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ARTICLE INFO ABSTRACT

Keywords: Objective: Non-coding RNAs (ncRNAs) are involved in various important biological processes, relevant disease
Non-coding RNAs biomarkers and therapeutic agents. However, information remains sparsely distributed, mostly in articles. It is
Relation Extraction then of pivotal importance to aggregate and normalize the existing information. Natural Language Processing

Text mining
Distant Supervision
Large Language Models

(NLP) text mining can generate relational corpora. Large Language Models (LLMs) show great capabilities
in general task-solving without fine-tuning with large datasets. The aim of this work was to develop a
methodology to extract ncRNA-phenotype relations from scientific articles, using a combination of NLP and
LLMs.

Methods: We developed a NLP pipeline to aggregate and normalize data from five ncRNA-disease databases.
This dataset was used to generate a corpus of ncRNA-phenotype relations from scientific articles, using Distant
Supervision Relation Extraction (DSRE). Finally, we used Large Language Models (LLMs) to develop a Relation
Extraction (RE) methodology, using the validated subset of the corpus to evaluate performance.

Results: A high-fidelity ncRNA-phenotype relation dataset, consisting of 214,300 relations, was created by
the aggregation and normalization of five comprehensive ncRNA-disease databases. We generated a ncRNA-
phenotype relational corpus (ncoRP) using DSRE, containing 21,608 annotated articles, 2835 unique ncRNAs,
1118 unique phenotypes and 35,295 unique relations, with a precision of 0.761 and F1-score of 0.593. We
developed and applied a LLM RE methodology, achieving an F1-score of 0.978 by combining the RE task with
a preceding sentence filtering task and applying prompting principles such as in-context learning (ICL) and
Chain-of-Thought self-explanation.

Conclusions: We successfully created a high-fidelity, normalized, ncRNA-phenotype relation dataset from
five ncRNA annotation databases and a relational corpus, containing a large number of annotated sentences
expressing ncRNA-phenotype relations. The methodology developed in this work, combining LLMs with DSRE,
was able to achieve a high Fl-score in the RE task, showing promise for the automatic extraction of ncRNA-
phenotype relations from scientific articles. We expect the dataset and corpus to be of great use for the
development of future NLP models and tools for the study of ncRNAs, and our methodology to be broadly
applicable to other similar tasks, such as the extraction of gene-disease relations.

1. Introduction documented protein-coding genes and around 23,000 documented non-

coding genes, whereas about 9000 of them represent ncRNAs (while
Non-coding RNA (ncRNA) is a broad term that encompasses all RNA 14,000 represent pseudo-genes) [2].

molecules that do not encode proteins. ncRNAs are involved in a wide The most trivial ncRNAs that come to mind might be ribosomal RNA

(rRNA) and amino acid transport RNA (tRNA), both directly involved

in the translation step of protein synthesis [1]. Other types of ncRNA,

depending on their size, can be classified as micro RNA (miRNA), and

small/long non-coding RNA (sncRNA or IncRNA) [1,3].

range of cellular processes, such as protein synthesis, regulation of gene
product expression and other biological processes [1]. Non-coding re-
gions constitute the majority of the human genome — according to the
HUGO Gene Naming Committee (HGNC!), there are more than 19,000
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MiRNAs and IncRNAs play important roles of cytoplasmic reg-
ulation [4]. The former is involved in signaling for repression or
degradation of messenger RNA (mRNA), while the latter interacts with
various regulatory elements of transcription, such as enhancers and
even miRNAs [1]. Moreover, IncRNAs also take part in other regulatory
processes, such as X chromosome silencing, genomic imprinting and
chromatin modification [3]. Other less prominent types of ncRNA in
research literature are small nucleolar RNA (snoRNA), circular RNA
(circRNA), small interfering RNA (siRNA) and PIWI-interacting RNA
(piRNA) [5].

With this wide range of functions, it is not surprising that dys-
regulation of ncRNA expression could be a cause of disease and its
aggravation [6]. Consequently, ncRNAs can serve not only as diagnosis
biomarkers, but also as therapeutic agents [1,3]. This latter application
shows promise in the sense that, due to their specificity to certain
mRNAs or proteins, ncRNAs can alter these molecules’ function and
structure. Thus, RNA therapies could increase the number of druggable
targets, enabling and enhancing other therapies [5].

