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Abstract

Motivation: Named entity recognition (NER) is a fundamental component of structured knowledge extraction, yet its
effectiveness in emerging domains remains by the scarcity of high-quality, domain-specific annotated corpora. Although
data augmentation and distant supervision have been explored to alleviate this issue, existing methods often introduce
limited entity diversity, noisy labels, or disrupt contextual integrity, thereby limiting their generalization ability in low-
resource settings.

Results: In this study, we propose DA-BioNER, a context-preserving data expansion framework for biomedical NER. DA-
BioNER combines multiple base NER models trained on few-shot data to provide coarse annotations, followed by refine-
ment using a large language model (LLM) guided by global biomedical knowledge. Unlike generation-based augmentation
methods that synthesize new sentences, DA-BioNER performs annotation refinement within existing sentences, preserving
both syntactic structure and semantic context. By constraining the role of LLM to refinement rather than open-ended gen-
eration, the framework effectively reduces hallucination while improving label precision and consistency. We evaluate
DA-BioNER on three benchmark datasets (NCBI-Disease, BC5CDR, and BioRED), under low-resource conditions. In 40-shot
settings, DA-BioNER achieves F1-scores of 0.750, 0.795, and 0.799, respectively, outperforming state-of-the-art methods,
including LSMS, DAGA, and MELM, by up to 0.32. Under more extreme few-shot settings, DA-BioNER further improves F1-
scores by up to 0.08, while generating an average of 1,391 additional unique entities, substantially enriching training di-
versity. These results demonstrate that DA-BioNER provides a scalable and adaptable solution for robust biomedical NER,
particularly in domain adaptation and low-resource scenarios.

Availability: DA-BioNER is publicly available at https://github.com/DMnBI/DA-BioNER.

relation extraction, semantic search, knowledge graph construc-
tion, and hypothesis generation (Luo et al. 2020, Perera et al.

1 Introduction

Named entity recognition (NER) is a core task in natural
language processing (NLP), involving the identification and clas-
sification of semantically meaningful entities—such as personal
names, organizations, or domain-specific terms—within unstruc-
tured text (Catelliet al. 2020, Sunet al. 2021, Asghariet al. 2022).
In the biomedical domain, where terminology is dense and
specialized, accurate NER is indispensable for transforming
free-text literature into structured knowledge. This capability
supports a wide range of downstream applications, including

2020, Rossanez et al. 2020, Harnoune et al. 2021).

Despite its central role in biomedical text mining, the develop-
ment of high-performance NER models remains constrained by
the scarcity of annotated corpora. Although fine-tuning pre-
trained language models (PLMs) can reduce the amount of data
required for domain adaptation, high-quality biomedical cor-
pora are still limited. Constructing such datasets is both costly
and time-consuming, requiring substantial domain expertise.
Consequently, existing biomedical datasets are often small and
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narrowly focused, typically covering only a limited range of
entity types, such as diseases, genes/proteins, chemicals, and
species (Kosprdic et al. 2024).

Large language models (LLMs), such as GPT (Brown et al.
2020), T5 (Raffel et al. 2020), and Llama (Touvron et al. 2023),
have recently demonstrated remarkable generalization and rea-
soning capabilities across various NLP tasks. Unlike PLMs, which
are fine-tuned for specific downstream tasks, LLMs can perform
complex tasks through prompting alone. This flexibility has en-
couraged efforts to apply LLMs to biomedical NER, aiming to
mitigate data scarcity and improve adaptability (Keloth et al.
2024, Monajatipoor et al. 2024, Munnangi et al. 2024, Lu et al.
2025). However, several challenges hinder their direct applica-
tion. First, prompt engineering—the design of effective instruc-
tions to guide LLMs—demands significant expertise, particularly
in the biomedical contexts with complex terminology and
abbreviations. Second, the hallucination problem remains criti-
cal. LLMs may generate non-existent entities or assign inappro-
priate entity types. Finally, the high computational cost of LLM
inference limits their practicality for large-scale biomedical
text processing.

