a system-086

atic divergence across different model families in087

the gender-based perspectives they adopt on con-088

tent moderation–related phenomena.1089

2 Related Work090

The annotators’ individual characteristics affect the091

text perception. Mieleszczenko-Kowszewicz et al.092

(2023) examined how the psychological and emo-093

tional traits of 40 annotators across different tasks094

and texts, determine the perception of text also095

over time. The human instability and diversity096

make in general the reproduction of their annota-097

tion hard. However, to lower the annotation time098

and costs, the use of pre-trained models for cre-099

ating dataset, simulating humans activities and100

evaluating models’ outputs is increasing (Tan et al.,101

2024; Aher et al., 2023; Li et al., 2024)2. This102

raises the need to evaluate their reliability in replac-103

ing humans (Calderon et al., 2025; Gligorić et al.,104

2025), and to guarantee a degree of diversity in105

their annotations. Besides the common approaches106

based on active learning approach used to optimize107

the annotation budget, some techniques that ac-108

count for HLV were proposed recently. Wang and109

Plank (2023) employed an active learning strategy110

to learn labels from various annotators (identified111

by their id); Baumler et al. (2023) exploited the mis-112

match between model and annotator uncertainty to113

select examples that need more annotations relying114

on human disagreement; and van der Meer et al.115

(2024) suggested strategies to choose which hu-116

man annotator should label specific instances to117

ensure representativeness in annotated data. How-118

ever, Gruber et al. (2025) discuss the connection119

between optimization techniques and HLV, arguing120

that these techniques do not consider the distinction121

between HLV and annotation error, and that LLMs122

can provide label distributions (not only one label123

as human annotators) making them more attractive124

as annotators. However, LLMs-as-annotators tend125

to perform better on English datasets, are biased126

toward annotating texts as offensive and abusive,127

1The code of our experiment is available at the
following url: https://anonymous.4open.science/r/
ghost-annotator-825C/README.md

2LLM-as-a-judge is used also in available evaluation
frameworks that score the bias of LLMs: https://deepeval.
com/

produce label distribution not aligned with human 128

opinion distribution (Pavlovic and Poesio, 2024a), 129

and even if prompted with diverse persona, struggle 130

to generate responses as diverse as humans (Sarumi 131

et al., 2025). 132

Among scholars who studied the correlation be- 133

tween model prediction and the distinct human 134

responses, Lan et al. (2025) noticed that models 135

struggle to capture multiple human responses in 136

Visual Question Answering, especially when hu- 137

mans are uncertain about their response, and that 138

calibration techniques based on human distribu- 139

tion are more effective than strategies that calibrate 140

the model towards accuracy; while Schmeisser- 141

Nieto et al. (2024) and (Anand et al., 2024) demon- 142

strated how models exhibit low confidence when 143

annotators have more disagreement with each other. 144

Disagreement can be caused by different factors 145

(Sandri et al., 2023; Wan et al., 2025) and when it 146

is systematic, it is likely to be a symptom of the 147

existence of different perspectives (Frenda et al., 148

2025). Especially in tasks like hate speech de- 149

tection, beliefs, identities and demographics are 150

correlated with the level of toxicity and offensive 151

language perceived in a message (Sap et al., 2022a; 152

Mostafazadeh Davani et al., 2024), and if the HLV 153

is not captured by datasets and models, the result 154

is a model unfair behavior (e.g., discrimination of 155

minorities, reinforcement of stereotypes, or eclips- 156

ing of segments of population). To investigate the 157

presence of biases in pre-trained models, various 158

scholars explored the use of questionnaires, evalu- 159

ation frameworks and word association tests with 160

the purpose of unveiling their political or value 161

preference and moral attitude (Wright et al., 2024; 162

Jiang et al., 2025; Rao et al., 2025; Abramski et al., 163

2024; Dai et al., 2025). All these studies reveal how 164

unfortunately LLMs are not suitable for a global 165

audience. 166

Inspired by the work of Urbinati et al. (2025), 167

we estimate the uncertainty of models to detect 168

their societal biases through conformal prediction. 169

The novelty of our work is a new framework that 170

examines models correlation with HLV, and helps 171

to position their representation, in terms of Ghost 172

Annotator, across diverse sociodemographic axes. 173

Recently introduced in NLP (Chen et al., 2023), 174

previous studies exploited conformal prediction to 175

trigger moderator’s review in automatic hateful con- 176

tent moderation (Villate-Castillo et al., 2025), to es- 177

timate models uncertainty in text generation (Wang 178

et al., 2025), machine translation (Zerva and Mar- 179
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tins, 2024), and text classification (Sheng et al.,180

