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Abstract001

Large Language Models (LLMs) are widely002
used for question answering but are prone to003
hallucinations, producing confident yet incor-004
rect responses. While prior work has proposed005
various hallucination detection methods, the006
underlying causes, particularly the role of fac-007
tual prevalence in LLMs’ training data, remain008
underexplored. To study this cause, we use aca-009
demic authorship attribution — retrieving the010
list of authors given a research paper — as a011
representative task and hypothesize that halluci-012
nations are more likely for less prevalent papers.013
We use citation count as a proxy for factual014
prevalence and validate this choice by demon-015
strating strong correlations with Google search016
hits and corpus-level occurrences in large LLM017
training datasets. We curate a dataset of 1.92M018
papers spanning eight academic disciplines and019
its stratified samples by discipline and citation020
level. Our experiments on three state-of-the-021
art LLMs reveal a consistent inverse relation-022
ship between hallucination rates and citation023
counts across all models and disciplines, with024
hallucination rates decreasing from over 98%025
for rarely cited papers (0–2 citations) to un-026
der 36.4% for highly cited papers (4,097+ ci-027
tations). We also analyze the relationship be-028
tween hallucination rates and author position,029
author count, title length, and demography, fur-030
ther highlighting factual prevalence as a key031
factor in LLM reliability and offer important032
insights toward building more trustworthy AI033
systems.034

1 Introduction035

Large language models (LLMs), such as ChatGPT,036

Claude, and Gemini, have demonstrated impres-037

sive performance across a wide range of natural038

language processing tasks and are increasingly039

adopted in everyday applications, business oper-040

ations, and scientific research. Despite these ad-041

vances, LLMs are prone to hallucinations, generat-042

ing plausible but incorrect or misleading responses.043

Such errors include instruction inconsistency, logi- 044

cal inconsistency, and factual contradiction or fab- 045

rication (Huang et al., 2023). A particularly con- 046

cerning type of hallucination is fact-conflicting hal- 047

lucination (Zhang et al., 2025), in which generated 048

content contradicts established world knowledge, 049

such as producing fake references or incorrect au- 050

thor names for a research paper. These failures pose 051

serious risks in knowledge-intensive domains like 052

scientific research, highlighting the need to better 053

understand the underlying causes of hallucination. 054

In this work, we investigate factual prevalence 055

as a potential contributor to hallucinations. Fac- 056

tual prevalence refers to how frequently a specific 057

fact, such as a name, event, or concept, appears 058

in an LLM’s training data. Limited exposure to 059

certain information may explain why LLMs ex- 060

hibit weaker performance or hallucinate in less- 061

represented domains (Liu et al., 2024b). Previous 062

studies have shown that LLMs can memorize fac- 063

tual knowledge (Chowdhery et al., 2022), and that 064

this memorization improves with model scale (Car- 065

lini et al., 2022), but struggles with long-tail knowl- 066

edge (Kandpal et al., 2022; Sun et al., 2024); full 067

related work is provided in Section A1. However, 068

systematic evaluation of this relationship, specif- 069

ically, how the prevalence of the required knowl- 070

edge in training data affects hallucinations, remains 071

largely unexplored. A major obstacle is that the 072

data used to pretrain commercial state-of-the-art 073

(SOTA) LLMs are not available to the academic 074

community, making direct investigation infeasible. 075

To address this challenge, we adopt academic 076

authorship attribution – an underexplored task in 077

LLM hallucination research – and propose citation 078

counts as a practical proxy for factual prevalence. 079

We focus on the following research question (RQ): 080

For queries involving authorship information, how 081

does fact prevalence, proxied by a paper’s cita- 082

tion count, affect the likelihood of hallucinations in 083

LLM-generated responses? 084
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Academic papers are well indexed and broadly085

accessible through online databases, and citation086

counts naturally reflect their visibility. Given that087

SOTA LLMs utilize much knowledge from the In-088

ternet, which should include those academic re-089

sources, we accordingly adopt citation count as a090

practical proxy for factual prevalence and study a091

concrete, measurable question: Does the halluci-092

nation rate of LLMs decrease as a paper’s cita-093

tion count increases? In answering such a ques-094

tion, we hypothesize that hallucination rates are095

inversely related to factual prevalence: LLMs are096

more likely to hallucinate when attributing authors097

of less prevalent, low-citation papers. This hypoth-098

esis aligns with the training dynamics of LLMs,099

which learn next-token probabilities from large-100

scale corpora, frequently occurring facts are rein-101

forced, while rare facts are more susceptible to102

mis-prediction and hallucination.103

To investigate this, we curated a high-quality104

dataset of 1.92M academic papers spanning eight105

disciplines: Medicine, Biology, Chemistry, Com-106

puter Science, Psychology, Physics, Materials Sci-107

ence, and Mathematics. For efficient evaluation108

of LLMs, we stratified a sample across both dis-109

ciplines and citation bins, ranging from 0–2 ci-110

tations up to 4,097+ citations. We then verified111

that citation counts correlate with factual preva-112

lence by comparing them to Google search hits113

and the frequency of paper titles in the Infini-gram114

corpus (Liu et al., 2024a). Next, we tested three115

SOTA LLMs, and demonstrated a consistent neg-116

ative correlation between hallucination rates and117

citation counts across models and disciplines. We118

further analyzed the relationship between hallucina-119

tion rates and the position in the author list, author120

count, title length, and demography. Our main121

contributions are:122

1. We curated 1.92M papers with associated meta123

data, and a 9,108-paper evaluation subset strati-124

fied across eight disciplines and 13 citation bins.125

We will release this dataset to support future126

research in hallucination detection.127

2. We established that citation count positively cor-128

relates with both Google search hits and n-gram129

frequency across two large LLM pretraining cor-130

pus, justifying the use of citation count as a131

proxy for fact prevalence.132

3. We demonstrate a universal inverse relationship133

between citation count and hallucination rate134

across three SOTA LLMs and all eight disci-135

plines. Newer models improve most on high- 136

citation papers but align with older models on 137

low-citation ones, indicating reasoning alone 138

cannot compensate for sparsity in training data. 139

4. We find field-specific hallucination patterns. Hal- 140

lucination rates also correlate strongly with the 141

position in the author list, correlate much less 142

with title length, and are negatively correlated 143

with author count. We also observe evidence of 144

ethnic bias in hallucinated names across LLMs. 145

2 Academic Authorship Dataset 146

To investigate the relationship between citation 147

count and hallucination rate in authorship attribu- 148

tion, we constructed a large-scale academic dataset. 149

Our guiding curation principle was that the papers 150

must constitute a true random sample published 151

before the release dates of the LLMs we evaluated. 152

The only source that we are aware of that enables 153

such sampling is the Microsoft Open Academic 154

Graph (OAG v2) (Research and AMiner, 2019). 155

Since OAG ceased maintenance in 2019 with out- 156

dated citation counts, we supplemented metadata 157

using the Semantic Scholar API. 158

Microsoft Open Academic Graph: With its 159

hundreds of millions of papers spanning diverse 160

disciplines, OAG provides a broadly representa- 161

tive snapshot of the academic literature. We ran- 162

domly sampled 10 million papers, using the meta- 163

data available in OAG, including titles, authors, 164

publication years, and DOIs. 165

Semantic Scholar API: We enriched OAG 166

records by matching with Semantic Scholar to ob- 167

tain up-to-date citation counts, canonicalized au- 168

thor names, and field classifications (as of Septem- 169

ber 2025). Note that Semantic Scholar does not 170

offer an API for random sampling of papers, neces- 171

sitating our two-step approach. 172

2.1 Quality Assurance Pipeline 173

To ensure data quality, we applied a rigorous 174

multi-stage filtering process (Figure A1), retain- 175

ing 1,921,209 papers from 9,999,863 initial OAG 176

records (19.2% retention rate). The filters (with % 177

removed) are as follows. 178

Document type (56.9%): Retained only jour- 179

nal and conference papers to focus on standard re- 180

search articles, excluding books, patents, and book 181

chapters. Author Count (0.3%): Removed papers 182

with zero or 20+ authors. Language (47.9%): Ap- 183

plied FastText language detection to retain English 184

papers (confidence ≥ 0.8). Author Name Patterns 185
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Citation Range Count % Cumulative %

0–2 708,267 36.9 36.9
3–4 137,934 7.2 44.1
5–8 185,875 9.7 53.7
9–16 231,214 12.0 65.8
17–32 247,346 12.9 78.6
33–64 204,806 10.7 89.3
65–128 123,049 6.4 95.7
129–256 54,789 2.9 98.5
257–512 19,228 1.0 99.5
513–1024 6,232 0.3 99.9
1025–2048 1,783 0.1 100.0
2049–4096 508 0.0 100.0
4097+ 178 0.0 100.0

Total 1,921,209 100.0

Table 1: Citation distribution across the full dataset.

(0.8%): Removed papers with problematic author186

name formats such as institutional names, single-187

token names, and anomalies indicating encoding188

errors. Title/Author Match (13.5%): Verified ex-189

act title and first author last name matches between190

OAG and Semantic Scholar to eliminate false posi-191

tives from Semantic Scholar title-based search. The192

complete filtering specifications are given in Ap-193

pendix A2.1.194

2.2 Dataset Characteristics195

Our final dataset of 1,921,209 papers exhibits di-196

verse characteristics that enable comprehensive hal-197

lucination analysis. We present key distributions198

below; comprehensive statistics are given in Ap-199

pendix A2.2.200

Citation Distribution. Citations follow a heav-201

ily right-skewed long-tail distribution (Table 1).202

The median citation count is 5, with 36.9% of pa-203

pers having 0-2 citations. This extreme skewness,204

where 78.6% of papers have fewer than 33 citations205

while the top 0.1% have over 1024, validates our206

need for exponential binning in stratified sampling.207

The 13 citation bins we employ provide fine gran-208

ularity in low-citation ranges where most papers209

reside, while maintaining sufficient representation210

in high-citation ranges where hallucination patterns211

differ substantially.212

Field Distribution. The dataset covers 19 aca-213

demic disciplines. We focus on eight academic214

fields: Medicine, Chemistry, Biology, Computer215

Science, Materials Science, Physics, Psychology,216

and Mathematics. These fields are identified based217

on the field-of-study distribution of a random sam-218

ple of 100,000 papers drawn from the initial data219

pool prior to filtering (Table A3). These fields ac-220

count for 76.95% of papers in the final curated221

dataset and provide sufficient sample sizes across222

citation bins to support robust analysis (Table A4). 223

Author Count and Temporal Coverage. Pa- 224

pers contain 1–20 authors (mean = 3.2, median = 3), 225

with 31.5% being single-authored and a long tail ex- 226

tending to 20-author collaborations (Table A5). Au- 227

thor count varies substantially by field, reflecting 228

different collaboration norms (Table A7): Medicine 229

and Biology both average 4.1 authors (large col- 230

laborative teams) while Mathematics averages 2.1 231

authors (smaller theoretical teams). Publications 232

span from 1800 to 2019 (Table A6), with 68.2% 233

published between 2000–2019, reflecting the expo- 234

nential growth of academic publishing in the digital 235

era. 236

Field-Specific Characteristics and Research 237

Implications. The cross-field variation in author- 238

ship and citation patterns provides natural experi- 239

mental controls for our hallucination analysis. Ci- 240

tation counts vary substantially across disciplines 241

(Table A8): Biology averages 45.0 citations while 242

Mathematics averages 25.4 citations, tracking with 243

their mean author counts. However, other fields 244

decouple these factors: Psychology averages 39.2 245

citations with 2.4 authors, while Materials Science 246

averages 26.0 citations with 3.8 authors. This vari- 247

ation allows us to test whether hallucination pat- 248

terns are driven primarily by citation prevalence or 249

confounded by factors such as list length or field- 250

specific conventions. 251

3 Citation Count as a Proxy for Factual 252

Prevalence 253

In the context of academic publications, we use 254

citation count as a proxy for academic visibility or 255

salience, and assume that it correlates with factual 256

prevalence in LLM training data. 257

Ideally, factual prevalence would be measured 258

directly from the frequency of specific facts in the 259

actual training corpora of LLMs. However, the 260

training data used by most state-of-the-art LLMs 261

remains proprietary and undisclosed. Although 262

Common Crawl (Common Crawl) is known to 263

contribute to many LLM training pipelines, it is 264

difficult to analyze reliably: the raw data is vast, 265

noisy, and heavily filtered through undisclosed pre- 266

processing pipelines before being used for train- 267

ing (Brown et al., 2020). As a result, the effec- 268

tive data seen by LLMs differs substantially from 269

raw Common Crawl and is opaque to external re- 270

searchers. 271

To validate that citation count is a good proxy 272
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Figure 1: Proxy signals for factual prevalence vs citation
bucket. Left: Log-Scale mean Google search hits (after outlier
filtering). Right: Log-Scale mean Infini-gram n-gram counts
in the OLMo2-32B corpus.

