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Abstract
In this paper, we introduce GutHub, a comprehensive extraction pipeline developed for the CLEF 2026 GutBrainIE
task, addressing Named Entity Recognition (NER), Named Entity Disambiguation (NERD), and Relation Extraction
at both the mention (M-RE) and concept (C-RE) levels. The primary obstacle in this domain is navigating extreme
class imbalances across a multi-tiered training corpus that ranges from massive, noisy auto-generated text to
sparse, expert-curated data. To overcome this, GutHub employs a stacked transformer ensemble combining
domain-specific and zero-shot models to mitigate label bias. For disambiguation, SapBERT dense retrieval paired
with a Mini-LM reranker trained on the MS-MARCO dataset outperformed several domain-specific alternatives.
For mention-level relation extraction we combined class-specific confidence thresholding, deterministic heuristic
pruning, and negative sampling. We then mapped the mention-level relations to unique URIs to output the
concept-level relations. On the official test set, the micro-F1 scores achieved for each subtask were 0.7893 (NER),
0.3497 (NERD), 0.4029 (M-RE) and 0.1295 (C-RE).
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1. Introduction

For decades, the gut and the brain have been treated as separate entities. However, recent breakthroughs
have uncovered a complex, bidirectional relationship between them, which is referred to as the gut-brain
axis. Understanding this interplay is essential for improving well-being and treating conditions such
as Alzheimer’s, Parkinson’s disease, mood disorders, and chronic pain. Yet, keeping pace with these
discoveries is a massive challenge [1, 2]. The PubMed database now contains over 39 million citations,
with approximately 1.7 million new entries added in the past year alone [3]. To assist researchers in
managing this data influx, natural language processing (NLP) offers a powerful solution.

Within this context, the laboratory BioASQ [4] actively does research within this specific field and
hosts tasks such as GutBrainIE [5] leveraging transformer-based models to automatically extract critical
insights from biomedical literature. The GutBrainIE task consists of four subtasks:

• Subtask 6.1.1 - Named Entity Recognition (NER): The first task focuses on Named Entity
Recognition, which identifies and classifies text spans within PubMed abstracts into one of 13
predefined labels. These entity mentions can range from single words to multi-word text spans
representing specific biomedical concepts.

• Subtask 6.1.2 - Named Entity Recognition and Disambiguation (NERD): NERD detects
entity mentions, classifies their label, and maps each to a unique concept identifier, giving experts
the precise semantic meaning of every entity.
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• Subtask 6.2.1 - Mention-Level Relation Extraction (M-RE): M-RE addresses Relation Ex-
traction (RE), aiming to identify semantic connections between entities based on a schema of 17
distinct predicate relations.

• Subtask 6.2.2 - Concept-Level Relation Extraction (C-RE): C-RE involves identifying rela-
tionships between the biomedical concepts themselves.

The challenge provides a training corpus comprising PubMed titles, abstracts, and annotations for
each task. The data is organized into three quality tiers: Bronze, Silver, and Gold. The Bronze dataset is
the most extensive, containing over 2,972 documents. However, as it was automatically annotated using
fine-tuned GLiNER (NER) and ATLOP (RE) models, it exhibits the highest noise level. The Silver dataset
serves as an intermediate tier, consisting of 1,310 documents annotated by 95 trained students under
expert supervision. This tier is divided into the 2025 dataset (499 documents) and the 2026 dataset (811
documents). The primary distinction between them is that concept-level relations in the 2025 dataset
were automatically generated, whereas the 2026 dataset was manually annotated by students. Finally,
the gold dataset represents the ground-truth, comprising 639 documents manually curated by 13 expert
annotators. A held-out test set, derived from the gold collection, is also provided for model evaluation.

The varying quality tiers of the GutBrainIE corpus present a significant challenge for information
extraction. Relying solely on the expert-curated Gold dataset restricts the volume of training data,
rendering models prone to overfitting and bias. Conversely, carelessly fine-tuning on the generated
annotated Bronze dataset without proper reflection of the included risks could introduce noise and
degrade extraction accuracy.

Furthermore, class imbalance within the annotations must be addressed. For instance, in the Gold
dataset, a label such as ’DDF’ heavily outnumbers labels like ’Food’ (6,909 vs. 271 instances). When
framing NER as a token classification problem, this extreme class imbalance creates a strong bias for
fine-tuned models toward majority labels, degrading their ability to generalize and accurately classify
underrepresented entities. Beyond the dataset’s complexities, the rapid surge of specialized biomedical
transformers makes choosing the optimal foundation overwhelming, requiring a systematic comparison
for the selection of our extraction pipeline.

To address the challenge, this paper presents a multi-stage extraction pipeline. For NER, we mitigate
the inherent biases of individual models by fine-tuning an array of biomedical transformers and fusing
their predictions through a confidence-scaled XGBoost stacking ensemble. To disambiguate these
entities, we employ a two-stage retrieval architecture that pairs SapBERT for dense candidate retrieval
with a Mini-LM cross-encoder for semantic reranking. Finally, our RE approach tries to combat the
class imbalance by employing hard negative sampling and loss weighting during training. During
inference, we use class-specific thresholding and a heuristic pruning pipeline that deterministically
removes invalid relationships, such as self-referencing and nested entity overlaps.

2. Related Work

The rapid advancement of NLP has significantly expanded the domain of biomedical information
extraction. In this section, we review the foundational literature that informs our proposed approach.

2.1. Biomedical Language Modeling

Since the introduction of transformers, the landscape of NLP has fundamentally changed [6, 7, 8].
Specifically, bidirectional encoders such as BERT have achieved state-of-the-art performance across
various NLP domains since their release. To address the domain-specific challenge of biomedical NLP,
BioBERT was introduced as a model specialized for the biomedical field and pre-trained on a large
corpus of PubMed abstracts and PMC articles [9]. While this model established new benchmarks for
various biomedical NLP tasks, it has since been improved upon by more advanced domain-specific
models.



The recent surge in new AI models can make selecting the right tool for specific tasks overwhelming.
To cut through the noise, we have put together a comparison of the most compelling models. Specifically,
models that are pre-trained on biomedical corpora and deliver strong performance in NER.

