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Abstract
Established datasets for biomedical event instruction are often over a decade old and show performance limitations.
This study presents a reannotation experiment to modernize the widely-used GENIA dataset. We reannotated
50 abstracts through collaboration between computational linguists and biomedical experts. The reannotated
dataset was evaluated for biological plausibility by four experts and for model performance using BERT- and
LLM-based architectures. Results show improvements in biological plausibility, evidenced by an increase in expert
agreement with annotation for event types (from 0.72 to 0.86), accompanied by a gain in inter-rater agreement.
Model performance was maintained or improved, with LLM F1-score increasing from 0.70 to 0.74. These findings
demonstrate that systematic reannotation can enhance both biological validity and computational tractability,
providing a foundation for modernizing biomedical event extraction datasets.
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1. Introduction

Biomedical event extraction (BioEE) is a natural language processing task aimed at extracting structured
information from biomedical texts. Crucially, however, the most popular datasets used in the BioEE
field were created more than 10 years ago and were rarely revisited [1]. This justifies the need for an
update to incorporate new knowledge into the annotation, and to address the issues in the original
datasets.

One of the main datasets in the field of BioEE is the GENIA dataset [1]. The performance of various
models on this dataset for the event trigger classification task, however, seems to be capped at a moderate
F1-score under 0.7 [2]. Our preliminary study suggested that issues with annotation consistency may
underlie this limitation on performance.

The present study is aimed at testing whether updating the annotation could improve the annotation
consistency and bring it into better correspondence with the current state of biomedical knowledge.

2. GENIA reannotation and evaluation

The original GENIA dataset annotation includes events, named entities, coreferences, and meta-
knowledge. For the present study, we will only consider the event triggers, that is, the words in
the text that indicate the presence of a biological event.

Our experiment consisted of two steps: reannotation and evaluation. The results of the reannotation
were changes in the event type ontology, as well as corrections, removing, adding, or changing the event
annotations to both fix issues and improve consistency. In total there were 1639 event annotations in the
original 50 abstracts, and 2153 after reannotation, with 587 being added, 73 deleted, 1127 unchanged, 157
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changed in terms of selected text and 317 changed in terms of event type. Additionally, the event types
were given definitions in accordance with the current Gene Ontology Biological Process definitions [3].

The evaluation step was aimed at checking two key aspects: (a) the biological plausibility of the
annotation; and (b) the performance of two model architectures (BERT- and LLM-based) on either
dataset version.

The biological plausibility was assessed by asking 4 biomedical specialists. The experts were presented
with 5 event examples for each event type from both original and reannotated dataset.

The model performance was evaluated for either model architecture on the original or reannotated
dataset. The BERT-based model used PubMedBERT as the backbone [4], with additional encoder layers
and a final classification layer. Due to small re-annotated dataset size, the BERT-based model was
pre-trained on the original GENIA dataset until convergence and then fine-tuned on re-annotated
training subset. For the LLM-based approach we used Claude 4 Sonnet in a many-shot manner, the
model being prompted with examples from either dataset version. Apart from examples, the prompt
included a general instruction and the definition of the events.

Our evaluation results suggest that the changes we introduced during reannotation were beneficial
in terms of biological plausibility. The agreement rate for event type improved (0.72 vs 0.86), as well
as the inter-rater agreement for event types (0.47 vs 0.59 Prediger’s Kappa [5]). At the same time,
the reannotation maintained or improved the model performance for either BERT- or LLM-based
architecture, as summarized in Table 1.

Table 1
The performance for event trigger prediction on the test set of the experimental subset on the original and
reannotated dataset for BERT- and LLM-based model architectures.

Architecture F1 Precision Recall

original reannotated original reannotated original reannotated

BERT-based 0.7776 0.7758 0.7213 0.7083 0.8437 0.8578
LLM-based 0.7031 0.7444 0.5979 0.6370 0.8536 0.8955

A detailed error analysis revealed that on changed examples BERT F1 score increased by 0.14 and
LLM F1 score by 0.20. We also observed that BERT-based approach could not successfully learn the
added examples given the limited data: F1 for added examples was below average on reannotated
dataset by 0.07; while for LLM the novel examples showed comparable-to-overall performance.

Overall, we show that harmonizing data annotation schemes might help improve biological plausibility
of the annotation, while simultaneously improving or keeping the same level of model performance.
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