for factual prevalence, we test the hypothesis that273

LLM training data contains more occurrences of274

highly cited papers than less cited ones. We adopt275

two complementary analysis approaches: Google276

Search Hits Analysis and LLM Corpus Occur-277

rence Analysis.278

To support these analyses, we perform stratified279

random sampling and select 6,048 papers from the280

full 1.92M dataset, targeting approximately 500281

papers per citation bucket, with fewer samples in282

the highest citation buckets due to data availability.283

3.1 Google Search Hits Analysis284

The number of results returned by a web search285

can serve as a rough indicator of the prevalence286

of queried content on the web. Motivated by this287

observation, and noting that common crawled web288

data constitutes a major component of many LLM289

pretraining corpora (Brown et al., 2020), we ex-290

amine whether highly cited papers tend to exhibit291

greater web presence. To this end, we collect292

Google search hit counts for sampled papers us-293

ing their titles and author lists as query strings.294

For each paper, we construct a query by con-295

catenating its title and author names, enclosing296

each component in quotation marks (e.g., “Paper297

Title” “Author1” “Author2” “Author3”), and298

retrieve the corresponding number of hits using299

BrightData’s Google Search API.300

We observe substantial outliers, particularly in301

lower citation buckets. In the 0–2 bucket, papers302

with zero citations can exhibit extremely high hit303

counts due to short titles that frequently match un-304

related web content. For example, the query “Is305

this tragic or comic” “H. White” yields306

49,300,000 hits despite having zero citations; its307

query string length (31) is far shorter than the full-308

dataset average (129.97), increasing the likelihood309

of spurious matches.310

To reduce the impact of such outliers, we re-311

move papers whose hit counts exceed the 80th 312

percentile within each citation bucket (details in 313

Appendix A3.1). The filtered dataset contains 314

4,185 papers, with most buckets retaining over 300 315

samples. Summary statistics are reported in Fig- 316

ure 1 (left). It is clear that the mean hit counts 317

increase with citation level, supporting the hypoth- 318

esis that highly cited papers tend to appear more 319

frequently in web-crawled data. 320

3.2 LLM Corpus Occurrence Analysis 321

To validate the relationship between citation count 322

and frequency of appearance in large LLM train- 323

ing corpora, we leverage Infini-gram (Liu et al., 324

2024a), a large-scale n-gram database derived from 325

trillion-token corpora that provides sentence-level 326

occurrence counts. For each paper, we construct a 327

canonical query by concatenating its title with the 328

first author’s name, using only the first author to 329

reduce noise from varying author order and format- 330

ting. Following the API documentation, we join 331

the capitalized title and first author with the logical 332

operator AND (e.g., Attention is all you need 333

AND Ashish Vaswani). 334

We query the Infini-gram API over the full sam- 335

pled dataset of 6,048 papers and record the cor- 336

responding n-gram counts. This procedure is ap- 337

plied to two corpora: OLMo2-32B-Instruct (6.1T 338

tokens), a publicly available instruction-tuning cor- 339

pus built on OLMo’s openly documented pretrain- 340

ing data, and RedPajama (1.4T tokens), a public 341

reproduction of LLaMA’s pretraining dataset. De- 342

tailed results are reported in Appendix A3.2. Re- 343

sults on OLMo2-32B corpus are summarized in 344

Figure 1 (right). 345

Across both corpora, the mean n-gram count 346

exhibits an overall increasing trend with citation 347

bucket, despite minor local fluctuations. For the 348

lowest citation buckets (0–2, 3–4), mean counts 349

remain near zero, indicating that low-citation pa- 350

pers rarely appear in these corpora, whereas higher 351

citation buckets, particularly above 128, show con- 352

sistently higher mean counts. Overall, these results 353

suggest that highly cited papers are more reliably 354

represented in open LLM pretraining datasets. 355

3.3 Why Citation Count Serves as a More 356

Reliable Prevalence Proxy 357

While both the Google hit–based and Infini-gram 358

corpus-level analyses support our hypothesis, nei- 359

ther is suitable as a standalone proxy for factual 360

prevalence. Google hit counts are unstable: un- 361
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related web matches can inflate counts for zero-362

citation papers, and results are highly sensitive to363

query length (Appendix A3.1). Moreover, large-364

scale collection of Google hits is impractical due365

to rate limiting, anti-bot measures, and inconsis-366

tent indexing. Similarly, Infini-gram corpus counts367

rely on exact-match queries that are highly sensi-368

tive to capitalization, punctuation, and tokenization.369

As shown in Appendix A3.2, minor query varia-370

tions (e.g., CamelCase) can cause large frequency371

swings, rendering n-gram counts unstable and po-372

tentially incomplete.373

In contrast, citation counts are easy to obtain,374

stable, and consistently defined. Together with our375

web and corpus analyses showing that highly cited376

papers appear more frequently in web data and377

LLM pretraining corpora, these findings support378

the use of citation count as a more reliable and379

practical proxy for factual prevalence.380

4 Experiment Set-up381

This section describes our experimental method-382

ology for investigating the relationship between383

citation count and hallucination rates.384

4.1 Experimental Sampling Strategy385

The highly right-skewed, long-tailed distribution386

of citation counts, together with the substantial387

cost and time required for LLM querying, makes388

it neither feasible nor practical to evaluate the full389

set of 1.92 million papers. We therefore adopt a390

stratified sampling strategy, sampling up to 100391

papers per field per citation bin across the eight392

fields (covering 77% of the full dataset) and thir-393

teen exponentially spaced citation bins. Because394

the 2,049–4,096 citation bin contains only 508 pa-395

pers (avg 64 per field), and the 4,097+ bin contains396

only 178 papers (avg 22 per field), our sampling397

target of 100 papers per (field, citation bin) stratum398

could not always be met. The final sample con-399

sists of 9,108 papers (vs theoretical maximum of400

10,400), with shortfalls primarily in high-citation401

bins. Details on the sampling procedure and ratio-402

nale for exponential binning are provided in Ap-403

pendix A4.1.404

This sampling strategy provides balanced cov-405

erage across the citation spectrum while maintain-406

ing sufficient statistical power for analyzing corre-407

lations between citation counts and hallucination408

rates. Table 2 presents the actual distribution of409

papers across fields. To verify that our sample size410

of 100 papers per bin provided stable hallucination411

Field Papers Avg Authors Avg Citations

Medicine 1,230 5.0 659
Biology 1,179 4.6 506
Computer Sci. 1,174 3.2 601
Psychology 1,154 2.9 413
Chemistry 1,134 3.8 356
Mathematics 1,088 2.2 355
Physics 1,082 3.7 297
Materials Sci. 1,067 4.2 266

Total 9,108 3.8 457

Table 2: Stratified sampling statistics per field.

rate estimates, we computed standard deviations 412

and 95% confidence intervals for HR2 (Equation 2) 413

within each stratum. Across all 104 populated stra- 414

tum, the mean standard deviation was 0.087, with 415

95% confidence intervals averaging ±0.17. Results 416

in Section 5 will show that this stratification en- 417

sures sufficient statistical power for detecting the 418

correlation patterns. 419

4.2 LLM Prompt Design for Academic 420

Authorship Attribution 421

To elicit consistent and as accurate as possible au- 422

thor attributions from LLMs, we design a struc- 423

tured few-shot prompt template that enforces strict 424

formatting constraints (e.g., following Western 425

name order, returning only author names, and ex- 426

cluding any additional explanations), while provid- 427

ing multiple examples for reference. 428

The template takes as input a paper’s title and 429

publication year, and uses the same question for- 430

mat to construct an academic authorship attribution 431

query: Who are the authors of the paper 432

titled ’{title}’ which was published in 433

{year}? The model is instructed to return a comma- 434

separated list of author names in the specified for- 435

mat. The complete verbatim prompt template is 436

provided in Appendix A4.2. 437

4.3 LLMs Tested 438

We evaluated three state-of-the-art large language 439

models to assess the generalizability of our findings. 440

GPT-4o is used as our primary model due to its 441

strong performance on knowledge-intensive tasks 442

and widespread adoption. DeepSeek-R1 represents 443

a reasoning-oriented model that employs explicit 444

chain-of-thought inference. Claude Sonnet 4.5 445

employs internal reasoning processes, offering a 446

contrast in reasoning transparency 447

4.4 Hallucination Rate Definitions 448

Since the average paper has 3.7 authors, a binary 449

label for evaluating LLM hallucinations would un- 450

fairly penalize partially correct answers. We there- 451

5



Ground Truth (M + U ) LLM Generated (M +H)

U
Unretrieved

B. Jones
(In GT, not LLM)

M
Matches
A. Smith

H
Hallucinations

C. Brown
(In LLM, not GT)

Figure 2: Components in the hallucination rates.

fore propose the following more nuanced metrics.452

For each paper, we compute three quantities (Fig-453

ure 2) by comparing the ground-truth author set454

with the LLM-generated set:455

• M (Matches): authors appearing in both lists456

(true positives)457

• H (Hallucinations): authors generated by the458

LLM but absent from ground truth (false posi-459

tives)460

• U (Unretrieved): authors in ground truth but not461

generated by the LLM (false negatives)462

We define three distinct hallucination rate met-463

rics to quantify the degree of hallucination in LLM-464

generated author list responses for each paper. All465

of them range from 0 (no hallucination) to 1 (pure466

hallucination):467

Max-Normalized Error Rate (HR1) measures468

error relative to the larger of the two lists, making469

this metric robust to extreme generation lengths:470

HR1 = 1− |M |
max(|M |+ |H|, |M |+ |U |)