BioLinkBERT [10] treats the pretraining corpus as a graph of documents connected by citations
and hyperlinks, rather than as a collection of independent texts. During pretraining, linked documents
are placed within the same context window, enabling the model to learn cross-document relationships
in addition to intra-document context. Although it was trained on the same 21GB PubMed corpus
as PubMedBERT, this link-aware pretraining objective allows it to capture richer inter-document
dependencies from the same underlying data.

BioClinical ModernBERT [11] builds on the ModernBERT [12] base model, an optimized variant
of the BERT architecture. It underwent continued pre-training on 53.5 billion biomedical tokens drawn
from 20 datasets. Unlike the 512-token context window of most encoder models, ModernBERT supports
an 8,192-token context, substantially extending the amount of text it can process at once. The model
also uses an expanded vocabulary of 50,368 tokens, compared to BERT’s 30,000.

GLiNER-BioMed [13] is a pre-trained model of the GLiNER architecture [14], specifically optimized
through training on extensive biomedical corpora. Unlike traditional NER models that are constrained
by a fixed set of entity types, GLiNER-BioMed is optimized for zero-shot recognition. Rather than
framing NER as a sequence-labeling task constrained to a fixed set of entity types, its architecture
formulates entity extraction as a bidirectional matching problem, enabling it to identify entity types
not seen during training at inference time without further fine-tuning.

BioELECTRA [15] differs from models such as BioBERT in two respects. Whereas BioBERT is
first pretrained on general-domain text before adaptation to biomedical corpora[9], BioELECTRA is
pretrained exclusively on biomedical data, yielding a stronger native representation of domain-specific
terminology. In addition, rather than masked language modeling, BioELECTRA employs Replaced
Token Detection, which uses two networks: a generator that substitutes selected tokens with plausible
alternatives, and a discriminator that predicts, for every token in the sequence, whether it is original
or replaced. Because the discriminator evaluates all tokens, the model learns from the entire input
sequence.

PubMedBERT [16] is pretrained from scratch on PubMed abstracts and full-text articles using
a domain-specific vocabulary. This vocabulary allows complex biomedical terms to be represented
without fragmentation into uninformative subword units, providing a more accurate baseline for
domain-specific tasks.

OpenMed NER [17] focuses on training efficiency rather than on introducing new model architec-
tures. It adapts existing base models, such as PubMedBERT, using a two-step pipeline. First, it applies
Domain-Adaptive Pre-Training (DAPT) on a medical corpus to acquire domain-specific language. It then
employs Low-Rank Adaptation (LoRA) to fine-tune the model for the entity extraction task. Through
LoRA, the framework freezes the underlying model and updates less than 1.5% of the total parameters.

Table 1
Comparison of Biomedical Language Models for the GutBrainIE 2026 Challenge

Model Unique Innovation Context Window Zero-Shot capabilities

BioLinkBERT Document-relation prediction
(graph-based)

512 tokens No

BioClinical ModernBERT Expanded vocabulary size 8,192 tokens No

GLiNER-BioMed Bidirectional matching 512 tokens Yes

PubMedBERT Custom medical dictionary 512 tokens No

BioELECTRA Replaced Token Detection 512 tokens No

OpenMed NER Applied DAPT and LoRA 512 tokens No



2.2. Fine-Tuning and Output Optimizations

In parallel to architectural advancements, Low-Rank Adaptation (LoRA) has emerged as an efficient
fine-tuning methodology for transformer models [17, 18, 19]. Instead of updating all model weights
during fine-tuning, which risks “catastrophic forgetting” [20], LoRA freezes the base model and routes
new knowledge through low-rank adapter modules. By updating only a small fraction of the parameters,
LoRA substantially reduces the computational cost of fine-tuning relative to full-parameter updates,
enabling more extensive testing and hyperparameter optimization.

2.3. Ensemble Learning and Aggregation Strategies

The primary objective of ensembling is to mitigate individual model biases and reduce the risk of
overfitting, yielding a system substantially more robust than any single-model baseline [21]. In the
context of biomedical Information Extraction (IE), the literature highlights several ensembling strategies:

• Majority voting: This technique aggregates predictions from multiple heterogeneous sources
by assessing the label that receives the majority of votes across the ensemble [22, 23].

• Seed Averaging: This method consists of training multiple identical model architectures using
different random seed initializations and averaging their predictions to reduce variance, while
producing a more stable output [22, 24].

• Rule-Based Ensembling: Historically, NLP on rule-based frameworks relied on grammar
production and finite-state automata. This methodology has been adapted as a class-specific
strategy that leverages the strengths of individual models by prioritizing the prediction of the
model with the highest historical accuracy for a given label [25].

• Stacking Generalization (Meta-Classification): This technique employs a secondary machine
learning model (a meta-classifier) to aggregate the outputs from diverse base architectures. Rather
than relying on fixed voting rules, the meta-classifier uses the continuous probability distributions
of the base models as its input feature matrix [26].

3. Data Analysis

This section will explore the four data collections provided by the organizers to inform our preprocessing
decisions. Specifically, we analyze the distribution of entities and relations relative to document length
and identify potential outliers. Furthermore, we investigate noise in the Bronze dataset and introduce a
strategy for outlier detection.

3.1. Feature & Label Distributions

Figure 1 shows the distribution of class labels in all collections, revealing a heavy class imbalance.
The dataset is heavily dominated by the DDF (Disease, Disorder, or Finding) (36.6%) and chemical
(14.7%) classes, which together comprise over 50% of all annotations. In contrast, food, gene and
statistical technique make up only 1.7%, 1.5% and 1.5% of the annotations, respectively. This imbalance
could become a challenge for NER. Without intervention, we risk our model being biased towards the
dominating classes, meaning it would achieve high accuracy on DDF and chemical entities but suffer
from low recall on the underrepresented classes.

