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Abstract—Verifying health claims amid rampant misinforma-
tion requires identifying qualified experts — a manual process
that cannot scale. We address this challenge with a computational
framework that automatically identifies biomedical researchers
to evaluate health claims by analyzing their PubMed publica-
tion profiles. We establish the first benchmark for this cross-
genre retrieval task, linking 93,404 health claims to 153,147
biomedical experts. Our two-stage neural pipeline addresses the
semantic heterogeneity between informal health claims and for-
mal research literature. Systematic evaluation reveals a striking
finding: domain-specific models achieve 84.2% Mean Reciprocal
Rank, substantially outperforming general-purpose alternatives,
including state-of-the-art LLM-based rerankers fine-tuned on
domain-specific data. Our findings underscore the necessity of
specialized benchmarks for cross-genre information retrieval,
and specialized pretraining for biomedical expert identification,
while our scalable architecture enables rapid, automated expert
matching for evidence-based claim verification in clinical and
public health contexts.

Index Terms—Information Retrieval, Medical Expert Identifi-
cation, Biomedical Corpus, Clinical Misinformation

I. INTRODUCTION

The proliferation of health-related claims across digital plat-
forms necessitates systematic methods for identifying qualified
biomedical experts who can provide authoritative evaluation [1],
[2]. As clinical evidence rapidly evolves, including emerging
therapeutic approaches and novel epidemiological findings, the
need for connecting these claims to domain-specific researchers
has become critical [3]. This challenge is particularly acute for
preliminary research findings, off-label drug applications, and
rapidly developing medical situations.

Traditional computational approaches to claim verification
have evolved from content-based analysis [4], [5] to evidence
retrieval from structured knowledge bases [6]–[8]. However,
these methods face fundamental limitations when established
knowledge is insufficient or unavailable. Automated systems
lack the clinical expertise necessary for nuanced interpretation
of complex biomedical evidence, making expert identification
essential for reliable verification [9].
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Fig. 1. Expert identification framework, illustrated with an example: a
claim requiring verification (top) is matched to qualified researchers through
their peer-reviewed publications (bottom). The expert pool comprises “gold
standard” experts (authors of directly cited studies) and an expended “silver
standard” set (authors of topically related research).

We present a computational framework for biomedical
expert identification that bridges health claims with qualified
researchers through systematic analysis of their scientific
publications. Our approach is to frame expert identification
(Fig. 1) as an information retrieval task, where health claims
serve as queries and expert profiles are ranked by relevance.
Our framework leverages PubMed-indexed literature to identify
researchers whose publication profiles demonstrate relevant
expertise, addressing the fundamental challenge of cross-genre
retrieval between the heterogeneous language of health claims
and the formal discourse of research literature. This involves
representing expertise through multi-publication profiles and
developing efficient retrieval methods for large expert pools.

Our framework advances beyond static knowledge bases
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Fig. 2. Corpus construction: Health claims are systematically linked to expert
researchers through their authored publications, forming the core dataset (top).
The expanded corpus (bottom) augments this with semantically similar claims
and experts who have authored topically related research, addressing sparse
citation patterns in health-related content [10].

by leveraging dynamic expert knowledge encoded in recent
publications. This enables identification of authorities on
emerging biomedical topics where traditional repositories of
evidence lack coverage. Through comprehensive evaluation
on a large-scale corpus, we demonstrate that domain-specific
neural models are essential for effective cross-genre retrieval
in biomedical contexts, substantially outperforming general-
purpose architectures. Our contributions are threefold:

1. Large-scale biomedical benchmark: We construct a
large corpus connecting 93,404 health claims to 153,147
biomedical experts, establishing the first benchmark for
cross-genre expert retrieval in clinical domains (§II).

2. Scalable retrieval architecture: We develop a two-stage
neural framework optimized for biomedical expert identi-
fication, achieving 84.2% MRR and 77.6% Precision@1
through efficient candidate selection and re-ranking (§III).

3. Domain-specific model analysis: We demonstrate that
biomedical language models significantly outperform mod-
ern general-purpose LLMs, thus empirically supporting
domain specialization in clinical expert retrieval (§IV).