To address these limitations, researchers have increasingly
explored data-centric approaches, particularly data augmenta-
tion, to synthetically expand training corpora while maintaining
contextual and semantic integrity (Shorten et al. 2021, Dai et al.
2025). A range of augmentation techniques has been proposed,
including token-level manipulation (Dai and Adel 2020),
sentence-generation models like DAGA (Ding et al. 2020), and
targeted perturbation methods such as MELM (Zhou et al. 2022),
BioAug (Ghosh et al. 2023), and styleNER (Chen et al. 2021).
More recently, LLM-driven data augmentation frameworks (e.g.,
LLM-DA (Ye et al. 2024)) have leveraged prompt-based rewriting
to generate synthetic examples. However, these methods still
face several challenges. Many rely heavily on limited annotated
data, constraining entity diversity and novelty. Heuristic-based
transformations, such as synonym substitution or mention shuf-
fling, often introduce semantic drift and boundary inconsisten-
cies. For example, token-level substitutions may fragment entity
mentions (e.g., replacing “muscle tear” with “muscle”), degrad-
ing linguistic coherence and label accuracy. These issues are
particularly problematic in biomedical contexts, where terminol-
ogy precision and contextual integrity are crucial.

An alternative and complementary strategy is distant supervi-
sion, which automatically generates weakly labeled data by
aligning raw text with external knowledge bases (Liang et al.
2020, Wang et al. 2020a, Wang et al. 2020b). Although this ap-
proach introduces label noise, it enables large-scale corpus gen-
eration without manual annotation. Moreover, recent advances
in contrastive learning have demonstrated that models can still
benefit from weak supervision, even in the presence of labeling
errors (Li et al. 2021).

In this work, we present DA-BioNER, a novel framework that
integrates distant supervision, few-shot learning, and LLM-
guided annotation refinement to generate high-quality labeled
data for biomedical NER. DA-BioNER comprises two main com-
ponents: (1) multiple base NER models trained on few-shot
datasets that provide coarse entity annotations; and (2) an LLM
that aggregates and refines these annotations using its exten-
sive linguistic and biomedical knowledge. By combining the

scalability of NER models with the broad knowledge of LLMs,
DA-BioNER generates context-preserving, diverse, and accurate
training data. This framework not only alleviates data scarcity
but also establishes a scalable and adaptable foundation for ro-
bust biomedical NER in low-resource domains.

2 Materials and methods
2.1 Dataset

In this work, DA-BioNER was developed and evaluated under the
assumption of a data-scarce environment, which we refer to as
a few-shot scenario. Specifically, we conducted experiments
with 10-, 20-, 30-, and 40-shot settings, where k-shot denotes
that k entities are included in the training data. The number of
entities for each few-shot setting is presented in Table 1.

For training and testing our framework, NCBI-Disease (Dogan
et al. 2014), BC5CDR (Li et al. 2016), and BioRED (Luo et al. 2022)
datasets were used for the biomedical domain. The NCBI-
Disease includes only disease entities within biomedical litera-
ture. BC5CDR, in contrast, contains annotations for both chemical
and disease entities, enabling joint entity recognition tasks. BioRED
extends this further by offering a comprehensive biomedical cor-
pus annotated with multiple entity types, including diseases,
chemicals, genes, sequence variants, species, and cell lines.

2.2 DA-BioNER framework

DA-BioNER consists of two primary stages: (1) annotating raw
text using multiple base NER models trained on a few-shot data-
set, and (2) employing an LLM-based ensemble to aggregate and
refine their outputs, thereby improving overall labeling quality
and consistency.

2.2.1 Base NER models

On the k-shot samples (k =10, 20, 30, and 40), NER models were
trained using transfer learning, with each model employing a
distinct PLM as its backbone. These NER models utilize a se-
quence labeling approach. Specifically, given a sequence of n
tokens S = {w;,w,,...,w,}, the NER model outputs a corre-
sponding label sequence Y = {y1, y,, ..., ¥}, where each y;
belongs to the label set L. The entity types recognized by the
NER model are defined as T = {t1,t;, ..., tn}, and the label set

Table 1. Distribution of entities by entity type across few-shot settings.

