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Highlights

BIORANGE: augmenting BioRED dataset with NIL entity anno-
tation and n-ary relations

Sofia I. R. Conceigao, Pedro Ruas, Joao Fernandes, Francisco M. Couto

e BIORANGE is a publicly available dataset including NIL entity and
n-ary relation annotations.

e Straightforward method for converting existing binary datasets to n-
ary.

e Novel silver standard train set for 3 and 4-ary biomedical relations.

e Baseline approaches for NIL entity linking and n-ary relation extrac-
tion.
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Abstract

The lack of biomedical datasets focusing on edge cases, such as NIL en-
tities or n-ary relations (i.e. relations involving more than two entities)
hinders the development of comprehensive text mining approaches. To ad-
dress this issue, we have developed guidelines for creating or expanding
datasets to include these edge cases. This study demonstrates the poten-
tial for reusing existing datasets in a resourceful way to improve edge cases.
Our pipeline tackles the scarcity of training data for the extraction of n-
ary relations by leveraging 2-ary relations with minimal computational re-
sources. Our results for relation extraction show state-of-the-art performance
for 4-ary relations in two BERT-based biomedical models. This approach
can be used to augment the value of existing datasets by extracting n-
ary relations. As a use case, we provide the gold standard dataset BIO-
RANGE, which results from applying our guidelines to the original BioRED
dataset. The expanded dataset includes four additional entity types (Cell-
TypeOrAnatomicConcept, NILGene, NILDis, NILChem) totalling 346 new
annotations and 79 variable n-ary relation annotations across 31 documents
(PubMed titles and abstracts). The dataset is publicly available at: https:
//github.com/lasigeBioTM/BIORANGE.
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1. Introduction

Scientific literature is the main source for sharing information, partic-
ularly in the biomedical domain. Text mining assumes relevance in ex-
tracting information stored in the articles’ text to translate it into struc-
tured, computer-readable knowledge organization systems, such as ontolo-
gies, knowledge graphs, and vocabularies. Text mining pipelines usually in-
clude tasks such as Named Entity Recognition (NER), Entity Linking (EL),
Relation Extraction (RE), Question Answering, among others [1].

Task-specific annotated datasets are useful for training supervised deep-
learning-based approaches that have achieved state-of-the-art (SOTA) in sev-
eral tasks. Human annotation is costly, as it requires time, effort and specific
expertise. Additionally, the annotation quality limits the performance of the
approaches.

We previously demonstrated the importance of NIL or unlinkable entities
to the EL task [2], when new literature is published, the curation process lags
behind or Knowledge Organization Systems (KOS) getting outdated, result-
ing in NIL or unlinkable entities. Several datasets include NIL entities, but
these are not associated with any target KOS identifier. They only allow the
training and evaluation of approaches that are able to recognize if a given
entity is NIL or not. The existence of NIL entities defeats the main pur-
pose of the EL task, since these entities remain locked at text level. In this
sense, existing benchmarks hinder the evolution of the EL task into focusing
on specific cases. Addressing existing NIL entities has a positive impact on
downstream tasks such as Relation Extraction (RE). Finding relations be-
tween entities about which we know nothing is significantly more challenging
than working with entities that are linked to a standardized resource.

RE is essential to identity associations between entities. It can be ap-
plied in real world applications such as drug discovery, by helping discovering
protein-protein an drug-target interactions.

Commonly used corpora and relation extraction approaches only consider
binary relations (for a list of existing RE biomedical datasets, see BioRED|3])
Table 2. However, additional relevant entities may be necessary to fully char-
acterize a relationship. N-ary relation extraction can help to answer more
specific questions such as: given a mutation in a gene, which drug would it
respond to, resulting in a gene-mutation-drug, ternary relation [4]; given a
gene variation, how does it impact drug response phenotype, a ternary rela-
tion of gene variation-drug-phenotype [5]; which type of drug combinations



will result in a positive effect [6] and; given a specific mutation in a gene,
how does it affect the reaction to the drug [7].

This work emphasizes the potential for reusing existing datasets in a re-
sourceful manner. By leveraging binary datasets, we aim to maximize the
value of existing data. This approach opens up new opportunities for extract-
ing different types of relations, such as n-ary relations. Inspired by recent
studies, our hypothesis is that is feasible to transforming lower-arity datasets
into n-ary datasets, thereby reutilizing available information to uncover more
well-characterized and complex relations.

The fact that many existing datasets are often limited to standard tasks
and overlook edge cases hinders the evolution of biomedical text mining.
These edge cases, particularly those involving NIL entities and n-ary rela-
tions, are typically neglected due to their complexity, impeding the explo-
ration of potentially relevant information.

In order to overcome the scarcity of datasets that include the mentioned
edge cases, our main goal is to improve biomedical information extraction
pipelines by defining guidelines for annotating NIL entities in addition to
extracting n-ary relations. To showcase the usefulness of the guidelines, we
augmented the BioRED dataset [3] with annotations for NIL entities and
n-ary relations and used machine learning methods to make predictions on
both tasks.

The contributions of this work are the following:

e Publicly available dataset including NIL entity and n-ary relation an-
notations!:

— Four additional entity types compared with the original BioRED
dataset: CellTypeOrAnatomicConcept, NILGene, NILDis, NILChem

— Gold standard with new 341 entity and 79 relations of variable
n-ary

— Silver standard train set for 3 and 4-ary
e Baseline approaches (NIL entity linking and n-ary relation extraction)
— Leveraging of binary datasets to n-ary train set

e Guidelines to future annotation of additional datasets.

"https://github.com/lasigeBioTM/BIORANGE
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Current biomedical text mining approaches have limi-
tations handling NIL (unlinkable) entities and scarcely
considering n-ary (more than two entities) relations.
Although there have been many prior explorations re-
garding these edge cases, the existing datasets are often
limited to standard tasks and overlook edge cases due
to their complexity.

