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Abstract
These working notes present the results of the submissions from team Health-NLP at the BioASQ 2026 challenge
for the BioASQ Task B on Biomedical Semantic QA (Task B) and BioASQ Task GutBrainIE on Gut-Brain interplay
Information Extraction (GutBrainIE) tasks. Question-answering and information extraction are two key tasks
in biomedical information access. Our approach to tackling these tasks as part of BioASQ was to investigate
recent state-of-the-art approaches that have seen little or no applicability to these tasks to understand how
well they generalise. For Task B, we investigate a recent LLM-based Boolean query formulation approach and
a recent approach to question-answering in the form of retrieval-augmented generation that uses document
parameterisations instead of document text to represent answer contexts. For GutBrainIE, we investigate a recent
named entity recognition model and propose a new approach to perform entity disambiguation. In investigating
these relatively new approaches for the proposed tasks in BioASQ, we highlight the limitations of these approaches
for biomedical tasks, the domain-specific adaptations that are needed to make these approaches more effective
and the future work that can be done to further improve these approaches.
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1. Introduction

Information access in bio-medicine requires domain-specific solutions that address problems where a
single model is not sufficient. Researchers and clinicians use biomedical information access systems as
an interface to address complex tasks, such as question-answering (QA) and to automate data analysis.
The BioASQ lab provides the basis for developing and evaluating such tasks. In these working notes,
we describe the Health-NLP team’s submissions to two tasks at BioASQ 2026 [1]: BioASQ Task B on
Biomedical Semantic QA (Task B) [2] and BioASQ Task GutBrainIE on Gut-Brain interplay Information
Extraction (GutBrainIE) [3].

Task B involved a retrieval phase and a question-answering stage. For the retrieval phase, we used
the AutoBool model [4] to formulate Boolean queries that we then submitted to PubMed via the Entrez
API [5]. We then re-ranked the results using MedCPT cross-encoder [6]. For the question-answering
phase, we investigated the viability of parametric retrieval-augmented generation (PRAG) [7] for
complex biomedical questions. We found that task-specific warm-ups and combining PRAG with
in-context RAG led to the best effectiveness. However, we also highlight several issues with this method
which we describe in greater detail in Section 2.

GutBrainIE involved four subtasks: named entity recognition (NER), named entity recognition and
disambiguation (NERD), mention-level relation extraction (M-RE), and concept-level relation extraction
(C-RE). For the entity and relation extraction tasks, we investigated the GLiNER2 model [8]. For the
disambiguation task, we propose a new architecture that we call Graphlinker that embeds entities
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and URIs into a shared vector space. A more detailed description of how we approached these four
challenges and our novel entity disambiguation model can be found in Section 3.

The following two sections describe the two tasks we participated in greater detail, providing related
work, a deeper description of the methodologies, and an analysis of the results.

2. Biomedical Semantic QA

The volume of biomedical literature is growing faster than researchers can keep up with, making
automated information retrieval and question-answering increasingly important. Retrieval-augmented
generation (RAG) has become the standard approach: retrieved documents are passed in the input
context to help the model answer questions. Despite its wide adoption, in-context RAG has well-known
limitations: effectiveness degrades when documents are placed in the middle of long contexts, results
are sensitive to document ordering, context length constrains how many documents can be used, and
inference cost grows quadratically with context length. Su et al. [7] propose Parametric RAG (PRAG),
which injects documents into model weights rather than the input context, to address these issues. We
compare PRAG against plain ICL and a combined approach.

Task B consists of two phases:

• Phase A: given a natural-language biomedical question, return up to 10 relevant PubMed articles.
• Phase B: given the question together with the gold relevant articles and snippets, produce both

an exact answer (e.g. a named entity for factoid questions, a list of entities, or yes/no) and an
ideal answer (a paragraph-sized summary).

Our code and the configurations to reproduce our submissions are available at https://github.com/
health-nlp/bioasq26-14b-autobool and https://github.com/health-nlp/bioasq26-14b-prag.

Related Work Literature retrieval in the biomedical domain has traditionally relied on Boolean
queries submitted to PubMed. Training models for Boolean query generation is challenging because
existing datasets are small and expert-crafted queries are often inconsistent, making them unreliable as
ground truth for supervised fine-tuning. Wang et al. [4] address this by using reinforcement learning (RL)
to train an LLM to generate Boolean queries, optimising directly for retrieval measures without requiring
target queries. AutoBool outperforms zero-shot and few-shot prompting and matches or exceeds much
larger models such as GPT-4o. For reranking, we use MedCPT [6].