2025), and to clean mislabeled data based on a181

small curated calibration set (Zhan et al., 2023).182

With our work we provide a fair framework, based183

on a statistical guaranteed technique (Campos et al.,184

2024), to evaluate and use conscientiously pre-185

trained models in the creation and augmentation of186

training dataset ensuring diverse annotations.187

3 Experimental Setting188

In this section we present the experimental set-189

ting that drives our research. In Section 3.1 we190

present Conformal Prediction, which is used to191

estimate models uncertainty against human anno-192

tations. In Section 3.2 we describe the Ghost Pre-193

diction, an alternative to accuracy-based metric194

that is used to quantify models divergence from195

disaggregated human annotators. In Section 3.3196

we describe the Ghost Annotator, a framework to197

profile models and human annotators inspired by198

Collaborative Filtering and built upon Conformal199

Prediction and Ghost Predictions. Sections 3.4 and200

3.5 respectively present the datasets and models201

that we adopted in our experiment.202

3.1 Conformal Prediction203

Conformal Prediction (Angelopoulos et al., 2023;204

Fontana et al., 2023) is a framework for the esti-205

mation of models confidence returning, for each206

prediction, a distribution of the probabilities of all207

the possible labels. Depending on this distribution,208

it is possible to associate the prediction to a Non209

Conformity Score (NCS), which functions (e.g.,210

Brier score) as a proxy to quantify the uncertainty211

of the prediction: the higher is the NCS, the more212

uncertain is the model. The core idea behind Con-213

formal Prediction is that it is possible to calibrate a214

model by computing its average NCS on a limited215

set of data (the calibration set) and then use this216

score to assess the uncertainty of model’s predic-217

tions on unseen data.218

In this work, we adopts Conformal Prediction to219

estimate model uncertainty against individual an-220

notators in order to identify general patterns of mis-221

alignment between models an humans. Specifically,222

we consider the average NCS as a proxy of this mis-223

alignment: the higher is the NCS, the higher is the224

divergence between model’s predictions and hu-225

man preferences in the annotation. This approach226

is extremely flexible because it can be adopted to227

capture individual preferences or group dynamics228

by partially aggregating annotators. 229

3.2 Ghost Prediction 230

Commonly the model evaluation in classification 231

tasks relies on the accuracy performance based 232

on the comparison between model predictions 233

and the ground truth obtained aggregating hu- 234

man labels or their distribution (Leonardelli et al., 235

2025). Recently, some methods of evaluation that 236

take into account HLV were proposed. These 237

consider the comparison of model’s predictions 238

with annotators’ labels grouped by similar profiles 239

(Akhtar et al., 2021; Gordon et al., 2022; Frenda 240

et al., 2023), and with individual annotators’ la- 241

bels (Mostafazadeh Davani et al., 2022; Mokhbe- 242

rian et al., 2024; Orlikowski et al., 2025; Lo et al., 243

2025b). Moreover, all these works mainly rely on 244

the computation of accuracy-based metrics (e.g., 245

F1 score, MAE). Inspired by works on human bias 246

investigation (Kocoń et al., 2021b; Mieleszczenko- 247

Kowszewicz et al., 2023) and differently from pre- 248

vious works on LLMs bias measurement (see Sec- 249

tion 2), we introduce the Ghost Prediction metric. 250

Overcoming the evaluation of model outputs in 251

terms of performance, we look at how frequently 252

the model outputs a label that is not selected by 253

humans, exploiting all the available labels per item. 254

3.3 Annotators Representation through 255

Collaborative Filtering 256

Collaborative filtering (CF) is probably the most 257

popular technique in the area of recommender sys- 258

tems (Ricci et al., 2022; Schafer et al., 2007), i.e., 259

software tools which generate personalized sugges- 260

tions (recommendations) promoting items that are 261

most likely to match the needs, preferences or in- 262

terests of a certain user (Burke et al., 2011) (the 263

target), with the aim of mitigating the so-called 264

information overload problem (Maes, 1994). The 265

original version of CF, also known as user-based 266

CF, draws on the idea that users who agreed on 267

their evaluations for some items in the past are 268

likely to agree on others too: hence, this approach 269

generates recommendations based on items liked 270

by other users with similar tastes, namely, with a 271

similar rating history (Goldberg et al., 1992). 272

In this work we combine Conformal Prediction 273

with CF to provide annotator representations based 274

on models uncertainty. Our methodology relies on 275

the following assumptions: 276

1. we consider an LLM as an user that interacts 277
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with an annotation provided by a human an-278

