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Abstract

Determining the factual status of biomedical statements, whether affirmed, negated, or uncertain, is essential
for accurate understanding. To support research in this area, we introduce BioRelFact, a publicly available,
expert-annotated dataset of 1,767 English biomedical sentences labeled with nine relation types and five levels
of epistemic commitment. Using this dataset, we evaluate eight large language models (LLMs) from the GPT,
Qwen, and Gemma families for joint relation extraction and epistemic classification. Among the evaluated
models, GPT-OSS-20B performs best in both tasks (F1 77.3 for relation, 65.3 for commitment), followed by
GPT-40 (75.9 and 60.2), while Qwen3-8B (Thinking) shows strong performance despite its smaller size (74.6 and
57.2). Domain adaptation has mixed effects: relative to their general-purpose counterparts, MedGemma-27B
improves (+3.6 F1 for relation, +4.4 for factuality), whereas Qwen2.5-Aloe-Beta-7B declines (—4.3 and -3.5,
respectively). Moreover, definition-based few-shot prompts consistently yield the best results for most models,
and an explorative analysis of prediction errors suggests which specific linguistic features may drive model confusions.

Keywords: relation extraction, factuality, large language models

1. Introduction

Understanding the relationships between drugs,
genes, and diseases is fundamental for biomedical
research and clinical decision-making. Yet, inter-
preting biomedical literature requires more than
recognizing which relationships are mentioned: it
demands an understanding of how certain those
relationships are asserted. For example, the state-
ments “Drug X treats Disease Y” (factual), “Drug
X may help with Disease Y” (possible), and “Drug
X has been studied for Disease Y” (uncommitted)
all refer to a therapeutic use of a drug for a dis-
ease, but differ notably in the epistemic commit-
ment of the sentence authors regarding the rela-
tionship. Table 1 illustrates such distinctions across
common commitment levels. These nuances be-
come especially critical in computational drug de-
velopment and target discovery, where literature-
derived knowledge graphs support reasoning and
hypothesis generation. If speculative or uncertain
statements are incorporated as factual links, such
graphs may propagate misleading information, un-
dermining their reliability for downstream analyses.

Despite its importance, epistemic nuance (also
referred to as factuality) remains underrepresented
in biomedical relation extraction. Most widely
used datasets, such as ChemProt (Krallinger et al.,
2017) and DrugProt (Miranda et al., 2021), focus
on relation type identification and lack an addi-

tional factuality layer. Only a few corpora, like Sem-
Rep (Kilicoglu et al., 2017) and DiMB-RE (Hong
et al., 2025), explicitly annotate semantic relations
with fine-grained factuality levels.

Relation: Therapeutic_Use

Factuality Example

Factual Drug treats Disease

Possible Drug may help with Disease
Doubtful Drug is unlikely to benefit Disease
Negated Drug does not treat Disease

Uncommitted Drug is being studied for Disease

Table 1: Example statements illustrating different
levels of epistemic commitment (factuality) for the
Therapeutic_Use relation.

Given the limitations of available datasets, large
language models (LLMs) provide a promising ap-
proach to factuality-aware biomedical relation ex-
traction, combining strong general language under-
standing with zero- and few-shot capabilities. How-
ever, approaches using LLMs for factuality-aware
relation classification remain largely unexplored.
DiMB-RE (Hong et al., 2025) evaluates GPT-40
variants in a three-factuality-label setting, but com-
prehensive investigations of LLMs for fine-grained,
joint factuality and relation classification are still
largely lacking.

To address this gap we present a dataset for
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factuality-aware biomedical relation extraction and
use it to evaluate LLMs. Our main contributions
are as follows:

* Introducing BioRelFact, an expert-annotated
dataset of 1,767 sentences from PubMed ab-
stracts, covering nine relation types across
multiple biomedical subdomains: drug—gene,
drug—disease, gene—disease, and gene
variant—disease interactions, and labeled with
five levels of epistemic commitment.

» Performing comprehensive evaluation of eight
large language models for joint relation and
factuality classification, including general-
purpose models (both commercial and open-
weight) and biomedical models (open-weight
only), using zero- and few-shot prompting
strategies.

» Measuring the difficulty of classification in-
stances, along with a linguistic analysis of the
prediction errors.

2. Related Work

Biomedical Relation Extraction and Factual-
ity Datasets. Most biomedical relation extrac-
tion datasets, such as ChemProt (Krallinger et al.,
2017) and DrugProt (Miranda et al., 2021), fo-
cus on relations but largely ignore epistemic com-
mitment. Speculative statements are usually an-
notated as positive relations alongside factual
ones, and ChemProt's NOT class is sentence-
level, without specifying which relation is negated.
However, some corpora explicitly annotate epis-
temic commitment in biomedical texts. Sem-
Rep (Kilicoglu et al., 2017) labels semantic re-
lations from PubMed abstracts with seven fac-
tuality categories: FACT, PROBABLE, POSSIBLE,
DOUBTFUL, COUNTERFACT, UNCOMMITTED, and
CONDITIONAL. DiIMB-RE (Hong et al., 2025) anno-
tates diet—microbiome associations with six levels:
FACTUAL, PROBABLE, POSSIBLE, DOUBTFUL,
NEGATED, and UNKNOWN. Other datasets, such
as i2b2/VA (Uzuner et al., 2011), its translation
(Sumait et al., 2023), Ex4CDS (Roller et al., 2022),
and NegEx-Ger (Cotik et al., 2016), provide nega-
tion or factuality annotations at the entity or clinical
concept level rather than for explicit inter-entity re-
lations. BioScope (Vincze et al., 2008) provides
token-level annotations for negative and specula-
tive keywords. Thompson et al. (2011) focus on
event certainty in the GENIA Event Corpus.

TAll resources for our LLM-based classification work-
flow are publicly available at https://github.com/bayer-
int/biomed-relation-factuality-detection.