Datasets Entity Types Shot
10-shot 20-shot 30-shot 40-shot
NCBI-Disease Disease 10 20 31 42
BC5CDR Disease 12 21 33 43
Chemical 10 21 30 44
BioRED Gene 10 20 33 46
Disease 12 20 32 44
Chemical 12 25 37 49
Variant 10 25 33 41
Species 12 22 30 46
Cell Lines 11 23 31 40
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L is constructed as L ={0}U{B, I; | t € T}. Here, “O” repre-
sents a non-entity token, “B;” and “I;” indicate the first word
and the other words included in each entity of type ¢,
respectively.

2.2.2 LLM-based ensemble process

The process of generating distant labeling is composed of four
stages, as illustrated in Figure 1. Initially, entities are predicted
from the unlabeled sentences using multiple base NER models
(Figure 1a). The outputs from the base NER models are aggre-
gated to construct candidate pools (Figure 1b). In this process,
entities composed entirely of special characters are then filtered
out to eliminate unnecessary computations. For each NER
model M;, a set of predicted entities E; is generated as follows:

Ei: {(Silaeilalil)7 (Si27ei27[i2)> D) (SimyeiM7 [im)}7 (l)

where sj, e, and [; denote the start index, end index, and label
(e.g., disease) of the j-th entity by the model M;, respectively. Given
multiple models {M;, M,, ..., M,}, their respective entity predic-
tions {£1, Ea, ..., En} arerestructured to a set of candidate pools
C={Ci, C,, ..., C}. Each candidate pool C; is a set of entities
that share overlapping spans predicted from multiple base NER
models. For example, as shown in Figure 1b, the entities ‘amino’
(Gene/Protein) and ‘acid’ (Disease) from model 1, ‘amino acid decar-
boxylase’ (Gene/Protein) from model 2, and separate entities
‘amino’ (Chemical) and ‘acid decarboxylase’ (Gene/Protein) from
model 3 are all grouped into a candidate pool because their spans
overlap. A candidate pool contains only one entity when there are
no overlapping entities. The overlap condition is defined as:

overlap((s,e.l), (s',€,l)) =
True, if s<e’ and e>s’

(a) (b)
Base NERs Candidate pool 1 (C,) Candidate pool 2 (C,)
. . 1 .
1 model 1 (M) B[ and ]E[ amino | [ acid | :Bi[ Type Il diabetes )
A\ J (.
: o !
r—— 1
Unlabeled NER [3[ and ]:[ amino acid decarboxylase ]36;[ Type ] [ diabetes ]
sentence model 2 (M,) A Y {1 yp
~————— — l—j
1 1 : :
NER | i_:
1 . . .
L model 3 (My) [3 [ and ]:[ amino ] [ acid decarboxylase ]:E]i[ Type Il diabetes ]
— /I—\ P
/ C] Gene/Protein C] Chemical compound D Disease

© / (d)

Sentence: With few genetic studies investigating...

© Gm)

©) [ amino acid decarboxylase ]
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acid

amino acid decarboxylase ]
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Figure 1 Workflow of DA-BioNER. (a) Prediction of source entities. The base models of named entity recognition (NER) independently predict the
entities from unlabeled text. (b) Generation of candidate pools. The outputs from the base NER models are combined, with overlapping entities
grouped together to form candidate pools. (c) Construction of candidate pools as single-select problems. The candidate pool is structured as a
single-selection problem. Note that the option ‘None’ is included in the selection choices to account for instances where no suitable entity exists.
This single-selection problem, along with the sentence containing the candidate pool, is then passed to the next stage. (d) Refinement of candidate
pools via a large language model (LLM). The single-selection problem is input into the LLM multiple times, with the final result generated through

majority voting on the outcomes.
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Then, each candidate pool is formatted as a single-select prob-
lem for the verification process (Figure 1c). The selection choices
include the option ‘None’ to account for instances where no
suitable entity exists. In this process, entities composed of a
mention and a label from the candidate pool, along with a sen-
tence containing them, are provided to an LLM.