However, disproportionately to their apparent importance, ncRNAs
still remain poorly studied and documented, mainly due to their sheer
complexity. It is difficult to understand unique function in the midst
of the complex networks and biological pathways that ncRNAs are
inserted [5]. Most of the times specific biological studies are required,
which are expensive and time consuming [3]. In addition and in
consequence of this, even though there are ncRNA databases there are
only a few dedicated to functional annotation [3], with the majority of
information on ncRNAs still being dispersed in the form of scientific
research articles, thus making it essentially impossible to be aware
of its full extent by manual interpretation [7,8]. Considering all this,
it is of pivotal importance to aggregate and summarize the available
information in a way that enables easy comprehension of existing asso-
ciations, thus avoiding wasteful repetition of studies which recursively
aggravates the problem.

Natural Language Processing (NLP) is the sub-field of Artificial Intel-
ligence (AI) that enables computers to automatically understand human
language in its many nuances, and encompasses Text Mining (TM)
tasks such as Information Extraction (IE) and summarization [9,10].
Oftentimes, the first step in TM pipelines is the Entity Recognition
and Linking (ERL), responsible for identifying named-entities in text
- Named-Entity Recognition (NER) - and subsequently linking them to
a knowledge-base entry - Named-Entity Linking (NEL). Then, Relation
Extraction (RE) is applied to identify relations between the named
entities. A simple starting point algorithm for this task is Distant Su-
pervision Relation Extraction (DSRE), based on the simple application
of the following principle: If a relation between A and B is pre-
documented in a knowledge base, then a sentence mentioning both A
and B expresses that relation.

One application of these techniques is in the creation of relational
corpora, which are collections of sentences annotated with found re-
lations between entities there mentioned [11]. Thus, the creation of
a corpus containing ncRNA-phenotype associations could be a step
towards solving the existing problems with the sparseness of informa-
tion on this topic. Moreover, relational corpora can be further used to
develop and train Machine Learning (ML) models to perform various
NLP tasks.

Large Language Model (LLM) research is currently on the rise
due to these models’ advanced understanding and generation of lan-
guage [12]. These models also show good performance on general
task solving without requiring task-specific fine tuning, unlike the
traditional state-of-the-art NLP model architectures such as BERT. As
so, further benchmarking of LLMs for this kind of problem may be
of worth, considering their capabilities in dealing with the linguistic
variability, characteristic of scientific text.
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Statement of Significance

Summary Description
Problem or  The exponential growth of scientific literature
issue presents a significant challenge for researchers
attempting to stay abreast of developments in
complex fields like non-coding RNA biology.
Manually reviewing publications to identify
relationships between ncRNAs and diseases is a
time-consuming and increasingly impractical task.
Existing databases, while valuable, often lack the
comprehensive coverage and automated accessibility
needed to efficiently synthesize knowledge from the
vast and rapidly expanding body of scientific text.
This bottleneck hinders the ability to identify novel
therapeutic targets, understand disease mechanisms,
and translate research findings into clinical
applications.
Non-coding RNAs play crucial roles in a wide range
of biological processes and are implicated in
numerous diseases. Several functional annotation
databases exist that catalog known ncRNA functions
and associations with phenotypes. Natural Language
Processing (NLP) techniques have been increasingly
applied to biomedical text mining, demonstrating
the potential for automated information extraction.
Large Language Models (LLMs) have shown promise
in various NLP tasks, including text summarization
and relation extraction, but their application to the
specific domain of ncRNA-disease relationships has
been limited.
This paper presents a novel approach to automated
extraction of ncRNA-phenotype relations by creating
a comprehensive, manually curated dataset of over
214,300 unique relations. This dataset, combined
with the resulting ncoRP corpus of annotated
scientific articles, provides a valuable resource for
the research community. The study demonstrates the
successful application of NLP techniques, including
LLMs, for automated annotation of scientific
literature, achieving promising results even with
simple prompting strategies. Furthermore, the
publicly available dataset and corpus facilitate
further research and development in this critical
area.
Researchers in the fields of genomics,
benefit from bioinformatics, and disease biology would greatly
the new benefit from this work. Specifically, those studying
knowledge in non-coding RNA function, disease mechanisms, and
this paper potential therapeutic targets will find the
ncRNA-phenotype relation dataset and ncoRP corpus
invaluable resources for meta-analysis, hypothesis
generation, and validation of experimental findings.
Developers of NLP tools and algorithms for
biomedical text mining can leverage this work to
improve the accuracy and efficiency of automated
information extraction systems. Ultimately, this
research contributes to a more comprehensive
understanding of disease biology and accelerates the
development of novel diagnostics and therapies.