Performance in the biomedical domain. Early
domain-adapted generative models such as
BioGPT (Luo et al., 2022), which was based on
GPT-2 and further pre-trained on PubMed, demon-
strated that generative language models are com-
petitive for biomedical end-to-end relation extrac-
tion after fine-tuning. With the shift to GPT-3-era,
billion-parameter LLMs (Brown et al., 2020), zero-/
few-shot prompting became feasible. Jahan et al.
(2024) find that in biomedical end-to-end relation
extraction for datasets with smaller training sets,
zero-shot LLMs can outperform traditional state-
of-the-art models when they are only fine-tuned
on the training set of these datasets. On standard
RE benchmarks (ChemProt, DDI, EU-ADR and
GAD), zero-/few-shot LLMs trail fine-tuned encoder
models (Zhang et al., 2024; Chen et al., 2025).
For example, on ChemProt, BioBERT strongly
outperforms few-shot GPT-4 with 73.44 F1 ver-
sus 37.56 F1, and even fine-tuned LLaMA-2 13B,
which had 46.12 F1 (Chen et al., 2025). Biomedi-
cal LLMs improve medical question answering but
show mixed gains on information extraction tasks
compared to general-domain counterparts (Chen
et al., 2025; Garcia-Gasulla et al., 2025). Beyond
LLM comparisons, prior work shows that domain-
specific encoder-based transformer models out-
perform rule-based and classical machine learn-
ing approaches for biomedical relation extraction,
while remaining robust on small and imbalanced
datasets (MiloSevi¢ and Thielemann, 2023). For
epistemic commitment, Hong et al. (2025) report
a joint evaluation that assesses whether both the
relation and its factuality are predicted correctly.
Their experiments are conducted in a three-label
setting, collapsing the original six factuality levels.
In this setting, a fine-tuned BioMedBERT model
strongly outperforms zero-shot and one-shot GPT-
4 variants, with LLMs tending to overpredict relat-
edness. Beyond LLMs, Kilicoglu et al. (2017) study
factuality classification using a rule-based compo-
sitional approach based on lexical and syntactic
cues versus a supervised machine learning (SVM)
approach. They find that the compositional ap-
proach is more effective than the machine learning
method.

3. Dataset

We introduce BioRelFact, an expert-annotated
dataset of 1,767 biomedical relation instances,
each consisting of a sentence containing two high-
lighted entities and annotated with both a relation
type and a factuality label. The instances were ran-
domly drawn from a corpus of 7,295 PubMed ab-
stracts, covering multiple biomedical subdomains.
Table 2 illustrates data examples, Section A.1 pro-
vides label definitions.
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Relation Factuality Example

no_relation none Further, [[SESN1 (Genes)]] improved [[sevoflurane (Drugs)]]-induced
cell inflammation.

drug : disease

Causal_Effect fact  Paternal [[methotrexate (Drugs)]] use was associated with increased
risk of [[stillbirth (Diseases)]] <..>.

Therapeutic Use uncommitted Purpose: We compared the clinical effects of <..>, [[limaprost alfadex
(Drugs)]], and <..> for [[lumbar spinal stenosis (Diseases)]] <..>

drug : gene

Agonist counterfact Expressions of ABCG2, and p-Akt but not of [[MDR-1 (Genes)]], were
enhanced by NE plus [[cisplatin (Drugs)]]

Antagonist fact  This could be prevented by administering <..> [[spironolactone (Drugs)]],
a well-known <..> [[aldosterone receptor (Genes)]] antagonist.

Modulates possible  <..> results suggested that the <..> ([[MAPK (Genes)]]) signalling path-
way may be a potential mechanism of [[berberine (Drugs)]] in delaying
pulmonary fibrosis.

gene : disease

Biomarker counterfact  <..> we did not verify a higher imunoexpression of [[WT1 (Genes)]]
associated with [[pregnancy (Diseases)]] status.

Causal_Effect possible  Conclusion: This study highlights the potential roles of specific inflam-
matory [[cytokines (Genes)]] in the development of [[glaucoma (Dis-
eases)]l<..>

Modulates uncommitted Objectives: To elucidate the contribution of IL-17 family [[cytokines
(Genes)]] in [[psoriasis (Diseases)]].

geneVariant : disease

Association doubtful <..> The correlation among Glucokinase (GCK) [[rs1799884 (Gene
Variant)]] polymorphism and the risk of [[gestational diabetes mellitus
(Diseases)]] (GDM) remains controversial <..>

Table 2: Examples of relations and their factuality.

3.1. Dataset Labels Relation Count Percentage
Relation Types. Our relation schema was de- no_relation 738 AN.77%
signed to capture interactions among four key drug : disease
biomedical entity classes: drugs, diseases, genes, Causal_Effect 63 3.57%
and gene variants. It defines nine relation types Therapeutic_Use 246 13.92%
linking these entities as listed in Table 3. Re- drug : gene
lations such as Therapeutic Use, Agonist Agonist 20 1.25%
or Biomarker exemplify the diversity of relation Antagonist 89 5.04%
types included. Modulates 42 2.38%

We assign a sentence with an annotated entity gene : disease
pair one of the nine relation labels if it discusses Biomarker 52 2.94%
the relation assigned to the pair, irrespective of Causal_Effect 47 2.66%
epistemic commitment (including factual, uncertain, Modulates 168 9.51%
or negated statements). We refer to such cases geneVariant : disease
as positive instances. All other cases are assigned Association 300 16.98%
the label no_relation and treated as negative Total 1767 100.00%

instances.

The dataset comprises 1,767 annotated sen-
tences, of which 1,029 (58.2%) express a posi-
tive relation instance. These positive instances
include 309 drug—disease, 153 drug—gene, 267
gene—disease, and 300 gene variant—disease men-
tions. The remaining 738 sentences (41.8%) are
labeled as no_relation (drug—disease: 151,
drug—gene: 291, gene—disease: 169, geneVari-
ant—disease: 127).

Table 3: Distribution of Relation Types

Epistemic Commitment Levels. Each sentence
annotated with a positive relation type was addi-
tionally labeled with one of five epistemic commit-
ment levels: (1) fact denotes that the sentence
presents the relation as rather established or as-
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Factuality level Count Percentage
fact 832 80.86%
uncertain

uncommitted 121 11.76%
possible 51 4.96%
doubt ful 4 0.39%
counterfact 21 2.04%
Total 1029 100.00%

Table 4: Distribution of Factuality Values for Posi-
tive Instances Only

sumed; (2) possible, as potential or probable;
(3) doubtful, as unlikely; (4) counterfact, as
negated; and (5) uncommitted, when the sen-
tence gives no indication of certainty or polarity.

