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Abstract. This is an overview of the thirteenth edition of the BioASQ
challenge in the context of the Conference and Labs of the Evaluation
Forum (CLEF) 2025. BioASQ is a series of international challenges pro-
moting advances in large-scale biomedical semantic indexing and ques-
tion answering. This year, BioASQ consisted of new editions of the two
established tasks, b and Synergy, and four new tasks: a) Task Multi-
ClinSum on multilingual clinical summarization. b) Task BioNNE-L on
nested named entity linking in Russian and English. ¢) Task ELCardioCC
on clinical coding in cardiology. d) Task GutBrainIE on gut-brain inter-
play information extraction. In this edition of BioASQ, 76 competing
teams participated with more than 1000 distinct submissions in total
for the six different shared tasks of the challenge. Similarly to previous
editions, most of the participating systems achieved competitive perfor-
mance, suggesting the continuous advancement of the state-of-the-art in
the field.
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1 Introduction

The BioASQ challenge has been focusing on the advancement of the state-of-the-
art in large-scale biomedical semantic indexing and question answering (QA) for
more than 10 years [42]. To this end, it organizes different shared tasks annually,
developing respective benchmark datasets that represent the real information
needs of experts in the biomedical domain. This allows the participating teams
from around the world, who work on the development of systems for biomedical
semantic indexing and question answering, to benefit from the publicly available
datasets, evaluation infrastructure, and exchange of ideas in the context of the
BioASQ challenge and workshop.

Here, we present the shared tasks and the datasets of the thirteenth BioASQ
challenge in 2025, as well as an overview of the participating systems and their
performance. The remainder of this paper is organized as follows. First, Section 2
presents a general description of the shared tasks, which took place from Jan-
uary to May 2025, and the corresponding datasets developed for the challenge.
Then, Section 3 provides a brief overview of the participating systems for the
different tasks. Detailed descriptions for some of the systems are available in the
respective extended overviews of each task and the proceedings of the BioASQ
lab. Subsequently, in Section 4, we present the performance of the systems for
each task, based on state-of-the-art evaluation measures or manual assessment.
Finally, in Section 5 we draw some conclusions regarding the 2024 edition of the
BioASQ challenge.

2 Overview of the tasks

The thirteenth edition of the BioASQ challenge consisted of six tasks [28]: (i)
Task b on biomedical semantic question answering. (ii) Task Synergy on question
answering developing biomedical topics. (iii) Task MultiClinSum on multilingual
clinical summarization. (iv) Task BioNNE-L on nested named entity linking in
Russian and English. (v) Task ELCardioCC on clinical coding in cardiology. (vi)
Task GutBrainlE on gut-brain interplay information extraction. In this section,
we first describe this year’s editions of the two established tasks b (task 13b)
and Synergy (Synergy 13) [31] with a focus on differences from previous editions
of the challenge [29,33]. Additionally, we also introduce the four new BioASQ
tasks, MultiClinSum [21], BioNNE-L [8], ELCardioCC, and GutBrainlE.

2.1 Task 13b

BioASQ task 13b is the thirteenth edition of the established BioASQ task b on
Biomedical QA. This year, it took place in three phases: i) Phase A: biomedical
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questions in English were provided, and the systems had to retrieve relevant
material (PubMed documents and snippets). ii) Phase A+, the systems had
to provide ‘exact’ and ‘ideal’ answers. Depending on question type, the ‘exact’
answer can be a yes or no (yes/no), an entity name, such as a disease or gene
(factoid), or a list of entity names (list). The ‘ideal’ answer is a paragraph-sized
summary, regardless of question type. ii) Phase B: Some relevant material was
provided for each question, selected by the BioASQ experts, and the systems
had to provide new answers given this additional information.

About 340 new biomedical questions annotated with golden documents, snip-
pets, and answers (‘exact’ and ‘ideal’), were developed for testing. In addition,
a training set of 5,389 biomedical questions, accompanied by answers, and sup-
porting evidence (documents and snippets), was available from previous versions
of the tasks, as a unique resource for the development of question-answering sys-
tems [?]. Table 1 presents some statistics of both training and test datasets for
task 13b. The test data for task 13b were split into four independent bi-weekly
batches consisting of 85 questions each, as presented in Table 1.

Table 1. Statistics on the training and test datasets of task 13b. The numbers for the
documents and snippets refer to averages per question.

Batch Size Yes/No List Factoid Summary Documents Snippets

Train 5389 1459 1047 1600 1283 9.74 12.78
Test 1 85 17 23 26 19 2.68 3.74
Test 2 85 17 19 27 22 2.71 3.06
Test 3 85 22 22 20 21 3.00 3.66
Test 4 85 26 19 22 18 3.15 3.92
Total 5729 1541 1130 1695 1363 9.33 12.23

2.2 Task Synergy 13

BioASQ task Synergy was originally introduced in 2020 with the aim of pro-
moting research in developing biomedical topics, such as COVID-19 [16, ?]. The
design of this task as an ongoing dialogue allows experts to pose open-ended
questions for developing topics, for which they do not know in advance whether
a definitive answer can be given, in order to obtain relevant material (documents
and excerpts) retrieved from the systems. After assessing this material, they pro-
vide feedback to the systems on its relevance and on whether it is sufficient to
answer their question, by marking respective questions as ready to answer. This
process is repeated iteratively in rounds with new material considered in each
round, based on updates to the original document resource [32]'°. For ready to
answer questions, they receive exact and ideal answers as well, assess them, and
provide feedback that can be used by the systems to improve their responses to

10" A5 of 2023, this evolving document resource is PubMed [?]
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these questions in the remaining rounds. The experts can also mark a question
as closed if they receive a fully satisfactory answer that is not expected to change
or if they are no longer interested in the question.

