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Abstract
Biomedical relation extraction is typically studied under flat named entities, keeping only relations that involve
nested named entities, where one entity is contained within another, unexplored. This paper presents an overview
of the BioNNE-R shared task on biomedical nested relation extraction, organized within the BioASQ 2026
workshop at CLEF. Building on the NEREL-BIO corpus and the earlier BioNNE and BioNNE-L shared tasks,
BioNNE-R requires systems to extract semantic relations between nested biomedical entities in English and
Russian PubMed abstracts. The task covers 8 entity types and 14 relation types and is organized into three subtasks
under two evaluation tracks: a monolingual track, with separate English and Russian subtasks, and a bilingual
track combining both languages. We received 20 Codabench registrations, and 7 teams submitted predictions
during the evaluation phase. Most participating systems framed the task as pair classification with fine-tuned
multilingual and biomedical transformer encoders; the best systems reached macro-F1 scores of approximately
0.50-0.53, substantially above the baseline given, with a document-level graph-based approach achieving the
top results on the Russian and bilingual subtasks. These results indicate that relation extraction over nested
biomedical entities remains a challenging problem with considerable room for improvement.
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1. Introduction

Biomedical information extraction aims to transform unstructured scientific texts into structured
representations that can support biomedical search, clinical decision making, and knowledge base
construction [1, 2, 3, 4, 5, 6]. Among the core tasks in biomedical natural language processing, relation
extraction plays a crucial role by identifying semantic relations between biomedical entities such as
disorders, chemicals, anatomical structures, and diagnostic procedures [7].
Traditional biomedical relation extraction systems usually operate on flat named entities, where

entity mentions do not overlap and are treated independently [8]. However, biomedical texts frequently
contain nested named entities, in which one entity is embedded within another [9, 10]. For example,
a disorder mention may contain an anatomical structure or a chemical mention as its subpart. Such
nested structures introduce substantial complexity for relation extraction systems because relations
may involve both outer and inner entity mentions.
Recent advances in biomedical natural language processing have therefore increasingly focused on

nested information extraction, including nested named entity recognition and nested entity linking
[10, 9, 11, 12, 13, 14]. These studies demonstrated that modeling nested structures improves extraction
quality and enables more accurate representation of biomedical concepts and their interactions.

To support research in multilingual nested biomedical information extraction, the NEREL-BIO corpus
was introduced as a dataset of English and Russian PubMed abstracts annotated with nested biomedical
entities [15]. The corpus extends the general-domain NEREL framework [16] to the biomedical domain
and preserves annotations of nested and overlapping entities. NEREL-BIO includes annotations for
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Figure 1: Example of nested named entity relations in the BioNNE-R dataset.

biomedical concepts such as disorders, chemicals, anatomical structures, physiological functions,
laboratory procedures, and other medically relevant entity types.

In this paper, we present an overview of the shared task on Biomedical Nested Named Entity Relation
Extraction (BioNNE-R). The BioNNE-R shared task continues the BioNNE shared task series [17, 18]
organized within the BioASQ workshop at CLEF [19] and based on the NEREL-BIO corpus. The earlier
editions of the series focused on multilingual nested biomedical named entity recognition (BioNNE)
[17] and nested biomedical entity linking (BioNNE-L) [18], respectively. These shared tasks established
benchmark datasets and evaluation settings for multilingual information extraction and highlighted the
challenges associated with processing nested biomedical entities.

This year, the BioNNE-R task addresses the extraction of semantic relations between nested biomedical
entities in English and Russian scientific abstracts. Participants were invited to develop systems for
multilingual, English-oriented, or Russian-oriented nested relation extraction. All BioNNE-R materials
can be found on the shared task’s GitHub1 and Codabench pages2.
The paper is organized as follows. Section 2 describes the BioNNE-R task formulation and dataset

construction. Section 3 presents the evaluation methodology, baselines and summarizes participating
systems and experimental results. Finally, Section 4 concludes the paper and discusses future directions
for multilingual nested biomedical relation extraction.

2. Dataset

Training and validation sets for the BioNNE-R competition are based on the NEREL-BIO dataset [15]
and additional annotated texts for the BioNNE competition. NEREL-BIO is a corpus of PubMed abstracts
written in Russian and English. It enhances the NEREL [16] dataset, which was originally developed for
the general domain, with biomedical entity types defined according to the Unified Medical Language
System (UMLS) [20]. All abstracts are annotated in the BRAT standoff format [21]. An example of nested
named entity relations in the BioNNE-R dataset is illustrated in Figure 1.