(1)471

Jaccard Hallucination Rate (HR2) measures472

the proportion of errors within the total pool of473

unique names. It is mathematically equivalent to474

1 minus the Jaccard similarity and is a symmet-475

ric, length-invariant measure of overall prediction476

error:477

HR2 =
|H|+ |U |

|M |+ |H|+ |U |
(2)478

Harmonic Hallucination Rate (HR3) penal-479

izes cases where hallucinated and missing authors480

co-occur, emphasizing severe failures in which an481

LLM simultaneously invents and omits authors,482

analogous to the reverse of an F1 measure.483

HR3 =
2|H||U |

(|M |+ |H|)|U |+ (|M |+ |U |)|H|
(3)484

We found that all three metrics yield direction-485

ally consistent results, and the three metrics are486

highly correlated (Pearson correlations ≥ 0.98, Ta-487

ble A17). To save space, we report HR2 as our488

primary metric, as it captures both types of errors 489

equally. Additional analysis for these three metrics 490

is provided in Appendix A4.3. 491

4.5 Evaluation Pipeline 492

We implemented a hard-coded evaluation pipeline 493

using deterministic algorithmic fuzzy string match- 494

ing to compare LLM-generated author names 495

against ground truth. The evaluation employs a 496

multi-stage matching process that accounts for 497

common formatting variations (e.g., “J. Smith” vs. 498

“John Smith”), handles special characters and dia- 499

critics, and manages name order differences. To 500

establish a match, both the last name and first ini- 501

tial must match after normalization. Based on this 502

process, the algorithm outputs the three quantities 503

(M, H, U) for each LLM-generated answer. 504

For comparison, we also experimented with 505

LLM self-evaluation. A detailed comparison be- 506

tween LLM-based and hard-coded evaluation meth- 507

ods is given in Appendix A4.4. We found that 508

HR2 given by the two approaches differs minimally 509

(with RMSE of 0.067, and 96.9% of the time within 510

0.1). We adopt hard-coded evaluation as our pri- 511

mary evaluation method due to its superior repro- 512

ducibility, lower cost, and independence from the 513

specific LLM used for evaluation. 514

5 Experiment Results 515

We plot the hallucination rate (HR2) as a function 516

of citation count in Figure 3. A consistent pattern 517

is seen across all three LLMs: hallucination rates 518

decline substantially as citation count increases. 519

For papers with 0–2 citations, HR2 exceeds 0.98 520

across all models, indicating near-complete failure 521

to identify authors. Performance improves mono- 522

tonically with citation count, reaching HR2 val- 523

ues of 0.364 (GPT-4o), 0.362 (DeepSeek-R1), and 524

0.169 (Claude Sonnet 4.5) for the highest-citation 525

papers. This suggests a fundamental relationship 526

between a paper’s visibility and the model’s ability 527

to recall its authors. The error bars in Figure 3 rep- 528

resent 95% confidence intervals, further validating 529

that this relationship is statistically significant. 530

Across all fields and models, citation count ex- 531

hibits a statistically significant negative correlation 532

with hallucination rate. As shown in Table 3, this 533

relationship holds consistently across all 24 field– 534

model combinations. The strength of the correla- 535

tion varies by field. Computer Science, Medicine, 536

and Psychology show stronger negative correla- 537

tions, while other fields also show statistically sig- 538
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Figure 3: Hallucination rate (HR2) decreases monotonically
with citation count across models.

Field GPT-4o DeepSeek Claude

Biology -0.400 -0.489 -0.420
Chemistry -0.323 -0.406 -0.383
Computer Sci. -0.476 -0.553 -0.553
Materials Sci. -0.228 -0.289 -0.315
Mathematics -0.364 -0.460 -0.486
Medicine -0.453 -0.522 -0.521
Physics -0.383 -0.460 -0.485
Psychology -0.409 -0.513 -0.486

Table 3: Spearman correlation (ρ) between citation count and
HR2 by field and model. All correlations are significant at
p < 0.001.

nificant negative correlations. Among the three539

LLMs, DeepSeek and Claude exhibit stronger neg-540

ative correlations than GPT-4o.541

To further confirm the relative performance of542

LLMs, Figure 4 compares the overall HR2 distribu-543

tions across fields for the three models. All models544

rank fields similarly: Materials Science and Chem-545

istry consistently exhibit the highest hallucination546

rates, whereas Computer Science and Physics show547

the lowest. This cross-model agreement suggests548

that field-level difficulty is driven primarily by in-549

trinsic domain characteristics, such as naming con-550

ventions, citation structure, and training data cov-551

erage, rather than model-specific effects. Among552

the models, Claude Sonnet exhibits the lowest over-553

all hallucination rates, followed by DeepSeek-R1,554

with GPT-4o performing worst.555

Figure 5 visualizes hallucination rate versus ci-556

tation count for all fields using the GPT-4o model.557

All fields exhibit a downward trend, with high HR2558

values at low citation counts (0–2), indicating that559

low-prevalence papers are challenging across do-560

mains. As citation counts increase, curves diverge,561

revealing clear disciplinary differences in how ci-562
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Figure 4: Field-specific hallucination rate (HR2) distributions
across three LLMs.

tation prevalence improves authorship attribution. 563

Fluctuations at the highest citation counts reflect 564

irreducible data sparsity (a small number of highly 565

cited papers in the full 1.9M-paper dataset), rather 566

than insufficient sampling. 567
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Figure 5: Hallucination rate (HR2) by citation bin across fields
for GPT-4o.

Additional statistics based on all three definitions 568

of hallucination rates across models, along with 569

field-level performance breakdowns, are reported 570

in Appendix A5.1 and further corroborate our ob- 571

servations. Taken together, these results support 572

our hypothesis that facts appearing more frequently 573

in the training data are recalled more reliably by 574

LLMs. The consistency of this pattern across all 575

eight fields and three models suggests that it re- 576

flects a fundamental property of how LLMs encode 577

factual knowledge. 578

6 Findings and Discussion 579

Finding #1: Author Position and Hallucination 580

Rate. In multi-author papers, author order reflects 581

7



contribution, with first and last authors typically582

most prominent. We examine whether LLM re-583

call accuracy varies by author position, restricting584

analysis to responses where at least one author is585

correctly identified to ensure minimal knowledge586

of the cited work.587

We found that performance is highest for early588

authors and declines rapidly across all models (Fig-589

ure 6). First authors are consistently recalled most590

accurately (e.g., GPT-4o miss rate 41.7%), while591

error rates rise sharply by the 10th author (70.5%),592

with no recall advantage for senior (last) authors.593

A similar trend holds for generation quality: hal-594

lucination rates are low for the first name (20.9%595

DeepSeek-R1, 23.6% Claude Sonnet, 34.2% GPT-596

4o) but increase substantially by the tenth (56.6%,597

56.4%, and 75.5%), indicating that while models598

can often identify the primary contributor, they599

struggle to accurately recall the full research team.600
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(b) Hallucination Rate by Generated
Position

Figure 6: Positional bias in authorship hallucination. (a) Fail-
ure to retrieve the n-th author increases with rank. (b) Halluci-
nation likelihood for the n-th generated name rises as the list
length increases.

Finding #2: Author Count and Hallucination601

Rate. We observe a counterintuitive negative cor-602

relation between author count and hallucination603

rates: papers with fewer authors show higher er-604

ror rates. This occurs because models infer author605

count from context – their output length correlates606

with the true number of authors (ρ ≈ 0.55) and607

varies by field. As a result, models over-generate608

names for 1–2 author papers, inflating errors, while609

papers with more authors offer more chances for610

correct matches, reducing error rates. We provide611

a detailed analysis in Appendix A5.2.612

Finding #3: Ethnic Distribution of Hallucinated613

Names. We analyzed ethnic bias in hallucinated614

author names using two views: population fre-615

quency and name diversity. Across all three models,616

the population distribution of hallucinated names617

over ethnicities closely matches the ground-truth618

baseline, indicating negligible practical bias in 619

what users typically see. The diversity analysis 620

reveals a small but consistent bias: models mod- 621

estly over-represent English/Western, Korean, and 622

Japanese names while under-representing several 623

European name groups, particularly Russian and 624

French. This consistent pattern across models sug- 625

gests the bias reflects properties of web-scale train- 626

ing data rather than model-specific effects. Further 627

details are given in Appendix A5.3. 628

Finding #4: Title Length and Hallucination 629

Rate. We examine whether paper title length in- 630

fluences hallucination rates while controlling for 631

citation count, and find that title length has only 632

a modest effect on hallucination rates even after 633

adjusting for citation (Appendix A5.4). 634

7 Conclusion 635

This work systematically evaluates the relationship 636

between factual prevalence and LLM hallucina- 637

tion in academic authorship attribution. Using a 638

stratified sample from a curated dataset of 1.92M 639

papers across eight fields and thirteen citation bins, 640

we show that an LLM’s ability to correctly at- 641

tribute a paper to authors is strongly driven by paper 642

prevalence, as proxied by citation count. Citation 643

count is inversely correlated with hallucination rate 644

across all fields and three state-of-the-art LLMs, 645

confirming that model “knowledge capability” is 646

highly uneven and skewed toward frequently cited 647

papers. Newer reasoning-oriented LLMs exhibit 648

stronger correlations, suggesting greater reliance 649

on training data frequency. 650

Although high-prevalence papers reduce errors 651

greatly, even the most cited papers still exhibit 16.9- 652

36.4% hallucination rates, indicating that exposure 653

frequency alone is insufficient for reliable para- 654

metric recall. We found that the strength of the 655

prevalence effect varies by field, with Computer 656

Science showing the strongest responsiveness, and 657

Materials Science the weakest. 658

Moreover, hallucination rates increase with an 659

author’s position in the author list (conditional on 660

partial retrieval success) and decrease as author 661

count increases. Title length exhibits only a modest 662

effect on hallucination rates. In addition, all three 663

models show evidence of ethnic bias in the diversity 664

of unique names for certain groups. 665
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8 Limitations666

While our study provides robust evidence for the667

inverse relationship between factual prevalence and668

hallucination rates, several limitations warrant con-669

sideration:670

Proxy Imperfection & Data Availability: We671

use citation count as a proxy for training-data preva-672

lence and validate this choice by showing that ci-673

tation count is proportional to both Google search674

hits and the frequency of corresponding n-grams in675

two large web corpora. Ideally, prevalence would676

be measured directly from the LLMs’ training data;677

however, the training corpora of industrial LLMs678

remain opaque to academic researchers.679

Temporal Misalignment & Knowledge Lag:680

Our dataset includes papers published up to 2019681

to accommodate model knowledge cutoffs, with682

citation counts obtained from Semantic Scholar as683

of September 2025. However, citation counts are684

inherently dynamic. As a result, a paper may have685

accrued a substantial portion of its citations after686

the LLM’s training cutoff, leading to a potential687

mismatch between its citation-based prevalence688

score and its true representation in the model’s689

training data.690

Metadata Noise: While we applied rigorous fil-691

tering to the Semantic Scholar dataset, academic692

metadata inherently contains noise (e.g., author693

name disambiguation errors, inconsistent middle694

initials). Although our hard-coded evaluation695

method mitigates this via fuzzy string matching,696

some ground-truth errors likely persist.697

Use of RAG: While API-based queries to LLMs698

typically do not trigger Retrieval-Augmented Gen-699

eration (RAG), interactive deployments often do.700

We emphasize that our goal is to understand and701

quantify the causes of LLM hallucinations and to702

further analyze their characteristics, such as corre-703

lations with author position, title length, academic704

field, and biases in hallucinated names. Accord-705

ingly, our study does not evaluate the effectiveness706

of RAG or other enhancements present in interac-707

tive LLM systems.708

Building on these findings, we propose three key709

avenues for future research: 1) Moving beyond710

proxies to directly correlate hallucination rates with711

the frequency of specific entity tokens in train-712

ing corpora (e.g., CommonCrawl). 2) Developing713

“prevalence-aware” systems that use metadata (like714

citation counts) to dynamically adjust temperature715

or trigger RAG for low-prevalence queries. 3) Ex-716

plicitly testing whether RAG eliminates the “Long 717

Tail” penalty, or if retrieval noise simply shifts the 718

hallucination source from parametric memory to er- 719

rors arising from confusion in processing retrieved 720

content within the context window. 721
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Appendix864