A training dataset of 366 questions on developing topics with incremental
annotations with relevant material and answers is already available from previ-
ous versions of task Synergy [?,7,7,?]. During the task Synergy 13, this set was
extended with 47 new questions on developing health topics, such as infectious,
rare, and genetic diseases, and women’s and reproductive health. Meanwhile, 27
questions from the previous version of the task remained open and were enriched
with more recent evidence and updated answers. Overall, 74 questions were con-
sidered in the four rounds of task Synergy 13. The number of yesno, list, factoid,
and summary questions was 23, 19, 14, and 18, respectively.

2.3 Task MultiClinSum

There is a rapid accumulation of different types of clinical content, including
medical records and clinical case reports. These are generally written not only
in English but in a variety of languages. Some of the clinical reports can be very
long and thus it is challenging for domain experts to read and keep track of key
clinical insights. Large Language Models (LLMs) have shown promising results
for summarization approaches that can be useful to condense lengthy clinical
cases into a shorter version of text, reducing the size of the initial text while
preserving key clinical informational elements. Thus there is a pressing need to
evaluate and benchmark how well clinical summarization works for case reports
written in different languages.

We introduce the MultiClinSum task covering the automatic summarization
of lengthy clinical case reports written in different languages, namely English,
Spanish, French, and Portuguese. The MultiClinSum task will rely on a corpus
of manually selected full clinical case reports and their corresponding clinical
case report summaries derived from case report publications written in the pre-
viously mentioned languages. For evaluation proposes, automatically generated
summaries will be compared against manually generated summaries generated
by the original authors, exploring Rouge-2 scores and BERTScore [?] for evalu-
ation assessment. As clinical case reports do share commonalities with medical
discharge summaries, insights provided by the MultiClinSum results can be of
practical relevance also for clinical records summarization scenarios.

As mentioned, the manually selected dataset consists of full text-summary
pairs extracted from clinical case reports. The total number of pairs in English is
1,280, in Spanish 534, in Portuguese 108, and in French 54. In order to increase
the size of the dataset, each of the pairs of one language has been translated
into the other languages, resulting in a total of 1,976 pairs for each language.
An additional large-scale dataset has also been created from the clinical cases
published in the PMC-Patients subset. In this subset, patients’ clinical cases are
presented in a condensed format, making them ideal for use as summaries of the
case. With regard to the full text of the case, manually selected headers from
the corresponding PubMed abstracts have been extracted for that purpose.
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Table 2. Statistics for the datasets provided for MultiCardioNER. “Annot.” stands
for “annotations”, while “Chars” stands for “characters”. Unique annotations refer
to the number of distinct annotated strings after converting all annotations to low-
ercase. The number of tokens has been calculated using the following spaCy models:
“es_core_news_sm”, “en_core_web_sm” and “it_core_news_sm”.

Dataset Lang. Entity Docs Tokens Chars Annot. Unique
Annot.
DisTEMIST ES  Diseases 1,000 406,137 2,335,968 10,664 6,739
DrugTEMIST ES Drugs 1,000 406,137 2,335,968 2,778 925
EN Drugs 1,000 404,194 2,230,631 2,814 875
1T Drugs 1,000 421,251 2,393,002 2,808 893
CardioCCC ES  Diseases 508 568,297 3,215,774 18,232 7,692
ES Drugs 508 568,297 3,215,774 4,227 755
EN Drugs 508 576,772 3,114,833 4,231 734
1T Drugs 508 595,332 3,345,466 4,385 752

2.4 Task BioNNE-L

In the BioNNE-L Shared Task, we address the medical entity linking task, also
known as Medical Concept Normalization (MCN), which is to map given enti-
ties to the most relevant vocabular entries from an external source, e.g., con-
cepts from the UMLS metathesaurus identified with concept unique identifiers
(CUIs). Although the task has been widely explored in recent years, existing
approaches usually treat each entity individually, medical entities often form a
nested structure, where an entity can be a subpart of another entity. One of the
key features of BioNNE-L is the focus on nested entities that are (i) derived
from the MCN annotation of the NEREL-BIO corpus [24,25] and (ii) supple-
mented by newly annotated data in both English and Russian. The annotated
entity types are disorders (DISO), anatomical structures (ANAT), and chemi-
cals (CHEM). The competition was organized into three subtasks that fell under
two evaluation tracks: 1. Monolingual track that treated English and Russian
data independently; 2. Bilingual track that required a single bilingual model
for the combined Russian and English data. Data statistics for both tracks is
summarized in Table 3.

All BioNNE-L materials can be found on the shared task’s GitHub!'! and
Codalab pages'2. Annotated data and normalization vocabulary is also available
at HuggingFace'®.

2.5 Task ELCardioCC

Cardiovascular diseases affect a significant portion of the global population, ac-
counting for 32% of global deaths according to WHO. Automated clinical

" https://github.com/nerel-ds/NEREL-BIO /tree/master/BioNNE-L_Shared_Task
12 https://codalab.lisn.upsaclay.fr/competitions /21568

'3 https://huggingface.co/datasets/andorei/BioNNE-L

1 https://www.who.int /health-topics/cardiovascular-diseases
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Table 3. BioNNE-L 2025 statistics for Disorder (DISO), Chemical (CHEM), and
Anatomical Structure (ANAT) among Russian and English entities as well as vocab-
ulary statistics.

Entity Refined NEREL-BIO ‘ Novel data ‘ Vocabulary
type Train Dev Test
Ru ‘ En | Ru ‘ En | Ru ‘ En Ru En

# documents 716 ‘ 54 ‘ 50 ‘ 50 ‘ 154 ‘ 154

Number of entities

DISO 11,168 | 1,200 | 925 |1,029 | 2,811 | 3,068 | 91,867 | 1,825,048

CHEM 4,741 | 579 | 531 | 564 |1,218 | 1,345 | 47037 | 1,732,096

ANAT 8,346 | 911 | 878 | 901 | 2,186 | 2,248 | 6899 345,043
24,255 | 2,690 | 2,334 | 2,494 | 6,215 | 6,661 | 145,803 | 3,902,187

coding plays a crucial role in transforming unstructured real-world medical data
gathered from patients into structured information, in order to facilitate clinical
research and analysis. However, existing research predominantly focuses on En-
glish clinical text, leaving other languages, such as Greek, underrepresented. To
this end, we propose a new ELCardioCC task, which concerns i) the assignment
of cardiology-related ICD-10 codes to discharge letters from Greek hospitals,
ii) the extraction of the specific mentions of ICD-10 codes from the discharge
letters.