What is
already
known

What this
paper adds

Who would

2. Tools and methods

This work can be divided into three phases: (1) the creation of a
ncRNA-phenotype relation dataset, which directly supports the (2) the
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creation of a ncRNA-phenotype corpus - ncoRP - with DSRE and (3)
the development of a LLM-based Relation Extraction (RE) methodology,
using the validated subset of ncoRP to evaluate performance. All the
described pipelines were implemented using the Python programming
language. All computations were performed on a server equipped with
two NVIDIA RTX A5000 GPUs, an Intel Xeon Gold 5317 24-core CPU,
and 512 GB of RAM.

2.1. ncRNA-Phenotype relation dataset

In the first phase, five ncRNA-disease functional annotation
databases (Human microRNA Disease Database [13], IncRNA-Disease
Database [14], ncrPheno [15], Rlscoper [16] and RNA-Disease [17])
are processed and aggregated in a tabular ncRNA-phenotype relation
dataset, in which each row can be defined as a relation between a
ncRNA and a phenotype, supported by an evidence article. The creation
of this relation dataset directly supports the DSRE step of ncoRP (see
2.2.3).

2.1.1. Entity recognition and in disease
names/descriptions

The selected databases (with the exception of RNADisease) do not
provide an uniform representation of phenotypes, often simply us-
ing disease names, abbreviations or acronyms. As so, ERL of pheno-
types solves this problem by (i) assigning IDs to redundant descrip-
tions (i.e. “gastric cancer” and “stomach neoplasm”) and (ii) rejecting
uninformative or ambiguous descriptions.

To do this, a pipeline using SentenceTransformers? and Facebook Al
Similarity Search (FAISS)® was implemented. The first, SentenceTrans-
formers, is a Python module that enables the training and usage of text
(and image) embedding BERT-based models, offering a collection of
already pre-trained and ready-to-use models [18]. The second, FAISS,
is a library (with a Python wrapper) that enables efficient similarity
search of vectors (as are embeddings), using different distance metrics
such as Euclidean, dot product and Cosine [19].

Therefore by using SentenceTransformers to create a collection of
embeddings from the Human Phenotype Ontology (HPO)* [20] in
which each term name (and respective synonyms) is converted to an
embedding associated with its HPO ID, it is possible to find the HPO
term embedding most similar to an embedded disease description using
FAISS. A distance threshold can also be set in order to filter descriptions
that may be too dissimilar from any HPO term. The SentenceTrans-
formers model used was “all-MiniLM-L6-v2”. To find an appropriate
distance metric and threshold, a preliminary evaluation was done on
random samples of 200 unique disease descriptions, from which 100
linked to HPO IDs (please refer to Table 1). Also note that in this
context, a FP is obtained when the linked HPO term does not fit the
disease description and a FN is obtained when there exists a HPO term
that could fit the description, but it failed to link to it.

Then, to guarantee the fidelity of these results, the best performing
euclidean distance threshold of 0.5 was evaluated in a different random
sample of 900 unique disease descriptions (450 linked to HPO IDs),
representing about 10% of the 8772 total unique disease descriptions,
yielding a precision of 0.973, a recall of 0.883 and a F1-score of 0.926
and resulting in 4954 unique disease descriptions linked with HPO
terms.

linking of phenotypes

2.1.2. Named entity linking of ncRNAs

In order to ensure that all ncRNAs names registered in the dataset
represent actual ncRNA molecules, these were linked to RNACen-
tral [21] IDs. The IDs were assigned through rule-based matching of
the ncRNA name to the RNACentral mappings file. NcRNA names that
failed to link to an ID were excluded from the dataset, remaining 5215
unique ncRNA names out of the initial 73,770.

2 https://www.sbert.net.
3 https://ai.meta.com/tools/faiss/.
4 Version v2024-04-26.