For question-answering, Su et al. [7] propose PRAG, which converts each retrieved document into a
LoRA adapter through a document augmentation and fine-tuning process, then merges the adapters
directly into the model weights at inference time. This approach aims to avoid the context-length
overhead of passing documents in the input and to integrate knowledge more directly into the model’s
parameters. Qi et al. [9] show that combining parametric and in-context injection outperforms either
method alone.

2.1. Methodology

This section describes our approach to Phase A and Phase B. For Phase A we use a two-stage pipeline:
Boolean query generation for initial retrieval followed by document reranking. For Phase B we train
LoRA adapters for each gold snippet provided by BioASQ following the PRAG framework, and evaluate
it in three modes: parametric injection only (PRAG), in-context injection only (ICL), and a combination
of both (Combine).

2.1.1. Phase A: Boolean Query Generation and Reranking

Boolean Query Generation We first generate a PubMed Boolean query from the natural-language
question using AutoBool [4]. AutoBool is based on Qwen 4B. We chose the no-reasoning variant because
it obtains the highest recall, which is essential in first-stage retrieval, where we are more concerned
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with not missing relevant documents. We used the same system prompt as in the original paper. The
Boolean query is executed on PubMed’s eSearch endpoint to obtain the initial set of documents [5].

Reranking The documents obtained using the Boolean query are then reranked using MedCPT [6].
MedCPT is a cross-encoder trained on 18.3 million click-based, sentence-like query–article pairs from
PubMed search logs (single-keyword queries were filtered out), using listwise contrastive loss with
hard negatives sampled from the top results of the MedCPT retriever. It is specifically trained to handle
natural-language questions, like those in this task.

2.1.2. Phase B: Answer Generation

We compare three approaches. (1) ICL (in-context learning). The gold snippets are passed directly
in the prompt context. (2) PRAG (Parametric RAG) [7]. Document knowledge is parameterised
into LoRA adapters and injected directly into the model weights. For each gold snippet, the snippet is
rewritten once and three QA pairs are generated from its content. We then train the adapter model on
top of the base LLM using (original passage, QA1), (original passage, QA2), (rewritten passage, QA1),
(rewritten passage, QA2), and QA3 without any passage in context, for 3 epochs. The loss is computed
over the entire concatenated sequence—passage, question, and answer—so the model is also trained to
regenerate the passage content, not only to predict the answer. The resulting LoRA adapter is intended
to encode information to answer questions about the snippet. (3) Combine [9]. The gold snippets are
passed in the input context and the LoRA adapters are added to the weights.

When more than one gold snippet is used, each snippet is parameterised by a pair of low-rank
matrices 𝐴𝑗 ∈ Rℎ×𝑟 and 𝐵𝑗 ∈ R𝑘×𝑟 , whose product 𝐴𝑗𝐵

⊤
𝑗 approximates the weight update Δ𝑊𝑗 for

that snippet. The original PRAG paper merges all snippets’ updates by summing:

Δ𝑊merge = 𝛼 ·
𝑘∑︁

𝑗=1

𝐴𝑗𝐵
⊤
𝑗 (1)

where 𝛼 is the LoRA scaling factor and 𝑘 is the number of gold snippets. When 𝑘 > 1 this sum grows
proportionally with 𝑘, making the total weight update larger the more snippets are used. To keep the
update magnitude independent of 𝑘, we divide by 𝑘:

Δ𝑊merge =
𝛼

𝑘
·

𝑘∑︁
𝑗=1

𝐴𝑗𝐵
⊤
𝑗 (2)

2.2. Experimental Setup

Experiments were conducted on NVIDIA A100 or 2080ti GPUs depending on the availability of the
hardware in the cluster environment we used to perform our experiments.

2.2.1. Phase A

AutoBool was given the question and returned a Boolean query, which was sent to PubMed’s eSearch
endpoint. The result list was cut off at 8 000 IDs (4 000 for Batch 1). These IDs were then fetched from
the eFetch endpoint. The number of results returned by each Boolean query was logged. From Batch 3
onwards, results were requested sorted by relevance.

2.2.2. Phase B

The base model we used for generating responses is qwen2.5-1.5b-instruct and the augmentation
model is qwen2.5-7b-instruct.1,2 LoRA rank 2 and 𝛼 = 32 were used as in the original PRAG paper.
1https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
2https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
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yes/no Given only the QUESTION, answer the QUESTION only with ‘Yes’ or ‘No’.

factoid Extract key biomedical entities to answer the QUESTION. Answer with exactly
one highly relevant biomedical entity. Do not provide a list. Just the
entity. If no relevant entities exist, return ‘None.’.

list Extract key biomedical entities to answer the QUESTION. Return your answer as
a strict comma-separated list of entities (e.g. Entity1, Entity2, Entity3).
Do not include any other text. If no relevant entities exist, return ‘None’.

summary Answer the QUESTION by returning a single paragraph sized text (use max
50 words).