In detail, the participants in the ELCardioCC task were tasked with develop-
ing named entity recognition (NER), entity linking (EL) and multi-label classifi-
cation - explainable AT (MLC-X) systems using a specialized corpus of discharge
letters. These discharge letters, which were written in Greek contained valuable
medical information about patients’ conditions, treatments, and outcomes. The
corpus was meticulously annotated with the positions of mentions (such as chief
complaint, diagnosis, prior medical history, drugs and cardiac echo) and their
corresponding ICD-10 codes. The training dataset includes 1,000 discharge let-
ters, while the test set comprises 500 letters. System performance was evaluated
using the micro F1 score.

2.6 Task GutBrainlE

Recent scientific evidence suggests a connection between brain-related diseases
and the gut microbiota that may play a critical role in mental health-related
disorders or diseases like Parkinson’s, and Alzheimer’s [2, 5,7, 12]. The scientific
literature on this topic is rapidly expanding, making it increasingly challenging
for clinicians and researchers to stay up to date. For example, in 2020, approx-
imately 200 articles were published on the relationship between gut microbiota
and mental health; by 2024, this number had more than doubled to over 450
publications. The GutBrainlE task aims to foster the development of Informa-
tion Extraction (IE) systems that support experts by automatically extracting
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and linking knowledge from biomedical abstracts, facilitating the understanding
of gut-brain interplay and its role in mental health and neurological diseases.

The GutBrainlE task comprises four subtasks of increasing difficulty: Named
Entity Recognition (NER), which identifies and classifies entity mentions in
PubMed abstracts about the gut-brain interplay focusing on mental health and
the Parkinson’s disease; Binary Tag-based Relation Extraction (BT-RE), which
detects whether pairs of entities are in relation without specifying the relation
type; Ternary Tag-based Relation Extraction (TT-RE), which extends BT-RE
by also assigning a relation label to each related pair; and Ternary Mention-based
Relation Extraction (TM-RE), which further localizes the exact entity mentions
involved in each relation and assigns the appropriate relation label.

The dataset includes over 1000 documents with annotated entity mentions
and relations, organized into Training, Development, and Test sets. The train
set is further divided into four quality tiers: expert-curated (Platinum), expert-
annotated (Gold), student-annotated (Silver), and automatically generated (Bronze).
Development and Test sets contain only expert annotations (Platinum+Gold).

Table 4. Dataset statistics for GutBrainlE.

Collection # Docs|# Entities|Ents/Doc|# Rels|Rels/Doc
Train Platinum 111 3638 32.77 1455 13.11
Train Gold 208 5192 24.96 1994 9.59
Train Silver 499 15275 30.61| 10616 21.27
Train Bronze 749 21357 28.51 8165 11.90
Development Set 40 1117 27.93 623 15.58
Test Set 40 1237 30.92 T 19.42

3 Overview of participation

Overall, 76 distinct teams participated in the thirteenth edition of the BioASQ
challenge, submitting more than 1000 distinct runs for the six different shared
tasks of the challenge.

3.1 Task 13b

This year, 46 teams participated in task 13b, submitting a total of 734 different
submissions generated by 146 distinct systems across all four batches for the
three phases A, A+, and B. Specifically, 34, 20, and 26 teams competed in
phases A, A+, and B, with 95, 79, and 88 distinct systems, respectively. Eleven
of these teams were involved in all three phases. As in previous years, the open-
source system OAQA [43], which achieved top performance in older editions of
BioASQ, was used as a baseline for phase B ezxact answers.

The “ITMO” team participated in both phases of the task experimenting
in its “pa” systems with differing solutions across the batches. In general, for
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document retrieval the systems follow an approach with two stages. First, they
identify initial candidate articles based on BM25, and then they re-rank them
using variations of BERT [9], fine-tuned for the binary classification task with
the BioASQ dataset and pseudo-negative documents. They extract snippets from
the top documents and rerank them using biomedical Word2Vec based on cosine
similarity with the question. A more detailed overview of the methods developed
by the participating teams is available in the extended overview of task 13b and
Synergy 13.

3.2 Task Synergy 13

In the thirteenth edition of BioASQ), five teams participated in the Synergy task
(Synergy 13). These teams submitted 46 runs from 21 distinct systems. Two of
these teams participated in task 13b as well, while the remaining three focused
exclusively on task Synergy 13. In particular, the BSRC Alexander Fleming
team participated with four systems. Similar to task b, their systems focused on
LLMs with optimized prompts and majority voting. Also, the UR team from the
Universitdat Regensburg competed with two systems. Their systems employed 2-
shot and zero-shot learning with GPT-3.5-turbo and GPT-4. Furthermore, their
systems utilized handcrafted examples for the 2-shot learning as well as incorpo-
rated query expansion methods. The Gatech team from the Georgia Institute of
Technology participated in five systems. As with task b, their systems relied on
pre-trained LLMs and prompt engineering. More detailed descriptions for some
of the systems are available at the proceedings of the workshop.

A more detailed overview of the methods developed by the participating
teams is available in the extended overview of task 13b and Synergy 13.

3.3 Task MultiClinSum

31 teams registered for the MultiCardioNER task, out of which 7 teams submit-
ted at least one run of their predictions. Specifically, 6 teams participated in the
CardioDis subtrack, while 5 teams participated in the MultiDrug subtrack (with
one of those teams participating only in the Spanish part). Overall, a total of 70
runs were submitted, with each team being allowed up to 5 runs per subtrack
and language.