This study proposes leveraging existing datasets by pro-
viding guidelines for solving NIL entities and extract-
ing n-ary relations. It demonstrates how to leverage
BioRED, a binary dataset, to extract more complex re-
lationships, achieving state-of-the-art performance for
4-ary relations using a simple straightforward method.
It also introduces BIORANGE, a publicly available
dataset that includes new annotations for NIL entities
and n-ary relations.

Researchers in the biomedical information extraction
field who aim to increase the comprehensiveness and
quality of their datasets, as well as the efficacy of their
models in extracting complex relationships.

1.1. Related Work

1.1.1. Binary Biomedical Corpora

BioRED? [3] is a manually curated dataset of multi-annotated biomedical
entities such as Disease or phenotypic feature, chemical entity, gene or gene
product, organism taxon, sequence variant and cell line. It was built using
600 PubMed abstracts and it is useful in several biomedical tasks biomedical
text mining tasks, namely NER and RE. Regarding the RE task, the relations
are binary and consist of the following pairs: gene-disease, chemical-chemical,
disease-chemical, gene-chemical, gene-gene, disease-variant, chemical-variant
and variant-variant. This corpus was the basis for the LitCoin Natural Lan-
guage Processing Challenge® and the BioCreative VIII challenge [8].

2https://ftp.ncbi.nlm.nih.gov/pub/lu/BioRED/
Shttps:/ /www.nasa.gov/directorates/stmd/prizes-challenges-crowdsourcing-
program/litcoin-challenge/



Commonly used biomedical evaluation datasets focusing on scientific lit-
erature with entity annotations besides BioRED include BC5CDR [9], NCBI
Disease [10], LINNAEUS [11], CRAFT [12] and MedMentions [13].

BC5CDR [9] was proposed in 2016 in the context of the BioCreative
V competition. It is comprised of the titles and abstracts of 1,500 PubMed
articles and 4,409 chemical annotations, 5,818 disease annotations, and 3,116
chemical-disease interactions. The entity annotations are associated with
identifiers of the Medical Subject Headings (MeSH). 11 diseases and 280
chemical entities have no MeSH identifier, thus are considered to be NIL.

NCBI Disease [10] comprises titles and abstracts of 793 articles from the
PubMed collection, which are annotated with 6,892 disease entities linked to
MeSH and the Online Mendelian Inheritance in Man (OMIM) catalog. It
includes 83 entities that are not associated with any identifier of the target
KOS.

LINNAEUS [11] includes 100 full-text documents from the open-access
subset of PMC (PMCOA), and the annotations correspond to species names
associated with identifiers of the NCBI Taxonomy.

The CRAFT corpus [12] consists of 97 PubMed full-text articles from PM-
COA. Tt contains several biomedical entity types, such as chemical entities,
cells, biological processes, cellular and extracellular components, molecular
functions, diseases, chemical reactions, organisms, proteins, biomacromolec-
ular entities, and sequence features, anatomical entities, linked to the fol-
lowing KOS, respectively: Chemical Entities of Biological Interest (CHEBI),
Cell Ontology (CL), Gene Ontology Biological Process (GO_BP), Gene On-
tology Cellular Component (GO_CC), Gene Ontology Molecular Function
(GO_MF), MONDO Disease Ontology (MONDO), Molecular Process On-
tology (MOP), NCBI Taxonomy (NCBITaxon), Protein Ontology (PR), Se-
quence Ontology (SO), and Uberon (UBERON).

The MedMentions corpus [13] includes titles and abstracts from 4,392
PubMed articles and 350,000 annotations of biomedical types linked to con-
cepts in the Unified Medical Language System (UMLS).

BioREX, [14] tries to circumvent the issues related to corpus biases, such
as small size and domain-specificity, by combining nine datasets into a large
one, taking into account the data heterogeneity. This dataset results in five
relation pairs: of gene-gene, gene-chemical, gene-disease, chemical-chemical,
and chemical-disease. This framework allows the integration of hererogenous
data into a single dataset that has been shown to improve RE systems per-
formance. The information merge allowed the pre-trained model to be more
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robust and capable of generalizing RE tasks, such as in the drug-drug n-ary
dataset.

1.1.2. N-ary Relation extraction

Since most studies focus on binary relations, the majority of available
datasets are also focused on binary relations. Although in the recent years
advances have been made to create new biomedical n-ary corpora.

One of the first n-ary corpus is a silver standard drug-gene-mutation
dataset designed in the context of molecular tumor boards [4]. This dataset
was constructed by filtering from an initial set of approximately 1,000,000
full-text articles from PubMed Central and by applying distant supervision.
The final dataset resulted in 3,462 ternary relation instances, with only 59
unique relations. Additionally, the dataset is subdivided into binary sub-
relations, including 137,469 drug-gene instances and 3,192 drug-mutation
instances [4]. Distant supervision was applied to binary pairs using the Gene
Drug Knowledge Database [15] and the Clinical Interpretations of Variants
In Cancer (CIVIC)?. The authors proposed a cross-sentence approach based
on a minimal span, where a candidate is retained if there is no other co-
occurrence of the same entities in an overlapping text span within fewer
consecutive sentences [4].

Another relevant corpus is the PGxCorpus, a manually annotated dataset
focused on pharmacogenomics [5]. It includes 945 sentences, 6,761 annotated
entities, 2,871 relations, 10 types of entities, and 7 types of relations. While
not specifically built for n-ary relations, 92% of its sentences have three
relevant target entities that are associated: genomic factor, chemical and
phenotype. [5].