1https://github.com/nerel-ds/NEREL-BIO/tree/master/BioNNE-R
2https://www.codabench.org/competitions/13132/
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https://www.codabench.org/competitions/13132/


Table 1
Number of annotated documents and entities per type in the BioNNE-R dataset, broken down by language
(English, Russian) and data split (train, dev, test).

English Russian
Train Dev Test Train Dev Test

# documents 55 50 152 716 50 154
ANATOMY 1831 942 2259 8359 869 2120
CHEM 1177 547 1326 4779 527 1148
DEVICE 43 19 171 735 33 172
DISO 2214 1043 3024 11177 914 2603
FINDING 810 330 1402 4816 350 1208
INJURY_POISONING 112 72 135 643 25 115
LABPROC 370 150 411 1619 138 356
PHYS 777 375 1588 5751 354 1617
Total 7334 3478 10316 37879 3210 9339

Table 2
Number of relations per type in the BioNNE-R dataset, broken down by language (English, Russian) and data
split (train, dev, test).

English Russian
Train Dev Test Train Dev Test

ABBREVIATION 97 74 238 862 67 244
AFFECTS 362 393 920 2493 288 774
ALTERNATIVE_NAME 95 98 285 649 97 201
APPLIED_TO 43 54 70 284 45 41
ASSOCIATED_WITH 325 233 977 3295 242 987
FINDING_OF 121 83 529 1356 85 453
HAS_CAUSE 579 487 971 2710 407 790
ORIGINS_FROM 120 79 214 566 67 135
PART_OF 204 248 428 1483 208 502
PHYSIOLOGY_OF 150 178 425 1127 131 313
SUBCLASS_OF 743 757 2475 7517 669 2187
TO_DETECT_OR_STUDY 164 116 414 771 84 239
TREATED_USING 101 88 182 282 46 61
USED_IN 89 79 222 378 85 151
Total 3193 2967 8350 23773 2521 7078

2.1. Task Definition

The BioNNE-R task is formulated as relation classification over candidate entity pairs. Given a document
with gold-annotated nested entity mentions, a model must, for each pair of entities, predict a relation
type or predict no relation at all. Entity mentions, including their spans and types, are provided as gold
input for all tracks at each stage, including evaluation. Systems perform only relation classification over
candidate pairs and are not required to detect entity spans. So, the span-matching and type-matching
conditions would refer to the gold data entities, not predicted ones. Because entities may be nested, a
relation can connect an outer entity to one of its internal entities, or an internal entity to an external one.
The task covers 8 entity types (ANATOMY, CHEM, DEVICE, DISO, FINDING, INJURY_POISONING,
LABPROC, PHYS) and 14 relation types. It is organized into three subtasks under two evaluation tracks:
a monolingual track comprising an English subtask (Subtask 1) and a Russian subtask (Subtask 2),
and a bilingual track (Subtask 3) requiring a single model for the combined English and Russian data.
Per-language statistics for entities and relations are reported in Tables 1 and 2.
Several relation types are restricted to same-type entity pairs in the annotation schema:

SUBCLASS_OF, ABBREVIATION, and ALTERNATIVE_NAME may connect any of the 8 entity types
to itself, while PART_OF is further restricted to ANATOMY→ANATOMY and DEVICE →DEVICE.



This same-type constraint holds without exception across the 20,428 gold annotations of these four
relation types in both languages and all splits. Other relation types are constrained to specific entity-
type combinations. For example, PHYSIOLOGY_OF connects only PHYS →ANATOMY pairs, and
FINDING_OF only links FINDING entities to INJURY_POISONING or PHYS entities. In total, the 14
relation types use only 39 of the 64 possible (head_type, tail_type) entity-type pairs, providing a strong
schema constraint that systems can use to prune the candidate set at inference time.
Across all splits and languages, 97.7% of relations are intra-sentential, with both entity mentions in

the same sentence; the remaining 2.3% require cross-sentence reasoning.

3. Experiments

3.1. Evaluation metrics

Systems are evaluated against the gold relation annotations using precision, recall, and F1-score. A
predicted relation is correct when it matches a gold relation in document identifier, head and tail entity
spans, head and tail entity types, and relation type. Because the relation-type distribution is highly
imbalanced, macro-averaged F1 over the 14 relation types is the official ranking metric, computed
independently for each subtask. In addition, we report micro-averaged precision, recall, and F1 for
the baseline, together with a per-relation F1 breakdown (Table 4). Because several relation types have
fewer than 100 test instances, their per-type F1 may be sensitive to sampling noise, reporting bootstrap
confidence intervals is a natural refinement.