A closer look reveals that uncertainty rates
vary across relation groups: gene variant—
disease shows the highest proportion of uncer-
tain instances (23.0%), followed by drug—disease
(17.5%) and gene—disease (16.5%), while drug—
gene relations show the lowest uncertainty rate
at only 5.9%. Counterfacts remain rare across all
groups.

3.2. Annotation Procedure and Data
Quality

Given the need for strong domain expertise, we
contracted two trained professionals from an exter-
nal biomedical vendor to perform all annotations.
Annotators followed detailed guidelines for entity
recognition, relation labeling, and epistemic com-
mitment classification, which included general in-
structions, label definitions and examples. In total,
2,000 sentences with relevant entity pairs were
randomly selected from abstracts. Before full anno-
tation, annotators labeled sample sentences from
each relation group and received brief feedback to
clarify instructions.

Entity types were initially annotated and normal-
ized automatically using a commercial tagging sys-
tem customized with Bayer-developed terminolo-
gies, and subsequently reviewed by expert anno-
tators who flagged incorrect annotations using the
label incorrect_concept_type

For each sentence containing two correctly typed
entities, annotators labeled the relation discussed
between them, selecting from predefined positive
relation types or no_relation if no relation was
mentioned. For each positive relation selected,
annotators were then asked to assign exactly one
epistemic commitment level.

To assess annotation reliability, we computed
inter-annotator agreement (IAA) using Krippen-
dorff’'s «. Agreement was very high for relation

labels (a = 0.964) and epistemic commitment lev-
els (o« = 0.963, calculated only for sentences with a
positive relation). Annotation disagreements were
not retained in the dataset: sentences without full
agreement on relation type, epistemic commitment
level, or entity type correctness were excluded from
the final release.

4. LLM-based Classification

We present a classification setup leveraging LLMs
for relation and epistemic commitment classifica-
tion in biomedical text. Employing an in-context
learning approach, the workflow guides LLMs us-
ing modular prompts that combine task descrip-
tions, label definitions, and annotated examples.
We evaluate a range of LLMs, including general-
purpose and domain-specific biomedical models of
varying sizes, to compare performance and robust-
ness. Multiple inference runs allow us to assess
prediction stability.

4.1. Classification Workflow

Figure 1 shows our relation and epistemic commit-
ment classification workflow, implemented using
the LangChain framework?. The process begins
with the specification of the input, which includes
the annotation guidelines (containing label defini-
tions and examples), a prompt template with gen-
eral task instructions (for classifying relation type
and epistemic commitment), label placeholders,
toggles for including definitions and examples, and
the target sentence with highlighted biomedical
entity mentions (e.g., drugs, genes). The design
of the prompt templates is modular and largely
dataset-agnostic, allowing the pipeline to be reused
across different corpora as long as the required in-
put components are available.

These components are compiled into the LLM
input, which consists of a structured system mes-
sage that defines the task, lists valid relation types
for the specific entity pair (e.g., only drug—disease
relations for drug—disease pairs), optionally pro-
vides label definitions and examples, and specifies
the required output format. The final user message
includes the annotated input sentence and a re-
sponse format specifying the JSON output schema
expected from the model. The prompt is processed
by a supported LLM, which returns structured out-
put in the specified format, including the sentence
ID, the predicted relation types, and their corre-
sponding factuality values.

?https://github.com/langchain-ai/lang
chain
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LLM input

-
/ Initial Input \

System Message

General Task description Commercial
Guidelines . Labc?l options matching entity types in e GPT-40
Labels + Definitions thE |Tzu:.se.:r.1tence o]
Examples Label definitions (optional)

* Formatting instructions

~
~ / Large Language Models \

Open-Weight
< GPT-0SS-20B

Prompt Template

Optional: Few-Shot examples

Qwen2.5-7B-Instruct

* General Task description
Label placeholders

Qwen2.5-Aloe-Beta-7B

Definition use: yes/no

User Message
Example Input
k x Assistant Message
Gold Example Output

Qwen3 8B (Non-Thinking)

L+ Examples: yes/no ) Qwen3 8B (Thinking)
User Message Gemma3-27B-Instruct
Sentence_ID: 3##EMBASE:L202
/ Sentence \ Sentence: The [[P2Y2 (Genes)]] agonists [[ATP K MedGemma-27B-Instrucy
d UTP. ..
The [[P2Y2 (Genes)]] Lol
agonists [[ATP (Drugs)]] and response_format: l
UTP stimulated a small N\
release of PGE2 that was . Schema for Structured Output . JSON Output
potentiated after "sentence_id": "string", "sentence_id": "3##EMBASE:L202",
pretreatment with rHullL- {relatlons g "relations": [
Klalpha. / “relation_type": "string", "relation_type":"Drug:Gene-Agonist",
j ; "factuality_value": "string" "factuality value": "fact"
3,
1, }
.V J/

Figure 1: Overview of the LLM-based workflow for relation type and epistemic commitment classification.

4.2. Prompt Design

We evaluated prompts built from four possible com-
ponents:

» General task description — a brief overview of
the classification task.

» Label options — a list of relation types and
factuality categories.

+ Label definitions — descriptions of each rela-
tion type and factuality category.

+ Few-shot examples — example sentences with
labeled relations and factuality values.

The first two components (general task descrip-
tion and label options) are included in all prompts,
while label definitions and few-shot examples are
optional. Combining these components yields four
prompt variants: (1) zero-shot-labels, (2) zero-shot-
definitions, (3) few-shot-labels, and (4) few-shot-
definitions, as summarized in Table 5. The wording
of the prompts is provided in Section A.2.

At inference time, prompts are dynamically con-
structed based on the entity types highlighted in
the sentence, presenting only compatible relation
types to improve classification precision. We ex-
periment with 2-shot and 5-shot settings, where we
randomly sample 2 or up to 5 examples per rela-
tion type relevant to the annotated entity pair, along
with up to the same number of negative examples.
We do not explicitly control for the coverage of all
factuality values within these sets.