[6] released a drug combination dataset with a variable length of n-ary
relations. It is a curated dataset that can have from 2 to 15 drug combi-
nation mentions. This dataset includes 900 binary relations, 226 ternary
relations, and 122 higher-order relations (4-ary and 5-ary), offering data on
the effectiveness of drug combinations in therapy [6].

The DUVEL (Detection of Unique Variant Ensembles in Literature) [16]
corpus contains relations from oligogenic variant combinations, consisting
of gene-variant-gene-variant relationships (4-ary), including cross-sentence
annotations, and with binary relation types. It includes 85 PMCO full-text

“http://civic.genome.wustl.edu



Table 1: Overview of biomedical corpora.

Dataset Type Text Source NER NIL RE
BioRED Gold 600 PubMed T&ABS Yes Yes  2-ary
BC5CDR Gold 1,500 PubMed T&ABS  Yes Yes  2-ary
NCBI Disease Gold 793 PubMed T&ABS  Yes Yes No
LINNAEUS Gold 100 Full-text PMCOA  Yes Yes No
CRAFT Gold 97 PMCOA Yes ? No
MedMentions Gold 4,392 PubMed T&ABS  Yes Yes No
BioREX Silver BioRED + 8 corpora Yes Yes  2-ary
N-ary Silver 1M Full-text PMCOA  No No  2- & 3-ary
PGxCorpus Gold 911 PubMed T&ABS  No No  3-ary
Drug Combination Gold 1634 PubMed ABS No No  n-ary
DUVEL Silver 81 PCMO Yes No  4-ary
EnzChemRED Gold 1,210 PubMed ABS Yes No  2-ary & 3-ary

T&ABS: Title and Abstract

articles, curated by a single senior annotator.

Recently, EnzChemRED (Enzyme Chemistry Relation Extraction Dataset)
dataset [17] identifies 2-ary relations of chemical-chemical and 3-ary rela-
tions of protein-(chemical-chemical) that connect binary chemical reactants
and the enzymes that catalyze their conversion. This dataset was created
from 1,210 PubMed abstracts that were manually curated. It employs single-
sentence annotations and supports both binary and multi-class relation types.

Despite these advancements, some datasets still face challenges due to
the limited availability of labels, which can hinder supervised learning ap-
proaches [18]. To surpass this, [18] developed a method to alleviate the
sparsity problem of n-ary relation extraction by decomposing higher-arities
in lower-arities and learning the representations to score a new n-ary fact.

Table 1 summarizes the corpora information of this section. N-ary datasets
are limited in quantity and size. To overcome this issue, we propose expand-
ing commonly used binary datasets to expand their size and scope, thereby
enriching the available data by building upon and enhancing current re-
sources.

2. Methodology

To address our goal of dealing with these edge cases, we expanded a
subset of the existing BioRED corpus, including adding a new entity type,
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associating NIL entities with target KOS identifiers, and expanding the rela-
tion annotations to n-ary relation annotations. We also used the remaining
BioRED documents to build a silver standard corpus for the n-ary relation
extraction train. An overview of the applied methodology in this work and
the differences in the obtained dataset to the original BioRED dataset is
presented at 1. In the first phase, TeamTat is used for manual annotation
and in the second phase, entities and relations are predicted using machine
learning techniques.

2.1. Annotation Guidelines

To the best of our knowledge, no guidelines in the literature are avail-
able to annotate NIL entities and n-ary relations. Thus, we created specific
guidelines to lead the annotation process specific to this dataset.

2.2. Document selection

The criterion for document selection was the presence of at least one NIL
entity, regardless of its type. This criteria resulted in the selection of 31
documents out of the 600 included in the original BioRED.

2.3. Annotators

In all rounds, a manual annotation was performed by 5 annotators with
expertise in the fields of biology, biochemistry, bioinformatics and computer
science.

2.4. Annotation tasks

The selected documents for annotation retained the original entity types
and annotations of the BioRED corpus. Each document underwent two
annotation rounds.

The first round consisted of three tasks. The first task was to validate
the correctness of the existing annotations and further annotate the present
NIL entities with identifiers from target KOS. The second task was to ex-
pand the entities, detecting nested or contiguous entities with the new entity
type (CellTypeOrAnatomicConcept) (CAC). Lastly, the third task consisted
of detecting n-ary relations among sentences. The second round aimed to
standardize the annotations and resolve any existing ties or disagreements.
The specific descriptions of entities and relation annotations are presented
in the following subsections.
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Figure 1: Methodology overview

2.4.1. Entity annotation

The following entity categories present in the BioRed dataset were con-
sidered: DiseaseOrPhenotypicFeature (DPF), ChemicalEntity (CE), Gene-
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OrGeneProduct (GGP), OrganismTazon (OT), SequenceVariant (SV), Cel-
[Line (CL). The entities belonging to the types DPF, CE and GGP without a
valid KB identifier were converted into entities of the types NILDis, NILChem
and NILGene, respectively. Besides these categories, the additional category
CAC was added to provide additional anatomical context.

The following KOS were used (respective entity type in parenthesis):
MEDIC vocabulary [19] (DPF), CTD-Chemical vocabulary [19] (CE), CTD-
Gene vocabulary [19] (GGP), NCBI Taxon [20] (OT), dbVar [21] (SV), Cel-
losaurus [22] (CL), Foundational Model of Anatomy ontology, abbreviated
by FMA [23] (CAC). The latest versions of the KOS available at the end of
August 2024 were used.

2.4.2. Relation annotation

The goal for this task was to expand the original binary relations to n-
ary. We follow the assumption that most n-ary relations can be decomposed
into k-ary relations that are implied by the n-ary relation [18]. Contrary
to the original BioRED that considered the full document for the relations,
our approach focuses only on relations between entities in co-occurence in
a single sentence. This sentence-level approach provides more precise con-
textual information [14]. Additionally, work on other datasets, such as the
drug-combo dataset [6], shows that in 97% of the abstracts, all drugs involved
in a combination attempt are found within a single sentence. Furthermore,
for simplification, we considered only binary labels (positive or negative) be-
tween any type of entity. The test set for this task was manually validated
using only the selected abstracts. Training and validation sets were created
using the BioRED version that was made available at the BioCreative VIII
®. For this seed work, we only considered ternary and quaternary relations.