II. BIOMEDICAL BENCHMARK DATASET

Our corpus features a two-tier architecture, illustrated in
Figure 2:1 (i) The core corpus (Dcore), featuring health claims
with explicit citations to peer-reviewed research, where cited
authors constitute gold-standard experts; and (ii) an expanded
corpus (D+), where semantically related claims and additional
domain experts are identified through publication analysis. This
design addresses a fundamental challenge in health information

1The dataset and code are available at https://zenodo.org/records/15009723.

TABLE I
CORPUS EXPANSION (DCORE TO D+ ): IMPACT ON SCALE AND DIVERSITY.

Dcore D+ Increase (%)

Health claims 15,119 93,404 546.2%
Source diversity 9 134 1,388.9%
Experts per claim 11 18 63.6%
Tokens per claim 10.2 11.3 10.8%

retrieval: most health claims lack direct citations to peer-
reviewed research [10], [11], requiring semantic matching
between heterogeneous text genres. Our expanded corpus thus
provides realistic evaluation conditions for expert retrieval
systems that must operate without explicit citation signals.

A. Construction of the Core Corpus

We collected 150,028 news articles (2018-2024) from 15 RSS
feeds spanning general news platforms (Reuters, NYTimes,
CNN), and specialized medical news outlets (MedPageToday,
News-Medical). We extracted bibliographic references from
these articles, resolved URLs to DOIs, and queried PubMed
to retrieve publication metadata (titles, abstracts, author in-
formation) [12], retaining only articles successfully linked to
PubMed-indexed publications, thus yielding 16,537 articles
forming the core corpus, Dcore.

We define health claims as news headlines from articles
citing peer-reviewed research. Headlines serve as effective
proxies for health claims as they capture the primary assertions
presented to the public [13], constitute the most influential
component of news articles, and provide concise text for large-
scale processing. Though headlines may oversimplify complex
findings, they reflect what readers actually remember and share,
making them essential targets for verification.
Claim-Evidence Validation: News headlines frequently mis-
represent cited research, with studies showing inaccuracies
or exaggerations [14]–[16]. We employed GPT-4 to validate
that news headlines accurately represent the research they
cite, comparing against research titles and abstracts. Human
validation on 200 randomly sampled pairs showed 98%
agreement with automated assessments. This filtering retained
15,119 high-quality claim-evidence pairs.

We define gold-standard experts as authors of the studies
cited in news articles. These researchers have direct knowledge
of their work’s methodology, findings, and limitations, making
them uniquely qualified to assess claims about their research.
We represent each expert through an expert profile comprising
titles and abstracts from their recent PubMed publications
(2018-24). This mirrors a natural estimation of expertise: by
examining a body of relevant work rather than credentials. A
small fraction (2.33%) share identical publication records, so
we retain only one profile per unique publication set.

This core corpus Dcore comprises 15,119 validated health
claims linked to 14,393 peer-reviewed papers and 153,147
unique expert profiles (average: 11 experts per claim). Each
entry is appears as a tuple 〈c, {ek}, {rk}〉 containing a health
claim c, associated experts {ek}, and their profiles {rk}.
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B. The Expanded Corpus

Dcore, however, is skewed toward specialized medical outlets
that consistently cite research, under-representing general news
sources that typically omit citations [10], [11]. This motivates
our corpus expansion, targeting claims as well as experts, to
increase source diversity and expert coverage.

Many outlets report the same research without citations.
Following Yang et al. [17], we identify such articles through
temporal proximity (±5 days), headline semantic similarity
with Sentence-BERT [18]), and named entity overlap measured
by Jaccard index. Human validation of 50 randomly selected
clusters showed 94% accuracy (47/50 clusters). This clustering
added 2,879 claims from articles that did not cite any research,
and expanded source diversity from 9 to 134 outlets. Further, we
generated linguistic variations to capture the stylistic diversity
in real-world health reporting. Using ChatGPT Paraphraser [19],
we created two semantic paraphrases per claim. We also
employed GPT-4 to transform headlines into three journalistic
styles (Breaking News, Analytical, and Investigative), validated
through ROUGE-L scores and expert review of 200 samples.
For each cited publication p, we identify additional experts who
both (i) cite p in their work and (ii) publish thematically similar
papers (identified through PubMed’s “Similar Articles”2, and
retaining the top 50). This dual-criteria approach ensures the
expanded experts possess relevant domain knowledge, while
increasing average experts per claim from 11 to 18.