Figure 1: Templates prepended to the system prompt from Batch 3 onward to enforce the correct output format
per question type.

Training used a learning rate of 10−4 for 3 epochs. Task-specific prompt templates were introduced
from Batch 3 onward to help enforce correct output formatting; this notably improved adherence to the
required structure for factoid questions. The exact templates are listed in Figure 1.

For Phase B we only submitted ideal answers for summary questions; for yes/no, factoid, and list
questions only exact answers were submitted. The configurations compared are: (1) ICL; (2) PRAG with
1 document; (3) PRAG with 3 documents, unscaled (Eq. 1); (4) PRAG with 3 documents, scaled (Eq. 2);
and (5) Combine with 3 documents, scaled. We restrict ourselves to 3 documents because PRAG reports
effectiveness only with that many; for a fair comparison, ICL also receives the same 3 documents.

Top-3 document selection. We observed that the training dataset contains many near-duplicate
golden snippets. Selecting the three most relevant passages by cross-encoder score therefore tends to
return redundant content. To counter this, we additionally compute embeddings and apply Maximal
Marginal Relevance (MMR):

MMR(𝑝) = 𝜆 · rel(𝑝)− (1− 𝜆) ·max
𝑠∈𝑆

sim(𝑝, 𝑠),

with 𝜆 = 0.5, using cross-encoder/ms-marco-MiniLM-L2-v2 for relevance scoring and
sentence-transformers/all-MiniLM-L6-v2 for similarity.3,4

2.3. Results

2.3.1. Phase A

A pipeline of Boolean-query generation plus cross-encoder reranking performs reasonably well com-
pared to other competition systems.

Figure 2 shows the number of PubMed IDs returned by the Boolean query per question type. The
distribution is heavily right-skewed: some queries return only a few hundred documents, while others
return more than 100k and, for very general questions, over a million. Cutting off at 8 000 is therefore
likely to miss many relevant documents in the upper tail. At the same time, the long lower tail means
that many queries return only a few hundred documents to begin with.

Tables 1 and 2 report our effectiveness as evaluated by the task organisers and the recall gap to the
top-performing system per batch. Despite the aggressive 8 000-document cutoff and no LLM-based
final reranking, the system obtains relatively good recall, indicating that most relevant documents were
present within the top 8 000 results. The remaining gap is likely a reranking problem rather than a
retrieval problem: increasing the cutoff from 4 000 to 8 000 documents in Batch 2 did not improve recall

3https://huggingface.co/cross-encoder/ms-marco-MiniLM-L2-v2
4https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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Figure 2: Distribution of PubMed total document counts per question type across 260 queries from Batches 2–4.
Each violin shows a kernel density estimate (KDE) computed in log10 space using a Gaussian kernel plotted on a
log10 𝑦-axis. Individual queries are shown as jittered points; the white horizontal line marks the median.

Table 1
Phase A evaluation results (documents).

Batch System Prec Recall F MAP GMAP

1 autobool-medcpt-4000 0.0892 0.2769 0.1163 0.1696 0.0017

2 autobool-medcpt-8000 0.0721 0.2703 0.1076 0.1462 0.0008

3 autobool-medcpt-8000 0.0572 0.2263 0.0853 0.1072 0.0005

4 autobool-medcpt-8000 0.0567 0.2228 0.0853 0.1268 0.0003

Table 2
Recall of the top-performing system per batch versus ours.

Batch Top System Top Recall Our Recall Difference

1 dictycite-max-rew-sl 0.4090 0.2769 0.1321

2 dictycite-max-rew-si 0.3357 0.2703 0.0654

3 Fleming-2 0.3571 0.2263 0.1308

4 dictycite-max-rew-si 0.3698 0.2228 0.1470

(0.258 vs. 0.270), suggesting that the reranker, not AutoBool, is the bottleneck. In hindsight, using a
lower 𝛼 in AutoBool’s reward to increase precision may have been more appropriate given that many
documents were discarded by the cutoff.

One notable finding is that adding the “sort by relevance” eSearch parameter consistently worsened
retrieval effectiveness. A plausible explanation is that BioASQ questions (and the answers to those
questions) are biased toward recent topics (and results), so PubMed’s default ordering (by most recent
publication date) is a better prior than its match-count-based relevance ranking. Overall, AutoBool is
effective given its minimal setup.