Figure 2 (left) shows the distribution of entity counts relative to document length (word count) across
all collections. The words are counted by concatenating the article’s title and abstract and splitting
by whitespace. We observe that both the median entity-per-word rate (≈ 0.13) and the interquartile
range are relatively similar across all four collections. This suggests that the overall rate of entities per
word is relatively consistent across the collections. There are, however, some outliers in the Bronze,
Silver, and Silver 2025 collections, but none exceed an entity-per-word rate of 0.30. Notably, the Gold
collection has zero outliers and is bounded at ≈ 0.25 entities per word.



Figure 1: Overall distribution of entity classes. Percentages represent the frequency of each label across all
combined collections.
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Figure 2: Distribution of entity counts (left) and relation counts (right) relative to article word counts, across
the Bronze, Silver, Silver 2025, and Gold collections.
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Conversely, looking at the relations-per-word rate, shown in Figure 2 (right), we observe higher
variance. The Silver 2025 dataset features the most outliers, reaching up to 1.75 relations per word.
In contrast, the Bronze, Silver, and Gold collections have tighter distributions with maximum outliers
rarely exceeding 0.30. Despite the high variance in the Silver 2025 dataset, it is worth noting that the
median relation-per-word rate is relatively low across the collections (≈ 0.05).

It can also be observed in Figure 2 (right) that a subset of articles across all collections contain zero



annotated relations. Specifically, in the Gold collection, 43 articles (corresponding to ≈ 6.7%) have no
relations annotated.

3.2. Bronze Annotation Quality

We reviewed a sample of the AI-annotated Bronze dataset to examine whether it was subject to
annotation noise and discovered issues with some labels. An example is the annotation for PubMed
ID 35931825, which has “B” labeled as an anatomical location with a URI code that corresponds to
dementia. These types of misclassifications demonstrate that the Bronze dataset is inherently noisy
and should be used with caution. However, as the dataset makes up a significant part of the total data
volume, completely discarding it would result in a significant loss of information. Consequently, we
must introduce techniques that allow us to draw meaningful benefit from it despite its inherent noise.

3.3. Outlier Detection

The Gold dataset serves as our most reliable example of correct annotations and was therefore used to
establish an upper boundary for outlier removal. To estimate the true population maximum for word,
entity, and relation counts, we applied the minimum-variance unbiased estimator for a discrete uniform
distribution. For each metric, the population maximum 𝑁̂ was calculated using the formula:

𝑁̂ = 𝑚+
𝑚

𝑘
− 1

where 𝑚 is the maximum observed count in the Gold dataset and 𝑘 is the total number of documents
in the Gold sample (𝑘 = 639).

This calculation yielded maximum thresholds of 585 words, 84 entities, and 86 relations. We applied
an OR condition to these criteria, meaning any document in the Bronze, Silver, or Silver 2025 collections
that exceeded any of the three thresholds was flagged as an outlier.

Applying this threshold to the Bronze, Silver, and Silver 2025 collections isolated 25 outliers. A
qualitative review of these instances revealed them to be primarily annotation anomalies, e.g., annotating
the same relations for every synonym of a word on a document level. Consequently, these 25 documents
were removed from the training corpus.

4. Methodology

In this section, we present the extraction pipeline to address the GutBrainIE task. The architecture
operates sequentially, beginning with NER, where a meta-classifier extracts entity mentions. These
mentions are then mapped to knowledge base concepts by the NERD module, using a two-stage dense
retrieval and reranking approach. RE establishes document-level semantic connections between these
entities, employing entity marking, class-specific thresholding, and heuristic pruning. Lastly, C-RE maps
entities within these predicted relations to their corresponding URIs to output the final concept-level
relationships.

4.1. Named Entity Recognition

Due to the specific problem domain and high complexity of the GutBrainIE corpus, relying on single
model architectures limits extraction capabilities. The data distributions used to pre-train individual
models can introduce inherent biases, concurrently creating blind spots on aspects with less training
data. To overcome this performance hurdle, we chose to approach NER by fine-tuning a wide array
of specialized base models and fusing their predictive distributions using a gradient boosting meta-
classifier.



4.1.1. Base Models and Training Strategy

To capture a wider semantic representation of the text, we leverage a set of base architectures, including
various biomedical BERT variants (PubMedBERT [16], BioLinkBERT [10], BioELECTRA [15], BioClinical
ModernBERT [11], and OpenMed-NER [17]) alongside the zero-shot generalized model GLiNER [14, 13].

We framed NER as a token classification task. To reduce the usage of computational and temporal
resources for full fine-tuning and to establish a robust baseline to track improvements, we initially
evaluated each pre-trained model using the “Linear Probing” technique [27]. In this approach, the entire
base network is frozen to preserve its original weights, and only a newly initialized classification head is
trained to map the contextual embeddings to the target labels. The primary objective of this phase was
to evaluate how well the out-of-the-box models could adapt to the highly specific entity distributions of
the GutBrainIE corpus. This isolated evaluation provided a concrete baseline to determine the necessity,
and eventual impact, of deeper full-network fine-tuning.

Furthermore, NER introduced alignment challenges during inference. Models utilizing Byte-Pair
Encoding (BPE) [28] or WordPiece [29] tokenizers frequently absorb leading or trailing whitespace
into subword tokens. Often, this can lead to character index misalignment when mapping from
predicted tokens back to the original text. To avoid any alignment errors when using CLEF evaluation
metrics, we implemented a dynamic boundary correction algorithm during post-processing, which
strips whitespaces from the decoded text spans and calculates the absolute character start and end
indices, ensuring precise alignment with the originally set document boundaries.

4.1.2. Ensemble

We initially considered rule-based majority voting ensembles, as it is a popular approach for multi-
model architectures. However, static voting systems struggle to account for the varying domain
expertise of different architectures. For example, one base model may be trained on specific data and
excel at extracting complex chemical compounds, while another shows strong metrics in recognizing
disease entities. Because majority voting treats all predictions with equal weight in a democratic
manner, it works well for generalized models but effectively handicaps the impact of highly specialized
architectures. [30]

To address this, we developed a stacking ensemble utilizing an XGBoost Meta-Classifier [26]. It takes
a feature matrix of base model predictions as its input and outputs the final entity label. To generate
this feature matrix, we implemented a confidence-scaled one-hot encoding strategy. For any given
text span, we extracted the inference prediction and its associated confidence score from each fully
fine-tuned model. We one-hot encoded these predictions, but instead of passing a binary value for the
chosen label, we inserted the model’s exact confidence score. This creates a feature matrix where the
values directly represent how certain each model was about its prediction.