Table 7?7 gives an overview of the methodologies used by the participants in
each of the sub-tasks. Following the trend of previous similar shared tasks [20,
19,18], all participants used some variant of Transformers-based models, with
RoBERTa [23] models being the most popular. Other than that, ensembles were
quite popular and provided good results (e.g. BIT.UA [15]), as were the use of
custom datasets and dictionaries (e.g. Enigma [1]), data augmentation or window
sliding (e.g. Data Science TUW [39]).
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3.4 Task BioNNE-L
In total, we’ve received 23 Codalab registrations for the BioNNE-L task, with 7

teams submitting predictions during the evaluation phase. The systems submit-
ted by the participants are summarized in Table 5.

Table 5. Overview of the approaches presented by participants for the BioNNE task.
EN stands for the English-oriented and RU for the Russian-oriented tracks.

Team Track Approach
verbanexialab EN SapBERT w/ lexical and semantic
reranking

LYX_DMIIP_FDU Bilingual, EN,RU BERGAMOT fine-tuning
BlancaPlanca Bilingual, EN,RU BERGAMOT w/ language-specific

preprocessing
EeyoreLee Bilingual, EN,RU Two-step retrieval and ranking pipeline
dstepakov Bilingual,LRU RoBERTa fine-tuning with contrastive
learning
ICUE Bilingual, EN,RU BERT, BioSyn, LLM 0-shot reranking
NLPIMP Bilingual Russian LaBSE model pre-trained on

medical data

Team verbanexialab leveraged a SapBERT [22], pre-trained on UMLS con-
cepts, to obtain entity embeddings, followed by a multicomponent re-ranking.
They combined embedding cosine similarity with Jaccard similarity for lexical
overlap recognition and Levenshtein distance for character-level alignment.

Team LYX_DMIIP_FDU fine-tuned a BERGAMOT [37] model for each
task via contrastive learning using the train- and dev-set entities to enrich the
original vocabularies. The textual context of each entity was used as additional
input to enhance the entity representation.

Team BlancaPlanca used BERGAMOT for zero-shot retrieval based on
entity-concept cosine similarity. They apply language-specific lemmatization for
Russian and speed up the inference by chucking the original vocabulary into
type-specific parts of 100k entries each.

Team dstepakov performed the nearest-neighbor search based on the co-
sine similarity of RoBERTa embeddings [23], fine-tuned contrastively on anchor-
positive-negative term triplets via the InfoNCE objective [35].

Team ICUE fine-tuned BioSyn [40] using the vocabularies reduced to less
than 100k entries each. They fine-tune a separate BERT-based model [10] for
English [3], Russian'®, and multilingual [41] tracks, respectively.

Team NLPIMP performed the zero-shot ranking using a Russian LaBSE [?]
model'6 pre-trained contrastively on an in-house Russian medical corpus.

!5 https://huggingface.co/KoichiYasuoka/bert-base-russian-upos
16 https://huggingface.co/sergeyzh /LaBSE-ru-turbo
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3.5 Task ELCardioCC

Five teams participated in the EFLCardioCC task, with each team permitted
to submit up to five systems. In the Named Entity Recognition (NER) subtask,
four teams took part, submitting a total of 14 systems in addition to our baseline
model. The Entity Linking (EL) subtask also saw participation from four teams,
who submitted 14 systems alongside the provided baseline. For the Multi-label
Classification and Explainable AT (MLC-X) subtask, four teams contributed
systems for the multi-label classification component, while one team submitted
a system for the explainable AT component. We provided baseline models for both
parts of the MLC-X subtask. In total, 13 systems were submitted for MLC-X.

3.6 Task GutBrainlE

The GutBrainlE task registered 17 teams submitting runs. Among these, 16
teams participated in NER, 12 in BT-RE, 13 in TT-RE, and 13 in TM-RE.
Overall, a total of 391 runs were submitted: 101 for NER, 100 for BT-RE, and
95 for both TT-RE and TM-RE.

Most teams adopted supervised fine-tuning or transformer-based models pre-
trained on biomedical text for the NER task. Standard backbones included Pub-
MedBERT, BioBERT, BioLinkBERT, and ELECTRA [6, 13,17, 44]. Specialized
NER architectures, such as GLINER, [45], were also utilized and fine-tuned. Many
groups trained multiple models with different random seeds to boost robustness
and ensembled their outputs. All teams used platinum, gold, and silver collec-
tions for training. A few also used the noisier bronze set, employing cleaning or
re-weighting approaches and integrating PubMed data augmentation.

Across the RE subtasks, participants primarily used biomedical pre-trained
language models fine-tuned on entity-marker augmented inputs. Among these,
the most widely employed include: SapBERT, PubMedBERT, BioBERT, RoBERTa,
and ELECTRA [22,13,17,23,6]. Several teams reformulated RE as a seq2seq
problem using REBEL-large [14], directly generating relation tuples or tagged
spans in a single pass for all three subtasks. Few others leveraged model en-
sembling and trained with negative-pair subsampling to counter class imbalance
and increase generalization capabilities. Finally, some groups experimented with
few-shot or Retrieval-Augmented Generation (RAG), prompting large language
models to extract relations with minimal fine-tuning (e.g., for the BT-RE task).

4 Results

4.1 Task 13b

This section presents the evaluation measures and preliminary results for Task
13b. The evaluation in task 13b is done manually by the experts that assess
each system response and automatically by employing a variety of established
evaluation measures [26] as in the previous versions of the task [30]. Table 6
provides a brief overview of the official measures per response and question
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type. The results reported for task 13b are preliminary, as the final results will
be available after the manual assessment of all system responses by the BioASQ
team of experts and the enrichment of the ground truth with potential additional
relevant items (i.e. documents and snippets), answer elements, and /or synonyms,
which is still in progress. The online results pages for Phase A7, Phase A+'8

and Phase B'? will be updated with the final results when available.