notator;279

2. the output of this interaction is a NCS that280

measures the uncertainty of the model in rela-281

tion to the annotation provided by the human282

annotator;283

3. each annotator is represented by all the inter-284

actions that the model had with their annota-285

tions, namely a distribution of all the NCSs286

associated to their annotations;287

4. the model is represented by all the NCSs as-288

sociated to all its Ghost Prediction (Section289

3.2), namely all the occurrences in which the290

model predict a label that diverges from all291

the labels expressed by human annotators.292

In order to adequately compare annotators that293

labeled different amount of messages, we represent294

them as a 3-dimensional vector derived from the295

quartiles of the NCS distributions.296

The model is represented as a 3-dimensional297

vector, as well. Since the model’s representation298

is based on the NCSs of its ghost predictions, we299

define this representation as Ghost Annotator: a300

virtual annotator that minimizes the NCS by pro-301

viding an annotation that aligns with the predicted302

label.303

By applying Cosine similarity between the Ghost304

Annotator and all the representations of human an-305

notators, we are able to identify human perspectives306

to which the model better align with.307

We adopt this methodology to systematically308

explore the alignment of models with specific cat-309

egories of annotators in perceiving relevant phe-310

nomena for content moderation (e.g., Hate Speech,311

offensiveness.312

3.4 Datasets313

We chose four datasets annotated for topics related314

to content moderation, in order to assess the gener-315

alization of our method across different phenomena.316

We followed two guiding principles for data selec-317

tion to ensure comparability between corpora: i.318

we only selected datasets with a scalar annotation319

scheme to ensure a coherent scheme across them;320

ii. we did not include datasets provided by the321

same research group to avoid research bias (Hovy322

and Prabhumoye, 2021) and maximize their recip-323

rocal independence. The benchmark includes the324

following datasets:325

Attitudes (Sap et al., 2022b): a corpus of 627 326

tweets annotated for Hate Speech (HS) detection 327

on a scale from 1 to 5. 328

CADE (Lo et al., 2025a): a corpus of 2, 094 329

YouTube comments ranked on the basis of their 330

unacceptability on a scale from 1 to 4. 331

Disentangling (Davani et al., 2024): a corpus of 332

4, 554 messages from Wikipedia Talk pages3 and 333

Civil Comments4 annotated for offensiveness on a 334

scale from 0 to 4. 335

MHS (Sachdeva et al., 2022): a corpus of 39, 461 336

tweets annotated according to a multidimensional 337

annotation scheme on a scale from 0 to 4. For this 338

study we focused on the axis of violence 339

Three types of descriptive statistics have been 340

extracted from each dataset to identify different 341

and common features between them. 342

Distribution of majority types. Inspired by ex- 343

isting work of Leonardelli et al. (2021), we de- 344

scribed each message according to the type of ma- 345

jority formed by annotators: unanimity (x = 1), 346

qualified majority (0.66 < x < 1), absolute ma- 347

jority (0.5 < x < 0.66), and relative majority 348

(x <= 0.5). As it can be observed in Table 1, the 349

distribution of majority types significantly differ 350

between datasets suggesting divergent annotation 351

behaviors across datasets. 352

Label fitting and average number of annotators. 353

This statistics describes the average percentage of 354

scalar values that have been selected by at least one 355

annotator. Excluding Disentangling, whose aver- 356

age number of 32.2 annotators per message causes 357

a very high label fitting, differences also emerge be- 358

tween datasets with a comparable average number 359

of annotators. 360

Annotators Isolation. This statistic reports the 361

average percentage of annotators to label a mes- 362

sage in contrast with the majority. Coherently with 363

the high number of annotations per message, Dis- 364

entangling has the highest annotation isolation but 365

differences also arise between the other corpora. 366

3.5 Models 367

In this experiment, a selection of pre-trained lan- 368

guage models was employed to tackle a text an- 369

notation task, aimed at classifying social media 370

posts based on the presence of harmful content (the 371

prompts and the experimental setup are reported in 372

3https://en.wikipedia.org/wiki/Help:Talk_pages
4civilcomments.com
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Dataset Avg. Ann. Rel. Maj. Abs. Maj. Qual. Maj. Unan. Label Fitting (avg) Isolation (avg)