To avoid training the meta-classifier directly on in-sample training data, we generated the feature
matrix using base-model predictions on the development dataset. Before constructing the candidate set,
we sanitized outputs from each individual model. Varying architectures utilize different tokenization
schemes (e.g., Byte-Pair Encoding [28] or WordPiece [29]), and some models include leading or trailing
whitespaces within their predicted character offset. We stripped these whitespaces and recalculated
the absolute start and end indices. This standardization ensures that tokenization differences do not
prevent models from aligning on the exact entity boundary.

The common set of candidate text spans was then constructed by taking the union of all these sanitized
span boundaries predicted by any of the base models. To build the feature matrix, we structured the
data such that every unique candidate span generated a single row, and every base model was assigned
its own dedicated feature column. If multiple models predicted the same text span and indices, they
populated the same row, inserting their confidence scores into their respective columns. However, if
boundaries or text spans do not strictly match, we do not attempt to merge them. Instead, we place
them in separate rows in the matrix. In cases where a base model did not predict the given candidate
span, its feature matrix column for that row was assigned a confidence score of 0.0. By evaluating



these confidence distributions against ground truth, the meta-classifier learned to perform final label
assignment and span rejection by filtering out incorrect boundaries.

The XGBoost algorithm builds decision trees to dynamically learn the niche blind spots and patterns
of each base model. To find the best configuration for the classifier, we used a random search technique
to test different sets of hyperparameter combinations, such as maximum tree depth and learning rate.
The motivation behind this was to find the settings that reach the highest overall micro-F1 score without
memorizing the training data. The evaluation was done by using 5-Fold Cross-Validation [31] on
out-of-sample development dataset, ensuring a robust baseline before generating final predictions on
unseen test data.

4.2. Named-entity Recognition and Disambiguation

Given a document containing extracted text spans of named entities, the objective is to map each entity
mention to a Uniform Resource Identifier (URI, also referred to as a concept) within a knowledge base.
To achieve this, we adopt the retrieve-and-rerank paradigm that is well established for entity linking
and dense retrieval [32, 33], in which a lightweight first-stage retriever narrows a large candidate space
that is subsequently reordered by a more expensive second-stage model. The first stage consists of
dense retrieval, where we use a bi-encoder to map entity mentions and knowledge base URIs into a
shared vector space to efficiently fetch a broad set of likely candidates. The second stage performs
reranking, applying a cross-encoder to evaluate and sort this smaller pool of candidates to determine
the match. Figure 3 shows a visualization of the proposed architecture.

Figure 3: Overview of the proposed two-stage NERD architecture. For each entity extracted during the NER
phase, the system first queries a FAISS index to perform dense retrieval, returning the top-𝑘 candidate concepts.
In the second stage, a reranker evaluates this subset of candidates to determine and output the final predicted
concept.
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output
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4.2.1. Preprocessing

Prior to inference, the knowledge base must be prepared. The organizers provided a comprehensive
dataset consisting of text spans mapped to their corresponding URIs. For each URI labeled in the training
data, we send a request to that URI and embed all the synonyms retrieved in the response. We initially
hypothesize that including all training datasets in the knowledge base will yield the best performance
by accommodating a larger vocabulary of entities. However, as established, the Bronze dataset is prone
to noise, and we therefore evaluate whether including it helps or hinders retrieval accuracy in section
5.3. To construct the retrieval index, every text span in this dataset is passed through SapBERT [34]
to generate dense vector representations. SapBERT is an SOTA (State of the Art) transformer model
that is pretrained on the biomedical knowledge graph of UMLS [35]. These vectors then undergo 𝐿2

normalization and are stored in a FAISS [36] index.



4.2.2. Dense Retrieval and Reranking

In the first stage, we use SapBERT to generate the embeddings for each entity mention. For a given
entity mention text 𝑥, we process the sequence through the SapBERT tokenizer and model. We extract
the representation of the [CLS] token from the final hidden layer and apply 𝐿2 normalization to
generate a dense vector embedding 𝑒. This query vector 𝑒 is then evaluated against the pre-computed
ANN index. The system retrieves the top-𝑘 candidate URIs and passes them to the reranking model.

For each retrieved candidate 𝑐 ∈ 𝐶𝑘, we extract its textual name 𝑐name. We concatenate the original
entity mention 𝑥 and the candidate text into a single sequence. The cross-encoder processes this
sequence and returns a similarity score 𝑠𝑐:

𝑠𝑐 = CrossEncoder(𝑥, 𝑐name)

The candidate that maximizes this cross-encoder score is selected as the final match. The correspond-
ing URI for this optimal candidate 𝑐* is then assigned to the entity mention:

𝑐* = argmax
𝑐∈𝐶𝑘

𝑠𝑐

4.3. Relation Extraction

Following the initial NER and NERD phase, the identified entities are passed to our RE pipeline. We
formulate the RE task as a document-level sequence classification problem. Rather than classifying a
single token, the model ingests the full document context containing the identified entity pairs and
predicts a single, document-wide predicate to classify the relationship between them.

4.3.1. RE Preprocessing

Before performing RE, the data must be preprocessed to explicitly highlight the target entity pairs for
the model. This is achieved using the entity marker technique [37]. Rather than the model evaluating
the entire text uniformly, these markers force the Transformer’s self-attention mechanism to focus on
the specific relationship between the target pair. Specifically, for a given candidate pair, we surround the
subject entity with [E1] and [/E1] tags, and the object entity with [E2] and [/E2] tags. Because this
is a document-level relation extraction task, we generate every possible combinatorial pair of entities
within the document, in both directions, and apply this entity marking technique to each pair.