A1 Related work865

Hallucination in LLMs is a well know issue that866

have attracted much attention, because of their po-867

tential adverse impact in real-world applications.868

For example, hallucination in the context of med-869

ical literature was studied by Chelli et al. (Chelli870

et al., 2024). The study found that using LLMs871

such as ChatGPT to conduct systematic reviews872

for medical conditions can generate misleading or873

“hallucinated” references, exceeding a 25% rate.874

Zheng et al. (2023) identifies four error types of875

ChatGPT and pinpoints factuality hallucination as876

the most critical error. This is the hallucination we877

are studying in this paper. A number of survey pa-878

pers have been written (Huang et al., 2025; Zhang879

et al., 2025) about LLM hallucination. In this sec-880

tion, we highlight works that we consider directly881

related to our work, but refer to the survey papers882

for additional topics, such as the categorization of883

different hallucinations.884

There is a large body of work on detecting hallu-885

cinations. For instance, Kadavath et al. (2022) ex-886

plores whether language models “know what they887

know,” finding that via a measure known as P(True),888

LLMs can self-evaluate confidence of facts with en-889

couraging performance on a diverse array of tasks.890

SelfCheckGPT (Manakul et al., 2023) detects hal-891

lucinations via cross-checking the consistency of892

multiple outputs. Similarly, Farquhar et al. (2024)893

used semantic entropy to capture uncertainty via894

entailment-based clustering, which is suited for895

free-form generation, though its effectiveness de-896

pends on clustering quality. Phillips et al. (2025)897

proposed to use the volume of the convex hull of898

the LLM response embeddings as a measure of899

uncertainty. In contrast to these, our study inves-900

tigates the cause, specifically the role of factual901

correctness in authorship questions. Because of902

our specific setup, we match LLM responses with903

the ground truth using either LLM self-evaluation904

or direct algorithmic string matching, which are905

more straightforward and robust.906

There have been much work on how LLMs cap-907

ture factual knowledge. Li et al. (2022) conduct908

a causal-inspired analysis of how pre-trained lan-909

guage models capture factual knowledge. They910

find that models often rely on shallow patterns (e.g.,911

association, or potionaly closeness) in data rather912

than deep semantic understanding. Akyürek et al.913

(2022) studied methods to trace factual knowledge914

back to training data, showing that traditional re- 915

trieval method, such as BM25 is better than gradi- 916

ent or embedding based methods. 917

Cause of hallucination have also been studied 918

in the literature. Dziri et al. (2022) analyzed 919

knowledge-grounded conversational models and at- 920

tributed hallucinations to inconsistencies and biases 921

in datasets, such as subjective information (e.g., 922

personal opinions) and unsupported objective facts 923

(invented or unverified facts). Onoe et al. (2022) 924

demonstrated that handling completely unseen en- 925

tities remains challenging for LLMs. McKenna 926

et al. (2023) point out two pretraining biases that 927

make LLMs hallucinate in natural language infer- 928

ence: attestation bias, where models wrongly say 929

a statement is entailed about twice as often, and 930

relative frequency bias, which raises errors 1.6–2× 931

when the premise’s words appear less often than 932

the hypothesis’s. These biases make models look 933

good on standard data but perform almost randomly 934

on tricky examples, showing they rely on shallow 935

patterns, instead of logical reasoning. 936

Several previous works have studied the memo- 937

rization capabilities of LLMs. Carlini et al. (2022) 938

and Razeghi et al. (2022) demonstrated that mem- 939

orization improves with model size and with the 940

number of times an example is duplicated in the 941

training data. Kandpal et al. (2022) found that a lan- 942

guage model’s performance on factoid QA datasets 943

correlates with the number of pretraining docu- 944

ments relevant to the question. Mallen et al. (2023) 945

analyzed knowledge questions from Wikipedia and 946

observed that LLMs struggle with factual knowl- 947

edge for pages with fewer views. Sun et al. (2024) 948

introduced a benchmark to assess LLMs’ ability to 949

internalize head, torso, and tail facts, showing that 950

even state-of-the-art models have significant limi- 951

tations, particularly for torso and tail entities. Our 952

work differs in that we focus specifically on the 953

academic authorship attribution task and establish 954

a correlation between hallucination rates and cita- 955

tion counts. We further validate citation counts as 956

a proxy for factual prevalence by examining their 957

correlation with Google search hits and frequency 958

in Infini-gram (Liu et al., 2024a). Additionally, we 959

investigate domain variability and ethnicity bias in 960

hallucinated authors, providing further insight into 961

systematic patterns in LLM errors. 962

Finally, there are a number of dataset designed 963

for hallucination detection. For example, Wei et al. 964

(2024) proposed SimpleQA to benchmark factual 965

accuracy in short-form QA. While their benchmark 966
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is useful for atomic facts, it does not address struc-967

tured or multi-entity responses. Our work extends968

this line by curating a dataset of academic litera-969

ture, and examining how hallucination varies with970

topic familiarity in authorship-related questions,971

using citation count as a proxy for topic prevalence972

across papers in STEM fields.973

A2 Additional Details on the Academic974

Authorship Dataset975

A2.1 Details of Data Filtering976

This section provides the complete multi-stage data977

filtering procedure used to curate the final dataset978

from an initial corpus of 9,999,863 papers.979

The filtering steps were executed in the follow-980

ing order:981

1. Filter by Document Type: We first narrowed982

our dataset by document type, retaining only983

entries classified as “Journal” or “Conference”984

papers. This step removed other publication985

types like Book, BookChapter, and Patent, fil-986

tering out 5,686,732 records (56.9% of the987

initial dataset).988

2. Filter by Author Count: We filtered out any989

records that had no authors or more than 20990

authors. This removed 14,874 records (0.3%),991

with the vast majority of papers falling within992

the 1-20 author range.993

3. Filter by Language: We utilized the994

fasttext library to perform language iden-995

tification. Only papers with titles identified996

as being written in English were kept. This997

was the most significant quality filter, remov-998

ing 2,058,086 records (47.9% of papers that999

passed the previous filters).1000

4. Filter by Author Name Patterns: We ap-1001

plied a pattern validation filter to remove1002

records with problematic author name formats,1003

such as malformed entries or non-standard1004

characters. This step removed 18,660 records1005

(0.8%).1006

5. Verify Title and Author Match: As a final1007

quality control step, we verified the match1008

between the original OAG record and the1009

data retrieved from Semantic Scholar. We1010

only retained entries where the lowercased1011

and whitespace-stripped titles matched ex-1012

actly, and the first listed author’s last name1013

matched exactly. This verification step re- 1014

moved 300,302 records (13.5%). 1015

This rigorous filtering process ensured a high de- 1016

gree of confidence that the enriched data accurately 1017

corresponded to the originally sampled papers, re- 1018

sulting in a final curated dataset of 1,921,209 high- 1019

quality records (19.2% of the initial dataset). 1020

Initial Dataset
9,999,863 records

Document Type
Journal & Conference only

4,313,131 retained
5,686,732 removed (56.9%)

Author Count
1-20 authors

4,298,257 retained
14,874 removed (0.3%)

Language
FastText model (English only)

2,240,171 retained
2,058,086 removed (47.9%)

Author Name Patterns
Valid name formats

2,221,511 retained
18,660 removed (0.8%)

Title/Author Match
Cross-source verification

1,921,209 retained
300,302 removed (13.5%)

Final Dataset
1,921,209 records

19.2% of original
1021
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Figure A1: Multi-stage filtering pipeline for dataset cu-
ration. Each filter progressively refines data quality:
(1) Document Type keeps only journal and conference
papers; (2) Author Count restricts to 1-20 authors; (3)
Language uses FastText to identify English papers; (4)
Author Name Patterns removes problematic name for-
mats; (5) Title/Author Match verifies cross-source con-
sistency. The final dataset retains 19.2% of the original
records.

A2.2 Dataset Distribution Statistics1022

To provide context on the characteristics of the1023

underlying academic graph from which we sam-1024

pled, this section presents distribution statistics for1025

key metadata fields. The following tables (Tables1026

A1, A2, and A3) are based on a random sample of1027

100,000 papers from our initial data pool before the1028

filtering steps described in Appendix A2.1.1029

Range Count % Cumul%

0 20,911 20.91 20.91
1 7,835 7.83 28.75
2-4 12,890 12.89 41.64
5-9 12,492 12.49 54.13
10-19 14,328 14.33 68.46
20-49 17,184 17.18 85.64
50-99 8,179 8.18 93.82
100-199 4,018 4.02 97.84
200-499 1,704 1.70 99.54
500-999 329 0.33 99.87
1000-1999 92 0.09 99.96
2000-4999 31 0.03 99.99
5000-9999 7 0.01 100.00
10000+ 0 0.00 100.00

Table A1: Citation distribution across a random sample
of 100,000 papers.

The following tables (Tables A4, A5, A6, A7,1030

and A8) present distribution statistics for the com-1031

plete dataset of 1.92 million papers after apply-1032

ing the filtering steps detailed in Appendix A2.1.1033

The distributions remain largely consistent with the1034

100k sample.1035

A3 Detailed Results on Citation As a1036

Proxy1037

A3.1 More Results for Google Search Hits1038

Analysis1039

We initially used the dataset of 6,048 papers for1040

the Google Search query number-of-hits crawling1041

process. However, due to various sources of in-1042

Authors Count % Cumul%

1 27,078 27.08 27.08
2 20,215 20.22 47.30
3 16,246 16.25 63.55
4 11,962 11.96 75.51
5 8,195 8.20 83.71
6 5,661 5.66 89.37
7 3,527 3.53 92.90
8 2,413 2.41 95.31
9 1,565 1.57 96.88
10 1,105 1.10 97.98
11 605 0.60 98.58
12 477 0.48 99.06
13 277 0.28 99.34
14 228 0.23 99.57
15 131 0.13 99.70
16 90 0.09 99.79
17 68 0.07 99.86
18 69 0.07 99.93
19 45 0.04 99.97
20 43 0.04 100.01

Table A2: Author count distribution across a random
sample of 100,000 papers.

Field Count % Cumul%

Medicine 26,622 26.62 26.62
Chemistry 12,297 12.30 38.92
Biology 11,623 11.62 50.54
Materials Sci. 7,425 7.42 57.96
Comp. Sci. 7,013 7.01 64.97
Physics 6,076 6.08 71.05
Psychology 5,071 5.07 76.12
Mathematics 4,298 4.30 80.42
Engineering 3,739 3.74 84.16
Sociology 2,658 2.66 86.82
Economics 2,258 2.26 89.08
Geology 2,013 2.01 91.09
Unknown 1,661 1.66 92.75
Environ. Sci. 1,582 1.58 94.33
Business 1,356 1.36 95.69
Political Sci. 1,235 1.23 96.92
History 1,170 1.17 98.09
Geography 854 0.85 98.94
Philosophy 566 0.57 99.51
Art 483 0.48 99.99

Table A3: Distribution of field of study across a random
sample of 100,000 papers.
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Field Count % Cumul%

Medicine 518,465 26.99 26.99
Biology 211,479 11.01 38.00
Chemistry 199,824 10.40 48.40
Comp. Sci. 145,407 7.57 55.97
Materials Sci. 119,242 6.21 62.18
Psychology 103,942 5.41 67.59
Physics 101,313 5.27 72.86
Engineering 92,384 4.81 77.67
Mathematics 78,625 4.09 81.76
Sociology 61,537 3.20 84.96
Economics 49,205 2.56 87.52
Business 38,482 2.00 89.52
Geology 36,248 1.89 91.41
Environ. Sci. 33,531 1.75 93.16
Political Sci. 32,385 1.69 94.85
History 24,473 1.27 96.12
Geography 19,255 1.00 97.12
Philosophy 12,407 0.65 97.77
Art 11,442 0.60 98.37
Unknown 31,563 1.64 100.00

Table A4: Distribution of fields of study.