4.3. Models

We evaluate both general-domain and biomedical-
adapted LLMs across commercial APIs and open-

Prompt Variant Contents

Zero-Shot+Labels
Few-Shot+Labels
Zero-Shot+Definitions
Few-Shot+Definitions

relation and factuality labels
labels, examples

labels and their definitions
labels, definitions, examples

Table 5: Prompt variants

weight model families.®

As commercial baseline we used GPT-40 (Hurst
et al., 2024) that offers strong language under-
standing capabilities. Our open-weight general-
domain models include Qwen2.5-7B-Instruct (Yang
et al., 2025b), Qwen3-8B (Yang et al., 2025a) (both
in "Thinking" and "Non-Thinking" modes), Gemma
3-27B (Kamath et al., 2025) using the Unsloth
BnB-4Bit quantized version, and GPT-OSS-20B
(Agarwal et al., 2025), a reasoning model using a
mixture-of-experts transformer architecture.

To assess the impact of domain adaptation, we
further evaluated MedGemma-27B (Google, 2025),
a medical variant of Gemma, and Qwen2.5-Aloe-
Beta-7B (Garcia-Gasulla et al., 2025), a health-
care LLM built on Qwen2.5. MedGemma-27B has
been exclusively trained on medical text, whereas
Qwen2.5-Aloe-Beta-7B was fine-tuned on medical
data with subsequent model merging and align-
ment (Garcia-Gasulla et al., 2025).

SAll open-weight models were accessed via Hugging
Face: Qwen/Qwen2.5-7B-Instruct, Qwen/Qwen3-8B,
unsloth/gemma-3-27b-it-unsloth-bnb-4bit, openai/gpt-
0ss-20b, unsloth/medgemma-27b-text-it-unsloth-bnb-
4bit, HPAI-BSC/Qwen2.5-Aloe-Beta-7B (https://hu
ggingface.co).

7596


https://huggingface.co
https://huggingface.co

Prompt Type Relation Classification Factuality Classification

P R F1 P R F1
GPT-40 (temperature=0.0)
zero-shot-labels 56.3+ 0.2 833+0.3 672+02 409+05 606+0.7 489+0.6
2-shot-labels 645+02 856+03 736+02 487+01 646+00 555+0.1

zero-shot-definitions 64.9+04 773+08 70.6+05 502+02 59.7+02 545+0.2
2-shot-definitions 69.6 +03 833+06 759+03 552+0.6 66.1+05 60.2+0.5
5-shot-definitions 656 +0.3 850+03 740+03 526+03 683+0.2 594+0.3
GPT-0SS-20B (Reasoning Level: Low) (temperature=0.0)

zero-shot-labels 589+12 570+20 579+16 345+13 458+15 394+14
2-shot-labels 66.3+0.9 84.7+06 744+0.8 532+0.8 680+0.8 59.7+0.8
zero-shot-definitions 66.8 +0.2 83.8+04 744+03 523+04 676+0.7 59.0+05
2-shot-definitions 69.6 +09 870+09 773+0.7 569+09 71.1+06 632+0.6
5-shot-definitions 686 +0.9 865+0.7 765+08 585+05 73.9+03 653+04
Qwen2.5-7B-Instruct (temperature=0.0)

zero-shot-labels 374+13 1954+04 256+06 97+04 16.0+06 121 +05
2-shot-labels 60.7 +05 754+08 673+06 457+05 575+08 50.9+0.6
zero-shot-definitons 458+ 0.3 558+ 0.5 50.3+04 29.0+0.3 455+05 354+0.4
2-shot-definitions 58.8+03 696+03 638+03 457+06 543+05 49.7+05
5-shot-definitions 59.7+0.2 701+0.7 645+03 474+03 556+0.7 51.2+0.4
Qwen2.5-Aloe-Beta-7B (temperature=0.0)

zero-shot-labels 406+11 160+03 23.0+01 82+4+02 13.7+02 103+0.2
2-shot-labels 534+03 76.7+01 63.0+02 355+00 56.8+03 43.7+0.1
zero-shot-definitons 47.4+0.1 63.6+05 543+0.2 30.1+02 514+04 379+0.3
2-shot-definitions 51.9+01 785+02 625+01 374+04 59.8+0.8 46.0+0.5
5-shot-definitions 51.9+03 775+01 621+02 39.8+09 596+08 47.7+0.9
Qwen3-8B (Non-Thinking) (temperature=0.0)

zero-shot-labels 383+0.1 378+0.1 380+0.0 172+0.1 289+0.2 21.6+0.2
2-shot-labels 575+04 7714+05 659+04 444+02 614+03 51.5+0.2
zero-shot-definitions 46.4+01 736+01 569+01 366+01 579+01 448+0.1
2-shot-definitions 59.1+02 745+05 659+03 459+04 581+05 51.3+04
5-shot-definitions 60.1 02 76.1+02 672+02 499+03 63.2+05 558+04
Qwen3-8B (Thinking) (temperature=0.0)

zero-shot-labels 591 +0.7 535+04 561+05 29.7+04 409+01 344+03
2-shot-labels 61.9+05 845+09 714+0.7 445+0.8 63.0+09 522+0.8
zero-shot-definitions 67.2+0.3 834+0.7 745+05 513+01 64.7+06 57.2+0.3
2-shot-definitions 65.9+02 858+02 745+01 493+03 66.1+02 565+02
5-shot-definitions 65.3+02 86.8+05 746+03 467+09 649+1.1 543+1.0
Gemma3-27B (temperature=0.0)

zero-shot-labels 461 + 0.0 58.7+00 51.7+£00 254+0.0 434+00 320+0.0
2-shot-labels 582+02 694+03 633+02 474+01 571+01 51.8+0.1
zero-shot-definitions 5294+0.0 86.6+0.0 65.7+0.0 402+00 658+0.0 49.9+0.0
2-shot-definitions 616+02 790+01 692+01 503+05 646+04 56.5+05
5-shot-definitions 60.8+03 783+03 684+02 49.7+03 641+05 56.0+0.3
MedGemma-27B (temperature=0.0)

zero-shot-labels 491+01 81.0+02 611+02 383+02 63.7+02 478+0.2
2-shot-labels 622+03 748+02 679+03 538+04 646+04 58.7+04
zero-shot-definitions 56.2+28 86.0+05 679+19 43.0+24 657+01 519+1.8
2-shot-definitions 64.3+04 784+02 706+03 552+08 674+0.6 60.7+0.7
5-shot-definitions 647 +01 832+06 728+03 541+03 69.6+0.7 60.9+04