2.3.2. Phase B

We compare five configurations, all using task-specific system prompts: ICL, PRAG (𝑛=1), PRAG (𝑛=3,
unscaled), PRAG (𝑛=3, scaled), and Combine (𝑛=3, scaled). Figure 3 reports results for Batches 3 and 4
across all question types.

Results are mixed across question types, and no single configuration is consistently effective. As



combine
n3-scaled

icl prag
n1

prag
n3-scaled

prag
n3-unscaled

0.0

0.2

0.4

0.6

0.8
Ac

cu
ra

cy
Yes/No (Accuracy)

combine
n3-scaled

icl prag
n1

prag
n3-scaled

prag
n3-unscaled

0.0

0.1

0.2

0.3

M
RR

Factoid (MRR)

combine
n3-scaled

icl prag
n1

prag
n3-scaled

prag
n3-unscaled

0.0

0.1

0.2

0.3

F-
m

ea
su

re

List (F-measure)

combine
n3-scaled

icl prag
n1

prag
n3-scaled

prag
n3-unscaled

0.00

0.01

0.02

0.03

R-
2 

(F
1)

Summary (R-2 (F1))

Batch 3 Batch 4
Figure 3: Phase B results for Batches 3 and 4 across all question types and configurations. Batches 3 and 4 are
the most informative since all configurations used task-specific prompt templates from Batch 3 onward.

a general trend, Combine and ICL tend to be more effective than PRAG alone, which aligns with the
finding in related work that parametric injection by itself is not sufficient [9]. PRAG unscaled is not
effective across the board. Without the scaling factor, the summed adapters over-amplify the weight
update in proportion to the number of documents, and the model often broke entirely and started
repeating fragments of the system prompt. There is no clear effectiveness difference between PRAG 𝑛=1
and PRAG 𝑛=3 scaled, leaving open the question of whether PRAG actually incorporates knowledge
from the retrieved documents or whether the adapter training merely changes the model’s output
behaviour in other ways.

Results are also subject to evaluation bias. PRAG’s adapter training encourages short, concise outputs,
which F1-based metrics reward. Part of PRAG’s apparent advantage in factoid and list tasks may
therefore reflect better output formatting rather than better understanding of the document content.
This aligns with Qi et al. [9], who note that F1 scores in this setting are biased by output structure.
These issues limit the conclusions that can be drawn from the results.

2.4. Future Work

Several directions remain for future work. For Phase A, AutoBool could be fine-tuned on BioASQ
training data rather than relying on the off-the-shelf systematic-review checkpoint, and the hard 8 000-
document cutoff could be replaced by a query-adaptive scheme. For example, combining intersecting
and union Boolean queries or tuning AutoBool’s reward parameter 𝛼 toward higher precision to better
match the reranker’s effective input size. For Phase B, an open question is whether PRAG actually
incorporates document knowledge, which could be investigated with controlled probing on synthetic
facts. Additionally, alternative adapter merging strategies that reduce inter-adapter interference, such
as TIES-Merging [10] or ARROW [11], are promising directions.



3. Gut-Brain Interplay Information Extraction

The corpus of scientific literature is growing at a pace that makes it difficult to keep up with developments.
This amplifies the existing need for structured information extraction and prompted the creation of
the GutBrainIE task at the BioASQ Lab [3]. The task specifically examines the connection between gut
microbiome and brain health with the goal of improving the state-of-the-art methods in information
extraction, semantic indexing and question-answering. In the second edition, the task poses four
subtasks:

• Named Entity Recognition (NER): Extraction and classification of entity text spans into one of 13
categories.

• Named Entity Recognition and Disambiguation (NERD): Extraction and classification of entity
text spans, with a link to one of over 3500 concept identifiers.

• Mention-Level M-RE: Identification of relationships between entity mentions.
• Concept-Level C-RE: Identification of relationships between entities linked to their concept

identifier.

For training and evaluating methods to address these subtasks, the organizers provide four data
collections of varying quality of annotation: gold (expert annotated), silver, silver2025, and bronze
(model annotated). Our code and the configurations to reproduce our submissions are available at
https://github.com/health-nlp/bioasq26-gutbrainie.

Related Work The dominant approach for NER are transformer-based models such as modifications
of BERT [12] or GLiNER [13]. Due to the specialized vocabulary in the biomedical domain these models
require fine-tuning to be effective, which lead to the development of models such as BioBERT [14] or
BiomedBERT [15]. These models can also be applied to the problem of RE by framing it as a sequence
classification problem [16, 8], though more specialized approaches such at ATLOP exist [17]. Both
saw use in the previous edition of the Lab [18], supplemented with techniques such as ensembling or
weighting training.