No. of Authors Count % Cum.%

1 604,251 31.5 31.5
2 361,654 18.8 50.3
3 294,182 15.3 65.6
4 214,592 11.2 76.8
5 147,576 7.7 84.4
6 101,932 5.3 89.7
7 65,272 3.4 93.1
8 43,571 2.3 95.4
9 27,908 1.5 96.9
10 20,607 1.1 97.9
11 12,093 0.6 98.6
12 8,609 0.4 99.0
13 5,593 0.3 99.3
14 3,975 0.2 99.5
15 2,807 0.1 99.7
16 2,030 0.1 99.8
17 1,545 0.1 99.9
18 1,153 0.1 100
19 980 0.1 100
20 879 0.0 100

Table A5: Distribution of author count.

Decade Count % Cumul%

1800-1809 39 0.00 0.00
1810-1819 49 0.00 0.00
1820-1829 58 0.00 0.00
1830-1839 124 0.01 0.01
1840-1849 286 0.01 0.02
1850-1859 556 0.03 0.05
1860-1869 556 0.03 0.08
1870-1879 1,083 0.06 0.14
1880-1889 1,422 0.07 0.21
1890-1899 2,022 0.11 0.32
1900-1909 2,482 0.13 0.45
1910-1919 3,203 0.17 0.62
1920-1929 5,216 0.27 0.89
1930-1939 9,165 0.48 1.37
1940-1949 11,598 0.60 1.97
1950-1959 23,633 1.23 3.20
1960-1969 45,318 2.36 5.56
1970-1979 93,357 4.86 10.42
1980-1989 154,125 8.02 18.44
1990-1999 256,674 13.36 31.80
2000-2009 514,006 26.76 58.56
2010-2019 796,237 41.44 100

Table A6: Temporal distribution of publications (by
decade).

Field Papers Mean Authors

Medicine 518,465 4.1
Biology 211,479 4.1
Materials Sci. 119,242 3.8
Chemistry 199,824 3.6
Environ. Sci. 33,531 3.2
Unknown 31,563 3.2
Physics 101,313 3.2
Geology 36,248 2.9
Comp. Sci. 145,407 2.7
Geography 19,255 2.4
Psychology 103,942 2.4
Engineering 92,384 2.3
Mathematics 78,625 2.1
Business 38,482 1.8
Economics 49,205 1.7
Sociology 61,537 1.4
Political Sci. 32,385 1.4
Art 11,442 1.2
History 24,473 1.2
Philosophy 12,407 1.1

Table A7: Mean author count by field of study.
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Field Papers Mean Citations

Biology 211,479 45.0
Psychology 103,942 39.2
Economics 49,205 34.5
Environ. Sci. 33,531 33.0
Medicine 518,465 32.8
Geology 36,248 32.7
Chemistry 199,824 31.3
Comp. Sci. 145,407 26.9
Materials Sci. 119,242 26.0
Mathematics 78,625 25.4
Physics 101,313 24.9
Business 38,482 24.3
Geography 19,255 23.4
Sociology 61,537 18.4
Engineering 92,384 13.6
Political Sci. 32,385 12.0
History 24,473 5.7
Philosophy 12,407 5.6
Unknown 31,563 4.6
Art 11,442 3.6

Table A8: Mean citation count by field of study.

stability during crawling, such as API timeouts,1043

dynamic bot-detection triggers, inconsistent render-1044

ing of search result pages, and transient network1045

latency issues, only 5,179 valid results were ob-1046

tained. Most citation buckets retained more than1047

400 papers (except for buckets that originally con-1048

tained fewer papers). After computing the relevant1049

statistics for each bucket, we obtained the results1050

shown in Table A9.1051

Citation Count Mean CV Min Q25 Q50 Q75 Max
0–2 417 197239.34 13.00 0 1 2 9 49300000
3–4 429 9843.02 12.77 0 1 3 8 2160000
5–8 430 95981.06 15.69 0 1 3 8 29400000
9–16 429 998.81 7.52 0 1 2 8 91600
17–32 413 395.15 9.94 0 1 3 8 65900
33–64 429 476.04 6.97 0 1 3 9 36600
65–128 435 414.48 9.33 0 1 3 9 67600
129–256 437 214.35 9.14 0 2 4 10 34200
257–512 434 191.73 9.42 0 2 5 56.75 36400
513–1024 416 152.13 3.25 0 3 6.5 111.50 6170
1025–2048 431 287.33 3.76 0 4 10 206.50 18200
2049–4096 362 10780.70 18.28 0 5 66 338.25 3750000
4097+ 117 1415.34 2.60 0 8 182 1390 25600

Table A9: Google search hits vs citation buckets (N =
5,179).

The table shows that the mean number of hits1052

fluctuates dramatically across buckets, particularly1053

for the smallest citation buckets and the largest1054

ones, making it difficult to discern any clear trend. 1055

Buckets 0–2, 3–4, 5–8, and 2049–4096 have ex- 1056

tremely large coefficient of variation (CV) values, 1057

mostly above 10, implying severe fluctuation in 1058

the data. Therefore, it is evident that the dataset 1059

contains many outliers, especially in the smaller 1060

buckets. For example, in the 0–2 bucket, one paper 1061

with zero citations has a number of hits as high as 1062

49,300,000. 1063

We suspect that these cases are likely related 1064

to the length of the title+authors search query 1065

string. Some queries are very short, which makes 1066

them more likely to appear in unrelated webpages, 1067

thus inflating the number of irrelevant search re- 1068

sults counted as hits. For instance, the paper with 1069

49,300,000 hits has the query "Is this tragic 1070

or comic" "H. White", which is short and likely 1071

to appear frequently across the web. To verify 1072

this, we computed the string length of each ti- 1073

tle+authors search query and calculated the average 1074

query length for each bucket, as shown in Table 1075

A10. We found that the smallest bucket (0–2) in- 1076

deed has the smallest average string length, approx- 1077

imately 28% shorter than the largest bucket based 1078

on our dataset. The smallest three buckets and the 1079

largest two buckets all have relatively short average 1080

query lengths, suggesting that query length does 1081

influence the number of hits retrieved. 1082

Citation Count Avg Length Std Length
0–2 417 105.80 50.42
3–4 429 121.23 47.58
5–8 430 122.20 52.51
9–16 429 134.32 51.35
17–32 413 139.16 54.42
33–64 429 146.55 56.97
65–128 435 143.89 53.98
129–256 437 141.53 55.09
257–512 434 137.92 59.36
513–1024 416 128.15 57.53
1025–2048 431 124.73 60.64
2049–4096 362 115.58 57.77
4097+ 117 113.46 55.51
Overall 5179 129.97 56.16

Table A10: Average and standard deviation of search-
query string length (title + authors) across citation buck-
ets (N = 5,179).

Taken together, these outliers substantially af- 1083

fect the overall analysis and appear across multiple 1084
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buckets. Therefore, to remove these outliers while1085

preserving as much data as possible, we removed1086

the extremely large hit values within each bucket,1087

so as to reduce the CV of hits as much as possi-1088

ble. After several trials, we settled on removing hit1089

values above the 80% quantile in each bucket and1090

used the resulting dataset for further analysis. The1091

results are given in Table A11, which show a clear1092

correlation between the mean and median Google1093

Search hits, and the citation count.1094

Citation Count Mean CV Min Q25 Q50 Q75 Max
0–2 333 3.22 2.05 0 0 1 4 58
3–4 354 2.96 1.02 0 1 2 5 10
5–8 348 2.87 1.03 0 0 2 5 10
9–16 358 2.73 1.06 0 1 2 4 10
17–32 341 2.94 0.99 0 1 2 5 10
33–64 343 3.27 1.29 0 1 2 5 41
65–128 352 3.35 0.88 0 1 2 5 10
129–256 349 4.33 1.46 0 1 3 5 48
257–512 347 10.33 1.86 0 2 4 7 91
513–1024 333 22.57 1.79 0 2 5 10 170
1025–2048 345 46.47 1.64 0 3 6 63 306
2049–4096 289 82.90 1.41 0 4 8 130 449
4097+ 93 282.30 1.52 0 5 84 344 1630

Table A11: Google search hits vs citation buckets (N =
4,185).

A3.2 More Results for LLM Corpus1095

Occurrence Analysis1096

Table A12 and Table A13 present detailed results1097

of the Infini-gram n-gram count analysis using the1098

OLMo2-32B and RedPajama corpora on the full1099

dataset of 6,048 papers. Although the coefficients1100

of variation (CV) are relatively high across citation1101

buckets, both tables exhibit clear positive trends as1102

citation counts increase.1103

We further explore an alternative query formula-1104

tion in which the paper title is converted to Camel1105

Case (with each word capitalized) and combined1106

with the first author name using the logical opera-1107

tor AND (e.g., Attention Is All You Need AND1108

Ashish Vaswani). Applying this query format to1109

the OLMo2-32B and RedPajama corpora yields the1110

results shown in Table A14 and Table A15. We ob-1111

serve that the mean n-gram counts for all citation1112

buckets are dramatically lower than those obtained1113

using the capitalized title + first author query for-1114

mat (e.g., in the OLMo2-32B corpus, 661.23 vs.1115

18.08 for the 4097+ citation bucket). Moreover, for1116

citation buckets below 513–1024, the mean n-gram1117

counts are nearly zero across most buckets, indicat-1118

ing that queries based on Camel Case titles occur 1119

extremely rarely and do not yield sufficient counts 1120

for reliable analysis. Correspondingly, CV values 1121

are exceptionally high, often exceeding 20, and in 1122

some cases undefined due to zero variance. 1123

Taken together, these results demonstrate that 1124

variations in query formulation can lead to highly 1125

unstable and incomplete n-gram counts, suggesting 1126

that using infini-gram corpus counts as a prevalence 1127

proxy is unreliable and unpractical. 1128

Citation Count Mean CV Min Q25 Q50 Q75 Max
0–2 499 0.02 18.49 0 0 0 0 9
3–4 500 0.07 10.97 0 0 0 0 12
5–8 500 0.21 15.86 0 0 0 0 75
9–16 500 0.15 8.07 0 0 0 0 16
17–32 500 0.50 8.38 0 0 0 0 80
33–64 500 2.02 7.22 0 0 0 0 204
65–128 500 3.25 11.96 0 0 0 0 819
129–256 500 11.05 13.58 0 0 0 0 3321
257–512 500 33.17 15.89 0 0 0 0 11763
513–1024 500 34.41 4.44 0 0 0 7 1910
1025–2048 500 148.49 7.45 0 0 0 11 16133
2049–4096 415 124.47 5.53 0 0 0 23.50 12681
4097+ 134 661.23 5.49 0 0 4.5 208.75 37453

Table A12: Infini-gram n-gram count statistics across
citation buckets using OLMo2-32B corpus (capitalized
title + first author).

Citation Count Mean CV Std Min Q25 Q50 Q75 Max
0–2 499 0.02 17.25 0.41 0 0 0 0 9
3–4 500 0.05 7.89 0.39 0 0 0 0 4
5–8 500 0.05 7.27 0.35 0 0 0 0 4
9–16 500 0.07 8.22 0.54 0 0 0 0 8
17–32 500 0.08 6.77 0.55 0 0 0 0 7
33–64 500 0.27 7.40 2.03 0 0 0 0 32
65–128 500 0.23 5.79 1.33 0 0 0 0 21
129–256 500 0.78 6.48 5.08 0 0 0 0 99
257–512 500 2.17 6.03 13.07 0 0 0 0 194
513–1024 500 4.98 7.18 35.77 0 0 0 2 737
1025–2048 500 8.01 5.58 44.71 0 0 0 4 905
2049–4096 415 50.53 15.28 772.03 0 0 0 8 15727
4097+ 134 84.95 4.65 394.65 0 0 0 30.25 4230

Table A13: Infini-gram n-gram count statistics across
citation buckets using RedPajama corpus (capitalized
title + first author).