Training Set: For the creation of the training set, the following steps
were done: First, the BioRED train and development sets were combined
into one, and then all the 31 PMID’s used in our approach were removed.

Using the provided scripts to generate the original BioREDS, the entities
were annotated, and then the abstracts were divided into single sentences.
Then, the same sentences with different tagged entities were selected, and
using the entity identifiers and the relations, an undirected graph was created.

Shttps://biocreative.bioinformatics.udel.edu/news/biocreative-viii/
track-1/
Shttps://ftp.ncbi.nlm.nih.gov/pub/lu/BioRED/
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'In addition , there is convincing clinical evidence that monotherapy with continuous subcutaneous apomorphine
infusions is associated with marked reductions of preexisting levodopa-induced dyskinesias .

r1(apomorphine, levodopa-induced)

'In addition , there is convincing clinical evidence that monotherapy with continuous subcutaneous apomorphine
infusions is associated with marked reductions of preexisting levodopa-induced dyskinesias.

r2(apomorphine, dyskinesias)

'In addition , there is convincing clinical evidence that monotherapy with continuous subcutaneous apomorphine
infusions is associated with marked reductions of preexisting levodopa-induced dyskinesias.

r3(apomorphine, levodopa-induced, dyskinesias)

Figure 2: Train set example sentence of binary to ternary relation.

If the graph between the entities was connected, then it was assumed a
pathway to the n-ary relation, i.e., a true relationship if at least the N entities
(three or four) could be connected. For the negative instances, we randomly
sampled triples without interaction. This dataset was divided into 90% for
training and 10% for the evaluation set. The resulting train set for tenary
relations has 4,433 sentences with 2,315 positive labels and 2,118 negative
labels. The quartenary trainset resulted in 5,020 sentences with 4,452 positive
labels and 568 negative labels.

Test Set: Only the manual annotations from the senior annotator with
experience in RE were used. A initial set of 79 n-ary instances was divided
into smaller n-ary (3 and 4-ary). We considered unique triple combinations,
given a set of entities in a relation S = {el, e2, €3, ..,en}, where each subset
contains exactly three or four elements. The collection of all subsets for n-ary
is expressed as:

Combinations(S,N) ={T"C S : |T| = N} (1)

Where T is any subset of S with exactly N entities.

Due to the lack of negative labels, similar to the training set, relations
with negative labels were generated by choosing triples without interactions,
with a proportion of 2:1 (positive:negative) labels. The ternary test set con-
sists of 651 relations: 434 with positive labels and 217 with negative labels.
The quaternary test set was created in the same way, taking into account
four entities. A test set of 553 relations was generated, including 369 positive
and 184 negative relations.
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2.4.3. Inter-annotator agreement

Following previous works [24, 25, 5], we determined the inter-annotator
agreement using the Fl-score. To calculate the pairwise and the overall F'1
scores, we compared the annotations of the annotators against the annota-
tions of the corresponding senior annotator.

Hripesak and Rothschild [24] proposed the following formula for the F1-
score:

7l 2xTP (2)
(2xTP+ FP+ FN)

With TP, FP and F'N representing true positives, false positives, and
false negatives, respectively. True positives occur when a given annotation
matches a gold standard annotation, i.e., it is annotated with the same text
and span, the same type, and the same KOS identifier. Fulse positives oc-
cur when a given annotation partially matches the gold standard (i.e. the
annotation differs in one of the referred aspects; for example, there is an
annotation in the gold standard with the same text and span, same type,
but with a different KOS identifier) or does not match the gold standard at
all. False negatives occur when an annotation present in the gold standard
was not annotated.

To determine the agreement with more granularity, we focused on:

a) Span evaluation: Exact match on text, type and span (NER), i.e., strict
evaluation of NER and exact match on type and partial match on span
and text (NERx), i.e., approximate evaluation of NER

b) Identifier evaluation: Exact match on type and KOS identifier (E'L), i.e.
strict evaluation of EL

The F1-score was first calculated pairwise by entity type, comparing the
annotations of each annotator with the reference annotations of the senior
annotator. Then, the pairwise F1-scores were averaged.

2.4.4. Annotation tool

To perform the annotation we used the TeamTat web-based tool [26].
The TeamTat tool provided a user-friendly platform to annotate the same
documents anonymously to prevent bias, it also provided additional features
such as inter-annotator agreement statistics and task completion.

12



2.5. Automatic entity annotation

BENT" is a Python package for entity annotation focused on biomedical
text. It performs NER and NEL.

The NER module includes several models based on the pre-trained lan-
guage model PubMedBERT [27]. PubMedBERT was fine-tuned in specific
datasets according to the entity type. The current version includes trained
models to recognize the following entity types (the descriptions of the respec-
tive training datasets are available in the respective links): “Gene”’®, “Dis-
ease”?, “Bioprocess”1?, “Organism” !, “Anatomical”!?, “Cell-component”!3,
“Cell-type™, “Cell-line”*®, “Variant”!®, “Chemical”'".

The issues of overlaping annotations having different entity types are
solved by rule-based module, that includes entity frequency dictionaries de-
termined in the dataset provided by Pubtator Central (file bioconcepts2-
pubtatorcentral publicly available!®). The probability of each entity is cal-
culated by determining the frequency of a given entity string in the dataset
and the total number of entities present. If the probability calculated for two
entities is the same, BENT calculates the frequency of the entities within the
document where they are present.