3.1. Methodology

This section explains our approach to the GutBrainIE task. We group the subtasks by extraction (NER
and M-RE; Section 3.1.1) and disambiguation (NERD and C-RE; Section 3.1.2) and develop models to
address them in isolation. The resulting extraction and linking models are chained to produce predictions
of linked entities and their relations for a given paper. We employ loss weighting to counteract dataset
quality and class imbalance. Finally, we ensemble by filtering to extractions that are predicted by two
or more separate pipeline configurations.

3.1.1. Entity and Relation Extraction

To jointly extract entities and relations from the title and abstract, we adopt the GLiNER2 multi-task
architecture [8]. By creating a schema that specifies the entity and relation types relevant for the task,
optionally with descriptions of each, the model extracts and classifies the input regions of interest in
a single forward pass. We train Low Rank Adaptation (LoRA) [19] weights of the model to increase
domain specific effectiveness, while preserving the generalization ability gained in pretraining. In some
cases and depending on the confidence thresholds, the model predicts text spans as in relation to one
another, which it did not recognise as entities under the specified classes. In this case, we default to
Disease Disorder or Finding (DDF) as the most common class.

To implement weighted training, we first compute a weight 𝑤𝑐 for each class 𝑐, derived from the
relative frequency 𝑓𝑟𝑒𝑞𝑐, where 𝑐 may be either an entity class or relation type, We min-max scale
the resulting weights to the range [𝑤𝑚𝑖𝑛, 𝑤𝑚𝑎𝑥] to maintain stable gradients (Eq. 4), aggregate on

https://github.com/health-nlp/bioasq26-gutbrainie


abstract level and factor in the collection quality weight 𝑤𝑠𝑝𝑙𝑖𝑡 to get a weight per sample 𝑤𝑠𝑎𝑚𝑝𝑙𝑒 (Eq. 5).
Multiplying the loss ℒ(𝑝) of a sample 𝑝 by 𝑤𝑠𝑎𝑚𝑝𝑙𝑒 yields the final training objective ℒ𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 (Eq. 6).

𝑤𝑐 =
|𝑁𝑠𝑝𝑙𝑖𝑡|
|𝐶|

· 1

𝑓𝑟𝑒𝑞𝑐
(3)

𝑤̄𝑐 =

𝑤𝑐 − 𝑚𝑖𝑛
𝑐′∈𝑁𝑠𝑝𝑙𝑖𝑡

(𝑤′
𝑐)

𝑚𝑎𝑥
𝑐′∈𝑁𝑠𝑝𝑙𝑖𝑡

(𝑤′
𝑐)− 𝑚𝑖𝑛

𝑐′∈𝑁𝑠𝑝𝑙𝑖𝑡

(𝑤′
𝑐)

· (𝑤𝑚𝑎𝑥 − 𝑤𝑚𝑖𝑛) + 𝑤𝑚𝑖𝑛 (4)

𝑤𝑠𝑎𝑚𝑝𝑙𝑒(𝑝) = 𝑎𝑔𝑔
𝑐∈𝑝

(𝑤̄𝑐) (5)

ℒ𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 =
∑︁

𝑠𝑝𝑙𝑖𝑡∈𝒟

∑︁
𝑝∈𝑠𝑝𝑙𝑖𝑡

ℒ(𝑝) · 𝑤𝑠𝑎𝑚𝑝𝑙𝑒(𝑝) · 𝑤𝑠𝑝𝑙𝑖𝑡 (6)

Where 𝑁𝑠𝑝𝑙𝑖𝑡 and |𝑁𝑠𝑝𝑙𝑖𝑡| are the set of all entities and relations, and the number of all entites and
relations in the collection 𝑠𝑝𝑙𝑖𝑡, respectively, |𝐶| is the number of entity classes and relation types, 𝑎𝑔𝑔
is the sample weight aggregation function briefly discussed in 3.3, 𝑤̄𝑐 is the scaled class weight and 𝒟
is the entire training corpus.