Journal of Biomedical Informatics 176 (2026) 105000

Table 1

Preliminary ERL performance evaluation of different distance metrics and
thresholds in random samples of 200 unique disease descriptions (100 linked
with HPO terms).

Distance Threshold Precision Recall F1-score Total links®
0.1 1.000 0.617 0.763 1428
0.3 0.990 0.692 0.815 2942

Euclidean 0.5° 0.950 0.856 0.900 4954
0.7 0.850 0.944 0.895 6656
0.9 0.800 1.000 0.889 7867
0.1¢ - - - 0
0.3¢ - - - 1

Cosine 0.5 0.000 0.000 0.000 458
0.7 0.300 0.268 0.283 2092
0.9 0.590 0.401 0.478 6729

2 Number of total unique disease descriptions that linked to HPO terms (out of the
total 8772 unique disease descriptions).

b Was further evaluated in a bigger random sample of 900 unique disease descriptions.
¢ Resulted in less than 100 linked HPO terms and therefore could not be evaluated.

2.1.3. Propagation of relations to phenotype ancestors and ncRNA aliases

With the goal of mitigating the negative-leaning nature of DSRE
methods (as positives require a relation to be pre-documented), the
size of the relation dataset was maximized by direct inference of new
relations from already documented ones - propagation. Hence, (1)
relations involving a ncRNA were propagated to all its documented
alias names and (2) relations involving a phenotype were propagated
to all the HPO ancestors of said phenotype.

To obtain the aliases for each ncRNA, the custom downloads tool
of HGNC® was used to download a file containing the “Approved
symbol”, “Previous symbols” and “Alias symbols”, filtering to obtain
only entries representing the “non-coding RNA” locus group. Then,
for each relation, if the ncRNA had aliases (i.e. “Previous symbols”
and/or “Alias symbols”), the relation was propagated to each of them,
effectively associating the RNACentral ID of the original ncRNA to each
of the found aliases.

In the case of phenotype ancestors, for example, relations involving
“Stomach cancer”, are propagated to “Neoplasm of the stomach” and to
all its other HPO ancestors until “Phenotypic abnormality”, exclusively.
This cutoff is applied because (i) the term “Phenotypic abnormality” is
too general to have medical significance and (ii) every original relation
would be propagated to it, making it redundant.

2.2. ncRNA-Phenotype corpus - ncoRP

In the second phase, a text mining pipeline is implemented to (1)
obtain scientific research articles that have information on ncRNAs,
(2) extract sentences in these articles that mention both ncRNAs and
clinically significant phenotypes and (3) identify relations between
these mentioned entities. In the end, a human validation of a subset
of the corpus was performed.

2.2.1. Article download and processing

In the first step, the evidence articles from the previously created
ncRNA-phenotype relation dataset (see 2.1) are downloaded using
NCBI's E-utilities. A great number of articles could not be downloaded,
either by not being available on the PMC Open-Access Subset or other
unknown reasons. By the end of this step, out of a total of 53,427
unique articles, 29,281 were successfully downloaded (23,869 full-text
and 5412 abstracts).

Then, an XML parser was implemented to extract the text para-
graphs of each article (with tables and figures being discarded). Finally
these paragraphs, if longer than 500 characters, were split into sen-
tences of at least 50 characters, by cutting the text at each “. ” (a period

5 https://www.genenames.org/download/custom/.
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a) Relation Extraction Prompt:

{examples} In-context Learning

Identify if there is an explicit relation between "{e1}" and "{e2}" in the following sentence: "{sentence}".
You must provide an explanation for your answer. Self-explanation CoT
Your response should be a JSON object with two fields: "relation" and "explanation".

Identify if there is an explicit relation between "{e1}" and "{e2}" in the following sentence: "{sentence}".

b) Uncertain Filtering Prompt:

in a clear way? Sentence: "{sentence}“

{examples}

in a clear way? Sentence: "{sentence}”

Do you think the following sentence conveys information about the relation between "{e1}" and "{e2}"

You must also explain the reasoning behind your answer.
Your response should be a JSON object with two fields: “answer" and "explanation".

Do you think the following sentence conveys information about the relation between "{e1}" and "{e2}"

Fig. 1. Prompts used for (a) Relation Extraction and (b) filtering of uncertain sentences.

followed by a white space). These minimum paragraph and sentence
sizes were established in order to avoid scientifically uninformative
text (i.e. author names, acknowledgment section text, etc.). While
these thresholds may exclude some succinct result statements, it is a
necessary trade-off between recall and the quality of the sentences,
which we prioritized.