A4 More Details on Methodology 1129

A4.1 Data Sampling Strategy 1130

From the 1,921,209 papers in our curated dataset 1131

(Section 2), we drew a stratified sample of 9,108 pa- 1132

pers to systematically test the relationship between 1133

factual prevalence (proxied by citation count) and 1134

hallucination rates. This section describes our two- 1135
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Citation Count Mean Std Min Q25 Q50 Q75 Max CV
0–2 499 0 0 0 0 0 0 0
3–4 500 0 0 0 0 0 0 0
5–8 500 0 0.09 0 0 0 0 2 22.36
9–16 500 0 0 0 0 0 0 0
17–32 500 0 0.09 0 0 0 0 2 22.36
33–64 500 0 0 0 0 0 0 0
65–128 500 0 0 0 0 0 0 0
129–256 500 0.05 1.16 0 0 0 0 26 21.55
257–512 500 0.01 0.27 0 0 0 0 6 22.36
513–1024 500 0.02 0.54 0 0 0 0 12 22.36
1025–2048 500 0.33 4.82 0 0 0 0 97 14.69
2049–4096 415 2.10 40.51 0 0 0 0 825 19.32
4097+ 134 18.08 173.66 0 0 0 0 2000 9.60

Table A14: Infini-gram n-gram count statistics across
citation buckets using OLMo2-32B corpus (camelCase
title + first author).

Citation Bucket Count Mean Std Min Q25 Q50 Q75 Max CV
0–2 499 0 0 0 0 0 0 0
3–4 500 0 0 0 0 0 0 0
5–8 500 0 0 0 0 0 0 0
9–16 500 0 0 0 0 0 0 0
17–32 500 0 0 0 0 0 0 0
33–64 500 0 0.04 0 0 0 0 1 22.36
65–128 500 0 0 0 0 0 0 0
129–256 500 0 0.04 0 0 0 0 1 22.36
257–512 500 0 0 0 0 0 0 0
513–1024 500 0.01 0.13 0 0 0 0 2 15.80
1025–2048 500 0.12 1.84 0 0 0 0 38 15.06
2049–4096 415 0.17 2.41 0 0 0 0 48 14.30
4097+ 134 1.88 19.48 0 0 0 0 225 10.36

Table A15: Infini-gram n-gram count statistics across
citation buckets using RedPajama corpus (camelCase
title + first author).

dimensional stratification approach and the ratio-1136

nale for our sampling decisions.1137

A4.1.1 Stratification Dimensions1138

Field Selection: We selected the 8 most preva-1139

lent disciplines from our initial sample: Medicine,1140

Biology, Chemistry, Computer Science, Psychol-1141

ogy, Physics, Materials Science, and Mathematics.1142

These fields account for 77% of papers in the full1143

dataset and span diverse scientific domains with1144

varying authorship conventions and publication pat-1145

terns. This selection ensures sufficient sample sizes1146

across citation bins while maintaining representa-1147

tiveness of the broader academic landscape.1148

Citation Binning: We defined 13 exponentially-1149

spaced citation bins to capture the heavily right-1150

skewed distribution of academic citations (Table 1):1151

[0–2], [3–4], [5–8], [9–16], [17–32], [33–64], [65–1152

128], [129–256], [257–512], [513–1024], [1025–1153

2048], [2049–4096], and [4097+]. This binning1154

strategy serves three purposes:1155

1. Fine granularity in low-citation ranges: 1156

Since 36.9% of papers have 0–2 citations and 1157

78.6% have fewer than 33 citations, narrow 1158

bins in this range capture nuanced patterns 1159

where most papers reside. 1160

2. Sufficient representation in high-citation 1161

ranges: Exponential spacing ensures ade- 1162

quate samples in the tail of the distribution 1163

(513+ citations), where highly-cited papers 1164

are naturally rare but hallucination patterns 1165

differ substantially. 1166

3. Computational efficiency: Linear binning 1167

would require thousands of papers to ade- 1168

quately sample the tail, while exponential 1169

spacing achieves more balanced representa- 1170

tion with manageable sample sizes. 1171

A4.1.2 Sampling Procedure and Coverage 1172

Our target was 100 papers per field per citation bin, 1173

yielding a theoretical maximum of 100× 8× 13 = 1174

10, 400 papers. We employed stratified random 1175

sampling within each (field, bin) combination, se- 1176

lecting papers uniformly at random from the avail- 1177

able pool. 1178

Due to insufficient papers in some high-citation 1179

bins for certain fields, particularly Mathematics in 1180

bins above 2,049 citations, our final dataset com- 1181

prises 9,108 papers. 1182

A4.2 LLM Prompt Design for Authorship 1183

Attribution 1184

Figure A2 is the complete verbatim prompt tem- 1185

plate for LLMs to generate author names, including 1186

six few-shot examples. 1187

A4.2.1 Prompt Validation 1188

We validated the prompt’s effectiveness through 1189

pilot testing on 100 randomly selected papers, ex- 1190

amining: 1191

• Format compliance: 99% of responses ad- 1192

hered to output format without explanatory 1193

text 1194

• Name format accuracy: 97% correctly ab- 1195

breviated first/middle names and preserved 1196

full last names 1197

The few-shot examples proved essential: remov- 1198

ing them resulted in a 35% increase in format vio- 1199

lations, confirming that in-context learning is nec- 1200

essary for consistent structured output. 1201
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A4.3 Hallucination Rate Definitions1202

A4.3.1 Hallucination Metric Behavior1203

Examples1204

Table A16 illustrates how the three metrics behave1205

across different error scenarios. Several patterns1206

emerge:1207

• Perfect match: All metrics return 0 when1208

M > 0 and H = U = 0.1209

• One-sided errors: HR3 returns 0 when errors1210

occur in only one direction (only hallucina-1211

tions or only omissions), while HR1 and HR21212

capture the magnitude of error.1213

• Severe confusion: When both H and U are1214

large, HR1 and HR3 approach HR2, indicating1215

the model is fundamentally confused about1216

the paper’s authorship.1217

• No overlap: All metrics return 1.0 when1218

M = 0 (complete failure).1219

A4.3.2 Robustness Across Metrics1220

To verify that findings of Section 5 are not artifacts1221

of metric choice, we examined consistency across1222

HR1, HR2, and HR3. Table A17 shows all three1223

metrics are extremely highly correlated (r > 0.98,1224

all p < 10−10).1225

Rank orderings across the 9,108 papers are1226

nearly identical regardless of metric (Kendall’s1227

τ > 0.95 for all pairwise comparisons). The1228

citation-hallucination correlation holds with consis-1229

tent magnitude across metrics: for Computer Sci-1230

ence, ρHR1 = −0.478, ρHR2 = −0.476, ρHR3 =1231

−0.471 (all p < 0.001). Field rankings remain1232

identical across all three metrics. These results con-1233

firm that the central finding, the inverse relationship1234

between citation prevalence and hallucination rate,1235

is robust to metric specification.1236

A4.3.3 Metric Relationships and Selection1237

As demonstrated in Table A17, all three metrics are1238

extremely highly correlated (r > 0.98) across our1239

9,108-paper dataset, confirming they capture the1240

same underlying phenomenon. However, we report1241

HR2 as our primary metric for three reasons:1242

1. Symmetric treatment: HR2 weights halluci-1243

nations and omissions equally, avoiding bias1244

toward one error type.1245

2. Intuitive interpretation: HR2 = 0.80 di- 1246

rectly means “80% of unique authors were 1247

errors.” 1248

3. Mathematical elegance: HR2 is the Jaccard 1249

distance, a well-established similarity mea- 1250

sure with known properties. 1251

We report HR1 and HR3 results in Appendix A5 1252

to demonstrate robustness, while all main figures 1253

and correlation analyses are based on HR2. 1254

A4.4 Evaluation Method Comparison 1255

To validate our evaluation approach, we compared 1256

two methods for assessing LLM-generated au- 1257

thor attributions: LLM self-evaluation and hard- 1258

coded evaluation. This comparison serves both 1259

to validate our chosen evaluation strategy and to 1260

demonstrate the reliability of hard-coded evalua- 1261

tion for this task. 1262

A4.4.1 Evaluation Methods 1263

LLM self-evaluation employs a structured prompt 1264

(Figure A3) that asks the same LLM to evalu- 1265

ate its own output by comparing generated author 1266

names against the ground truth reference list. The 1267

evaluation prompt instructs the LLM to categorize 1268

each response and output three integer values: (X) 1269

the number of correctly matched authors, (Y) the 1270

number of hallucinated authors not present in the 1271

ground truth, and (Z) the number of ground truth au- 1272

thors missed by the LLM. These quantities directly 1273

correspond to M (Matches), H (Hallucinations), 1274

and U (Unretrieved), as defined in Section 4.4. The 1275

LLM performs fuzzy matching internally, account- 1276

ing for variations in name formatting, ordering, and 1277

representation. 1278

Hard-coded evaluation employs determinis- 1279

tic algorithmic fuzzy string matching to compare 1280

LLM-generated author names against ground truth, 1281

as mentioned in Section 4.5. The algorithm pro- 1282

duces the same three metrics (X, Y, Z) as LLM 1283

self-evaluation, enabling direct comparison. 1284

For the agreement analysis, as well as the vari- 1285

ance and stability analyses presented in later sec- 1286

tions, we use the responses generated by GPT-4o 1287

to compare the two evaluation methods. 1288

A4.4.2 Agreement Analysis 1289

We applied both evaluation methods to all re- 1290

sponses generated by GPT-4o, computing hallu- 1291

cination rates using both approaches. Table A18 1292
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Matches Hallucinated Unretrieved
Scenario M H U HR1 HR2 HR3

Perfect match 5 0 0 0.000 0.000 0.000
Only hallucinations 3 5 0 0.625 0.625 0.000
Only omissions 3 0 2 0.400 0.400 0.000
Balanced errors 3 2 2 0.571 0.571 0.444
Severe confusion 2 5 5 0.714 0.833 0.714
Complete failure 0 5 5 1.000 1.000 1.000

Table A16: Example hallucination rate calculations across different error scenarios.

HR1 HR2 HR3

HR1 1.000 — —
HR2 0.997 1.000 —
HR3 0.982 0.984 1.000

Table A17: Pearson correlations between hallucination
metrics (GPT-4o, n = 9,108 papers). All p < 10−10.