The expanded corpus D+ contains 93,404 health claims linked
to 153,147 experts: a 517.8% increase in claims and 1,388.9%
increase in source diversity over Dcore (Table I). We partition
data into training (55,971 claims), validation (9,364), and test
(28,069) sets, with expanded variants maintaining their original
assignments to prevent leakage.

III. RETRIEVAL FRAMEWORK

We evaluate our expert identification framework following
the established two-stage neural retrieval pipeline: bi-encoder
candidate retrieval followed by cross-encoder re-ranking [21],
[22]. We then present systematic component ablations to isolate
the effects of corpus expansion techniques.

For candidate selection, we employ diverse retrieval al-
gorithms to narrow the search space. We evaluate token-
based models BM25 [23] and its variants BM25+ [24] and
BM25L [25], which provide strong baselines. For semantic
matching, we implement Transformer-based bi-encoders Distil-
BERT [26] and MiniLM [27], both fine-tuned with Sentence-
BERT [18] on MS-MARCO [28]. These balance efficiency and
performance through vectorized claims and cosine similarity be-
tween embeddings. For biomedical specialization, we integrate
PubMedBERT [29] (pretrained on 14M PubMed abstracts)
and PubMedBERT-MS-MARCO [30], which combines domain
expertise with MS-MARCO fine-tuning.

For candidate refinement, cross-encoders process query-
document pairs jointly and output relevance scores (0-1). We
create training pairs with positive labels (relevant) and negatives

2A probabilistic topic-based model proposed by Lin and Wilbur [20].

randomly sampled from BM25L’s top candidates [10], [31],
using a 1:4 positive-to-negative ratio to reflect the natural imbal-
ance. We train DistilBERT, PubMedBERT, and PubMedBERT-
MS-MARCO cross-encoders, re-ranking BM25L’s top 100
candidates per claim while manually reintroducing any gold-
standard experts missed by BM25L during candidate selection.

We incorporate LLM-based re-ranking to explore recent
advances. Specifically, we implement BGE reranker mod-
els [32] (Gemma architecture [33]) in both zero-shot and fine-
tuned settings, and evaluate Qwen3-8B [34] in zero-shot mode.
Unlike smaller Transformer cross-encoders, these LLM-based
rerankers leverage richer semantic representations from large-
scale pretraining, potentially offering enhanced understanding
of complex query-document relationships.

Representing prolific researchers presents unique challenges:
expert profiles average 2,933 words in our corpus due to
concatenating multiple abstracts, exceeding most Transformer
capacities. We address this with (1) sliding windows that
process overlapping chunks of expert documents and employ
max-pooling aggregation to select the most relevant segments
[35]; and (2) attention mechanisms to reduce computational
complexity while maintaining performance on lengthy texts
[36]. We further leverage structured abstracts: 36% in our cor-
pus contain explicit ‘Conclusion’ sections summarizing primary
research claims [37]. We extract these directly when present;
and for unstructured abstracts, we fine-tune PubMedBERT to
identify conclusions (F1=0.91). This reduces the average size
of expert profiles by 71%—from 2,933 to 855 words—while
retaining essential information.

IV. RESULTS AND ANALYSIS

We evaluate performance using standard IR metrics: preci-
sion at k (P@k = 1, 10) to measure the accuracy of top-ranked
results, recall at k (R@k = 10, 100) to capture relevant items
across deeper ranks, mean reciprocal rank (MRR) to reward
early relevant results, and mean average precision (MAP) to
balance precision and recalls across all relevant items.

A. Candidate Selection

We evaluate nine models across three groups: (a) lexical
models: BM25 and its variants BM25+ and BM25L [23]–[25];
(b) general-purpose Transformers: MiniLM [27] and Distil-
BERT [26]; and (c) domain-specific Transformers: PubMed-
BERT [29] and its variants. All models except PubMedBERTo

are trained on MS-MARCO. By default, models utilize ‘Con-
clusion’ sections from structured abstracts (* marks the models
extracting conclusions from unstructured abstracts).