2.2.2. Entity recognition and linking of ncRNAs and phenotypes in sen-
tences

Then, in the second step, MER [22] is used to identify mentions
to ncRNAs and phenotypes in these sentences. MER is a minimal dic-
tionary lookup named-entity recognition and linking tool, that requires
only a small set of text files (called a lexicon), containing the names and
IDs of entities. Merpy is its Python interface, enabling easy integration
with the rest of the pipeline and offering lexicon managing functions.
A small modification® had to be made for Merpy to work with entity
names containing dashes (“-”), as is the case of ncRNAs.

First, the ncRNA and phenotype lexicons were created.” For the
former, the ncRNA names and IDs were obtained from the RNACentral
mappings file, on which a filter was applied to remove generic names
such as “non-coding RNA” and names that would cause the wrong
recognition of small words or letters, such as “TR” and “E”. For the
latter, the HPO terms and the synonym names of each term were
added to the lexicon. Only the HPO terms descendant of “Phenotypic
abnormality” were considered, as done in [23], in order to exclude
terms with no clinical significance such as “localized” and “frequency”.

Then, for each sentence, Merpy was executed twice, to recognize
both the ncRNAs and phenotypes there mentioned (only same-sentence
references were considered), with sentences not mentioning at least one
ncRNA-phenotype pair being rejected. A sentence containing at least
one ncRNA-phenotype pair is considered an annotated sentence, with
the number of annotations equal to the number of identified pairs.

6 https://github.com/davidcoscor/merpy-ncrnas/tree/entity-name-dash-
support.

7 The creation workflows for the lexicons are defined in the script
corpus_creation.py, in the source code repository provided in Appendix 7.

2.2.3. Distant supervision relation extraction of ncRNA-phenotype relations

The final stage in the creation of the corpus was the DSRE. Any
annotated sentence whose ncRNA-phenotype pair was represented in
the previously created relation dataset (see 2.1), for the article where
the sentence originates, was labeled as a Positive, otherwise, it was
labeled as a Negative.

2.2.4. Validation

To be aware of the general quality of ncoRP, a human validation was
performed. To do that, random samples of 40 sentences (20 positives
and 20 negatives) each were distributed among expert curators in the
fields of Biology and Biochemistry to be evaluated. In order to evaluate
the fidelity of the curators’ validation, out of the 40 sentences sent to
each curator, 20 overlap sentences were the same for every curator,
which enabled to compute the Fleiss’ Kappa to evaluate curator agree-
ment. For each sentence, the curator had to choose one of three possible
evaluations: Correct (when the sentence label correctly reflected the
relation between the entities); Incorrect (on the contrary); or Uncertain
(when due to ambiguity, error or any other reason, it was hard to
attribute one of the other two evaluations).

2.3. LLM relation extraction

In the end, the potential of LLMs for RE tasks is evaluated. To do
that, an Ollama-based framework is implemented to easen the handling
and evaluation of LLMs in binary classification tasks (as is RE). Ollama
is an open-source framework, available (not exclusively) as a Python
library, that enables easy download and interaction with various pre-
trained LLMs. The following LLMs, all available through Ollama, were
tested, using their default Ollama inference parameters: Llama3 (8B and
70B), Phi3 (3B and 14B), Mixtral (8x7B and 8x22B), Gemma (7B) and
Gemma2 (9B)

With the validation of ncoRP, by the direct analysis of the curators’
evaluations, it was possible to produce a ground-truth dataset contain-
ing high confidence labels. Then, to evaluate the performance of a
model when predicting an instance, its prediction is compared to the
high confidence label for that instance.

This ground-truth dataset was divided into three subsets: (1) Train,
used to produce examples for in-context learning; (2) Test, used to
select the best performing method (combining a model, prompt and
number of examples) and (3) Validation, used as a final evaluation
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Number of Examples

Fig. 2. Analysis of the impact of the number of examples in the percentage of invalid LLM responses.

of the method deemed the best. This was done in order to (i) ensure
that the iterative method design/test process was not contaminated by
prediction bias from in-context examples and to (ii) confirm that the
performance of the found best method was not due to test instance bias.
Note that, due to the iterative nature of the project, the ICL examples
were generated and curated independently (as later detailed) prior to
the existence of any subsets, with the Train subset being created based
on the instances present in the final examples, whereas the remaining
instances were split between the Test and Validation subsets, ensuring
sentence-level® independence between Train and Test-Validation.