3.1.2. Entity Disambiguation

Reasoning over extracted knowledge from text requires the mentioned entities to correspond to their
real world counterpart. It is not sufficient to let entities be represented by their raw text span, as the span
is neither necessarily unique nor unambiguous. A natural way to approach this problem is by linking
each mention to an entry in a known knowledge base identified by a Uniform Resource Identifier (URI).
This shifts the problem of ambiguity to a problem of extreme classification over the possible entities.
Depending on the underlying knowledge base, this can quickly become intractable when framed as a
classical supervised learning problem, especially if there exist entities with few or no training examples.
For a general approach to this problem, we therefore require that it function with few examples per
class, ideally by using entity semantics rather than the URI directly, which is often meaningless on its
own.

Baseline Linking We begin by adopting the linking pipeline provided as the competition baseline.
This pipeline consists of three steps to link entity mentions. First, it checks whether an exact match
exists in the training data, that is a previous mention where both the text span and assigned class match
the mention in question; if so, it assigns the same URI. Next, it checks for a partial match, that is an
identical text span that got assigned a different entity class. If neither match, it encodes the mention
using an embedding model and compares it to cached embeddings of URIs descriptions, assigning the
URI with the highest similarity. By default, the implementation uses pubmedbert-base-embeddings
as the embedding model,5 though this is a degree of freedom as long as mentions and URI descriptions
are embedded into the same vector space. The descriptions are obtained from the Unified Medical
Language System (UMLS).

This approach works but has several limitations that we wish to address. Firstly, as noted, the
mention text span is an imperfect representation in some cases. Consider a paper discussing E. coli and
later referring to it as ‘the bacterium’. From this span alone it is impossible to determine the correct
entity URI. Regardless of whether the span has a match in the training set or is resolved by similarity, it
essentially chooses at random. It follows that injecting a context representation is necessary.

Secondly, the URI representation is entirely dependent on description embeddings. Although great
effort goes into maintaining UMLS, it is often less detailed for rare entities. Consider the entity identified

5https://huggingface.co/NeuML/pubmedbert-base-embeddings

https://huggingface.co/NeuML/pubmedbert-base-embeddings


by 2042320.6 UMLS stores a single name: Parabacteroides gordonii and no definitions. Even for domain-
specific language models like PubMedBert this is unlikely to have a well grounded embedding. Without
a description to supplement, this approach may not hold enough semantic depth to be able to resolve
aliases or abbreviations.

Finally, from an engineering standpoint it is inconvenient to require the full training set at inference.
Although manageable for the approximately 150k entity mentions in the competition dataset, it becomes
infeasible at scale.

We propose an alternative architecture, which we termGraphlinker, to resolve URIs in a semantically
richer way. Similarly to the baseline, our method embeds entities and URIs into a shared vector space
and assigns a label by proximity, but we differ in the components that influence this embedding. Figure 4
gives an overview of our proposed architecture.

Entity Embedding We aim to capture mention semantics beyond the text span. To that end, we
feed not just the span but also the class label with its description and window around mention to a
pretrained embedding model. The three vectors are concatenated and projected to a bottleneck. The
result is then projected into the shared vector and normalized.

URI Embedding To generate richer representations for URIs we consider the known relationships
between them. Recall our example of the bacterium Parabacteroides gordonii. Even though neither
aliases nor a description are available, we can learn certain attributes from the relationships it has
with other entities. We know, for example, that it changes the expression of APOEe2 alleles [20] and
influences neuroinflammation [20], that Parkinson’s disease changes its abundance [21] and that it
is part of the gut microbiome [21]. This knowledge can be incorporated through the use of message
passing in a Graph Neural Network (GNN).

We begin by constructing a concept-level graph of all relationships in the training set, where each
vertex is a URI and each edge denotes a relationship, annotated with the relation type. Each vertex is
initially positioned as the BERT embedding of its description, similarly to the baseline. We then train a
two layer graph attention network [22] to aggregate neighborhood information in a two hop radius.
To preserve the information from the initial description embedding, we add a skip connection before
normalizing. In Section 3.2 we show that similar performance can be achieved by adding self loops to
the graph. We retain the skip connections, such that the role of the GNN stays isolated to representing
the relational information.

To train the model given (entity, URI) pairs, we compute the cosine similarity 𝑠𝑖,𝑗 between an
entity embedding 𝑒𝑖 and all URI embeddings 𝑢𝑖 and apply scaled CrossEntropy loss with a learned
temperature 𝜏 (Eq. 8), inspired by Radford et al. [23]s use of the InfoNCE loss originally proposed
by van den Oord et al. [24]. At inference we cache the URI embeddings and classify by largest similarity.