Table 6: Relation & Factuality classification scores (Precision, Recall, F1) across prompt types and
models. Bold = best within model (as in source tables), bold+underlined = best overall.
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Model Drug-Disease Drug-Gene Gene-Disease Variant-Disease Micro Avg
GPT-40 86.0 63.1 62.9 84.0 75.9
GPT-0SS-20B 86.9 71.1 62.9 86.7 77.3
Qwen2.5-7B-Instruct 74.4 25.6 58.0 82.9 67.3
Qwen2.5-Aloe-Beta-7B 67.6 26.4 54.6 81.9 63.0
Qwen3 8B Non-Thinking 771 41.0 54.6 83.1 67.2
Qwen3 8B Thinking 85.3 62.8 62.2 83.9 74.6
Gemma3-27B-Instruct 80.4 52.4 51.4 83.3 69.2
MedGemma-27B-Instruct 82.8 57.0 59.9 83.0 72.8
Table 7: Weighted F1 per relation group across best settings for models. Bold = best model.
Model Fact Possible Doubtful Uncommitted Counterfact Micro Avg
GPT-40 67.3 34.2 49.2 46.0 54.0 60.2
GPT-0SS-20B 71.3 37.3 34.0 54.8 50.4 65.3
Qwen2.5-7B-Instruct 56.9 34.5 13.5 39.6 24.9 51.2
Qwen2.5-Aloe-Beta-7B 55.5 18.9 0.0 22.2 19.4 47.7
Qwen3 8B (Non-Thinking) 61.4 29.1 59 44.6 42.3 55.8
Qwen3 8B (Thinking) 67.2 26.2 0.0 19.7 19.5 57.2
Gemmag3-27B-Instruct 61.7 35.0 22.2 45.4 61.4 56.5
MedGemma-27B-Instruct  64.6 46.3 32.1 50.5 52.8 60.9

Table 8: Factuality classification F1 scores per class across best setting for models. Bold = best model.

5. Experiments and Results

We evaluate the models from Section 4.3, using the
settings shown in the result table headers. Each
configuration is run three times, and we report the
mean and standard deviation (+) across runs.

5.1. Relation Classification

The results for relation classification are presented
in Table 6. GPT-OSS-20B achieved the high-
est overall F1 of 77.3 with a 2-shot definitions
prompt, followed closely by its 5-shot definitions
result at 76.5. GPT-40 (2-shot definitions, 75.9)
and Qwen3-8B (Thinking, 5-shot definitions, 74.6)
performed competitively, with Qwen3-8B showing
strong results despite its smaller size. GPT-OSS-
20B also attained the highest recall of 87.0 and,
together with GPT-40, the highest precision of 69.6.
Reasoning-enabled models (GPT-OSS-20B and
Qwen3-8B-Thinking) achieve these results at the
cost of increased token usage and slower inference
due to longer outputs.

Domain adaptation effects are mixed. Com-
paring best settings, MedGemma-27B improves
over its general-domain counterpart Gemma3-27B
across F1 (72.8 vs. 69.2), precision (64.7 vs. 61.6),
and recall (83.2 vs. 79.0). In contrast, within the
Qwen2.5 family, the medical variant Qwen2.5-Aloe-
Beta-7B underperforms Qwen2.5-7B-Instruct in F1
(63.0 vs. 67.3) and precision (53.4 vs. 60.7), while
achieving a slightly higher recall (76.7 vs. 75.4).

Next we analyzed extending label prompts with
few-shot examples versus definitions. Qwen2.5

models and Qwen3-8B Non-Thinking gain more
from examples, while Qwen3-8B Thinking,
Gemma, and GPT families benefit similarly from ei-
ther. For example, Qwen2.5-7B-Instruct improves
from F1 25.6 — 50.3 — 67.3 (0-shot labels —
0-shot definitions — 2-shot labels), whereas GPT-
40 goes from 67.2 — 70.6 — 73.6 respectively.
Increasing from zero- to two-shot consistently im-
proves performance, with largest gains for labels
and moderate gains for definitions. Further increas-
ing to five shots has a small decreasing or increas-
ing impact. Overall, combining definitions with ex-
amples yields the strongest performance for most
models, except Qwen2.5, where two-shot labels
alone yield the highest F1.

Finally, we compared performance across
relation groups for each model’s best prompting
setting (Table 7). Drug—Disease relations are the
easiest to classify, with F1 scores ranging from
67.6 (Qwen2.5-Aloe-Beta-7B) to 86.9 (GPT-OSS-
20B), indicating consistently strong performance
across models. Drug—Gene relations are more
challenging, particularly for smaller models (F1 as
low as 25.6), while larger models reach up to 71.1.
Gene—Disease relations also remain difficult, with
F1 spanning 51.4-62.9 across models. In contrast,
GeneVariant—Disease/Phenotype relations are
relatively easy across models (F1 81.9-86.7),
likely due to having only one general category.
Across models’ best settings, the hardest rela-
tions are gene:disease-Causal_Effect (up
to F1 48.5) and drug:gene-Modulates
(F1  48.5), whereas the easiest s
drug:disease-Therapeutic_Use (F1 87.8).
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5.2. Factuality Classification

Results for factuality classification are presented
in Table 6. We adopt strict factuality evaluation,
where a prediction is considered correct only if
both the relation type and its factuality are correctly
predicted. GPT-OSS-20B is the top-performing
model overall, achieving its highest F1 (65.3), pre-
cision (58.5), and recall (73.9) with the 5-shot
definitions prompt, while the 2-shot definitions
prompt yields the second-best results across all
metrics. MedGemma-27B follows as the second-
best model (F1 60.9), ahead of GPT-40 (F1 60.2)
and Gemmag3-27B (F1 56.5). Within the Qwen3-8B
family, the Thinking variant outperforms its Non-
Thinking counterpart (F1 57.2 vs. 55.8), although
it is less competitive with the top models than in
relation extraction.