Table 6. The evaluation measures for task 13b per response type and question type [26].

Resp. type (Phase) Quest. type Official measure
Documents (A) All Mean Average Precision (MAP)
Snippets (A) All F-measure (based on character overlaps)
List F-measure
Exact ans. (A+ & B) Yesno macro F-measure on “yes” & “no” classes
Factoid Mean Reciprocal Rank (MRR)
Ideal ans. (A+ & B) All Manual scores for precision, recall, repeti-

tion, readability

Table 7. Preliminary results for document retrieval in batch 1 of phase A of task 13b.
Only the top 5 systems are presented, based on MAP.

System Mean — Mean  Mean F- \/\p  Griap
Precision Recall measure

bioinfo-4 0.1039 0.3124 0.1485 0.2067 0.0016

bioinfo-3 0.1009 0.3047 0.1444 0.2024 0.0013

bioinfo-1 0.1156 0.3171 0.1581 0.2018 0.0015

bioinfo-2 0.1294 0.3369 0.1728 0.2006 0.0019

bioinfo-0 0.1151 0.3055 0.1570 0.1800 0.0009

Table 8. Preliminary results for snippet retrieval in batch 1 of phase A of task 13b.
Only the top-6 systems are presented, based on F-measure.

Mean Mean Mean
System Precision Recall F-measure MAP GMAP
dmiip2024_2 0.0446 0.1490 0.0638 0.1149 0.0001
dmiip2024_3 0.0482 0.1645 0.0684 0.1062 0.0002
dmiip2024 0.0485 0.1645 0.0691 0.1061 0.0002
dmiip2024_1 0.0477 0.1568 0.0679 0.1039 0.0002
dmiip2024_1 0.0477 0.1568 0.0679 0.1039 0.0002

7 https://participants-area.bioasq.org/results/13b/phaseA /

'8 https://participants-area.bioasq.org/results/13b/phaseAplus/

19 https://participants-area.bioasq.org/results/13b/phaseB/
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TaskB Phase A+ & Phase B results : Exact answers
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Fig. 1. The scores of the top systems in ezact answer generation, for Phase A+ (dashed
lines) and B (solid lines), across the test sets of task 13b and task 12b [34].

The top performance of the participating systems in exact answer generation
for each type of question during the twelve years of BioASQ is presented in
Figure 1. The preliminary results for task 12b, reveal that the participating
systems keep achieving high scores in answering all types of questions, despite
the addition of two new experts to the BioASQ team. In batch 3, for instance,
presented in Table 77, several systems manage to correctly answer literally all
yes/no questions. High performance, beyond 0.95 in macro F1 is also observed for
yes/no questions in the remaining batches. More consistent performance is also
observed in the preliminary results for list questions compared to the previous
years, but there is still more room for improvement, as done for factoid questions
where the performance across the batches fluctuates more.

4.2 Task Synergy 13

In task Synergy 13 we use the same evaluation measures described for task 13b,
considering only new material for the information retrieval part, an approach
known as residual collection evaluation[38]. In addition, due to the developing
nature of the topics, no answer is available for all of the open questions in each
round. Therefore, only the questions indicated as “answer ready” were evaluated
for exact and ideal answers per round.

Some indicative results for the Synergy task are presented in Table ??7. The
full 12b results are available online??. Overall, the collaboration between partic-
ipating biomedical experts and question-answering systems allowed the progres-
sive identification of relevant material and extraction of exact and ideal answers

20 http://participants-area.bioasq.org/results/synergy_v2024/
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Table 9. ” Answer Ready” questions and top system performance in Task Synergy 13
per round.

Top Top F To
anser MAP score Top MRR P Top ma F1
round . . F-measue
ready (docu- (snip-  (factoid) (list) (yesno)
ments) pets)

1
2
3
4

for several open questions for developing problems, such as Colorectal Cancer,
pediatric sepsis, Duchenne Muscular Dystrophy, and COVID-19. In total, after
the four rounds of Synergy 12, enough relevant material was identified to pro-
vide an answer to about 78% of the questions. In addition, about 51% of the
questions had at least one ideal answer, submitted by the systems, which was
considered of ground-truth quality by the respective expert.

4.3 Task MultiClinSum
All in all, the top scores for each subtrack were:

— CardioDis. The team BIT.UA attained the top position with an ensemble of
RoBERTa-based models (roberta-es-clinical-trials-ner) that also uses multi-
head CRF. Their runs integrated the provided datasets in different ways,
with the highest scores being achieved by the models that use both the
DisTEMIST and CardioCCC data. Their best run achieved an F1-score of
0.8199 and a recall of 0.8243. The team with the next best F1-score (0.8049)
is Enigma, who uses a CLIN-X-ES model also fine-tuned on the DisTEMIST
and CardioCCC data. Interestingly, the team PICUSLab achieves the best
precision (0.8886) by a wide margin combining the predictions of multiple
models trained on different parts of the data (including an augmented version
of the CardioCCC corpus) and then using string matching techniques to
enhance the final predictions.

— MultiDrug. In Spanish, the best Fl-score is achieved by the ICUE team
(0.9277), who also achieved the best recall (0.9412). Meanwhile, in English
and Italian the winner team is Enigma, with an Fl-score of 0.9223 and
0.8842, respectively.

The results for the CardioDis subtrack are shown in in Table 10, while the
results for the MultiDrug subtrack are presented in Table ??7 for Spanish, Ta-
ble ?? for English and Table 11 for Italian. Due to space limitations, only the
top-6 systems are presented, with the complete results being available in the
MultiCardioNER overview paper [21].