Attitudes (Hate Speech)
(Sap et al., 2022b) 5.523 0.632 0.038 0.311 0.019 0.578 0.350

CADE (Acceptability)
(Lo et al., 2025a) 5.700 0.343 0.206 0.337 0.114 0.505 0.325

Disentangling (Offensiveness)
(Davani et al., 2024) 32.324 0.599 0.217 0.179 0.005 0.916 0.472

MHS (Violence)
(Sachdeva et al., 2022) 5.856 0.354 0.003 0.280 0.363 0.351 0.261

Table 1: Description of datasets according to the following axes. Majorities: percentage of relative majority
(<= 0.50), absolute majority (0.50 < x < 0.66), qualified majority (0.66 < x < 1). Label fitting: all the labels
chosen by at least one annotator / all the possible labels; Isolation: % of times in which an annotator diverges from
majority.

Appendix A and B). The focus is identifying differ-373

ent categories of harmful content such as violence,374

hate speech, acceptability, and offensiveness.375

The chosen models were tasked with generat-376

ing probabilities for specific labels and calculat-377

ing the NCS. Two families of LLMs, Qwen and378

Llama, were selected for benchmarking perfor-379

mance across different model scales. Therefore, we380

employ two smaller models (i.e., Qwen/Qwen2.5-381

1.5B-Instruct, Meta-llama/Llama-3.2-1B-Instruct),382

one from the Qwen family and one from the Llama383

family, along with their respective medium-sized384

counterparts (i.e., Qwen/Qwen2.5-7B-Instruct,385

Meta-llama/Llama-3.1-8B-Instruct). In particular,386

these models were selected for their ability to under-387

stand instructions and generate responses tailored388

to classification tasks.389

4 Results390

In this section we present the results of our ex-391

periments. Section 4.1 presents results about the392

comparison between models’ uncertainty and HLV393

(RQ1); Section 4.2 describes the impact of datasets394

and models in the alignment of LLMs with annota-395

tors’ gender (RQ2).396

4.1 [RQ1] Is there a coherence between HLV397

and models’ uncertainty?398

Our first experiment is aimed at exploring the co-399

herence between LLMs uncertainty and collective400

behaviors in the context of dataset annotation. We401

jointly study the average NCS of LLMs across402

datasets (Section 3.1) and their tendency to out-403

put ghost predictions (Section 3.2). We observe404

whether there is a pattern between different major-405

ity types emerging between human annotators and406

models uncertainty.407
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Figure 1: (Top) Percentage of the Ghost prediction
across models and datasets. (Bottom) The box plot
illustrates the distribution of model uncertainty for each
dataset, with separate colors representing different mod-
els. Outliers are marked with small black dots. The
datasets are labeled on the x-axis, and the NCS (indicat-
ing model uncertainty) are represented on the y-axis.

Smaller models are more confident about the 408

‘wrong’ label. The average conformity score of 409

models across datasets (Figure 1 Bottom) shows 410

that smaller models are more confident about their 411

predictions, regardless their LLM family and the 412

type of datasets. Excluding Qwen2.5-1.5B on the 413

CADE dataset, the conformity score of smaller 414

LLMs exhibit lower variation than their counter- 415

parts. However, the higher confidence of these 416

models appears to be associated with a higher di- 417

vergence with human annotations. As it can be 418

observed in Figure 1 Top, the Ghost Prediction 419
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metric, namely the frequency with which a model420