The EL module corresponds to the graph-based model described in [2].
This approach is based on the Personalized PageRank (PPR) algorithm and
on the concept of information content. For every input entity in a given docu-
ment, the candidate generation approach retrieves candidates from the target
KOS based on the lexical similarity (Levensthein distance). If the candidate
list is empty (i.e., the entity is NIL), the NILINKER model is applied. Then,
a disambiguation graph is built for every document, in which the nodes are
the candidates for the entities and the edges are added according to the rela-

"https://pypi.org/project/bent/

Shttps://huggingface.co/pruas/BENT-PubMedBERT-NER-Gene

‘https://huggingface.co/pruas/BENT-PubMedBERT-NER-Disease
Ohttps://huggingface.co/pruas/BENT-PubMedBERT-NER-Bioprocess
"Uhttps://huggingface.co/pruas/BENT-PubMedBERT-NER-Organism
2https://huggingface.co/pruas/BENT-PubMedBERT-NER-Anatomical
3https://huggingface.co/pruas/BENT-PubMedBERT-NER-Cell-component
Yhttps://huggingface.co/pruas/BENT-PubMedBERT-NER-Cell-type
5https://huggingface.co/pruas/BENT-PubMedBERT-NER-Cell-1line
https://huggingface.co/pruas/BENT-PubMedBERT-NER-Variant
"https://huggingface.co/pruas/BENT-PubMedBERT-NER-Chemical
8https://ftp.ncbi.nlm.nih.gov/pub/lu/PubTatorCentral/
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tions between candidates described in the target KOS. The PPR algorithm
simulates random walks in the graph to calculate the coherence of each node
in the graph: nodes more connected will be more coherent to the graph, thus
will be assigned a higher score. The highest-scoring candidate for each input
entity is selected.

Evaluation: for NER it was used the tool “brateval” [28]. This tool allows
the evaluation of NER performance by calculating four metrics:

e NER-A: strict NER performance, where two annotations (one predicted
by BENT, the other present in the gold standard) completely match in
terms of span and entity type.

e NER-B: two annotations match if the respective spans overlap and the
entity types are shared.

e NER-C: two annotations match if the spans overlap, irrespectively of
the entity types.

For EL, we developed an evaluation script to calculate the accuracy and
the related metric accuracy-neighboors. Accuracy corresponds to the pro-
portion of correctly annotated entities over the total number of evaluated
entities. The only difference to accuracy-neighboors is that, in this met-
ric, an annotation is considered to be correctly annotated if the predicted
identifier corresponds to the gold standard identifier or, alternatively, to an
identifier associated with the direct ancestors or descendants of the entry in
the target KOS.

2.6. Automatic relation extraction

The K-RET: Knowledgeable Biomedical Relation Extraction System [29]
is a relation extraction system that allows the flexible integration of diverse
sources of domain knowledge in the form of ontologies to enhance BERT-
based models. However, this system only performs binary relation extraction,
focusing on relationships between two entities. To expand its capabilities,
the model was adapted to perform n-ary relation extraction, resulting in the
KRETNARY system!?.

Ynttps://github.com/lasigeBioTM/KRETNARY
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2.6.1. Hyperparameters and fine-tuning details

All models were trained on eight Tesla M10 GPUs, and the used hyper-
parameters for KRETNARY runs were a batch size of 16, 20 epochs, class
weights of 0.8 and 0.2, and contextual knowledge. The fine-tuned BERT
models were allenai/scibert_base_uncased ?*° and microsoft/BiomedNLP
-BiomedBERT-base-uncased-abstract-fulltext *'. SciBERT [30], is pre-
trained on scientific text obtained from Semantic Scholar. Biomed BERT [27],
previously known as "PubMedBERT”, is pretrained using full-text articles
from PubMedCentral and abstracts from PubMed. As external knowledge,
four sources were used: Gene Ontology (GO) [31, 32], Chemical Entities of
Biological Interest (ChEBI) [33], Human Phenotype Ontology (HPO) [34]
and Human Disease Ontology (DO) [35].

3. Results and Discussion

The final dataset after TeamTat annotation consisted of 31 annotated
documents (titles and respective abstracts) with 1,664 entities and 79 rela-
tions. Among the original 79 relations, a total of 33 were 3-ary, 26 4-ary, 13
5-ary, and 7 more than 5-ary.

3.1. Entity annotation

Among the 1,664 entities, 341 correspond to new annotations. Table 2
highlights the distribution of the different types of annotations.

The most frequent entity types are GGP (28.73%), CE (19.89%) and DPF
(17.12%), whereas the less frequent type is NILDis (0.5%).

The values for the inter-annotator agreement in the entity annotation are
shown in Table 3.

The weighted average agreement for both NER, strict and approximate,
and EL annotation tasks is, respectively 0.781, 0.786, 0.743. While there is
no universal consensus on what constitutes an acceptable agreement level,
we reference the thresholds proposed by [25] for a similar evaluation metric
(absolute agreement). Based on these thresholds, the observed values for
NER exceed the lower limit of acceptable agreement (0.75) and the value for
EL gets close.

2Onttps://huggingface.co/allenai/scibert_scivocab_uncased
?https://huggingface.co/microsoft/BiomedNLP-BiomedBERT-base-uncased-abstract\
allowbreak-fulltext
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Table 2: Distribution of annotations by entity type in the BIORANGE dataset, along with
the respective percentages relative to to the total number of entities.

Entity type Annotations %

DPF 285 17.12
CE 331 19.89
GGP 478 28.73
oT 167 10.04
SV 20 3.00
CL 12 0.72
CAC 242 14.54
NILGene 25 1.50
NILDis 8 0.5

NILChem 66 3.97
Total 1,664 100.0

3.2. Automatic entity annotation

The performance of the baseline BENT for the NER and EL tasks eval-
uated in the created dataset is shown in Table 4.