In conclusion, the task’s results are quite good and varied, with scores ranging
from 0.9277 (by the ICUE team in the Spanish MultiDrug subtrack) to 0.2201
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Table 10. Results of the MultiCardioNER CardioDis subtrack. Only the top-6 systems
are presented. The best result is bolded, and the second-best is underlined.

Team Name Run name Precision Recall Fi
BIT.UA runl-all-full 0.8155 0.8243  0.8199
BIT.UA run0-top5-full 0.811 0.8181 0.8145
Enigma 3-system-CLIN-X-ES-pretrained  0.8016 0.8082 0.8049
Enigma 2-system-CLIN-X-ES-14 0.8052 0.8007 0.803

PICUSLab aug_fus_sub2 0.7794 0.803 0.791
BIT.UA rund-all 0.7981 0.7827 0.7903

Table 11. Results of the MultiCardioNER MultiDrug subtrack in Italian. Only the top-
6 systems are presented. The best result is bolded, and the second-best is underlined.

Team Name Run name Precision Recall F1
Enigma 1-system-XLMR, 0.884 0.8844 0.8842
. 3-system-Italian-Spanish-
Enigma RoBERT:. 0.8723 0.8956 0.8838
Enigma 2-system-XLMR-filtering 0.9016 0.8606 0.8806
Siemens runl_IMR 0.8891 0.8689 0.8789
ICUE run4_GPT _translation 0.9114 0.8461 0.8776
ICUE runb_GPT _translation_all 0.9114 0.8461 0.8776

(by the DataScienceTUW team, who had some problems with the submission,
also in the Spanish MultiDrug subtrack). Overall, the results for the MultiDrug
subtrack are higher than those for the CardioDis subtrack, which was to be
expected since drugs, as an entity type, are simpler and more straightforward
than diseases.

As stated earlier, in terms of methodology, there’s a definite trend of using
pre-trained Transformer-based systems (with a preference for RoBERTa mod-
els, perhaps due to their availability in Spanish), with most participants going
beyond mere finetuning. Many of the presented runs incorporate new layers over
their initial system results, be it an ensemble of multiple models and their predic-
tions, multi-head CRF's, window sliding or using some kind of post-processing.

However, what seems to really make a difference in MultiCardioNER is the
use of the cardiology-specific data (the CardioCCC dataset), which is one of the
shared task’s main research points. All top-performing systems incorporate the
released 258 documents from the CardioCCC corpus in some way. Meanwhile,
participants that only use the DisTEMIST and DrugTEMIST corpora (which
are made up of clinical case reports from varied clinical specialties) are able to
achieve a really high precision but a much lower recall, thus achieving a not-
so-high F1l-score. This seems to indicate that, while these systems are able to
retrieve many clinical entities correctly (i.e. high precision), they fail to recover
those entities that are specific to the cardiology domain (i.e. low recall).
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4.4 Task BioNNE-L

Following prior research on entity linking [25, 22, 36, 37|, we address BioNNE-L
as a retrieval task: given a mention, a model must retrieve the top-k concepts
from the given UMLS vocabulary and employ two ranking-based evaluation met-
rics: (i) Accuracy@k and (ii) Mean Reciprocal Rank (M RR). Accuracy@k: Accu-
racy@k=1 if the correct UMLS CUI is retrieved at rank < k, and Accuracy@k=0
otherwise. MRR = ﬁ YoecE ﬁ, where E is the set of entities, |E| is the num-
ber of entities, rank. is the rank of entity e’s the first correctly retrieved concept
among the top k retrieved concepts. As baseline, we adopt zero-shot ranking
using BERGAMOT with each entity type processed independently to reduce
memory footprint caused by extensive vocabulary.

Table 12. Official evaluation results of the BioNNE-L task for the multilingual and
monolingual tracks in terms of Accuracy@l (@1), Accuracy@5 (@5), and MRR. The
best results for each track and metric are highlighted in bold.

Team Multilingual English Russian

# @1 @5 MRR|# @1 @5 MRR|# @1 @5 MRR
verbanexialab —_ = — — |10.70 0.80 0.74 | — — — —
LYX_DMIIP_FDU| 1 0.68 0.84 0.75 |2 0.66 0.84 0.74 |2 0.71 0.84 0.76
BlancaPlanca 2 0.67 0.81 0.73 |3 0.64 0.83 0.72 |1 0.72 0.83 0.76
EeyoreLee 3 0.63 0.76 0.69 |4 0.64 0.82 0.71 |4 0.65 0.74 0.69
dstepakov 4 0.63 0.71 066 | — — — — |3 0.70 0.76 0.72
ICUE 5 0.58 0.76 0.66 |6 0.51 0.79 0.62 |5 0.62 0.72 0.67
baseline 6 0.53 0.70 0.60 |5 0.57 0.78 0.66 |6 0.52 0.59 0.55
NLPIMP 7 041 058 048 | — — — — |— — — —

The official evaluation results, ordered by Accuracy@1 value, for BioNNE-L
are summarized in Table 12. Most of the participants adopted various BERT-
based [9] with the top-performance achieved by domain-specific models, such
as BERGAMOT, SapBERT. Specifically, Team LYX_DMIIP_FDU ranked the
first in the multilingual track and the second rank in the two monolingual track
by fine-tuning BERGAMOT. Top 1 results for the Russian and English data
are achieved by multilingual BERGAMOT (Team BlancaPlanca) and English
SapBERT (Team verbanexialab) models, respectively.

4.5 Task ELCardioCC

The results of the participants for the three subtasks (i.e. NER, EL and MLC-X)
are presented in tables 13, 14 and 15.