outputs a label not chosen by any annotator, is421

higher for smaller models in three cases out of422

four. Qwen2.5-1.5B systematically scores the high-423

est Ghost Annotator on MHS, Disentangling, and424

CADE. Observing variation across datasets it is425

worth mentioning the significantly lower Ghost An-426

notator in models predictions on Disentangling’s427

dataset, which appears to be caused by the higher428

number of annotations per message, and the higher429

Ghost Annotator achieved by models on MHS and430

CADE. This behavior may be explained by the431

type of phenomena that are less explored in NLP432

and thus it is more likely that models diverge from433

human annotations in their classification.434

Models uncertainty is coherent with majority435

types. Figure 2 Top shows that the correlation436

between models NCS and the majority types has437

almost always a negative sign: the higher is the438

NCS in prediction, the smaller is the majority of439

annotators who label a message with the same la-440

bel. This pattern, which shows to a certain extent a441

coherence between LLMs and human uncertainty,442

emerges with different magnitude, depending on443

the dataset and the model. Larger LLMs shows a444

moderate negative correlation between NCS and445

majority types in predictions on Disentangling Cor-446

pus (−0.44 and −0.45); Llama-3.1-8B on CADE447

(−0.39). Smaller models exhibit a moderate neg-448

ative correlation on CADE (Llama3.2-1B, −0.31)449

and Attitudes (Qwen2.5-1.5B, −0.51). MHS is the450

only dataset in which NCS correlation with major-451

ity types is weak for all LLMs.452

The correlation between models NCS and anno-453

tator isolation (Figure 2 Bottom) is specular with454

pattern emerging from the analysis of majority455

types: the higher frequency of annotators who vote456

against majority, the higher is the models uncer-457

tainty. Notably, different datasets are characterized458

by a positive correlation with a higher magnitude.459

E.g., larger LLMs show a moderate correlation460

(+0.30) between NCS and annotator isolation on461

MHS.462

4.2 [RQ2] Do models align with specific463

categories of annotators?464

Our second experiment adopts the Ghost Annota-465

tor (Section 3.3) to identify whether LLMs align466

with the perspectives of annotators characterized467

by specific socio-demographic traits. Since gen-468

der is the only socio-demographic trait consistently469
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Figure 2: (Top) The Heatmap displays the Pearson cor-
relation between the NCS and majority types. (Bottom)
The figure shows the Pearson correlation between NCS
and Annotator Isolation for the analyzed models and
datasets.

shared across datasets we limited our analysis to 470

this feature. 471

Given a model and a dataset, we performed the 472

following steps: 473

1. we generated a representation of the model by 474

computing the Ghost Annotator (Section 3.3); 475

2. we selected the 10 women annotators and the 476

10 men annotators whose representation based 477

on NCS is more similar to the Ghost Annota- 478

tor5; 479

3. we identified the annotators group that is more 480

similar to the Ghost Annotator interpreting 481

this similarity as the proxy of a higher align- 482

ment of the model with a specific gender; 483

4. keeping the Ghost Annotator derived from the 484

initial corpus, we compared this representa- 485

tion with human annotators from other cor- 486

pora 487

5We replicated the experiment for top-20 and all annotators
(Appendix C)
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This approach allows us to identify patterns that488