Fig. 3 shows that BM25 and its variants consistently
outperform Transformer models across most metrics, especially
in recall, demonstrating effective lexical matching. Among
neural approaches, domain-specific pretraining proves to be
crucial: PubMedBERT substantially outperforms MiniLM and
DistilBERT, rivaling BM25L’s precision and MRR on the
expanded corpus. Models exhibit complementary strengths:
PubMedBERT achieves best precision@1 (41.2%) and MRR
(48.7%) on Dcore, while BM25L* yields highest recall@100
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Fig. 3. Candidate selection on Dcore and D+

corpora: performance of all nine models on three
key ranking measures (P1, R100, and MRR).

Fig. 4. Candidate refinement on Dcore (left) and D+ (right) corpora: performance of all domain-specific
models against the best lexical and general-purpose models, BM25L and DistilBERT. Results compare
the five ranking measures P1, P10, R10, MRR, and MAP .

(61.6%). Structured abstracts significantly impact performance:
models extracting conclusions directly show distinct patterns,
with BM25L* trading recall for precision. PubMedBERT*
achieves highest MAP (0.39 on Dcore, 0.36 on D+), suggesting
superior ranking through balanced precision-recall trade-offs.
These patterns hold across both datasets, with slightly lower
performance on the expanded corpus.

B. Candidate Refinement

We compare domain-specific models against the best lexical
(BM25L) and general-purpose (DistilBERT) baselines. We
evaluate two PubMedBERT variants: PubMedBERTo is the
original pre-trained model, while PubMedBERT is fine-tuned
on MS MARCO for improved retrieval. We further introduce
PubMedBERTatt (attention mechanism) and PubMedBERTsw
(sliding windows) for long document handling. All models are
trained for 2 and 3 epochs with maximum sequence lengths of
256 and 512 tokens. Hyperparameters are selected based on
development set MRR.

While BM25L excels in candidate selection, its reliance
on lexical cues is a clear impediment in refinement and re-
ranking. As shown in Fig. 4, it has the worst performance
across all metrics due to lexical mismatch between claims
and research documents. Domain-specific models, particularly
PubMedBERT variants, significantly outperform all other ap-
proaches, reflecting effective capture of biomedical terminology
and clinical relationships. DistilBERT achieves intermediate
performance, closer to BM25L than specialized models.

Furthermore, we benchmark against modern LLM rerankers,
revealing surprising limitations (Fig. 6). The BGE-reranker
(based on Gemma 2B) dramatically underperforms even
DistilBERT despite state-of-the-art results on standard IR
benchmarks. Qwen3 (8B) outperforms BGE but substantially
trails domain-specific models. However, BGE shows dramatic
improvements with fine-tuning (denoted by ft), and achieves
competitive results, though still trailing PubMedBERTatt.
Among domain-specific models, the use of attention mechanism
yields the highest performance across most metrics, robust
across both corpora. Employing sliding windows yields excel-
lent MAP on Dcore but remains at par with the attention-based
model on D+. Comparing each model across corpora reveals
contrasting patterns: domain-specific models perform better
on Dcore, while general-purpose models (DistilBERT, BGE,

Fig. 5. Performance comparison across all five IR metrics: the best domain-
specific models based on attention (PMBatt) and sliding windows (PMBsw)
significantly outperform the best lexical (BM25L), general-purpose cross-
encoder (DistilBERT), and LLM-based reranker (BGE f t) approaches.