Regarding domain adaptation, trends similar to
relation classification are observed. Comparing
best settings, MedGemma-27B outperforms its
general-domain counterpart Gemma3-27B across
all factuality metrics: F1 (60.9 vs. 56.5), preci-
sion (54.1 vs. 50.3), and recall (69.6 vs. 64.6).
Within the Qwen2.5 family, Qwen2.5-7B-Instruct
surpasses the medical variant Qwen2.5-Aloe-Beta-
7B in F1 (51.2 vs. 47.7) and precision (47.4 vs.
39.8), whereas the latter attains higher recall (55.6
vs. 59.6).

For prompt design, few-shot label variant gen-
erally improves over zero-shot definitions, with no-
table gains for Qwen2.5-7B-Instruct (F1 35.4 —
50.9), Qwen3-8B Non-Thinking (44.8 — 51.5), and
MedGemma-27B (52.9 — 58.7). Few-shot defini-
tions further boost performance for most models,
such as GPT-40 (0-shot definitions 54.5 — 2-shot
definitions 60.2) and GPT-OSS-20B (59.0 — 63.2),
although improvements from 2- to 5-shot defini-
tions are generally smaller and occasionally slightly
negative (e.g., Qwen3-8B Thinking: 2-shot 56.5 —
5-shot 54.3).

Finally, we analyzed performance across fac-
tuality classes for best models settings (Table 8).
Factual statements are the easiest to classify, with
F1 scores ranging from 55.5-71.3 across best set-
tings for models. Rare classes remain challeng-
ing, and performance estimates are less reliable
due to limited sample sizes: counterfact F1 spans
19.4-61.4, doubtful 0.0-49.2, possible 18.9-46.3,
and uncommitted 19.7-54.8. Smaller models gen-
erally underperform on these rare classes; how-
ever, for the selected best configuration, Qwen3-8B
Non-Thinking achieves notably higher F1 than the
Thinking model for counterfact (42.3 vs. 19.5)
and uncommitted (44.6 vs. 19.7), although the
Thinking variant outperforms on rare classes in
other prompt settings.

5.3. Error Analysis

This analysis builds on (Alt et al., 2020), who ex-
amined data difficulty and linguistically categorized
false predictions in relation classification.

Measuring Prediction Difficulty. To assess pre-
diction difficulty, we grouped sentences by the pro-
portion of correct test runs for relations, factuality,
and their combination. Model behavior was ana-
lyzed across 120 runs per sentence (8 models x 5
prompts x 3 runs). Using threshold cutoffs, we de-
fined three difficulty levels: easy (> 70% correct),
medium (30—-70%), and challenging (< 30%). Ta-
ble 9 shows the distribution of categories. Overall,

Easy Medium Hard Total

>T70% 30-70% < 30%
Relation 832 501 434 1767
Factuality 742 554 471 1767
Combined 560 622 585 1767

Table 9: Distribution of sentences by difficulty level.

relation predictions are slightly easier than factual-
ity predictions, with 832 sentences (47.1%) clas-
sified as easy for relations versus 742 (42.0%,) for
factuality. When considering both criteria jointly,
easy cases drop to 560 (31.7%) and challenging
ones rise to 585 (33.1%), indicating that factuality
errors substantially drive overall difficulty. Medium-
difficulty sentences remain balanced across cat-
egories, with a modest increase in the combined
measure (622, 35.2%), suggesting that many pre-
dictions are only partially correct.

Factuality Classification Errors. In an explo-
rative analysis, we examined a sample of false fac-
tuality predictions to identify sentence features that
may cause model confusion and lead to incorrect
labels. Table 10 illustrates examples of false fac-
tuality predictions. The most frequent issue is the
presence of a lexical distractor, i.e., an extra marker
whose scope does not pertain to the existence of
the target relation (e.g., a negated relation with not,
alongside another statement containing might that
indicates possibility). We also observed that some
factuality triggers are systematically misclassified;
for example, uncommitted relations hedged by fo
hypothesize were labeled as possible. This may
result from ambiguous interpretation: in scientific
contexts it signals an uncommitted relations, but it
is also close in meaning to possibility. Moreover,
contrastive negations hedged with but not, where
the same factual relation holds but not between the
highlighted entities, are often misclassified as facts.
Finally, models such as Gemma, MedGemma, and
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sentence

We hypothesized that [[SIRT1 (Genes)]] activator [[resveratrol
(Drugs)]] alleviates LBP and anxiety via promotion of osteogen-
esis in the porous endplates.

Expressions of ABCG2, and p-Akt but not of [[MDR-1 (Genes)]],
were enhanced by NE plus [[cisplatin (Drugs)]] when compared to
cisplatin only in both cell lines.

Since this [[p.Pro82Leu (Gene Variant)]] variant was not found in
the [[psoriasis vulgaris (Diseases)]] and control groups in their study,
they speculated that this variant might lead to exacerbated inflam-
matory responses.

We hypothesize that [[ibrutinib (Drugs)]] has a direct antitumor effect
in melanoma cell lines and that treatment of [[metastatic melanomas
(Diseases)]] with ibrutinib induces antitumor responses.

gold labels prediction
Agonist Agonist
fact possible
Agonist Agonist
counterfact fact
Association Association
counterfact fact

Therapeutic_Use
uncommitted

Therapeutic_Use
possible

Table 10: Examples of false factuality predictions

Qwen occasionally predicted a factuality label for
no-relation cases, despite the instruction to assign
a factuality label only to positive cases and the
few-shot examples using none in such instances.