𝑠𝑖,𝑗 =
𝑒𝑖 · 𝑢𝑗
𝜏

(7)

ℒℬ =
1

𝐵

𝐵∑︁
𝑖=1

[︃
−𝑙𝑜𝑔

𝑒𝑥𝑝(𝑠𝑖,𝑦𝑖)∑︀𝐽
𝑗=1 𝑒𝑥𝑝(𝑠𝑖,𝑗)

]︃
(8)

Where ℒℬ is the loss for batch 𝐵, 𝐽 is the number of URIs and 𝑦𝑖 is the correct URI for entity 𝑒𝑖.

3.2. Experimental Setup

This section describes the experimental setup. Experiments were conducted on A100 or 2080ti NVIDIA
GPUs, depending on the computational demand. The development process is composed of isolated
experiments to inform design decisions. We assume little interaction between extraction and linking
model and optimize them separately.
6http://id.nlm.nih.gov/mesh/2042320
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Figure 4: Graphlinker architecture. We embed entities and URIs into a shared vector space and employ
CrossEntropy on their similarity as a contrastive loss for classification. The entity embedding is derived from
the text span, a context window and the predicted class. The URI is embedded as its description enriched with
relationships to other URIs through application of a GNN.

3.3. GLiNER2

We explore the impact of the following hyperparameters and report our findings:

LoRA Rank 𝑟 and Scaling Factor 𝛼 We explore a range of 𝑟 and 𝛼 between 4 and 32. With the
exception of 𝑟 = 8, 𝛼 = 4, which performs noticeably worse, we observe absolute differences no
greater than 0.003 in F1. We conclude that this choice has limited impact and choose 𝑟 = 8, 𝛼 = 16
as suggested by Zaratiana et al. [8].

Learning Rate We investigate learning rates between 1𝑒−5 and 5𝑒−4 and observe F1 scores between
0.704 and 0.760 for entities and 0.100 to 0.114 for relations. Both are maximised by a learning
rate of 5𝑒−4

Sample Weight Aggregation Strategy We compare the aggregation strategies of max pool-
ing and product. Individual entity and relation weights are clamped to ranges of
[.5, 1], [1, 2], [1, 5] or [1, 10]. The result of this experiment is shown in Table 3. We conclude
that max pooling is the best strategy, as it is more stable when faced with outliers. Preventing
outliers all together by clamping to a narrow range appears to benefit both methods.

Data Quality Weight To study the effect of data collection weighting we compare unweighted to
heavily weighted training with the gold collection at 4x and silver at 2x the impact of the bronze
collection. We observe an absolute effectiveness gain of 0.04 in entity F1. For our submissions
we follow Andersen et al. [25] and adopt mild weighting of bronze at 0.75x, and gold at 1.25x the
loss per sample.

3.4. Graphlinker

We follow a similar approach for tuning the graphlinker architecture.



Table 3: Evaluating sample weight aggregation schemes.

Aggregation
Scheme

Clamp
Min

Clamp
Max

F1 Entity F1 Relation

Product 1 10 0.489 0.032
1 5 0.726 0.087
1 2 0.759 0.112
0.5 1.5 0.701 0.067

Max 1 10 0.754 0.114
1 5 0.758 0.117
1 2 0.758 0.117
0.5 1.5 0.760 0.125

Table 4: Evaluating learning rates.

Entity LR URI LR F1

𝑒−2 𝑒−2 0.492

𝑒−2 𝑒−3 0.478

𝑒−3 𝑒−2 0.556

𝑒−3 𝑒−3 0.584

𝑒−4 𝑒−2 0.648

𝑒−4 𝑒−3 0.647

Table 5
Description and scores of the submitted runs. Highest F1 on dev set is highlighted in bold, ignoring
runs trained on dev set. For full configuration of individual components see Table 6.

RunID Description Extractor Linker
F1

(NER)
F1

(NERD)
F1

(M-RE)
F1

(C-RE)

0 both best runs during exploration PREV PREV 0.6701 0.4613 0.1335 0.0725
1 both trained on dev set DEV DEV 0.6857 0.4626 0.1554 0.0840
2 extractor full finetune FULL PREV 0.6386 0.4432 0.0579 0.0154
3 LLM as entity embedder for linking PREV LLM 0.6701 0.4330 0.1335 0.1020
4 best extractor, baseline linking PREV BASE 0.6701 0.5691 0.1335 0.1601
5 retrain with all optimizations FIN FIN 0.6523 0.5084 0.1115 0.1478
6 extractor trained on dev, baseline linking DEV BASE 0.6857 0.5525 0.1554 0.1451
7 extractor overfit OFIT DEV 0.7347 0.4751 0.2459 0.1653
8 extractor overfit, baseline linking OFIT BASE 0.7347 0.6040 0.2459 0.2442
25 ensemble of other predictions - - 0.6943 0.5477 0.1546 0.1952

Learning Rates The results in Table 4 suggest that the entity branch quickly converges, requiring a
lower initial learning rate than the URI branch.