and Qwen3) achieve higher scores on D+. This suggests the
expanded corpus’ linguistic diversity benefits general language
understanding, partially compensating for limited domain-
knowledge.
Insight 1: These findings underscore the necessity of our
cross-genre benchmark for health information retrieval. Models
achieving state-of-the-art results on general IR benchmarks,
including BGE-reranker and Qwen3, perform poorly on our
task, revealing that standard benchmarks fail to capture the
complexities of retrieving health-related expertise. While fine-
tuning dramatically improves BGE-reranker, domain-specific
models retain their significant advantage, demonstrating the
value of purpose-built biomedical pretraining over adapting
general-purpose LLMs.
Insight 2: Our study carries critical implications for cross-genre
information retrieval. The substantial performance gap between
general-purpose and domain-specific models highlights the
essential role of domain-specific pretraining. The poor results
from vanilla LLM rerankers demonstrate that even state-of-the-
art models require significant domain adaptation for specialized
cross-genre tasks. The dramatic improvement observed from
fine-tuning BGE-reranker exemplifies this necessity, yet the
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Fig. 6. Performance of all nine models across Dcore and D+, compared on the basis of P1, MRR, and MAP . The domain-specific models based on
PubMedBERT are abbreviated as PMB, and the BGE-reranker fine-tuned on domain data is denoted by BGEft.

TABLE II
ABLATION STUDY RESULTS

Model P@1 P@10 R@10 MRR MAP
Baseline (PMBatt) 77.6 59.1 51.0 84.2 68.4
B cl 74.4 59.8 43.9 82.0 65.7
B para 77.2 59.8 49.1 84.0 67.7
B st 78.7 60.5 49.8 85.0 68.9

persistent advantage of purpose-built biomedical models (Fig. 5)
indicates that domain-specific pretraining combined with archi-
tectural optimization remains the most effective approach for
identification of biomedical experts.

C. Ablation Study

We quantify the effect of each corpus expansion component
(news clustering, paraphrasing, and style transfer) by training
PubMedBERTatt on D+, and evaluating on each ablated compo-
nent. Table II shows that our model is robust against semantic
variations: paraphrasing (B para) and style transfer (B st) maintain
near-baseline performance. However, the clustering component
(B cl) shows notable performance decline, particularly in recall
(down to 43.9), indicating challenges in generalizing to news
headlines with subtle contextual differences.

V. RELATED WORK

Biomedical claim verification has evolved from rule-based to
neural approaches leveraging scientific knowledge bases. Wad-
den et al. [38] established verification benchmarks, extended to
COVID-19 claims by Sarrouti et al. [7]. Studies have examined
claim properties including statistical exaggeration [16] and
verifiability criteria [9]. While current systems effectively match
claims against biomedical repositories [6], they struggle with
emerging clinical evidence. Our framework addresses this
through direct expert identification from PubMed literature.

Expert finding research provides foundational methods for
expertise modeling. Balog et al. [39] developed probabilistic
frameworks for researcher retrieval, while Wu et al. [40] ad-
dressed multi-domain expertise. Recent work identifies medical
experts in social platforms [41], though within single domains.
Computational expertise representation remains challenging

across document types [42]. We extend these methods to cross-
genre biomedical retrieval.

Cross-genre retrieval addresses terminology and conceptual
gaps between text types. Jurczyk and Choi [43] aligned
conversational and formal medical texts through relation
extraction. While cross-domain biomedical retrieval shows
promise [44], connecting clinical claims to research literature
requires specialized methods [10]. Our framework uniquely
combines cross-genre retrieval with expert identification, en-
abling systematic consultation for emerging clinical topics
where knowledge-base approaches are insufficient.

VI. CONCLUSION

This work presents a computational framework for biomed-
ical expert identification, establishing a benchmark corpus
linking 93,404 health claims to 153,147 researchers through
PubMed-indexed publications. Our systematic evaluation
demonstrates that domain-specific models are essential for
cross-genre retrieval in biomedical contexts, achieving 84.2%
MRR and 77.6% precision@1 while substantially outper-
forming general-purpose architectures, including fine-tuned
large language models. These results underscore the critical
importance of domain-specific pretraining for specialized
information retrieval tasks.

Our framework enables rapid expert identification for health
claim verification, supporting clinical research, systematic re-
views, and peer reviewer selection. The cross-encoder architec-
ture provides quantitative relevance scores for threshold-based
filtering and expertise-weighted evaluation. By automatically
incorporating new PubMed publications, the system continually
maintains current expertise profiles as biomedical knowledge
evolves, and thus providing a foundation for automated expert
consultation in clinical and research settings.
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