Metric Pearson r RMSE MAE Agreement <0.1

HR1 0.970 0.065 0.009 97.1%
HR2 0.969 0.067 0.010 96.9%
HR3 0.963 0.088 0.014 95.8%

Table A18: Agreement Between LLM Self-Evaluation
and Hard-coded Evaluation. Agreement: % of papers
with absolute HR difference < 0.1 between eval meth-
ods.

presents the overall agreement metrics across all1293

three hallucination rate definitions.1294

The two methods demonstrate strong agreement1295

across all metrics. For our primary metric (HR2,1296

Jaccard Hallucination Rate), we observe a Pearson1297

correlation of r = 0.969 (p < 0.001), with a root1298

mean squared error of 0.067 and a mean absolute1299

error of 0.010. Notably, 96.9% of papers exhibit an1300

absolute HR difference below 0.1, indicating that1301

the two methods produce practically equivalent1302

results for the vast majority of cases. The slightly1303

lower correlation for HR3 (r = 0.963) reflects the1304

increased sensitivity of this metric to edge cases1305

where hallucinations dominate the response.1306

A4.4.3 Variance and Stability of1307

Hallucination Metrics1308

Table A19 compares the variance of hallucina-1309

tion rates produced by each method. LLM self-1310

evaluation exhibits 1.04-1.05× higher variance1311

across all three metrics, indicating slightly less1312

consistency in repeated evaluations. This differ- 1313

ence, while small, reflects the stochastic nature 1314

of LLM inference—identical inputs can produce 1315

subtly different evaluation outputs due to temper- 1316

ature sampling and other generation parameters. 1317

In contrast, hard-coded evaluation produces iden- 1318

tical results for identical inputs, ensuring perfect 1319

reproducibility. 1320

Metric Var(LLM) Var(Code) Ratio

HR1 0.0649 0.0623 1.04
HR2 0.0600 0.0570 1.05
HR3 0.0867 0.0834 1.04

Table A19: Variance comparison between evaluation
methods.

A4.4.4 Method Selection Rationale 1321

Despite the strong agreement between the two eval- 1322

uation methods, we ultimately chose hard-coded 1323

evaluation as our primary method for the following 1324

reasons: 1325

1. Perfect Reproducibility: Hard-coded evalua- 1326

tion is deterministic—identical inputs always 1327

produce identical outputs with zero variance. 1328

This property is critical for scientific repro- 1329

ducibility and enables other researchers to ver- 1330

ify our results exactly. 1331

2. Transparency and Auditability: The match- 1332

ing algorithm is fully transparent and can be 1333

inspected, debugged, and validated line-by- 1334

line. When disagreements occur, we can trace 1335

the exact cause. LLM self-evaluation operates 1336

as a black box, making it difficult to under- 1337

stand or debug edge cases. 1338

3. Zero Computational Cost: Hard-coded eval- 1339

uation requires no API calls, eliminating both 1340

19



monetary costs and dependencies on external1341

service availability. For a dataset of 9,1071342

papers, this difference is substantial.1343

4. Model Agnosticism: Hard-coded evaluation1344

works identically regardless of which LLM1345

generated the attribution, enabling fair cross-1346

model comparisons without the confound of1347

having different models evaluate their own1348

outputs differently.1349

5. No Meta-Evaluation Concerns: LLM1350

self-evaluation introduces a meta-evaluation1351

problem—we must trust the LLM to accu-1352

rately assess its own performance, which may1353

be subject to model-specific biases or inconsis-1354

tencies in interpretation of evaluation criteria.1355

Taken together, hard-coded evaluation provides1356

superior reproducibility, transparency, and practi-1357

cality for large-scale analysis.1358

A5 More Details on Results1359

A5.1 Additional Results on Overall and1360

Field-Level Hallucination Rates1361

This section provides supplementary descriptive1362

results on hallucination rates across models and1363

academic fields.1364

Figures A4 and Figures A5 plot hallucination1365

rates under HR1 and HR3 as functions of citation1366

count. Consistent patterns are observed across all1367

three LLMs: hallucination rates decline monoton-1368

ically as citation count increases, closely mirror-1369

ing the trend reported for HR2 in Figure 3. For1370

low-citation papers, both metrics yield near-unity1371

hallucination rates, indicating substantial difficulty1372

in author attribution when factual prevalence is1373

minimal. As citation count increases, performance1374

improves steadily across models, reinforcing the1375

existence of a systematic relationship between cita-1376

tion prevalence and author recall.1377

Compared with HR2, HR1 exhibits trends highly1378

similar to those of HR2, whereas HR3 yields sys-1379

tematically lower values because it penalizes only1380

cases where hallucinations and omissions co-occur,1381

while cases involving only one type of error are1382

barely penalized. Despite these scale differences,1383

the relative ordering of models and the citation-1384

dependent trends remain stable. These results fur-1385

ther validate that the main findings based on HR21386

are robust to alternative hallucination rate defini-1387

tions.1388

Table A20 reports the overall hallucination rates 1389

(mean ± standard deviation) for three LLMs un- 1390

der the three hallucination rate definitions (HR1, 1391

HR2, and HR3). Across all models, the three met- 1392

rics exhibit consistent relative ordering, with HR1 1393

yielding the highest average hallucination rates and 1394

HR3 the lowest. This pattern reflects the different 1395

treatment of partial matches across the definitions. 1396

While absolute values differ, the results show that 1397

the choice of hallucination rate definition primarily 1398

affects scale rather than the relative comparison 1399

between models, with GPT-4o consistently exhibit- 1400

ing higher hallucination rates than DeepSeek-R1 1401

and Claude Sonnet 4.5 under all three definitions. 1402

The relatively large standard deviations indicate 1403

substantial variability at the paper level, consistent 1404

with the heterogeneous difficulty of author attribu- 1405

tion across citation levels. 1406

Model HR1 HR2 HR3

GPT-4o 0.90±0.25 0.91±0.24 0.87±0.29

DeepSeek-R1 0.85±0.29 0.87±0.28 0.80±0.36

Claude-Sonnet-4.5 0.83±0.32 0.85±0.32 0.81±0.36

Table A20: Overall Hallucination Rate (Mean ± SD) by
LLM.

Table A21 presents a field-level breakdown of 1407

GPT-4o performance using HR2. Fields are sorted 1408

by mean HR2, revealing pronounced domain differ- 1409

ences. Materials Science and Chemistry exhibit the 1410

highest hallucination rates, whereas Computer Sci- 1411

ence and Physics show substantially lower values. 1412

The standard deviation σ indicates increasing per- 1413

formance variability in lower-HR fields, suggesting 1414

a wider spread of attribution difficulty within those 1415

domains. The Spearman correlation coefficients ρ 1416

are negative across all fields and statistically signif- 1417

icant, confirming a consistent inverse relationship 1418

between citation count and hallucination rate at the 1419

domain level. 1420

Together, these results complement the main 1421

findings by characterizing both cross-model be- 1422

havior under different hallucination definitions and 1423

domain-specific variability under the primary met- 1424

ric. 1425

A5.2 Author Count and Hallucination Rate 1426

We examined whether the number of ground truth 1427

authors affects hallucination rates. Surprisingly, we 1428

found a small but significant negative correlation: 1429

papers with more authors exhibited lower HR2. To 1430
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Field Pap. Aut. HR2 σ ρ

Materials Sci. 1,067 4.2 0.971 0.093 -0.228
Chemistry 1,134 3.8 0.955 0.127 -0.323
Biology 1,179 4.6 0.927 0.186 -0.400
Psychology 1,154 2.9 0.907 0.228 -0.409
Medicine 1,230 5.0 0.906 0.239 -0.453
Mathematics 1,088 2.2 0.901 0.255 -0.364
Computer Sci. 1,174 3.2 0.874 0.279 -0.476
Physics 1,082 3.7 0.850 0.299 -0.383

Overall 9,108 3.8 0.911 0.238 -0.421

Table A21: GPT-4o performance by field (sorted by
HR2). Pap.: number of papers; Aut.: mean number
of authors per paper; ρ: Spearman correlation between
citation count and HR2; σ: standard deviation of HR2

within each field. All correlations are significant at
p < 0.001.

understand this counterintuitive result, we analyzed1431

model output behavior.1432

Models tend to output multiple author names1433

regardless of true author count. For single-author1434

papers, models output 2.5 names on average, of1435

which 2.3 are hallucinated, more than 2 fabricated1436

names for every real author. For 5-author papers,1437

models output 4.8 names with 4.1 hallucinated, a1438

similar total but less than 1 fabricated name per1439

real author. This explains the negative correlation:1440

papers with fewer authors accumulate more hallu-1441

cinations relative to their size, inflating their error1442

rates. Table A22 shows this pattern across all au-1443

thor counts.1444

GT Authors Output Halluc. Halluc/Author

1 2.5 2.3 2.3
2–3 3.4 3.0 1.2
4–5 4.5 3.9 0.9
6–10 6.5 5.5 0.7
11+ 10.0 7.0 0.4

Table A22: LLM output behavior by ground truth au-
thor count, averaged across models. Output: typical
author count produced by the LLM. Halluc.: average
hallucinated name count. Halluc/Author = hallucinated
names per true author.

This effect varies by field (Table A23). Models1445

appear to learn field-specific expectations about1446

author counts. Even for single-author papers, mod-1447

els output 3.1 names in medicine (where multi-1448

author papers are typical) versus only 2.1 in mathe-1449

matics (where single-author papers are common).1450

Since more output means more chances to match1451

true authors, this field-aware behavior results in 1452

stronger negative correlations in high-author fields 1453

like medicine (ρ = −0.16) compared to mathemat- 1454

ics (ρ = −0.05). 1455

Typical Output Halluc.
Field Authors (GT=1) (GT=1) ρ

Medicine 4.94 3.1 2.9 −0.16
Biology 4.49 2.8 2.6 −0.11
Physics 3.72 2.5 2.2 −0.11
Psychology 2.85 2.4 2.3 −0.13
Mathematics 2.20 2.1 1.9 −0.05

Table A23: Output behavior by field, averaged across
models. Typical authors: mean author count in the field.
Output and Halluc.: model behavior for single-author
papers. ρ: correlation between author count and HR2.

In summary, models infer author count from con- 1456

text: their output scales with the actual number of 1457

authors (ρ ≈ 0.55) and adjusts by field. The neg- 1458

ative correlation between author count and HR2 1459

arises because models over-produce names for pa- 1460

pers with 1–2 authors (inflating their errors), while 1461

papers with more authors have more chances for 1462

correct matches (lowering their error rate). Thus, 1463

author count interacts with model output patterns 1464

to influence measured error rates. 1465

A5.3 Ethnic Distribution of Hallucinated 1466

Names. 1467

We investigated whether LLMs exhibit systematic 1468

bias in the ethnic composition of hallucinated au- 1469

thor names. Using ethnicseer, a name-based 1470

ethnicity classifier, we categorized all unique last 1471

names from our 1.9M academic paper dataset 1472

(715,837 names) and all hallucinated names from 1473

the three models into 12 ethnic categories: En- 1474

glish/Western, Chinese, German, Japanese, Indian, 1475

Italian, French, Spanish, Russian, Middle Eastern, 1476

Korean, and Vietnamese. 1477

We conducted two complementary analyses. 1478

The population analysis counts each hallucinated 1479

name by how many unique papers it appeared in, 1480

measuring the ethnic breakdown of all hallucina- 1481

tion instances a user would encounter. The diver- 1482

sity analysis counts each unique hallucinated name 1483

once regardless of frequency, measuring the variety 1484

of names the model can produce for each ethnic 1485

group. For both analyses, we calculated the ratio of 1486

each ethnicity’s share among hallucinated names 1487

to its share in the dataset. A ratio of 1.0 indicates 1488

no bias, while values above or below indicate over- 1489

or under-representation. 1490
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To test for bias, we compared the ethnic distri-1491

bution of hallucinated names against the dataset1492

baseline using chi-square goodness-of-fit tests with1493

Bonferroni correction (α′ = 0.0167). Under the1494

null hypothesis, the ethnic proportions of halluci-1495

nated names should match those in the academic1496

dataset.1497

When counting by paper frequency, all three1498

models showed statistically significant but prac-1499

tically negligible deviation from the baseline (Ta-1500

ble A24). Cramér’s V ranged from 0.031 to 0.035,1501

indicating that the ethnic distribution of halluci-1502

nated name instances closely mirrors the dataset.1503

For example, Chinese names constitute 16.2% of1504

name occurrences in the dataset and 17.3% of hallu-1505

cination instances, a difference of just 1.1 percent-1506

age points. In other words, if a user receives a hal-1507

lucinated author name, its likely ethnicity roughly1508

matches what would be expected from the underly-1509

ing academic population (Figure A6).1510

When counting unique names, a slightly larger1511

but still small effect emerged (V = 0.09–0.10).1512

English/Western names were consistently over-1513

represented across all models (ratio 1.5–1.6×), as1514

were Korean (1.4–1.8×) and Japanese (1.4–1.6×)1515

names. DeepSeek showed notably higher over-1516

representation of Korean names (1.79×). Con-1517

versely, Russian (0.60–0.67×) and French (0.73–1518

0.75×) names were consistently under-represented1519

(Figure A7). For example, GPT-4o hallucinated1520

4.3% of English/Western names in the dataset pool1521

(4,762 of 110,279) compared to only 1.6% of Rus-1522

sian names (1,028 of 64,251), a 2.7× difference in1523

sampling rate.1524

Model Population Diversity

GPT-4o 0.031 0.101
Claude Sonnet 4.5 0.031 0.093
DeepSeek-R1 0.035 0.103

Table A24: Cramér’s V effect sizes for ethnic bias in
hallucinated names. All p < 0.001.