Quality Weight Our findings for this parameter are noisy. We vary the bronze weight between 0.2
and 1, and gold between 1 and 2. We find no consistent pattern in the results, but choose the
configuration which yields the highest validation F1: bronze-0.5, gold-1.

Embedding Dimensions We run a gridsearch of dimensions between 64 and 256 for entity-, URI and
shared embedding dimension. The results are again noisy. A larger entity bottleneck is positively
correlated (Pearson’s 𝑟: 0.313) with higher F1, while the opposite is true for the uri bottleneck
(𝑟: -0.226). We pick the best performing (shared, uri, entity) combination of (256, 64, 128).

Context Window Size We experiment with a context window size between 0 and 1000 characters
around each mention and find context size to be negatively correlated with better F1 (𝑟: -0.648)
with the most effective model scoring at 0.57 F1 with no context, around 0.02 higher than models
with 100 or more characters of context. We attribute this to the fact that the Small Language
Model (SLM) used to encode the context does not have the expressive power to extract the
relevant information from context in a way that is specific enough to the entity mention to aid
in classification. To remedy this, we experiment with a specifically prompted Large Language
Model (LLM) but find no significant improvement.



Table 6
Configurations of individual components.

Extractor LoRA 𝑟 Sample Weighting Quality Weights Learning Rate Epochs
[dev, gold, silver, bronze]

PREV 8 false [0, 1.5, 1, .5] 5𝑒−4 11
FULL full false [0, 1, 1, 1, 1] 1𝑒−4 25
FIN 8 true [0, 1.25, 1, .5] 1𝑒−4 7
DEV 8 true [1.25, 1.25, 1, .5] 1𝑒−4 6
OFIT 8 true [1.25, 1.25, 1, .5] 1𝑒−4 50

Linker Embed. Dimension Learning Rates Quality Weights Text Embedder Epochs
[shared, entity, uri] [𝜏 , entity, uri] [dev, gold, silver, bronze]

PREV [128, 128, 128] [5𝑒−3, 1𝑒−4,1𝑒−2] [0, 1.25, 1, .75] pubmedbert 3
LLM [128, 128, 64] [5𝑒−3, 1𝑒−4,1𝑒−2] [0, 1.25, 1, .5] Qwen3-4B 24
FIN [256, 128, 64] [5𝑒−3, 1𝑒−4,5𝑒−3] [0, 1.25, 1, .5] pubmedbert 12
DEV [128, 128, 64] [5𝑒−3, 1𝑒−4,5𝑒−3] [1.25, 1.25, 1, .5] pubmedbert 11

3.5. Results

We propose a modular pipeline for entity extraction, linking and relationship classification that incorpo-
rates information from mention context and relational structure between entities to make predictions,
thereby addressing several conceptual shortcomings of the competition baseline. Table 5 shows the
configurations we submit, alongside their evaluation on the dev set. The table references identifiers for
specific runs. The hyperparameter choices corresponding to these identifiers are listed separately in
Table 6.

In the final evaluation our extraction component lags behind the baseline with a micro F1 of 0.725 vs.
0.799 and 0.186 vs. 0.388 in the NER and RE subtasks, respectively [3]. Despite the worse extractions,
the graphlinker architecture is more effective than the baseline on the NERD subtask with a micro F1
of 0.478 vs. 0.439 and is almost as effective as the linked RE with 0.125 vs. 0.134. The latter reduces
the relative effectiveness decline from 52% to less than 9%, demonstrating a much better raw linking
effectiveness.

4. Conclusion

In these working notes, we present the results of the submissions from team Health-NLP on two tasks at
the BioASQ 2026 lab: BioASQ Task B on Biomedical Semantic QA and BioASQ Task GutBrainIE. Through
these tasks, we investigate how well recent state-of-the-art approaches generalise to the biomedical
domain. Our investigation highlights several limitations of these approaches and the domain-specific
adaptations used to make them more effective, such as implementing scaled PRAG for weight merging
and MMR for diverse document selection in Task B on Biomedical Semantic QA, and, hyperparameter
tuning for GLiNER2 architecture for the BioASQ Task GutBrainIE. We highlight several promising
directions for the future work that can further improve these approaches.
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The authors used generative AI tools for minor result analysis and spelling and grammar checking.
Claude Sonnet 4.6 was used to help rephrase paragraphs to improve clarity, conciseness, and style.
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