characterize the interaction between models, hu-489

man annotators, and datasets: we do not only iden-490

tify the eventual alignment of a model with a spe-491

cific gender but we also observe whether this492

alignment is generalizable outside the context of493

a specific corpus. We repeated the experiment for494

each model for each dataset to analyze differences495

between models and the impact of specific datasets.496

Results of this experiments are shown in Figure497

3. Each sub-figure represents the Ghost Annotator498

alignment of a model with men and women: the499

rows correspond to the dataset used to profile the500

Ghost Annotator, the columns represent the dataset501

used to profile the annotators. A value near to 1502

means that the model is nearer to women; near to503

-1 the opposite; near to 0 the lack of alignment.504

Models representation is not stable across505

datasets. A first notable result emerging from506

Figure 3 is that the Ghost Annotator consistently507

aligns with men annotators in CADE and women508

annotators in MHS, regardless of the corpus used509

to profile the Ghost Annotator. This alignment510

between models and gender is always statistically511

significant, ranging from 0.31 to 0.78 in MHS and512

from −0.24 to −0.87 in CADE. By contrast, the513

profiles derived from the Disentangling and Atti-514

tudes corpora are less stable, though still compara-515

bly pronounced. Specifically, the alignment of the516

Ghost Annotator with human annotators profiled517

from the Disentangling corpus ranges from −0.39518

to 0.33, while for Attitudes it ranges from −0.24519

to 0.50. A possible interpretation of the stability of520

models representation in CADE and MHS might be521

the tendency of annotators with different genders to522

be more polarized in interpreting phenomena like523

violence (MHS) and acceptability (CADE).524

Significant differences emerge between LLMs.525

A second relevant pattern emerging from the ex-526

periment is the centrality of LLMs biases in de-527

termining the alignment of models with specific528

gender. Observing the similarity between Ghost529

and human annotators profiled on Attitudes (Fig-530

ure 3.3, top right square in each heatmap) it is531

possible to observe a strong divergence between532

Llama and Qwen families. Both the smaller533

and the larger Llama are more aligned with men534

(−0.17 and −0.24); smaller and larger Qwen with535

women (0.38 and 0.50). In other cases the di-536

vergence between models appears to depend by537

their size. Smaller models are both consistently538

aligned with men profiled on MHS and com- 539

pared with human annotators profiled on Disen- 540

tangling (second square of the last row, starting 541

drom left): Llama Ghost Annotator scores −0.32; 542

Qwen −0.38. Higher models are slightly more 543

alignment with women (Llama 0.07; Qwen 0.12). 544

This variability might be the proxy of existing bi- 545

ases in LLMs on specific tasks that influence their 546

alignment with specific genders. 547

5 Conclusion 548

This work proposes the Ghost Annotator, a frame- 549

work designed to uncover and assess biases in 550

LLMs against specific groups of annotators through 551

uncertainty estimation. While prior research em- 552

phasized accuracy-based performance of LLMs, 553

neglecting uncertainty—despite the growing use of 554

LLMs for data annotation—our approach integrates 555

conformal prediction and collaborative filtering to 556

detect sociodemographic biases. Specifically, lever- 557

aging Non-Conformity Scores, we introduce the 558

Ghost Prediction metric and the Ghost Annotator 559

concept to capture when and how the model outputs 560

diverge from all human annotations. We evaluated 561

four models (two large and two small from the 562

Qwen and Llama families) across four datasets re- 563

porting disaggregated scalar annotations on diverse 564

dimensions of abusive language: violence, hate 565

speech, acceptability and offensiveness. Finally, 566

employing the Euclidean similarity between the 567

Ghost Annotator and all the representations of hu- 568

man annotators, we identified human perspectives 569

to which the model better align with. 570

Our findings show that smaller LLMs are gen- 571

erally more confident in their outputs but deviate 572

more from human annotations than larger models. 573

Nonetheless, in line with previous works’ findings 574

(Schmeisser-Nieto et al., 2024; Anand et al., 2024), 575

all models exhibit confidence trends that mirror 576

annotator consensus, with higher uncertainty aris- 577

ing when annotators disagree more. Additionally, 578

the proposed framework uncovers strong gender- 579

specific alignment between certain LLMs and an- 580

notators on specific datasets (in particular, male an- 581

notators in CADE and female annotators in MHS), 582

along with consistent differences across model fam- 583

ilies about which (female or male) perspectives 584

they adopt to judge content moderation especially 585

for the hate speech phenomenon (male perspective 586

in Llama models and female perspective in Qwen 587

models). 588
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Figure 3: The figure shows the profile of the ghost annotator extracted from all models for each dataset. Each of the
four sub-figures represents the similarity index between the ghost annotator, calculated for that model, and the four
datasets. In each sub-figure, the rows correspond to the dataset used to profile the ghost annotator based on its NCS
quartiles, while the columns represent the dataset used to profile the annotators based on their NCS quartiles. A
value of 0 indicates identical distance between male annotators and the ghost, as well as between female annotators
and the ghost. A value of -1 indicates that the ghost annotator is closer to the male profile than the female one, while
a value of 1 indicates that the ghost annotator profile is closer to the female one. Only the 10 male and 10 female
annotators most similar to the ghost annotator are considered.
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Limitations589

In our work, we used the gender as a binary di-590

mension as a case study to prove the bias detection591

ability of our framework. However, we are aware592

of the limitation of the use of binary gender so-593

ciodemographic information, and for this reason594

we consider important to prove the generalization595

of our approach with multi-categorical dimension.596

Indeed, we mapped the diverse gender information597

provided by the authors of these datasets in a binary598

variable to obtain comparable categories for all the599

datasets.600

Another limitation of our analysis is about the601

model families and size we evaluated. For the se-602

lection of models we took into account their open603

availability and their possible extensive use because604

of small and medium size (i.e., requiring lower605

computational power). However, we are aware that606

services and applications for daily assistant activ-607

ities are fed mainly by close models, and in the608

future we consider to employ the proposed frame-609

work to evaluate the imperfections of real-world610

applications.611

Ethical Considerations612

Our research focuses on capturing sociodemo-613

graphic biases in models already used by users614

worldwide. We are conscious that it is risky to615

consider limited societal biases and adopt a binary616

categorization for gender. However, the proposed617

framework is employable to multiple categories618

and societal dimensions (e.g., ethnicity, origin, dis-619

abilities, educational status and so on). We hope620

our framework can be used to analyze the safety of621

the models before their release, and that this inves-622

tigation can encourage attention to societal issues623

in the creation of AI.624
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gories, with a clear scoring system6.1027