As expected, the performance of BENT in the NER task (Table 4) was
the lowest when considering the strictest criteria (NER-A), with an average
F1 0of 0.705. On the other hand, when considering the strictest criteria (NER~
A), BENT obtained the best performance for entities of type OT (0.812) and
GGP (0.784) and the worst performance in entities of type CL (0.267) and
CAC (0.471).

The F1-scores increased for every entity type when relaxing the evaluation
criteria (NER-A to NER-B), which suggests that span mismatches were a
major cause of errors performed by BENT. BENT is able to pinpoint the
parts of the text that are associated with entities but struggles in determining
the exact position where those entities appear. This was particularly evident
for entities of type CL, whose performance increased from a F1-score of 0.267
to 0.600, which represents an increase of 0.333.

The increase in performance in NER-C also suggests that another major
source of errors is related to the wrong typing of the recognized entities.
For instance, the performance when annotating entities of type CL increased
0.141 switching the criteria from NER-B to NER-C. Also, the performance
for entities of type CE increases by 0.122, which is related to the fact that
often BENT categorizes these entities as GGP. In short, the span of these
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Table 3: Overall average agreement (F1l-score) for each entity type, assessed using both
span-based (NER) evaluation methods (strict and approximate) and identifier-based (EL)
evaluation. The averages are computed from pairwise agreements between the three an-
notators and the reference annotator. Additionally, the weighted average—adjusted for
the proportion of each entity type in the dataset—is provided.

NER EL
Entity Type Strict Approx Strict
CAC 0.211  0.260 0.151
NILDis 0.632 0.632 0.103
NILChem 0.633  0.656  0.123
NILGene 0.577  0.577  0.018
CE 0.949  0.951 0.915
DPF 0.931 0.942 0.896
GGP 0.965 0.976  0.711
SV 0.586  0.605  0.598
CL 0.727 0.727  0.733
oT 0.938 0.938  0.929

Weighted average 0.781 0.786  0.743

entities is accurately or approximately recognized, but they are classified with
the wrong entity type.

The average performance of BENT in the EL task (Table 4) was 0.573
when considering the strictest criteria and 0.669 when additionally consider-
ing neighbors in the evaluation. The performance was higher for entities of
type CE (0.825) and DPF (0.698) and lower for entities of type NILChemical
(0.197) and NILGene (0.200). Dealing with NIL entities represents a major
challenge since it is not clear to which entry in the target KOS a given ap-
proach should map these entities. With the present work, we attempted to
overcome a limitation identified in the existing literature through the def-
inition of guidelines to annotate these types of entities. However, the low
agreement obtained between the different annotators (Table 3) suggests that
there is still room for improvement.

The increase in the performance achieved by BENT when relaxing the
evaluation criteria (Accuracy-neighbours) demonstrates that a major source
of errors is related to the specificity of the annotations. The annotation
guidelines greatly vary between evaluation datasets, which originates differ-
ent interpretations about the specificity of entities. In some cases, BENT
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Table 4: BENT performance in the NER and EL tasks.
GGP CE DPF CAC oT CL NILChem  NILGene

NER-A

P (Avg 0.745) 0.778 0.679 0.831 0.571 0.904 0.222 -
R (Avg 0.668) 0.791 0.613 0.726 0.401 0.737 0.333 -
F1 (Avg 0.705) 0.784 0.644 0.775 0.471 0.812 0.267 -
NER-B

P (Avg 0.828) 0.846 0.753 0.920 0.688 0.978 0.500 -
R (Avg 0.742) 0.860 0.680 0.804 0.484 0.796 0.750 -
F1 (Avg 0.783) 0.853 0.714 0.858 0.568 0.878  0.600 -
NER-C

P (Avg 0.903) 0.914 0911 0.959 0.744 0.978 0.667 -
R (Avg 0.776) 0.863 0.773 0.821 0.541 0.790 0.833 -
F1 (Avg 0.834) 0.887 0.837 0.885 0.627 0.874 0.741 -
EL Task

Accuracy 0.479 0.825 0.698 0.430 0.539 - 0.197 0.200
(Avg 0.573)

Accuracy-neighboors - 0.833 0.765 0.484 0.593 - 0.318
(Avg 0.669)

links a recognized entity to either a direct descendant or a parent in the
target KOS instead of the correct entry. BENT is not a supervised ap-
proach trained on a specific dataset, so we predict that this type of error
will persist. Two examples illustrate this type of error: in the document
24442316, BENT linked the entity ”liver injured” to the entry ”Chemical
and Drug Induced Liver Injury” (identifier MESH:D056486), but the cor-
rect entry would be ”Liver Diseases” (identifier MESH:D008107), which is
the parent of "Chemical and Drug Induced Liver Injury”; in the document
17879945, BENT linked the entity ”female hormones” to the entry ”Gonadal
Hormones” (identifier MESH:D042341) instead of the entry “Hormones”
(identifier MESH:D006728), which is the parent of "Gonadal Hormones”.

3.3. RE Inter-annotator agreement

All relation IDs were normalized and compared. Two different compar-
isons were made: full match, where there is a full match between all entities
present on the relation, and partial match, where sub-relations of the main
relation were considered. The annotations made by the most senior annota-
tor were considered the gold standard for comparison.

Table 5 presents the scores for both exact and partial matches among all
documents, being the first row of each annotator regarding the 1 round and
the second regarding the 2 round. The partial match scores improved from
the exact match scores, despite the relatively low scores, being the highest
F1 achieved by annotator 1 on R1 0.518. Overall, the RE inter-annotator
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Table 5: RE Inter-annotator Agreement: exact and partial match scores.