Utilizing this information, the LLM selects the most appropri-
ate option (Figure 1d). This process, called the refinement pro-
cess, leverages contextual understanding and an extensive
knowledge base from the LLM to assess the validity and suitabil-
ity of candidate entities. The detailed prompt is provided in
Table 2. To ensure robust and reliable results, the refinement
process is conducted multiple times for each candidate pool,
with a majority voting strategy used to determine the final out-
put. This approach helps mitigate the impact of variability in in-
dividual assessment outcomes.

2.3 Experimental settings

Figure 2 illustrates the evaluation process for the augmented
data. To assess the impact of data expansion, we trained inde-
pendent NER models and evaluated their performance on the
corresponding test sets. The following subsections provide a de-
tailed description of the experimental setup.

2.3.1 Preparing training data and
unlabeled corpora

In this study, we utilized k-shot samples as the training data for
the data augmentation models. In the context of NER, a k-shot
sample typically refers to a dataset containing exactly k entities
for each class (Yang and Katiyar 2020). However, real-world data
often fails to meet such strict criteria due to imbalanced class
distributions. To address this issue, a flexible k-shot sampling
method is applied, as proposed in (Ye et al. 2024), to permit
each class to include between k and 1.25k entities. Building on
this method, the sampling strategy includes both k to 1.25k enti-
ties per class and k negative sentences that do not contain any
entities. By including negative cases in learning, the model

Table 2. Example of prompt designed for ensemble and refinement.

reduces the risk of false positives (FPs), thereby preventing over-
fitting and improving its precision in identifying true entities.

DA-BioNER processes unlabeled text as input to generate aug-
mented data. For this purpose, we randomly selected subsets of
500, 1,000, 2,000, 3,000, and 4,000 unlabeled sentences from
each dataset. Among the three datasets, BioRED includes vari-
ous entity types and exhibits significant class imbalances.
Therefore, to ensure reliable experiments, each type was re-
quired to contain at least 30 entities. Note that these sentences
are mutually exclusive from the few-shot samples used in
the training.

2.3.2 Base NER model and LLM setup

The base NER models were constructed with a PLM, a linear
layer, and a SoftMax function. Each model was fine-tuned on a
distinct PLM: BioBERT (Lee et al. 2020) (biobert-base-
cased-v1.2), BiomedBERT (Gu et al. 2021) (BiomedBERT-base-
uncased-abstract-fulltext), and Bioformer (Fang et al. 2023)
(bioformer-16L). This approach, which uses different PLMs,
allows the generation of diverse candidate outputs. The differ-
ences among these PLMs are summarized in Table 3.

During the training phase, the models were optimized using a
cross-entropy loss function with a learning rate of 3x107°.
Batch sizes were configured as 2 for the 10-shot, 4 for the 20-
shot, and 8 for both the 30-shot and 40-shot settings. The maxi-
mum sequence length for all scenarios was set to 512 tokens. An
early stopping strategy was applied based on training loss, with
a minimum of 30 epochs and a maximum of 50 epochs, and
training was halted if the loss did not significantly reduce over 5
consecutive epochs. For the ensemble stage, the gpt-3.5
model—specifically, the gpt-3.5-turbo-0125 model developed by
OpenAl—was utilized with the following settings: frequency_-
penalty set to 0, presence_penalty set to 0, temperature set to
0.7, and top_p set to 1.

In the experiments, we utilized two examples in the prompt,
which remained consistent across all datasets, as the examples
served merely as a tool to define the task (see Supplementary
Table S1, available as supplementary material at Bioinformatics

Prompt

Given the input consisting of a sentence, biomedical entity candidates with their classes,

select the most reasonable entity candidate if there is one. The selection criteria are that
the candidate’s word must be valid, and the assigned class must be appropriate for the
candidate. Do not modify the candidate’s word or class. If no suitable candidate is found,
return no entity. Provide an explanation for the decision. Return the result in JSON format
with the following fields: explanation, text, and class. The text and class fields in the out-
put must exactly match the text and class of the selected candidate. The selected entity
must be one of the provided candidates or none if no suitable candidate exists.