4.3.2. Inference and Class-Specific Thresholding

Even with preprocessing and loss-weighting strategies during training, relying on a standard classifica-
tion approach during inference, where the model outputs the class with the highest probability (the
standard argmax), proved to be flawed for our case. Standard inference forces the model to commit to a
prediction even under high uncertainty. In heavily imbalanced datasets, this behavior induces a large
volume of false positives that significantly degrades overall performance.

To mitigate this, we implemented a class-specific decision threshold strategy. Rather than accepting
the top prediction from the model, we extracted the per-class probabilities using a Softmax activation.
A predicted predicate is accepted only if its probability exceeds a relation-specific threshold. Otherwise,
the pair defaults to the “No Relation” label.

The thresholds were calibrated exclusively on the development set by inspecting the per-class
precision and recall of each relation. The calibration followed a simple heuristic. Relations exhibiting
high precision but low recall were assigned lower thresholds to admit more predictions, whereas
relations exhibiting low precision but high recall were assigned higher thresholds to suppress false
positives. Relations not requiring adjustment retained a default threshold of 0.80. The resulting
thresholds are reported in Table 2.



Table 2
Class-specific confidence thresholds applied during RE inference, calibrated on the development set. Predicates
not individually tuned use the default threshold of 0.80.

Predicate Threshold

Compared to 0.99
Change abundance 0.99
Produced by 0.96
Is a 0.95
Located in 0.90
Interact 0.88
Target 0.85
Is linked to 0.85
Part of 0.85
Administered 0.85
Change effect 0.80
Affect 0.80
Impact 0.80
Change expression 0.80
Influence 0.75
Used by 0.75
Strike 0.65

This procedure deliberately trades recall for precision on the most error-prone relations. For example,
“compared to” and “change abundance” initially exhibited near-zero and low precision, respectively.
Assigning them a high threshold of 0.99 strongly suppresses their predictions, sacrificing recall on
these classes in exchange for a substantial reduction in false positives that would otherwise dominate
the micro-averaged score.

4.3.3. Post-Processing and Heuristic Pruning

While class-specific thresholding successfully mitigated some of the false positives, neural networks
inherently lack logical reasoning capabilities and often struggle to resolve structural inconsistencies
between entity pairs [38]. Due to this, the model occasionally predicted relations that passed the
confidence threshold but were logically or structurally invalid within the context of the GutBrainIE
corpus. To address this challenge, we implemented a deterministic post-processing pipeline that
explicitly enforces semantic constraints over the neural network’s outputs. We designed a pruning
stage to remove these invalid predictions using the following heuristic rules:

• Self-Referencing: The model can predict interactions between an entity and itself, usually when
the text spans were marked multiple times in a longer, complex sentence. Any predicted relation
where the subject text string identically matched the object text string was discarded.

• Nested Entity Overlap (NER Artifacts): Due to artifacts originating from the NER stage,
overlapping or nested entities would sometimes get passed to the RE pipeline. If the text span of
one entity was completely contained in another entity’s text span (e.g., “gut microbiome” and
“microbiome”), the relation was removed. To prevent the deletion of short acronyms, this rule
was enforced only on strings that are longer than three characters.

By applying these pruning rules, we deterministically removed impossible False Positives that evaded
threshold checks and improved the micro-F1 score further.

4.3.4. Class Imbalance

The application of our entity marking technique described in section 4.3.1 resulted in a quadratic,
𝑂(𝑛2), expansion of the dataset per document. This explosion introduced two significant challenges:



prohibitive computational costs during training and a severe class imbalance, as the vast majority of the
generated candidate pairs did not possess a valid semantic relation. To address this, we implemented a
two-stage reduction strategy.

First, we utilized the strict dictionary of permissible entity interactions that was given by the orga-
nizers. We then said that any candidate pair whose entity types do not form a valid relation pathway
(e.g., an interaction between a “bacteria” and a “biomedical technique”) is immediately discarded. This
rule serves as the primary filter, drastically reducing the initial search space by eliminating logically
impossible samples.

Second, we used negative sampling on the negative candidate pairs. By artificially constraining the
ratio of negative to positive candidate pairs, negative sampling effectively downsized the training data
to a computationally feasible volume. To ensure the quality of negative samples, we applied a strict
maximum distance of 60 words between entities. As 95% of valid relations fall within this threshold,
this filter guarantees that our negative pool consists of “hard negatives” that share a realistic linguistic
context. We note that this distance filter was intended to apply only to the negative pool. However, in
our submitted system, it was inadvertently applied to the positive samples as well, excluding the small
fraction of valid long-range positive pairs from training. We quantify the effect of this in Section 5.4.2.
Furthermore, even after applying negative sampling with a 10:1 negative-to-positive ratio, the model
was still too eager to default to the “No Relation” label, essentially ignoring the positive classes. To fix
this, we had to introduce a strict penalty for missing true relations. By applying a 10x penalty multiplier
to all positive labels and a 0.5x multiplier to the negative label, we forced the model to actively look for
entity interactions and make positive predictions instead of over-predicting the negative class.

4.3.5. Concept-level Relation Extraction

The C-RE subtask serves as the final layer of our information extraction pipeline. M-RE provides the
identified mention-level entity pairs alongside their predicted predicate label. The NERD pipeline
provides the unique URIs mapped to those exact entity spans. C-RE relies on a deterministic mapping
of mention-level relations to their corresponding URIs obtained from the NERD pipeline. By mapping
the entities to their respective URIs, we generated concept-level tuples. These tuples were subsequently
deduplicated per document to output only unique C-RE relations, since this was a requirement from
the organizers.

Figure 4: System architecture for concept-level relation extraction.
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5. Experiments

This section details the hardware setup and software environment, followed by a comprehensive
performance evaluation of the NER, NERD, and RE pipelines on both the development and test sets.
Unless stated otherwise, all results reported in this section are computed on the official development set,



for which ground-truth annotations were available to participants. The final test-set scores, computed
solely by the organizers on the held-out data, are reported separately in Section 5.5.

5.1. Experimental Setup

All computational experiments were conducted on a high-performance mobile workstation. The
hardware configuration included an Intel Ultra 9 275HX CPU, 32GB 6400MHz DDR5 RAM and an
NVIDIA GeForce RTX 5080 16 GB VRAM GPU.