3.2. Baseline

As an official baseline, we provide a relation classifier built on the OpenNRE framework [22]. Each
candidate entity pair is encoded with bert-base-multilingual-cased backbone [23], with entity
markers inserted around the head and tail spans, and classified into one of the relation types or a
no_relation class, the minimal sentence segment surrounding the two entities serves as input. Training
instances are formed by enumerating gold entity pairs and adding negative examples at a 3:1 negative-to-
positive ratio, with candidate pairs restricted to entity-type combinations permitted by the annotation
schema. Separate models were trained for the English, Russian, and bilingual subtasks — the latter on
the concatenation of the English and Russian data — for 10 epochs with a learning rate of 2e-5 and a
maximum sequence length of 256. On the test set, the baseline obtains macro-F1 of 0.2825 (English),
0.3070 (Russian), 0.3027 (bilingual), and micro-F1 of 0.3122, 0.3564, and 0.3496, respectively. The gap
between micro-F1 and macro-F1, together with baseline precision of roughly 0.20–0.23 against recall of
0.71–0.77, reflects substantial over-prediction, consistent with the 26.6% type-violation rate reported
below.

To better understand the baseline’s failure modes, we examined how often its predictions violate the
entity-type constraints implicit in the annotation schema. For each relation type, we collected the set of
(head_type, tail_type) pairs observed in the Russian gold annotations across all splits and counted, on
the Russian test set, how many baseline predictions used entity-type pairs not present in that set. The
results are reported in Table 3.
Across the 14 relation types, 26.6% of the baseline’s predictions (6,224 of 23,392) violate the type

schema. The violation rate varies sharply, from 1.5% (ALTERNATIVE_NAME, which the baseline rarely
predicts) to 54.8% (ASSOCIATED_WITH, where only 5 entity-type pairs are valid but the baseline
predicts 46). The four relation types restricted to same-type entity pairs, namely ABBREVIATION,
ALTERNATIVE_NAME, SUBCLASS_OF, PART_OF are systematically violated by the baseline at rates
of 1.5–21.1%, despite this being a hard constraint never broken in the gold data. Highly constrained
relations (PHYSIOLOGY_OF, FINDING_OF, TO_DETECT_OR_STUDY) all see violation rates above
25%.



Table 3
Type-schema violations of the official multilingual baseline (mBERT) on the Russian test set, ordered by violation
rate.

Relation #Predictions #Violations %Violations
ASSOCIATED_WITH 4,932 2,701 54.8
USED_IN 506 225 44.5
FINDING_OF 1,088 408 37.5
APPLIED_TO 164 50 30.5
TREATED_USING 398 119 29.9
TO_DETECT_OR_STUDY 1,190 319 26.8
ORIGINS_FROM 577 148 25.6
PHYSIOLOGY_OF 976 249 25.5
ABBREVIATION 691 146 21.1
SUBCLASS_OF 5,217 1,038 19.9
AFFECTS 2,369 383 16.2
PART_OF 1,331 143 10.7
HAS_CAUSE 3,885 294 7.6
ALTERNATIVE_NAME 68 1 1.5
Total 23,392 6,224 26.6

Table 4
Per-relation F1 of the official baseline (mBERT) on the test set, by subtask.

Relation English Russian Bilingual

ABBREVIATION 0.3910 0.4904 0.4369
AFFECTS 0.3633 0.3450 0.3702
ALTERNATIVE_NAME 0.0552 0.2900 0.1953
APPLIED_TO 0.1183 0.1268 0.1273
ASSOCIATED_WITH 0.1809 0.2538 0.2250
FINDING_OF 0.4567 0.4203 0.4075
HAS_CAUSE 0.1931 0.2268 0.2281
ORIGINS_FROM 0.2384 0.2472 0.2529
PART_OF 0.2527 0.3960 0.3336
PHYSIOLOGY_OF 0.3447 0.3866 0.3701
SUBCLASS_OF 0.6256 0.5534 0.6041
TO_DETECT_OR_STUDY 0.2651 0.2239 0.2516
TREATED_USING 0.2584 0.1711 0.2525
USED_IN 0.2117 0.1674 0.1833

3.3. Official Results

In total, we have received 20 Codabench registrations for the BioNNE-R task, with 7 teams submitting
predictions during the evaluation phase. The official evaluation results, ordered by macro-F1, for
BioNNE-R are summarized in Table 5. Below, we give an overview of these approaches.
Team ELiRF-UPV achieved the best results in the English-oriented track. The team adopted the