The process used to design a prompt that instructs a LLM for RE
while ensuring the outputs can be automatically processed can be
generally expressed as the iteration of the following steps:

. Design a prompt that conveys the RE task and output format
. Design a parsing function to handle the response

. Observe and evaluate LLM responses

. Repeat, making adjustments in 1. and 2.

HWDN -

In this stage, it was noticed that the inclusion of in-context (input—
output) examples in the prompt drastically reduced the number of
invalid model responses (see Fig. 2), making them essential. Further-
more, the self-explanation Chain-of-Thought principle (prompting the
model to explain the reasoning behind its answer) was also included,
as it has shown to increase performance, but also give insight on
the reasoning behind a prediction [24], which assisted in the prompt
design. Once the final prompt (Fig. 1) and parsing function combination
was achieved, the impact of the number of shots on performance was
further analyzed in two separate methodologies: (1) single prompt
for Relation Extraction only and (2) a prompt for Relation Extraction
preceded by a prompt for Uncertain Filtering.

The examples used in these analyses were generated by firstly
querying Llama3 with two (one Positive and one Negative) manually
crafted examples, using the final prompt, to obtain a large set of model
generated responses. Then, the responses with correct predictions were
manually curated into a set of ten final examples (five Positive and five
Negative), covering diverse relation types (such as up/down regulation,
relation negation, mere co-mention, etc.).

3. Results and discussion
3.1. ncRNA-phenotype relation dataset
The obtained ncRNA-phenotype relation dataset successfully aggre-

gates the five selected databases in an uniform format. On Fig. 3, it
is visible that there is small overlap between the databases, meaning

8 Article-level independence was not taken into consideration at this stage,
but knowing that the ground-truth dataset represents only a small random
fraction of the corpus, article contamination across splits seems unlikely.

Table 2
Statistics of the relation dataset.
Statistic Number
Total 214300
Relations Original 47798
From phenotype ancestor propagation 166 502
Unique ncRNAs 4891
Unique phenotypes 2413
Unique articles 53427
Table 3
Statistics for ncoRP.
Statistic Number
Annotated sentences® 208539
Total 400557
Annotations® Positives 84409
Negatives 316148
Total 35295
Unique relations Positives? 3615
Negatives! 34147
Unique ncRNAs 2835
Unique phenotypes 1118
Annotated articles 21608

2 The number of sentences containing at least 1 identified ncRNA-phenotype pair.

b The total number of identified ncRNA-phenotype pairs.

¢ The number of unique ncRNA-phenotype pairs (agnostic to sentence label).

4 The number of unique ncRNA-phenotype pairs in Positive and Negative label
sentences.

that the inclusion of every database is pertinent. The attribution of
unique identifiers to both ncRNAs and phenotypes guarantees the
quality and non-ambiguity of the relations by forcing the rejection of
wrongly registered, redundant or uninformative entries from the orig-
inal databases. In Table 2, it is noticeable that the relations resulting
from propagation to phenotype ancestors represent a great majority,
meaning that this step significantly contributed to the completion of
the dataset. However, in the ERL of phenotypes in disease descriptions,
despite the high precision (0.973) of the method, some HPO Terms
were wrongly attributed (statistically, about 3%), with this error being
further amplified in the ancestor propagation. To mitigate this, a more
restrictive smaller distance threshold could have been used, but in
trade-off with a smaller number of disease descriptions with linked HPO
Terms, and thus, relations.

3.2. ncoRP

The produced ncRNA-phenotype corpus - ncoRP - contains more
than 200,000 annotated sentences from a total of 21,608 scientific
research articles concerning ncRNAs, with acceptable metrics (precision
of 0.761 and Fl-score of 0.593) considering the methodology used.
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HMDD

a) ncRNAs b) Phenotypes

c) Articles

d) Relations

IncRNA-Disease
ncrPheno
Riscoper
RNADisease

inni

Fig. 3. Overlap of the different databases in terms of (a) unique ncRNAs, (b) unique phenotypes, (c) unique research articles and (d) unique ncRNA-phenotype

relations in the Relation Dataset.