To ensure reproducibility, the software environment was standardized. The pipelines were imple-
mented using PyTorch 2.11.0 for tensor operations. To natively support the Blackwell architecture of
RTX 5080 GPU, hardware acceleration was managed via CUDA 12.8. Base language models were instan-
tiated and trained using the HuggingFace transformers v4.51.3 library. The meta-classifier ensemble
was constructed using xgboost 3.2.0. All other libraries and dependencies are disclosed in the project
repository1 under requirements.txt.

5.2. Named-entity Recognition

The evaluation of the NER pipeline is structured to reflect its iterative development, progressing from
the establishment of pre-trained baselines to the full stacking ensemble.

5.2.1. Baseline Evaluation

To establish a baseline for our NER task, we selected language models pre-trained specifically on medical
domain corpora. These models were evaluated on the dev dataset using the linear probing technique.
Because standard pre-trained architectures are not tuned to output the specific dimensions required
for a custom BIO (Begin, Inside, Outside) token classification scheme, direct zero-shot inference is
structurally impossible. In this approach, we freeze the weights of each transformer to preserve their
original pre-trained configuration. Only a newly initialized linear classification head is trained to map
the frozen contextual embeddings to the target labels. The objective of this phase was to isolate and
evaluate the capabilities of the base models without further interventions, establishing a concrete
performance baseline for future fine-tuning and improvements. As detailed in Table 4, this approach
yielded relatively low F1 scores across the classes. While the pre-trained models had an acceptable
performance on standard entities such as “human” or “animal”, the predictions vastly degraded on
more niche classes, such as “dietary supplement”, “food”, and “gene”. This baseline shows that while
generic biomedical pre-training recognizes broad categories, the frozen embeddings are insufficient for
this highly contextual task. Therefore, to improve the performance, the following phase transitions to
full-network supervised learning.

Table 3
Performance of non-finetuned (left) and fine-tuned (right) biomedical models on the NER task on the development
set measured in micro-F1. The highest score is highlighted in bold.

Model name F1micro
BioClinical ModernBERT Base 0.5076
BioClinical ModernBERT Large 0.5027
BioLinkBERT Base 0.6666
BioLinkBERT Large 0.6683
GLiNER Large 0.3362
OpenMed NER 0.6719
PubMedBERT 0.6798
BioELECTRA 0.6582

Model name F1micro
BioClinical ModernBERT Base 0.7467
BioClinical ModernBERT Large 0.7391
BioLinkBERT Base 0.7617
BioLinkBERT Large 0.7670
GliNER Large 0.5135
OpenMed NER 0.6903
PubMedBERT 0.7698
BioELECTRA 0.7440

1https://github.com/IllThinkOfSomething/Gut-Hub/tree/main

https://github.com/IllThinkOfSomething/Gut-Hub/tree/main


5.2.2. Fine-Tuned Models

Table 3 (right) presents the micro-F1 scores obtained after fine-tuning the models on the Bronze, Silver,
Silver 2025, and Gold datasets. When comparing the results in Table 3 (left) and (right), it is evident
that all models achieve substantially higher performance after fine-tuning. In particular, PubMedBERT
improved from 0.6798 to 0.7698, while BioClinical ModernBERT Large increased from 0.5027 to 0.7467.
These results demonstrate that domain adaptation through fine-tuning is essential for the GutBrainIE
task. While the pretrained models possess general biomedical language understanding, they are not
inherently optimized for the highly specialized entity distributions and annotation schema of the dataset.
Fine-tuning enables the models to adapt to the task-specific terminology, contextual patterns, and label
structures, resulting in significantly improved entity recognition performance.

5.2.3. Meta-Classifier Ensemble

While individual fine-tuned models achieved high scores, Table 4 shows that different architectures
have different strengths. For instance, BioClinical ModernBert Large shows high prediction rates in
“dietary supplements” and “microbiome” categories, while PubMedBERT is highly effective on the
“anatomical location” label. To maximize the pipeline’s capabilities and capitalize on each model’s
domain expertise, a meta-classifier ensemble was implemented using XGBoost. We built the feature
matrix using a confidence-scaled encoding strategy: for each entity text span, the top prediction from
every base model was one-hot encoded and multiplied by its corresponding confidence score. This
created a matrix that allowed the meta-classifier to weight the base models based on their certainty for
a specific entity class.

As shown in Table 5, combining all of the models into an XGBoost ensemble yielded our highest
micro-F1 score of 0.8490. To validate whether the 8 model combination is required for the best results,
a 3 model ensemble of the best performing architectures was evaluated (BioClinical ModernBERT Large,
BioLinkBERT Large, PubMedBERT). This variation reduced the micro-F1 score to 0.8428. While it is
still highly competitive, the performance gap showcases that even the lower-performing fine-tuned
base models contribute to the overall ensemble score in a positive way. The XGBoost algorithm extracts
useful predictions from weaker models, leveraging them for specific edge cases where dominant models
fall short.

However, a methodological limitation must be noted regarding the evaluation of the ensemble. The
feature matrix used to train the XGBoost meta-classifier was generated by running inference on the
development dataset. Because the same development dataset was used during base model training to
select the optimal checkpoints via the early stopping metric, the base models’ predictions on this specific
data represent an optimized, best-case scenario. While the base models were never directly trained
on development data, using it for both checkpoint selection and meta-classifier training introduces an
optimistic evaluation bias. Consequently, the reported ensemble micro-F1 scores likely reflect an upper
bound of performance rather than a strict measure of out-of-sample generalization.

5.3. Named-entity Recognition and Disambiguation

To evaluate the best composition of data for the knowledge base, we experimented with different
combinations of the Bronze, Silver, Silver 2025, and Gold datasets. The results of this experiment are
shown in Table 6. We hypothesized that including the Bronze dataset would yield better results due
to having an expanded vocabulary, and this is confirmed by the results. We also tried excluding both
the Bronze and Silver 2025 datasets, but this led to a substantially lower micro-F1 score. Ultimately,
combining the Bronze, Silver, Silver 2025, and Gold datasets yielded the highest overall performance.
Consequently, we used this configuration for the final NERD knowledge base.