These findings indicate that ethnic bias in LLM1525

hallucinations, while statistically detectable, is1526

practically modest. Both the population of hal-1527

lucinated names and their diversity across ethnic1528

groups largely mirror the academic dataset base-1529

line, with only small deviations. The consistency1530

of these patterns across three architecturally dis-1531

tinct models suggests they arise from shared prop-1532

erties of web-scale training data rather than model-1533

specific artifacts. 1534

A5.4 Title Length and Hallucination Rate 1535

We examined whether paper title length correlates 1536

with hallucination rates, controlling for citation 1537

count. Longer titles often reflect more specialized 1538

or complex topics, which models may find harder 1539

to recall accurately. We measured title length in 1540

characters and computed Spearman correlations 1541

with all three hallucination metrics (HR1, HR2, 1542

HR3). 1543

To isolate the independent effect of title length 1544

from citation count, we used two approaches. First, 1545

we computed correlations separately within each 1546

of 13 citation buckets, then combined them using 1547

Fisher’s Z transformation. This ensures papers are 1548

only compared against others with similar citation 1549

counts. Second, we computed partial correlations, 1550

which statistically remove any variance that title 1551

length shares with citation count. 1552

Model Overall Citation-Adjusted

GPT-4o +0.035∗ +0.006
Claude Sonnet 4.5 +0.048∗ +0.032∗
DeepSeek-R1 +0.049∗ +0.031∗

Table A25: Spearman correlation (ρ) between title
length and hallucination rate. Overall: unadjusted.
Citation-Adjusted: partial correlation controlling for
citation count. *p < 0.05.

As shown in Table A25, the unadjusted cor- 1553

relations were small but statistically significant 1554

(ρ = +0.035 to +0.049, p < 0.001). After con- 1555

trolling for citation count, the correlation for GPT- 1556

4o dropped to near zero (ρ = +0.006, p = 0.73), 1557

while Claude and DeepSeek retained weak but sig- 1558

nificant correlations (ρ ≈ +0.03). Overall, title 1559

length has a small effect on hallucination rates even 1560

after adjusted for citations. 1561

A6 Additional Discussion 1562

Our findings demonstrate a robust and universal 1563

inverse relationship between factual prevalence 1564

(proxied by citation counts) and LLM hallucina- 1565

tion rates. This relationship holds across three 1566

architecturally distinct LLMs, eight academic dis- 1567

ciplines, and three hallucination metrics. These 1568

results provide strong empirical evidence that LLM 1569

performance on specific factual queries is largely 1570

a function of the target information’s frequency 1571

in the pre-training corpus, rather than the model’s 1572

reasoning capabilities. 1573
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A6.1 The Long Tail of Factual Recall1574

The observed negative correlations validate the hy-1575

pothesis that LLMs struggle with the "Long Tail"1576

of knowledge. For authorship attribution, citation1577

count serves as a high-fidelity proxy for training1578

data presence. Highly cited papers appear fre-1579

quently in academic databases, syllabi, Wikipedia,1580

and downstream citations, reinforcing the model’s1581

parametric memory.1582

The magnitude of this effect highlights the sever-1583

ity of the issue: hallucination rates in GPT-4o drop1584

by nearly 63 percentage points between the low-1585

est and highest citation bins. However, the fact1586

that even the most famous papers (top 1% by cita-1587

tions) still exhibit a 36.4% error rate indicates that1588

frequency-based memorization is imperfect. This1589

suggests that while increased exposure reduces hal-1590

lucination, it does not solve the fundamental in-1591

ability of current architectures to flawlessly recall1592

specific relational data (Author ↔ Paper) without1593

retrieval augmentation.1594

A6.2 Domain-Specific "Digital Footprints"1595

The variation in correlation strength across fields1596

offers insight into corpus composition. Computer1597

Science displayed the strongest correlation (ρ =1598

−0.476, GPT-4o), likely due to the field’s unique1599

open-access culture (arXiv), high digitization, and1600

extensive discussion on crawled platforms (GitHub,1601

StackOverflow, tech blogs). This creates a stronger1602

signal-to-noise ratio for CS metadata in the training1603

set.1604

In contrast, Materials Science showed the weak-1605

est response to citation impact (ρ = −0.228, GPT-1606

4o). We hypothesize this stems from a smaller1607

"digital footprint". Many materials science papers1608

may reside behind stricter paywalls or in PDF-only1609

formats that are harder to parse during training data1610

curation.1611

Critically, we observed a decoupling of complex-1612

ity and error. Medicine (highest mean author count:1613

5.0) performed better than Materials Science (4.21614

authors). This indicates that the difficulty of the1615

task is not determined by the length of the answer,1616

but by the familiarity of the entities involved.1617

A6.3 Universality Across Architectures1618

The replication of these trends across GPT-4o,1619

DeepSeek-R1, and Claude Sonnet 4.5 suggests that1620

"popularity bias" is not an artifact of a specific1621

model, but a fundamental characteristic of current1622

Transformer-based LLMs. 1623

Notably, the newer models (Claude and 1624

DeepSeek) exhibited stronger negative correlations 1625

than GPT-4o. This implies that as models be- 1626

come more capable, they become more sensitive to 1627

data frequency, effectively "over-fitting" to popular 1628

knowledge while remaining unreliable for obscure 1629

facts. This challenges the assumption that scal- 1630

ing alone will solve the hallucination problem for 1631

long-tail facts. 1632

A6.4 Implications for AI Reliability 1633

Our findings suggest three critical takeaways for 1634

the deployment of LLMs in academic settings: 1635

1. The Necessity of RAG: Since parametric 1636

memory fails consistently on low-citation pa- 1637

pers (HR2 > 0.98), reliance on internal 1638

knowledge for bibliographic tasks is funda- 1639

mentally unsafe. Retrieval-Augmented Gener- 1640

ation (RAG) is not optional but mandatory for 1641

this domain. 1642

2. Predictive Uncertainty: The strong corre- 1643

lation suggests that metadata (like citation 1644

count) can be used as a "reliability prior." 1645

Systems could programmatically reduce con- 1646

fidence scores or trigger external search tools 1647

when queried about low-impact or obscure 1648

topics. 1649

3. Deterministic Evaluation: Our validation of 1650

the hard-coded evaluation method (r = 0.969 1651

with LLM-eval, HR2, GPT-4o) demonstrates 1652

that hard-coded, transparent metrics are supe- 1653

rior to "LLM-as-a-Judge" for structured fac- 1654

tual tasks. They avoid the lenient biases in- 1655

herent in self-evaluation and provide a repro- 1656

ducible ground truth. 1657
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LLM Prompt for Generating Author Names

You are an academic assistant. Your task is to answer questions about
the authors of academic papers. ONLY return a comma-separated list of
author names in the following format:
- Always put the last name in the end of each author name.
- Only return the author names.
- Do not add any explanation, notes, or extra content. Only generate

the answer to the question.

Here are some examples:

Question: Who are the authors of the paper titled 'The relationship
between liver-kidney impairment and viral load after nephropathogenic
infectious bronchitis virus infection in embryonic chickens' which was
published in 2017?
Answer: Qiqi Huang, Xiaona Gao, Ping Liu, Huayuan Lin, Weilian Liu,
Guohui Liu, Jin Zhang, Guangfu Deng, Caiying Zhang, H. Cao, Xiaoquan
Guo, G. Hu

Question: Who are the authors of the paper titled 'Why men are at
higher risk for hepatocellular carcinoma?' which was published in 2012?
Answer: V. Keng, D. Largaespada, A. Villanueva

Question: Who are the authors of the paper titled 'Deciding laparoscopic
approaches for wedge resection in gastric submucosal tumors: a suggestive
flow chart using three major determinants' which was published in 2012?
Answer: Chung-Ho Lee, M. Hyun, Ye-Ji Kwon, S. Cho, Sung-Soo Park

Question: Who are the authors of the paper titled 'Use of internal and
external sources of knowledge and innovation in the Canadian wine
industry' which was published in 2015?
Answer: David Doloreux

Question: Who are the authors of the paper titled 'Dual phase helical CT
versus portal venous phase CT for the detection of colorectal liver
metastases: correlation with intra-operative sonography, surgical and
pathological findings' which was published in 2001?
Answer: D.John Scott, J. Guthrie, Paul Arnold, J. Ward, Julian Atchley,
Daniel J. Wilson, Philip J. Robinson

Question: Who are the authors of the paper titled 'Research as an
influence on teaching' which was published in 1984?
Answer: K. R. Jolls

Now, answer the following question:
Question: Who are the authors of the paper titled '{title}' which was published in '{year}'?
Answer:

Figure A2: LLM prompt for generating author names.
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LLM Prompt for Author Matching Evaluation

You are a research assistant evaluating an answer to a question about
authors of an academic paper.

Question: {question}
Reference answer (ground truth): {reference_answer}
Answer (to be evaluated): {generated_answer}

Both the answer and the reference answer listed authors separated by
commas.

Compare the answer with the reference answer, and give the following
three numbers in the format X, Y, Z where:
X is the number of authors in the answer that are also in the reference

answer
Y is the number of authors in the answer but are not in the reference

answer
Z is the number of authors in the reference answer but are not in the

answer

Additional note:
- Cases like 'I. V. Serban' vs 'IV Serban' should be considered matching.
- Cases like 'I Serban' vs 'IV Serban' should be considered matching.
- Cases like 'IA Serban' vs 'IV Serban' should not be considered matching.
- Cases like 'AV Serban' vs 'IV Serban' should not be considered matching.
- Ignore the order of names.

Respond ONLY with three numbers.
For example, if an answer lists five authors, two appear in the references
while three do not, and there are four additional authors in the references
not listed in the answer, then your response should be: 2, 3, 4

Figure A3: LLM prompt for author matching evaluation.
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Figure A4: Hallucination rate (HR1) across models as a
function of citation count.
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Figure A5: Hallucination rate (HR3) across models as a
function of citation count.
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Figure A6: Population analysis: ratio of each ethnicity’s
share among hallucinated name instances to its share in
the dataset. Values near 1.0 indicate no bias. All models
closely match the dataset baseline.
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Figure A7: Diversity analysis: ratio of each ethnicity’s
share among unique hallucinated names to its share in
the dataset. English/Western and Japanese names are
modestly over-represented, while Russian and French
names are under-represented.
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