Exact Match Partial Match
Annotator | Precision Recall F1 Precision Recall F1
Annotator 1 | 0.261 0.536 0.351 | 0.424 0.652 0.514
0.271 0.257 0.264 | 0.429 0.354 0.388
Annotator 2 | 0.230 0.750 0.352 | 0.307 0.800 0.444
0.217 0.407 0.283 | 0.295 0.484 0.367
Annotator 3 | 0.138 0.434 0.210 | 0.147 0.448 0.221
0.136 0.196 0.160 | 0.141 0.201 0.166
Annotator 4 | 0.132 0.156 0.143 | 0.197 0.217 0.207
0.094 0.117 0.104 | 0.169 0.193 0.180

agreement scores show that there was a low level of consistency on this task
among the different annotators.

The scores regarding RE are dependent on the NER phase, since each anno-
tator performed their own NER. If the annotators selected different entities
(for example, entity boundary disagreements or nested entities), it would
have a negative impact on the agreement. Furthermore, RE depends on the
linguist interpretation, subjectivity, and expertise of each annotator, which
increases the level of disagreement. The complexity of the relations’ variable
arity also creates an additional issue in that the annotators may not always
select all the available entity options for the relation or select a different
criteria to define a relation.

3.4. Relation Prediction

The results for the 3-ary and 4-ary datasets are presented in Table 6. The
results show that SciBERT has a consistent better performance in comparison
to BiomedBERT. This model seems to perform better on the 4-ary dataset,
where there is an increase of 0.184 in the macro average F1 score from 3-ary
to 4-ary. Both models struggle to predict false labels on both test sets, but
SciBERT is better at identifying true positives.

In the BioREx paper [14] it was performed an evaluation on the drug-drug
N-ary combination dataset [6], achieving SOTA results with the exact match
Fl-score of 66.2% for the positive combination and 75.8% for any combina-
tion. Additionally, the higher Fl-score on the DUVEL dataset [16] was 84%
and for 3-ary results, a Fl-score of 83.8% on binary class is achieved in the
EnzChemRED work [17]. We achieve SOTA results for the 4-ary. Although
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Table 6: Performance metrics for all finetuned models on n-ary test sets.

SciBERT Biomed BERT Binary SciBERT
P R F1 P R F1 P R F1
3-ary Accuracy 0.677 Accuracy 0.616 Accuracy 0.608

Label False 0.515 0.544 0.529 | 0.449 0.673 0.539 | 0.135 0.032 0.052
Label True 0.765 0.744 0.755 | 0.782 0.588 0.671 | 0.649 0.896 0.753
Macro Avg 0.640 0.644 0.642 | 0.615 0.630 0.605 | 0.459 0.464 0.403

4-ary Accuracy 0.854 Accuracy 0.798 Accuracy 0.638

Label False 0.841 0.690 0.758 | 0.671 0.766 0.716 | 0.278 0.054 0.091
Label True 0.858 0.935 0.895 | 0.875 0.813 0.843 | 0.663 0.930 0.774
Macro Avg 0.849 0.812 0.826 | 0.773 0.789 0.779 | 0.471 0.492 0.433

our results do not achieve SOTA in the 3-ary data, they are not negligi-
ble, especially considering that we fine-tuned our model using a significantly
smaller and less diverse training set.

To ensure consistency with the n-ary SOTA performance achieved using
the binary BioREX dataset, we evaluated the 3-ary and 4-ary test sets using
a model finetuned on BioRED binary single-sentence data. We finetuned the
SciBERT model using a training set of 7,894 sentences and an evaluation set
of 879 sentences, applying the same hyperparameters described in 2.6.1. The
results shown in Table 6, column Binary SciBERT, indicate that training in
binary version alone is not enough to obtain a strong performance on n-ary
datasets.

These results demonstrate that combining the existing relations of a gold
standard binary dataset and merging them to create an n-ary dataset using
internal labels as distant supervision is an effective and efficient method for
generating quality n-ary relations to train models.

3.5. Challenges and Bias in N-ary Relation Eztraction

3.5.1. N-ary Complexity

When extracting biological relationships, it is essential to consider how
the different entities interact within a given context. Considering the follow-
ing example sentence:

”Maleate-induced renal injury included increase in renal vas-
cular resistance and in the urinary excretion of total protein, glu-
cose, sodium, neutrophil gelatinase-associated lipocalin
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(NGAL) and N-acetyl b-D-glucosaminidase (NAG), upreg-
ulation of kidney injury molecule (KIM)-1, decrease in renal
blood flow and claudin-2 expression besides of necrosis and
apoptosis of tubular cells on 24 h.”

»o»

In the example sentence, entities such as "glucose”, "neutrophil gelatinase-
associated lipocalin” and ”N-acetyl b-D-glucosaminidase” all show an ”in-
creased” relationship with "maleate-induced renal injury”. Thus, when ex-
tracting relationships, these entities can be grouped under the category ”in-
creased in maleate-induced renal injury”.

However, when considering other entities like "claudin-2” and "renal blood
flow”, these show a ”decreased” relationship with maleate-induced renal in-
jury, suggesting that these entities should be grouped separately under the
category ”decreased in maleate-induced renal injury”.

For example, in a 3-ary scenario where the tagged entities in this sentence
are “glucose”, "neutrophil gelatinase-associated lipocalin” and “claudin-27,
the relationships become more ambiguous. A relationship’s 7validity” de-
pends on how we define it. Whether we consider a change in expression or
concentration that can be grouped under a single relation or if we simply
consider all entities as "altered in maleate-induced renal injury” regardless
of the differences of interactions.

This adds a layer of complexity to n-ary relations because the validity
of a relationship is determined by the criteria used to define a "valid” re-
lation. This criterion can be subjective and context-dependent, making the
extraction process more complicated and more open to interpretation.