Following the knowledge base setup, we evaluated various candidate retrieval and reranking architec-
tures for the NERD pipeline. The results of these configurations are detailed in Table 7. Using SapBERT
to generate the embeddings for each predicted entity yielded a development-set micro-F1 of 0.4536.



Table 4
Label-specific NER performance across all categories on the development set, measured in F1. The highest score
for each individual category is highlighted in bold. The table is truncated due to space constraints. The complete
table is available at https://github.com/IllThinkOfSomething/Gut-Hub/blob/main/README.md. Abbreviations:
BC MB (BioClinical ModernBERT), BLB (BioLinkBERT), and PMB (PubMedBERT).

Category BC MB Large BLB Large PMB
DDF 0.8416 0.8565 0.8551
anatomical location 0.6943 0.7551 0.7857
animal 0.8447 0.8750 0.8679
bacteria 0.7056 0.7366 0.7259
biomedical technique 0.6519 0.6194 0.6528
chemical 0.5500 0.6361 0.6274
dietary supplement 0.6528 0.5278 0.5211
drug 0.7485 0.7059 0.7086
food 0.5333 0.4158 0.6000
gene 0.3167 0.3390 0.4167
human 0.8985 0.9215 0.9054
microbiome 0.8694 0.8655 0.8616
statistical technique 0.7294 0.6882 0.6585

Table 5
NER ensemble performance on the development set measured in micro-F1. The top row establishes the baseline.
The middle row represents the performance of an ensemble combining all evaluated models. The bottom row
displays the results of an ensemble consisting of the three models that achieved best individual performance.
The highest score is marked in bold.

Ensemble F1micro
CLEF Baseline 0.7984
BioClinical ModernBERT Base +
BioClinical ModernBERT Large +
BioLinkBERT Base +
BioLinkBERT Large +
GliNER Large +
OpenMed NER +
PubMedBERT +
BioELECTRA

0.8490

BioClinical ModernBERT Large +
BioLinkBERT Large +
PubMedBERT

0.8428

Table 6
Performance comparison of various dataset configurations for the NERD knowledge base on the development
set measured in micro-F1. The highest score is marked in bold.

Datasets F1micro
Bronze + Silver + Silver 2025 + Gold 0.4590
Silver + Silver 2025 + Gold 0.4421
Silver + Gold 0.4124

To refine the retrieved candidates, we introduced a reranking stage using cross-encoder/ms-marco-
MiniLM-L6-v2 2, a transformer model fine-tuned on the large-scale MS-MARCO passage ranking dataset.
For brevity, we refer to this model as the MS-MARCO reranker. Adding this reranker further improved
the micro-F1 to 0.4701.

Following this, we experimented with MedCPT [39], a cross-encoder trained on large volumes of
PubMed biomedical literature and designed to handle domain-specific medical terminology. As shown
2https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2, Hugging Face, 2020.

https://github.com/IllThinkOfSomething/Gut-Hub/blob/main/README.md
https://huggingface.co/cross-encoder/ms-marco-MiniLM-L6-v2


in Table 7, MedCPT (0.4623) performed slightly worse than the MS-MARCO reranker. We hypothesize
that this is because MedCPT was trained on long-form query–article pairs, specifically titles and
abstracts. Because our NERD pipeline relies on matching short text spans between entity mentions and
knowledge base concepts, this shift away from MedCPT’s training distribution likely explains its lower
performance.

Consequently, the combination of SapBERT embeddings and the MS-MARCO reranker was identified
as the best-performing configuration for our system. This configuration reaches a development-set
micro-F1 of 0.4701, which falls below the organizers’ development-set baseline of 0.5949. We note,
however, that the baseline drops substantially on the unseen test set, from 0.5949 to 0.4398, suggesting
that development-set performance overstates generalization for the NERD subtask and motivating our
focus on components that transfer to the held-out evaluation.

Table 7
Performance comparison of different setups for NERD on the development set measured in micro-F1. The highest
score among our configurations is marked in bold.

Setup F1micro
CLEF Baseline 0.5949
SapBERT 0.4536
SapBERT + MedCPT reranker 0.4623
SapBERT + MS-MARCO reranker 0.4701

5.4. Relation Extraction

This section evaluates the design choices behind our relation extraction pipeline through experiments
on the development set. We first analyze how threshold calibration and negative sampling jointly
influence the balance between precision and recall, and then present a post-hoc ablation examining the
effect of the 60-word entity-distance filter on the training data.

5.4.1. RE Threshold Calibration and Negative Sampling

The threshold values mentioned in Section 4.3.2 were determined by analyzing per-class precision on
the development set. While stable relations retained the default threshold of 0.8, we enforced stricter
confidence requirements for volatile labels to limit precision degradation. For example, predicates that
initially suffered from severe false-positive rates, such as “interact” (initial precision of 0.0882) and “part
of” (0.1429), improved to 0.1311 and 0.2000, respectively, after calibration.

Table 8 reports the contribution of each component to the overall micro-F1 on the development
set. Starting from a 1:5 negative-sampling ratio (0.3479), adding heuristic pruning and class-specific
thresholding raised the score to 0.3734. Our largest gain, however, came from increasing the negative-
sampling ratio from 5 to 10, which alone raised micro-F1 to 0.4152. Interestingly, pruning contributed
only marginally at this ratio (0.4152 to 0.4164). Combining the 1:10 ratio with pruning and class-specific
thresholding produced our submitted configuration at 0.4667. This is the configuration evaluated on
the official test set in Section 5.5.

5.4.2. RE Distance Ablation

As described in Section 4.3.4, we applied a 60-word maximum distance filter during the construction of
the training data, motivated by the observation that roughly 95% of valid relations occur within this
range. This filter was intended to constrain only the pool of hard negative samples, reducing training
cost while preserving realistic negative contexts. However, in our submitted system the same filter was
inadvertently applied to the positive samples as well, excluding the small fraction of valid long-range
relations from the training data.