However, based on the moderate inter-curator agreement (Fleiss’ Kappa
of 0.431) and the fact that only about 0.1% of the corpus was evaluated,
these metrics may not represent it fully, but are still a good represen-
tation (see Fig. 4 and Table 3). By nature, distant supervision methods
tend to create (i) positive label noise, as the presence of two related en-
tities in a sentence does not mean they share a relation in that sentence
and (ii) unbalanced negative-leaning labels, because positives require a
relation to be pre-documented [25,26]. In the corpus, the great majority
of sentences were labeled as Negative, which was also aggravated by
the imposed article-specific restriction. Thus, by lifting this restriction,
more Positive sentences could have been obtained, but possibly resulting
in more FP instances. Furthermore, the obtained high number of FP
and FN instances are mostly caused by the aforementioned problems
inherent to DSRE.

The high number of Uncertain sentences (21.1%) are caused by (i)
the method used to individualize sentences (resulting in some getting
too long and complex to understand), (ii) errors in the ERL of entities
in the sentences (despite the filters used, some words were wrongly
identified as entities that share the same name, as such, future iterations
could benefit from a more complex NER method) and (iii) that some

sentences are in fact inherently uncertain in their meaning. Further-
more, this high number of Uncertain sentences, may have also hindered
the observed inter-curator agreement.

3.3. LLM relation extraction

A sound method to obtain reliable uniform LLM RE responses was
achieved by combining (i) a prompt that instructed the model to
produce a specific format (JSON), while including in-context examples
with (ii) a response parsing function, solving one of the main challenges
of applying LLMs to close-ended tasks like RE. This enabled the auto-
matic evaluation of responses with a ground-truth dataset (constructed
from the validation results of ncoRP), which would have not been pos-
sible due to the diversity of possible responses these models normally
generate. However, a more methodical method of prompt design should
have been used as it consisted mainly of trial-and-error of different
prompts, which made it difficult to comparatively evaluate their quality
(see Fig. 5).

The impact of in-context learning in LLM RE was studied by
analyzing the impact of the number of shots in performance across
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Fleiss’ Kappa.

4 duplicates (see Fig. 6), with two main results arising. First, larger
model sizes do not seem to increase performance, at least for the
numbers of shots tested. Perhaps better performance on large models
could be achieved with larger numbers of shots, that would make use
of their larger context windows. Second, the number of shots does
not seem to have a clear impact on performance in the RE single
prompt method, but higher numbers of shots seem to lead to better
performance when combining the RE and uncertain filtering prompts.
A possible explanation could be that more examples improve the
performance of the uncertain filtering step, leading to more uncertain
sentences being filtered, thus improving the performance in the RE
step by making the model predict relations only in sentences it deems
understandable. The results support this explanation in the sense that
the best performing method also has the most percentage of sentences
being filtered as uncertain (41.4 + 2.9%). However, the obtained results
could also be caused by the specific examples used and their order, and
although it would be worthwhile to study different (possibly randomly
selected/ordered) examples it would increase the complexity of the
study beyond the scope of this work.

The best-found method combined the model Phi3 with ten shots,
using the combined uncertain filtering and RE prompts, achieving
an Fl-score of 0.978 + 0.013, which outperforms RE state-of-the-art
methods. However, a more thorough prompt design should have been
applied for the uncertain sentence filtering prompt, as it resulted in
a high number of invalid LLM responses in some models. Furthermore,
the uncertain filtering prompt was only analyzed in association with RE
and its standalone performance (i.e. how good in fact it is at identifying
uncertain sentences) was not fully examined as even manual analysis
would be challenging due to the subjective nature of what constitutes
an uncertain sentence.

To conclude, despite the simplicity of the methods presented in
this chapter, based mostly on prompting principles (namely in-context
learning and CoT self-explanation) applied on small LLMs, very promis-
ing results were obtained, leaving very much apparent the potential of
LLMs for RE, especially considering that these models do not require
pre-existing labeled training data.