OpenNRE framework, including negative sampling for the no_relation class. Several BERT-based
models were evaluated as encoder backbones, including BERT Base [23], BioBERT [24], and BlueBERT
[25]. In addition, the team experimented with sequential and bidirectional LSTM [26] layers as well
as different input representations for entity pairs. The best-performing systems were based on the
bert-base-multilingual-uncased model combined with additional sequential layers before the final
softmax classifier. Due to the limited number of English training samples, the final English-oriented
system employed transfer learning from a model initially trained on the Russian dataset, followed by
fine-tuning on the English subset. The predictions generated for each subtask were further postprocessed
by removing relations between entity type pairs not observed in the training data. The team also filtered
relations between entities located in different sentences. Finally, probability thresholds were optimized



Table 5
Official BioNNE-R results: macro-F1 of each team’s best submission per subtask. Best result per subtask in bold;
– indicates no submission.

Team English Russian Bilingual
ELiRF-UPV 0.5060 0.4717 0.4540
LODAC-NII 0.5016 0.5283 0.5015
aakobiakova 0.4951 0.4403 0.4716
HSE NLP 0.4733 0.5057 0.4527
rabiaozdemir 0.4620 – –
savvafq 0.4570 0.4829 0.4849
LSI_UNED 0.4514 – –
Baseline 0.2825 0.3070 0.3027

on the validation sets to improve the final prediction quality.
Team LODAC-NII achieved the best results in both Russian-oriented and bilingual tracks, while

obtaining top performance comparable to the ELiRF-UPV team in the English-oriented track. They
submitted two systems, where both systems shared a candidate generation pipeline that enumerated
directed entity pairs constrained by nested structure, same-sentence co-occurrence, or an 80-token
context window. To address class imbalance, the team applied stratified negative sampling with 1:5
and 1:10 ratios across five hardness categories. The first system was a typed-marker BERT-based
relation classifier built on PubMedBERT for the English track, RuBERT for the Russian track, and
multilingual BERT for the bilingual track. The model combined representations of the [CLS] token,
entity spans, and additional structural features within a schema-masked classification framework. The
second system employed a document-level relational graph architecture in which entity mentions were
represented as nodes in a heterogeneous graph connected through nesting, overlap, adjacency, and
same-sentence relations. The graph representations were encoded using R-GCN and R-GAT backbones
[27, 28]. The team additionally experimented with UMLS-grounded SAME_CONCEPT edges; however, this
component was disabled in the final submission because it did not provide consistent improvements on
the development set.
Team aakobiakova submitted systems based on the unsloth/llama-3-8b-bnb-4bit model [29]

fine-tuned using Parameter-Efficient Fine-Tuning (PEFT) with LoRA adapters [30]. The adapters were
configured with rank 𝑟 = 16 and scaling factor lora_alpha = 16 and applied to the main attention and
feed-forward projection layers. To improve relation classification performance over the base fine-tuned
model’s direct decoding, the team employed a log-probability-based inference strategy in which the
conditional log-probability of each candidate relation label was computed. Probabilities were estimated
for all possible relation types, including the no_relation class. Inference was further calibrated using
a dedicated validation procedure consisting of two stages. First, a bias shift for the no_relation class
was optimized to maximize macro-F1 on the calibration set. Second, the team introduced a confidence-
based filtering mechanism based on the probability margin between the top-1 and top-2 predicted
labels. The optimal margin thresholds were determined by grid search over values ranging from 0.0
to 1.0 with a step size of 0.02. The resulting thresholds were 0.38 for the Russian-oriented model, 0.20
for the English-oriented model, and 0.32 for the bilingual model. During inference, predictions with
a confidence margin below the corresponding threshold were reassigned to the no_relation class,
indicating insufficient confidence in the predicted relation.

TeamHSENLP implemented a fine-tuned transformer architecture with three principal contributions.
For typed entity encoding, they replaced generic special tokens with 32 typed entity markers of the
form [HEAD:TYPE] / [TAIL:TYPE], covering all 8 entity types × 2 roles × open/close, inserted at
character-level span boundaries before tokenisation; a binary nesting flag was appended to the entity
representation to handle approximately 15% of pairs involving nested spans. For rare-class augmentation,
they applied a two-stage LLM pipeline with GPT-5-mini as generator and GPT-5.4-mini as verifier to
synthesise training examples for ALTERNATIVE_NAME, APPLIED_TO, and USED_IN (917 EN and 874
RU accepted examples); augmentation improved English performance but was net negative for Russian,