The team droidlyx consistently achieved the highest micro-F1 scores across
all subtasks, leading NER (0.733), EL (0.678), and performing strongly in MLC-
X (0.847). The ELCardioCC baseline remained highly competitive, particularly
excelling in MLC-X with a micro-F1 of 0.827 and maintaining strong perfor-
mance in NER and EL. Svassileva’s systems were consistently near the top in
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Team System Precision|Recall | Micro-F1
5nm 0.6448 [0.5205| 0.5761
1nm 0.4914 |0.5331| 0.5114
bhuang 2nm 0.6338 [0.4000 | 0.4905
3nm 0.5460 |0.4387 | 0.4865
4nm 0.6575 [0.3601 | 0.4653
droidlyx system1 0.7059 [0.7618| 0.7328
ELCardioCC_baseline|mbert_baseline 0.6959 [0.7460 | 0.7201
configl 0.2484 |0.2586 | 0.2534
pjmathematician |config2 0.2892 |0.2188 | 0.2491
config3 0.3297 [0.1732| 0.2271
greek-bert-exact-bge-m3 0.7012 [0.7328 | 0.7167
greek-bert-statistical-bge-m3| 0.7012 |0.7328 | 0.7167
svassileva greek-bert-statistical-sap 0.7012 [0.7328 | 0.7167
xlmr-exact-bge-m3 0.7079 |0.7222| 0.7150
xlmr-statistical-bge-m3 0.7079 |0.7222| 0.7150

Table 13. Performance of participating systems in the ELCardioCC Named Entity
Recognition (NER) subtask. Results are reported using micro-averaged precision, re-
call, and F1 score.

NER and EL but did not participate in MLC-X, while bhuang showed promising
results especially in classification, though with more variability.

4.6 Task GutBrainlE

Submitted runs were evaluated using micro- and macro-averaged precision, re-
call, and F1l-score, with micro-F1 used as the reference measure for the leader-
boards since it is better suited when classes are imbalanced.

We adopted a baseline employing a fine-tuned NuNER model for NER [4]
and a fine-tuned ATLOP model for all RE subtasks [46]. The baseline has also
been used to annotate the bronze collection automatically.

Tables 16-19 show each team’s top run beating the baseline for NER, TB-RE,
TT-RE, and TM-RE, respectively. The performance gap between the subtasks
is noticeable. While NER obtained a top micro-F1 of 0.84 utilizing pretrained
biomedical transformers, RE subtasks were more challenging: both TB-RE and
TT-RE peaked at approximately 0.65-0.69 micro-F1, and TM-RE reached only
0.46 micro-F1, demonstrating the added difficulty of simultaneously locating and
labeling entities and identifying relations among these.

5 Conclusions

This paper provides an overview of the twelfth BioASQ challenge. This year,
BioASQ consisted of four tasks: (1) Task 12b on biomedical semantic question
answering in English and (2) Synergy 12 on question answering for developing
problems, both already established from previous BioASQ versions, (3) the new
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Team System Precision|Recall | Micro-F1
5nm 0.5927 [0.4852| 0.5336
1nm 0.4480 [0.5000 | 0.4726
bhuang 3nm 0.4963 |0.4211| 0.4556
2nm 0.5734 [0.3677 | 0.4480
4nm 0.5945 [0.3374| 0.4305
droidlyx system1 0.6529 [0.7046| 0.6778
ELCardioCC_baseline| EL_baseline 0.6476 ]0.6942 | 0.6701
configl 0.0616 |0.0642 | 0.0629
pjmathematician |config2 0.0693 [0.0525| 0.0597
config3 0.0212 [0.0112| 0.0146
xlmr-statistical-bge-m3 0.6594 | 0.6728 | 0.6660
xlmr-exact-bge-m3 0.6585 [0.6719| 0.6651
svassileva greek-bert-exact-bge-m3 0.6548 |0.6844 | 0.6693
greek-bert-statistical-sap 0.6548 |0.6844 | 0.6693
greek-bert-statistical-bge-m3| 0.6540 |0.6835| 0.6684

Table 14. Performance of participating systems in the ELCardioCC Entity Linking
(EL) subtask. Results are reported using micro-averaged precision, recall, and F1 score.

Team System Subtask 3a (MLC) Subtask 3b (X)
P R Fl P R Fl
. . |IMLCX1_baseline| 0.9339 0.7422 0.8271 - - -
ELCardioCC baseline|\ - vo 1 coline|0.9531 0.5864 0.7261 |0.6050 0.4442 0.5122
Tnm 0.6205 0.7676 0.6863 | - N N
onm 0.5131 0.8355 0.6358| - - -
bhuang 3nm 0.5227 0.8237 0.6395| - - -
4nm 0.4572 0.8576 0.5965 | - - .
5nm 0.6947 0.8250 0.7543 | - - .
droidlyx system1 0.8569 0.8377 0.8472 - - -
w2l ch 02115 0.3421 02614| - - -
w2l_emb_la 0.2115 0.3421 0.2614| - - .
kbogas w2l la 0.2115 0.3421 0.2614| - - -
w2l _tf.ch 0.2115 0.3421 0.2614| - - §
w2l_tfidf la 0.2115 0.3421 0.2614| - - .
bimathematician | <°°1€3 0.6056 0.2257 0.3288 |0.2326 0.0932 0.1331
configh 0.5860 0.2656 0.3655| - - -

Table 15. Performance of participating systems in ELCardioCC Subtask 3a (Multi-
label Classification) and Subtask 3b (Explainable AI). Metrics include Precision (P),
Recall (R), and Micro-F1 score. A dash (—) indicates that the system did not participate
in the corresponding subtask.

task MultiCardioNER on the automatic detection of disease and drug mentions
on cardiology clinical case reports in Spanish, Italian, and English, and (4) the
new task BIONNE on biomedical nested NER in English and Russian.

The preliminary results for task 12b reveal the high performance of the top
participating systems, predominantly for yes/no answer generation, despite the
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Table 16. Performance metrics of each team’s top run beating the baseline for NER.
The best result is in bold, the second-best is underlined (micro-averaged).