Each dataset used in the experiment is associated1028

with a distinct prompt, where the user is instructed1029

to annotate a social media post with one of the1030

predefined values from the following options:1031

• Violence: 0 (no violence) to 4 (extremely vio-1032

lent)1033

• Hate Speech: 1 (no hate speech) to 5 (ex-1034

tremely hate speech)1035

• Unacceptability: 1 (acceptable) to 4 (ex-1036

tremely unacceptable)1037

• Offensiveness: 0 (no offensiveness) to 4 (ex-1038

tremely offensive)1039

The prompt structure follows a similar format1040

across all datasets, which ensures consistency in the1041

model’s task understanding and response genera-1042

tion. An example prompt for violence classification1043

is as follows:1044

Task: You are a participant in an annotation task1045

for the recognition of violence.1046

Instruction: Read the following social media1047

post and annotate it with one value from the fol-1048

lowing options. Options: 0, 1, 2, 3, 4. 0 == no1049

violence, 4 == extremely violent.1050

Output format: The answer should follow this1051

template ’answer’: option. Answer only in JSON.1052

No extra text.1053

Question: How much does the following social1054

media post contain violence?1055

The trans women reading this tweet right now is1056

beautiful1057

To extract the predictions, we used the transform-1058

ers library from Hugging Face. Initially, the text1059

input, which includes both the prompt and the so-1060

cial media post, was tokenized using the model’s1061

corresponding tokenizer. This tokenized input was1062

then passed through the model to generate predic-1063

tions. The model outputs raw logits, which are1064

uncalibrated scores representing the model’s confi-1065

dence for each possible token. These logits were1066

then passed through a log-softmax function in order1067

to normalize the logits and to provide a probability1068

distribution where the sum of all token probabilities1069

equals one.1070

6Differently from previous works (Pavlovic and Poesio,
2024b; Sarumi et al., 2025), we do not tune the models to
exhibit behavior similar to humans.

The probabilities for the target labels (e.g., ’0’, 1071

’1’, ’2’, ’3’, ’4’) were gathered across the gener- 1072

ated tokens. These probabilities were averaged 1073

over multiple steps of token generation to provide 1074

a more robust prediction. 1075

B Hardware and Experimental Setup 1076

Each experimental run was allocated a single com- 1077

pute node with the following specifications: 4 CPU 1078

cores, 25GB of RAM, and one NVIDIA H200 GPU. 1079

The experiment ran for 40 hours. Models were 1080

always initialized with their default setup of hyper- 1081

parameters. 1082

C Sanity Check 1083

This Appendix reproduces the similarity of the 1084

ghost annotator with men and women in two dif- 1085

ferent settings: top-20 similar women and men 1086

(Figure 4); considering all women and men (Figure 1087

5) 1088
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Figure 4: The figure shows the profile of the ghost annotator extracted from all models for each dataset. Each of the
four sub-figures represents the similarity index between the ghost annotator, calculated for that model, and the four
datasets. In each sub-figure, the rows correspond to the dataset used to profile the ghost annotator based on its NCS
quartiles, while the columns represent the dataset used to profile the annotators based on their NCS quartiles. A
value of 0 indicates identical distance between male annotators and the ghost, as well as between female annotators
and the ghost. A value of -1 indicates that the ghost annotator is closer to the male profile than the female one, while
a value of 1 indicates that the ghost annotator profile is closer to the female one. Only the 20 male and 20 female
annotators most similar to the ghost annotator are considered.
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Figure 5: The figure shows the profile of the ghost annotator extracted from all models for each dataset. Each of the
four sub.figures represents the similarity index between the ghost annotator, calculated for that model, and the four
datasets. In each sub-figure, the rows correspond to the dataset used to profile the ghost annotator based on its NCS
quartiles, while the columns represent the dataset used to profile the annotators based on their NCS quartiles. A
value of 0 indicates identical distance between male annotators and the ghost, as well as between female annotators
and the ghost. A value of -1 indicates that the ghost annotator is closer to the male profile than the female one, while
a value of 1 indicates that the ghost annotator profile is closer to the female one. All annotator are considered here.
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