6. Conclusions

In this work, we present BioRelFact, a publicly avail-
able, expert-annotated dataset for joint biomed-
ical relation extraction and factuality classifica-
tion, and benchmark eight large language models.
GPT-OSS-20B achieves the highest overall per-
formance, while the smaller Qwen3-8B (Thinking)
remains competitive. Domain adaptation shows
mixed effects: MedGemma improves over Gemma,
whereas Qwen2.5-Aloe underperforms relative to
its general-domain counterpart. Definition-based
prompts generally outperform label prompts, with
2-shot prompting offering the best trade-off. These
results highlight the importance of careful prompt
design and domain-aware adaptation for effective
biomedical information extraction. In future work,
we aim to automatically expand the dataset and
improve difficulty assessment. A refined model
ensemble-based framework could support these
efforts by improving reliability estimates, detecting
hard cases, and facilitating semi-automatic annota-
tion of synthetic data.
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8. Limitations

While our study provides insights into LLM perfor-
mance for the joint classification of relation and
factuality, several limitations remain.

First, our dataset has several inherent con-
straints. Automatic sentence segmentation and
pre-annotation of entity types improve efficiency
but may introduce noise and biases from the un-
derlying systems. Moreover, some relation and fac-
tuality classes are underrepresented, which may
reduce the reliability of performance estimates for
rare categories. Additionally, relation and factuality
labels are assigned at the sentence level, which
may not capture broader discourse context.

Second, our evaluation is limited to this dataset.
While similar noise and label imbalances exist in
other biomedical resources, testing on additional
datasets would help assess the generalizability of
our findings.

Third, we do not include a supervised encoder
baseline (e.g., BioBERT) trained on the annotated
dataset. Given the relatively small size and class
imbalance of the dataset, particularly for rare fac-
tuality categories, fully supervised training may be
challenging. Expanding the dataset to increase
its size and improve class balance could facilitate
more robust supervised encoder training and rep-
resents a valuable direction for future work.

Fourth, our difficulty measure has several con-
straints: it depends on the choices made for mod-
els, prompts, and thresholds. Although we miti-
gate this by selecting a reasonable and diverse
set of models, prompts, and threshold values, the
threshold-based categorization remains approxi-
mate.

Finally, a more detailed analysis of errors, includ-
ing the correlation between instance difficulty and
its features, would provide a deeper understanding
of model performance and the factors contributing
to model failures.
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9. Ethics

Our study raises several ethical considerations re-
garding dataset creation, annotation, and model
use.

Data sourcing. All sentences in our dataset were
drawn from publicly available PubMed abstracts,
which are accessible under open licenses. No
patient records, clinical notes, or other sensitive
personal health data were included. As such, the
dataset does not contain personally identifiable in-
formation (PIl). Nevertheless, biomedical literature
may contain potentially sensitive associations (e.g.,
relating genes, diseases, or therapies).

Annotation. Annotations were performed by
trained biomedical professionals contracted from
a third-party vendor. Annotators were compen-
sated at fair market rates, and were provided with
detailed guidelines to ensure consistency.

Intended use and limitations. The dataset and
models were developed and evaluated for research
on biomedical information extraction in scientific
writing. They are not designed for direct clinical
use or medical decision-making. Misinterpretation
or overreliance on automatically extracted relations
could pose risks if applied in medical contexts. The
resource will be released under the BSD 3-Clause
License, which permits broad reuse, including com-
mercial applications, while providing an "as is" war-
ranty disclaimer. Users are responsible for ensur-
ing appropriate use and compliance with applicable
regulations.
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A. Appendix A

A.1. Dataset and Annotation Guidelines

The complete annotation guidelines are part of the
publicly available repository associated with this
paper. For a quick overview we present here the
label definitions for all entity types*, factuality and
relation labels, which we provided to the annotators
and used in the prompts where it was applicable
(Tables 11, 12, 13).

Our guidelines are partially based on the
ChemProt guidelines (BioCreative VI, 2017); how-
ever, for some of their defined relations, we
adopted broader definitions. Moreover, although
11 positive relation types were available during an-
notation, only 9 are represented in the final dataset,
as no instances of two relation types occurred
in the sampled sentences (Contraindication
and Inverse Agonist).

A.2. Prompts

In Section 4.2 we described the prompt design.
Here we present the complete system-message
template used in our experiments. The template
in the Figure 2 illustrates the maximal prompt con-
figuration, including placeholders for dynamically
inserted entity types, relation and factuality labels,
and optionally label definitions.

The placeholders such as {entity_types},
{relation_names} are instantiated dynamically
at inference time based on the highlighted en-
tity types in the input sentence. For exam-
ple, if the highlighted entities correspond to a
drug—disease pair, the set of candidate rela-
tion labels is restricted to those compatible with
that type combination (e.g., Causal_Effect,
Therapeutic_Use, and no_relation). The
placeholder {facticity_names} is always filled
with all possible factuality values.® More-
over, in definition-based prompt variants, the
placeholders {relation_definitions} and
{facticity_definitions} are populated with
relevant textual descriptions of label values (Sec-
tion A.1); in label-only variants, these sections are
omitted.

“To ensure consistency with the relation type labels
during manual annotation and LLM experiments, enti-
ties originally pre-labeled as Indications and Human
Genes (PH) were mapped to Diseases and Genes
respectively. The latter mapping also aimed to simplify
the verification process, as the annotation task primarily
involved confirming whether an entity was a gene, rather
than distinguishing among finer biological subcategories.

5The implementation and repository use the term fac-
ticity for the epistemic commitment categories referred
to as factuality in the paper. The label definitions and
experimental setup are otherwise identical.

entity type definition

Drug ‘real’ drugs, chemical compounds (in-
cluding Leadmine compounds) and
hormones

Disease diseases, symptoms, conditions, and
disease-related phenotypes

Gene genes, proteins, mMRNA and other
gene products

Gene genomic/protein variants (including

Variant substitutions, deletions, insertions,

and others)

Table 11: Entity types: definitions

factuality type  definition

fact a relation is assumed or presented as

a known, established fact.

a relation is assumed or presented as
rather a false or negated fact.

a relation is assumed or presented
as a possible, probable, or potential
association.

a relation is assumed or presented as
a doubtful association.

a relation is discussed; however, it is
not clear whether it is factual, coun-
terfactual, possible or doubtful, often
due to insufficient evidence or infor-
mation (e.g., because the sentence
states that the relation is to be investi-
gated first or because a study did not
allow a conclusion about the relation
state).