Table 8
Ablation of the RE pipeline components on the development set (micro-F1), showing the effect of the negative-
sampling ratio, heuristic pruning, and class-specific thresholding relative to the CLEF baseline. The highest score
is marked in bold.

Setup F1micro
CLEF Baseline 0.3910
Negative Ratio 1:5 0.3479
Negative Ratio 1:5 + Pruning + Threshold 0.3734
Negative Ratio 1:10 0.4152
Negative Ratio 1:10 + Pruning 0.4164
Negative Ratio 1:10 + Pruning + Threshold 0.4667

After submission, we conducted a post-hoc ablation to measure the effect of this constraint by
retraining the pipeline with the distance filter removed entirely. As shown in Table 9, removing the
filter increased the number of recovered true positives and substantially improved development-set
micro-F1 from 0.4667 to 0.5561. This suggests that excluding long-range positive pairs during training
measurably harmed the model’s ability to recognize valid long-distance relations. As this experiment
was performed after the official submission, the improvement is not reflected in our reported test-set
results, and we highlight it as a clear direction for future work.

Table 9
Ablation comparing the RE pipeline with and without the 60-word distance limit, evaluated on the development
set (micro-F1). The highest score is marked in bold.

Configuration F1micro
With 60-Word Limit 0.4667
No Distance Limit 0.5561

5.5. Official Test-Set Results

The experiments presented in the preceding subsections were conducted on the development set, for
which ground-truth annotations were available. To assess the final performance of our pipeline under
unbiased conditions, we submitted GutHub to the official evaluation on the held-out test set. The
annotations for this set were never released to participants and were scored solely by the organizers,
ensuring that the reported results are not subject to tuning or overfitting. Table 10 reports these results
alongside the organizers’ baseline.

On the test set, GutHub surpasses the baseline on M-RE, achieving a micro-F1 of 0.4029 compared
to the baseline’s 0.3893. This indicates that our combination of negative sampling, class-specific
thresholding, and heuristic pruning provides a tangible benefit for identifying valid entity interactions
on unseen documents. For NER and C-RE, our system performs comparably to the baseline, with
micro-F1 scores of 0.7893 versus 0.7996 and 0.1295 versus 0.1348, respectively.

The largest gap appears in the NERD subtask, where GutHub reaches a micro-F1 of 0.3497 against
the baseline’s 0.4398. This is consistent with the development-set analysis in Section 5.3, in which our
best retrieval-and-reranking configuration also fell below the corresponding baseline. Taken together,
these results indicate that entity disambiguation is the subtask in which our pipeline has the most room
for improvement, whereas M-RE is where our design choices yield the clearest advantage over the
baseline.

We further observe that both GutHub and the baseline score consistently lower on the test set
than on the development set. For instance, the baseline NERD micro-F1 decreases from 0.5949 on the
development set to 0.4398 on the test set. This gap suggests that the test set poses a more challenging
generalization problem for all systems.



Table 10
Official test-set results for GutHub compared against the organizers’ baseline, measured in micro-F1. Test-set
annotations were withheld from participants and scored solely by the organizers.

Sub-task CLEF Test Baseline GutHub

NER 0.7996 0.7893
NERD 0.4398 0.3497
M-RE 0.3893 0.4029
C-RE 0.1348 0.1295

6. Conclusion and Future Work

In this paper, we presented GutHub, an NLP pipeline specialized for the GutBrainIE challenge at CLEF
2026. Our system targets all four subtasks, specifically addressing the extreme class imbalance and
varying data quality tiers present in the corpus. The key contributions and experimental insights from
our pipeline include:

• NER: Using a population estimate derived from the Gold dataset, we identified and removed 25
outlier documents from the training corpus. We then deployed a stacking ensemble that combines
the predictions of multiple base models, allowing the pipeline to exploit the label-specific strengths
of each architecture. Through experimentation on ensemble composition, we found that including
all available base models yielded the highest micro-F1 score.

• NERD: We experimented with different combinations of the training collections for constructing
the knowledge base and found that including all datasets for URI extraction produced the best
results. For the architecture, combining SapBERT dense retrieval with the MS-MARCO reranker
gave the strongest configuration in our experiments, outperforming the domain-specific MedCPT
reranker. We note, however, that our disambiguation results remained below the organizers’
baseline, and we identify this subtask as the primary target for future improvement.

• M-RE & C-RE: To counter the quadratic expansion of candidate entity pairs, we integrated a
dictionary of permissible interactions together with negative sampling bounded by a 60-word
entity distance, reducing the candidate pairs to a feasible size for training. We further applied a
10x penalty multiplier to encourage positive predicate predictions. By combining an increased
negative-sampling ratio with class-specific thresholding and deterministic post-processing prun-
ing, we improved the development-set micro-F1 to 0.4627. The resulting mention-level relations
were mapped to their corresponding URIs and deduplicated to produce the final concept-level
relations.

On the official held-out test set, GutHub proved competitive with the organizers’ baseline, exceeding
it on M-RE (0.4029 vs. 0.3893) and performing comparably on NER and C-RE. Consistent with our
development-set findings, NERD remained the subtask with the largest gap to the baseline. A detailed
comparison is provided in Section 5.5.

Going forward, we aim to refine the GutHub architecture through iterative development and experi-
mentation. For the NER pipeline, the primary objective is to address the evaluation bias identified in
our current stacking methodology. Future iterations would construct out-of-fold predictions exclusively
across the combined training tiers (Bronze, Silver, Gold). This adjustment would reserve the develop-
ment dataset for final validation, providing a true measure of the pipeline’s generalization capability.
Beyond correcting the evaluation methodology, an open direction is to investigate additional ensemble
architectures. Additionally, while our outlier detection strategy successfully isolated 25 qualitative
anomalies, we have not yet empirically verified its impact on downstream performance. Future work
will include ablation studies to quantify the benefit of this removal step. In RE, we plan to analyze
the limitations of the current entity-distance boundaries, and to optimize the negative-sampling ratio
and class-specific penalty weights for both positive and negative samples. For NERD, we will explore



training the cross-encoder directly, as our current results indicate promising potential. Collectively,
these improvements are expected to enhance the system’s overall accuracy and generalizability.
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