Arity Influence Our results demonstrate better performance in predicting
4-ary relations compared to 3-ary relations. One possible explanation is that
including a fourth entity adds context, which helps clarify relationships and
reduces ambiguity. In sentences with a large number of other non-tagged
entities, such as lists of disorders, the presence of a fourth entity frequently
clarifies the roles of the entities in the relation. This additional clarity con-
tributes to accurately identifying valid relationships, particularly in complex
contexts.

Moreover, fixed arities still pose limitations, as they restrain obtaining
the full relation, such as in this example sentence:

"The most commonly reported toxic effects of capecitabine
are diarrhea, nausea, vomiting, stomatitis, and hand-foot
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syndrome”

To fully characterize the toxic effects of "capecitabine”, "diarrhea” and "nau-
sea” would be required. Since the arity was fixed at 4, only a partial char-
acterization is made. Although this approach captures the relation more
effectively than binary methods, it still does not capture the full complexity
of the information.

3.5.2. Manual Validation Bias

Reaching a high inter-annotator agreement would be the best approach
to mitigate bias and enhance the validity and robustness of the annotations.
The low scores and problems discussed in the 3.3 section led to the deci-
sion to rely on annotations from a single senior annotator. It is important
to acknowledge that this choice introduces potential biases into the dataset.
Specifically, the annotations may be influenced by the annotator’s individual
interpretation of the task, as well as other factors such as annotation fatigue.
These factors can result in inconsistencies or subjective judgments that may
not be representative of broader perspectives. Regardless of these limita-
tions, the decision to proceed with a single annotator was made to maintain
consistency and reduce the complexity introduced by multiple annotators
with differing interpretations.

3.5.8. Processing Issues and Error Analysis

Challenges and problems can arise from building n-ary relations in an
automatic manner. Extending binary to n-ary relations may introduce false
positives [18]. Similar issues can arise when selecting negative samples from
entities that are assumed not to interact, resulting in false negatives. Fur-
thermore, negative relations may not represent realistic relations as they fail
to represent boundary cases [36].

Errors in sentence splitting, tag addition, and removal can also occur by
the automatic separation of n-ary to k-ary relations.

SciBERT Error Analysis Five random samples of false positive (FP) and
false negative (FN) of each 3 and 4-ary SciBERT predictions were analyzed.
FP predictions for 3-ary and 4-ary fall in the category of ambiguous sentences
(example 1). Furthermore, for 3-ary it also occurs in sentences that were
incorrectly labeled as false but in fact have a relationship (example 2).

e Example 1: "Low activity of patient plasma butyrylcholinesterase with
<el> butyrylthiocholine </e1> (BTC) and <e2> benzoylcholine </e2>,
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and values of dibucaine and <e3> fluoride </e3> numbers fit with het-
erozygous atypical silent genotype.”

"Eight Alu sequences (ACE, <e1> TPA25 </e1>, PV92, <e2> APO
</e2> FXIIIB, <e3> D1 </e3>, <e4> A25 </e4> and B65) were an-
alyzed in two samples from Navarre and Guipuzcoa provinces (Basque
Country, Spain).”

e Example 2: “<e1> Lipoprotein glomerulopathy </e1> (LPG) is a rare
disease characterized by the presence of <e2> thrombuslike deposition
</e2> in markedly dilated <e3> glomerular capillaries </e3> and is of-
ten accompanied by an increased serum apolipoprotein E (apoE) level.”

FN predictions for 3-ary and 4-ary appear to be primarily difficulties with
acronyms (example 3).

e Example 3: ”Myotonic dystrophy (<e1> DM </e1>), the most prevalent
<e2> muscular disorder </e2> in adults, is caused by (CTG) n-repeat
expansion in a gene encoding a protein kinase (DM protein kinase;
<e3> DMPK </e3>) and involves changes in cytoarchitecture and ion
homeostasis.”

"Of these, <e1> NOX1 </el1> and <e2> NOX2 </e2> have been re-
ported to contribute to intravitreal neovascularization (<e3> IVNV </e3>)
in oxygen-induced <e4> retinopathy </e4> (OIR) models.

4. Conclusion

This work highlights the potential for reusing existing datasets, specifi-
cally BioRED, in a resourceful manner to improve text mining approaches
dealing with edge cases. We present an open-access corpus that has been en-
hanced with four additional entity types, n-ary relation annotations, and NIL
entities. Using a carefully validated dataset, we show that binary datasets
can be used to train n-ary models by presenting baseline methods that re-
sulted in a 3-ary and 4-ary silver corpus. Additionally, instructions for an-
notating other datasets are provided, laying the basis for further study and
development.

Our RE results show SOTA values for 4-ary in both SciBERT and Biomed-
BERT models. Furthermore, the leveraging of binary datasets may be a
future direction for maximizing the value of existing datasets by extracting
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new types of relations, such as n-ary relations, using minimal computational
methods.

Developing guidelines for annotating the edge cases is difficult, as evi-
denced by the relatively low inter-annotator agreement in both NER and RE
tasks. We believe the guidelines will be useful for future annotation tasks.

Future work on the RE task might benefit investigating more rich dataets,
as in the case of BioREX, integrating and evaluating NIL entities, and ex-
ploring RE without fixed n-arities and with dependency parsing for more
accurate relations. In addition, future iterations of this corpus could benefit
from a more diverse annotation process involving more senior annotators to
improve generalizability.
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'In addition , there is convincing clinical evidence that monotherapy with continuous subcutaneous apomorphine
infusions is associated with marked reductions of preexisting _dyskinesias \

r1(apomorphine, levodopa-induced)

'In addition , there is convincing clinical evidence that monotherapy with continuous subcutaneous apomorphine
infusions is associated with marked reductions of preexisting levodopa-induced dyskinesias.
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