no relation is discussed; therefore, the
factuality value cannot be specified.

counterfact

possible

doubtful

uncommitted

null

Table 12: Factuality types: definitions and exam-
ples

The prompt further specifies a structured
response format: model outputs must fol-
low a predefined JSON schema containing a
sentence_id, a predicted relation_type,
and a facticity_value. While our code sup-
ports batched requests, each request contained
a single sentence in our experiments. After gen-
eration, each model response is parsed as JSON
and validated against the schema, which enforces
well-formedness, required field presence, correct
hierarchical structure, and datatype consistency.
However, the schema enforces only structural and
type-level constraints; membership in the prede-
fined closed set of relation and factuality labels is
specified in the prompt but not encoded as enumer-
ated constraints in the validation schema, which
may lead to lexical deviations despite otherwise
structurally valid outputs. In our experiments, such
deviations occurred almost exclusively for relation
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Relation

Definition

drug : disease
Therapeutic_Use

Contraindication

Causal_Effect

This label refers to the discussion of indications of drugs for treating, preventing or
decreasing a disease, or to relieve disease symptoms.

This label refers to the discussion of a disease (or a medical condition in general) as
a reason to not receive a specific drug treatment (e.g. due to potential worsening of
the condition itself or other severe harm. If the potential harm is not mentioned, then
the phrasing must clearly imply a contraindication (e.g. phrases like “drug must not be
used”, “is contraindicated”, etc. ). Do not select this label if the sentence only mentions
the necessity of taking pre-cautions when taking the medicine while having a specific
medical condition.

This label refers to the discussion of a drug causing a disease or negative medical
conditions (including adverse effects).

gene : disease
Biomarker

Modulates

Causal_Effect

This label refers to a specific gene or a set of genes whose presence, expression, or
mutation is associated with the occurrence, progression, or risk of a particular disease.

This label refers to the discussion whether a gene is responsible for preventing, de-
creasing or increasing, alleviating or worsening a disease. Do not select this label if the
sentence only discusses similar topics, such as genes causing a disease, gene being
a biomarker or a target for the given disease with no more specific information on the
discussed association type with the disease.

This label refers to the discussion whether activation, mutation or inhibition, or any other
action over a gene is causing a given disease. Do not select this label if the sentence
only discusses similar topics, such as genes being a modulator, a biomarker or a target
for the given disease with no more specific information on the discussed association
type with the disease.

drug : gene
Agonist

Inverse_Agonist

Antagonist

Modulates

This label refers to the discussion whether a drug activates or increases gene activity. It
might happen directly or indirectly, binding to a gene or its receptor is not a necessary
condition to select this label. Do not select this label if the sentence discusses inverse
agonism, for which there is a separate label.

This label refers to discussing inverse agonists, i.e. a special case of agonist, which
activates and decreases gene activity.

This label refers to the discussion whether a drug blocks or decreases gene activity. It
might happen directly or indirectly, binding to a gene or its receptor is not a necessary
condition to select this label.

This label refers to the discussion of drugs as allosteric modulators, compounds that
increase or decrease the action of an (primary or orthosteric) agonist or antagonist by
combining with a distinct (allosteric or allotropic) site on the receptor macromolecule.
Also select this label if a drug regulates genes, but no information is available on whether
the drug activates, increases, blocks or decreases gene activity.

geneVariant : disease

Association

This label refers to the discussion of any association stated between the highlighted
gen variant and a disease (including disease related phenotypes).

NO_RELATION

Select NO_RELATION if the concept types of highlighted phrases are correct, but no
discussion of a listed relation between those concepts can be inferred by an expert. If a
relation is described in very general, vague terms, so that a no relation is either explicitly
discussed or its implication is clear for an expert, select the label 'NO_RELATION’.

Table 13: Relation labels grouped by entity-type pairs.

labels in open-weight models, predominantly un-
der zero-shot prompting, with few-shot prompting
— especially combined with definitions — consis-
tently reducing rates across models to near-zero.
In few-shot prompt variants, we prepend k la-
beled demonstrations as separate user/assistant
message pairs before the target input. Each

demonstration consists of an example sentence
with highlighted concepts (user message) and the
corresponding gold relation label and factuality
value (assistant message). These demonstrations
use the same input and output format as the tar-
get instance; they are not embedded within the
system-message template itself.
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Your task is to analyze input sentences containing highlighted concept pairs that
correspond to {entity\_types}. For each sentence, answer two questions about the
relationship expressed between the highlighted concepts:

1. xxQuestion 1lxx: Does the sentence discuss any of the listed relations involving
the highlighted concepts?

2. **xQuestion 2xx: If the sentence discusses a relationship involving the
highlighted concepts, is the relation presented as an established fact, a
counterfact, a possibility or doubt, or an uncommitted association?

Possible answers:
- **xQuestion lxx: {relation_names}
- **Question 2xx: {facticity_values}

### ~+Relation Name Structurexsx

Relation names are structured as "Entity_Typel:Entity_Type2 - Relation”.

The relationship direction is always from “Entity_Typel®™ (Head) to “Entity_Type2~
(Tail) .

*xExamplesxx:

— “Chemical : Gene - Agonist®™ means "Chemical (Head) acts as an agonist for Gene
(Tail) ."
— “Chemical : Disease - Therapeutic_Use®™ means "Chemical (Head) has a therapeutic

use for Disease (Tail)."

### x+xRelation Definitionsxx
Refer to the following relation definitions when choosing your answer to x*Question
Txx:

*x{relation_definitions} =

### x+Facticity Definitions#x*

Refer to the following facticity definitions when choosing your answer to
**Question 2%x*:

*x{facticity_definitions}*%*

### x*+xImportant Constraintsxx*
The “sentence_id”™ must match **EXACTLYx* as provided. Do not modify it.

You must choose answers only from the allowed answer list.

The output should be formatted as a JSON instance that conforms to the JSON schema
below.

Here is the output schema:

"sentence_id": "string",
"relations": [
{
"relation_type": "string",
"facticity_value": "string | null"

Figure 2: System prompt template for relation type and factuality classification. Placeholders in curly
braces are filled dynamically per relation schema.
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