where the base training set was already substantially larger. For confidence calibration, they performed
a blind-dev threshold sweep to correct for approximately 30× train-to-test negative-ratio mismatch,
running inference over all candidate entity pairs in the dev documents at the same enumeration
density as test. For English (Subtask 1), they used BiomedNLP-BiomedBERT-base-uncased-abstract-
fulltext pre-trained on PubMed abstracts and full-text; for Russian (Subtask 2) and Bilingual (Subtask
3), they used mdeberta-v3-base [31].
Team savvafq adopted the OpenNRE framework with entity-marker-based sentence encoding,

inserting special tokens [E1]/[/E1] and [E2]/[/E2] around head and tail entity spans to produce relation-
discriminative representations. For the English track, they fine-tuned BioLinkBERT-large [32], a
biomedical language model pre-trained on PubMed abstracts with inter-document citation structure; for
the Russian and bilingual tracks, they used XLM-RoBERTa-large [33] to leverage its strong multilingual
representations. To address the highly imbalanced relation distribution and the large number of negative
candidate pairs at inference time, the team applied three post-processing techniques: entity-type masks
that suppress predictions for entity-type pairs never observed in training, per-class decision threshold
calibration that independently optimizes the decision boundary for each of the 14 relation types on the
development set, and distance-based candidate pruning that discards entity pairs whose spans are more
than 200 characters apart. For the English track, they additionally averaged the logits of two models
trained with different random seeds, which provided a further improvement in macro F1.
Team LSI_UNED participated in the English-oriented track and addressed the task by formulating

relation extraction as a text classification problem over pairs of entities and introduced a new
NO_RELATION label to model the absence of relations. Each candidate pair is represented using special
markers that encode both entities and their corresponding types, and several BERT-based language
models were fine-tuned for classification, including bert-base-multilingual-cased, bert-base-
uncased, xlm-roberta-base, biobert-v1.1 and Bio_ClinicalBERT [34]. To reduce the large number
of possible entity combinations and alleviate class imbalance, a pruning strategy was applied based on
valid entity-type combinations, character distance between entities, and sentence boundaries.

Team rabiaozdemir participated in the English-oriented track; a system description was not available
at the time of writing.
In summary, as shown in Table 5, all participating systems substantially outperformed the baseline.

Two teams led the competition: ELiRF-UPV achieved the highest macro-F1 in the English-oriented
track (0.5060), while LODAC-NII achieved the best performance in both the Russian-oriented (0.5283)
and bilingual (0.5015) tracks, with only a 0.0044 margin separating the two top English systems.
Among the top-performing systems, graph-based relational modeling as employed by LODAC-NII
and cross-lingual transfer learning as adopted by ELiRF-UPV proved to be effective strategies for
addressing the complexity of the task. The use of large generative models, either for direct inference
as in aakobiakova’s LLaMA-based approach or for training data augmentation as in HSE NLP’s
GPT-based pipeline, highlights growing interest in applying generative models to biomedical relation
extraction.

A more detailed comparison including training and inference cost, per-relation and per-entity-type
performance, and grouping of systems by backbone and by open- versus closed-weight model use is
left to future work.

4. Conclusion

This paper presented an overview of the BioNNE-R shared task on biomedical nested relation extraction
at BioASQ 2026. The task evaluated extraction of relations between nested biomedical entities in English
and Russian across English, Russian, and bilingual subtasks. Seven teams submitted predictions, most
framed the task as pair classification with typed entity markers and fine-tuned transformer encoders,
with postprocessing like schema-based type filtering, threshold calibration, and candidate pruning
to handle the imbalanced relation distribution; a document-level relational graph model and LLM-
based approaches were also explored. All submissions outperformed the multilingual baseline, yet the



best macro-F1 scores remained near 0.50-0.53, indicating that nested-entity relation extraction is far
from solved. Several aspects of the evaluation could be strengthened in future editions. The reference
baseline is deliberately minimal and omits the schema masking and per-class threshold calibration that
most participants found beneficial. A stronger baseline incorporating them would better separate the
contribution of the encoder from that of inference-time postprocessing. Per-relation scores, several
estimated from fewer than one hundred test instances, would also benefit from confidence intervals
(e.g. via bootstrap resampling), and reporting train- and development-set metrics alongside test scores
would help distinguish optimization failures from generalization gaps. Covering per-relation and per-
entity-type performance, training and inference cost, and the error modes of the strongest systems and
above statements are within current limitations of this work. Future directions include joint modeling
of nested entity structure and relations, cross-lingual transfer, handling of discontinuous entities, and
LLM-based methods.
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