Team ID Run name Precision Recall F1

GuwtUZH AugEnsemble 0.8384 0.8432 0.8408
Gut-Instincts HSeedev 0.8286 0.8480 0.8382
NLPatVCU ensemblel 0.8255 0.8488 0.8370
ICUE ensembleb-th10 0.8369 0.8294 0.8331
LYX-DMIIP-FDU EnsembleBERT 0.8020 0.8513 0.8259
ata2425ds transformer 0.7914 0.8432 0.8164
greenday IImner 0.7957 0.8278 0.8114
Graphswise-1 NERWise 0.8066 0.7955 0.8010
BASELINE NuNerZero-Finetuned 0.7639 0.8238 0.7927

Table 17. Performance metrics of each team’s top run beating the baseline for TB-RE.
The best result is in bold, the second-best is underlined (micro-averaged).

Team ID Run name Precision Recall F1

Gut-Instincts 6219eedev3re 0.6304 0.7532 0.6864
ONTUG ElectraCLEANR 0.7121 0.6104 0.6573
Graphswise-1 AtlopOnto 0.7418 0.5844  0.6538
ataupd2425-pam  DiomedNLP- 05671  0.7316 0.6389

FULL_DATASET ——

BIU-ONLP RobertaLarge 0.7453 0.5195 0.6122
BASELINE Atlop-Finetuned 0.7584 0.4892  0.5947

Table 18. Performance metrics of each team’s top run beating the baseline for TT-RE.
The best result is in bold, the second-best is underlined (micro-averaged).

Team ID Run name Precision Recall F1
Gut-Instincts 6229eedev3re 0.6280 0.7572 0.6866
ataupd2425-pam  DiomedNLP- 0.5853  0.7202 0.6458
FULL_DATASET —
ONTUG ElectraCLEANR 0.7059 0.5926 0.6443
Graphswise-1 AtlopOnto 0.7326 0.5638 0.6372
ICUE biolinkbertl_pp 0.4974 0.7860 0.6093
BIU-ONLP RobertaLarge 0.7362 0.4938 0.5911
BASELINE Atlop-Finetuned 0.7533 0.4650 0.5751

extension of the expert team with two new experts. However, room for im-
provement is still available, particularly for factoid and list questions, where the
performance is less consistent. The results of the new Phase A+ also reveal that
state-of-the-art QA approaches can achieve high performance, even without ac-
cess to manually selected relevant material. Still, providing such material leads
to answers of improved quality. This edition of the Synergy task as well, re-
vealed that state-of-the-art systems, despite still having room for improvement,
can be a useful tool for biomedical experts who need specialized information for
addressing open questions in the context of several developing problems.
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Table 19. Performance metrics of each team’s top run beating the baseline for TM-RE.
The best result is in bold, the second-best is underlined (micro-averaged).

Team ID Run name Precision Recall F1

Gut-Instincts 6239eedev3re 0.4215 0.5147 0.4635
Graphswise-1 AtlopOnto 0.4686 0.3097 0.3729
ICUE biolinkbertl_pp 0.2858 0.5054 0.3651
LYX-DMIIP-FDU BioLinkBERT 0.3682 0.3257 0.3457
ONTUG ElectraCLEANR 0.3529 0.3231 0.3373
BASELINE Atlop-Finetuned 0.4986 0.2453 0.3288

The new task MultiCardioNER presented two new challenging subtasks about
annotations clinical case reports in Spanish, English, Italian with disease and
drug mentions. Building on the work laid out in previous shared tasks like Dis-
TEMIST [27], this task introduces the nuance of creating clinical Named Entity
Recognition systems specifically for the cardiology domain. In addition, it ex-
pands the range of the task beyond Spanish by introducing a subtrack that
also involves English and Italian text. In order to do this, two new datasets are
released: the DrugTEMIST corpus, that includes drug mentions in Spanish, En-
glish and Italian in a group of clinical case reports of varied medical specialties,
and the CardioCCC corpus, a collection of cardiology clinical case reports with
disease and drug annotations. The results highlight the importance of having
data specific to the language and specialty the systems are going to be applied
in, even within domains that are already quite specific like the clinical one.

The ever-increasing focus of participating systems on deep neural approaches
and Large Language Models, already apparent in previous editions of the chal-
lenge, is also observed this year. Most of the proposed approaches built on state-
of-the-art neural architectures (BERT, PubMedBERT, BioBERT, BART etc.)
adapted to the biomedical domain and specifically to the tasks of BioASQ. This
year, in particular, several teams investigated approaches based on Generative
Pre-trained Transformer (GPT) models and Retrieval Augmented Generation
(RAG) for the BioASQ tasks.

The BioNNE task centered on extracting the eight most common biomed-
ical entities in Russian and English from PubMed abstracts while accommo-
dating potential nested structures. The top-performing approach employed a
bi-encoder framework that leverages contrastive learning to map text spans and
entity types into a common vector representation space. The performance of
pre-trained LLMs without fine-tuning exhibited significantly lower results, un-
derscoring the necessity for specialized training data.

Overall, several systems managed competitive performance on the challeng-
ing tasks offered in BioASQ), as in previous versions of the challenge, and the top
performing of them were able to improve over the state-of-the-art performance
from previous years. BioASQ keeps pushing the research frontier in biomedical
semantic indexing and question answering for eleven years now, offering both
well-established and new tasks. Aligned with the direction of extending beyond
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the English language and biomedical literature, which started with the task
MESINESP [11] and continued consistently ever since, this year BioASQ was
further extended with two new tasks, MultiCardioNER [21] and BioNNE [8]. In
addition, this year we introduced a new phase in the QA task 12b (phase A+) al-
lowing the assessment of systems that produce answers directly, without access
to manually selected relevant material. The future plans for the challenge in-
clude a further extension of the benchmark data for question answering through
a community-driven process, extending the community of biomedical experts in-
volved in the Synergy task, as well as extending the resources considered in the
BioASQ tasks, both in terms of documents types, languages, and more focused
sub-domains of biomedicine.
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