4. Limitations
4.1. Qualitative error analysis

Regarding FPs, the three main error patterns, by order of perceived
occurrences are (1) alias collisions, mainly between short ncRNA sym-

bols and common short words and acronyms (while simple exclusion
filters were applied, they prove insufficient and unreliably brute-force);
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(2) mere co-mention, where two entities are mentioned in the same
sentence but no actual relation is present and (3) semantic drift of
phenotype ancestors, where propagation to very broad HPO ancestors
(e.g., “Neoplasm”) led the model to confirm a relation that, while tech-
nically true via the hierarchy, lacked specific biological meaningfulness
in context of the sentence.

False negatives (FNs) arose mainly from complex syntax, where sen-
tences with both nested clauses or long-distance dependencies where
the ncRNA and the phenotype are separated by large portions of text.

4.2. Next steps in error mitigation

To address the aforementioned identified error patterns, next steps
will focus on: (1) Dependency Parsing, by integrating syntactic infor-
mation to ensure the entities are grammatically linked before LLM
processing; (2) Negation and Hedge Detection, by implementing a
dedicated pre-processing module (e.g., BioVAlue or specific trigger-
word lexicons) to better handle Uncertain cases; (3) Cross-sentence
Aggregation, by expanding the context window to include neighboring
sentences, as many ncRNA-phenotype relations are described across
sentence boundaries in the Results sections of papers and (4) Refined
Alias Filtering by using stricter ERL constraints for short tokens and
incorporating more context-aware normalization.

5. Conclusion

NcRNAs represent the majority of human gene products and are
involved in a large set of important biological processes. Their dysregu-
lation is associated with the origin and aggravation of various diseases,
making them very relevant disease biomarkers and therapeutic agents.
Despite their apparent importance, there is a lack of ncRNA functional
annotation databases and information on these biomolecules is still
sparsely distributed mainly in the form of scientific research articles.
This coupled with the growing throughput of scientific text publica-
tions, makes it impossible to manually read and be aware of all the
existing information.

This work demonstrates how AI can be employed, particularly
through NLP techniques ranging different levels of complexity, to au-
tomatically extract and summarize the information available in these
large textual datasets. First, a ncRNA-phenotype relation dataset was
created, aggregating information from five ncRNA-disease functional
annotation databases in a set of 214,300 unique relations. This enabled
the creation of a ncRNA-phenotype relational corpus (ncoRP) through
DSRE comprising 35,295 unique relations with a precision of 0.761
and a Fl-score of 0.593. Both these contributions aim to mitigate
the problem with the sparseness of information about ncRNAs. The
developed pipelines can be easily adapted to be applied to general
information extraction and summarization.

Currently, the AI scene is dominated by the LLM paradigm, for
their complex understanding of written instructions and capacity to
answer in coherent and meaningful generated text. In this work, the
potential of LLMs for RE (and NLP tasks in general) is shown, giving
insight on how these powerful models can be used beyond day-to-
day tasks. As such, a LLM-based RE methodology was developed,
making use of simple prompting principles, such as in-context learning
and CoT self-explanation, to leverage LLM emergent capabilities. This
method chains (i) an uncertain sentence filtering prompt with a (ii)
RE prompt to predict if two entities share a relation in a sentence,
yielding a very competent Fl-score of 0.978, outperforming state-of-
the-art deep learning RE methods, without requiring fine-tuning with
large (often manually) labeled datasets. Despite the possibility of these
results appearing overly optimistic (as they can be inflated due to the
in-context examples used), they still express how powerful LLMs can
be in helping to solve the aforementioned problems with ncRNA and
general scientific information.
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6. Future work

This work shows the usefulness of text mining in information extrac-
tion and summarization, through its application on ncRNAs. As such,
it would be insightful to apply the established pipelines to different
biomedical entity pairs, such as “gene-drug” or “protein-protein”, or
even going a step further with n-ary relations such as ‘“‘gene-drug-
tissue”. Furthermore, the development of a software tool capable of
automatically annotating a given set of scientific research articles with
relations involving any pair of entities stands as an interesting project.

The results obtained for LLMs, even employing simple prompt-
ing principles on small models, are already promising, as such, the
application of more complex LLM approaches could further increase
performance. Namely the use of (i) larger models, (ii) task-specific
weight fine-tuning (which could be done using training data gener-
ated by these simpler approaches) or (iii) refined in-context exam-
ple generation/selection/ordering, are all topics that deserve further
exploration.
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