{example}
Input
-CANDIDATES:

-SENTENCE: “{sentence}”

1. “{entity mention 1}” ({entity type 1})
2. “{entity mention 2}” ({entity type 2})

n. “{entity mention n}” ({entity type n})

The “{example}” is substituted with examples in the same format as the input. The “{sentence}” is replaced with the original sentence to be processed.
“{entity mention i}” and “{entity type i}” are replaced with the respective entity mention and type.
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Figure 2 Overall process for evaluating augmented data. (a) Data augmentation. DA-BioNER or existing methods generated new data based on gold-
standard data-based few-shot settings. (b) Training NER models. Independent NER models are trained on the data generated by each augmentation
method. (c) Performance evaluation. Performance of the NER models are evaluated.

Table 3 Comparison of biomedical PLMs.

BioBERTgasc-v1.2 BioMedBERT Bioformer;g_

Corpus PubMed v v v

PMC v v v

Eng. Wiki v - -

Books v - -
Initial weight BERT - -
Vocabulary BERT Self-made (WordPiece) Self-made (WordPiece)
Vocabulary size 28,996 30,522 32,768
Architecture Heads 12 12 8

Layers 12 12 16

Hidden size 768 768 384

Parameters 110M 110M 43M

online for examples). The inference stage was conducted three
times, and the final result was obtained through a majority vot-
ing strategy.

2.3.3 Configuration of an NER model for the
validation of augmented data

To evaluate the efficiency of our method, an NER model was in-
dependently trained on the augmented datasets generated by
DA-BioNER and competing methods. The NER model mentioned
in this section is completely independent of the base NER model
introduced in Section 2.2 and was trained solely for evaluation
purposes (Figure 2). This NER model employs a transfer learning
approach, utilizing a PLM with a SoftMax classifier. Given that
augmented data inherently includes a certain level of noise, a
noise-tolerant approach is essential for effectively training the
NER model. Therefore, we employ a symmetric cross-entropy
(SCE) loss function (Wang et al. 2019) as optimization in the

NER model. SCE integrates both standard cross-entropy (CE)
and reverse CE (RCE) to enhance robustness against noisy
labels. Specifically, while CE penalizes incorrect predictions,
RCE mitigates the over-penalization caused by mislabeled sam-
ples by also considering the divergence from the predicted dis-
tribution to the true distribution. This formulation allows the
model to learn more stably in the presence of label noise.
Formally, the SCE loss is defined as follows:

L= — Z,N:l yilog(¥;) (3)

N
Lrce = — Zi:l yilog(yi) (4)
SCE=a- Lee+p- Lece, (5)

where N is the total number of entity classes, and y; and ¥;
represent ground truth and predicted probability for class i,
respectively. a and f are hyperparameters that control the con-
tribution of the CE and RCE losses to the overall SCE loss.
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The NER models were trained on the augmented datasets,
with the gold standard few-shot data used for validation. For
the SCE loss, the parameters were set as follows: a =0.2 and
S = 1.0. The learning rate was set to 5x 1073, with a batch size
of 32 and a maximum sequence length of 512 tokens. An early
stopping strategy based on validation loss was applied, with a
minimum of 15 epochs and a maximum of 60 epochs, and train-
ing was terminated if the loss did not show a significant reduc-
tion over 5 consecutive epochs.

2.4 Comparison models

DA-BioNER was evaluated against several baselines and
augmentation-based methods, including Gold-only, LSMS
(Dai and Adel 2020), DAGA (Ding et al. 2020), MELM (Zhou et al.
2022), and simple voting. The Gold-only baseline model
utilizes only the original dataset manually annotated without
any data augmentation. LSMS generates augmented data by ap-
plying token-level transformations to entity mentions. DAGA uti-
lizes an LSTM-based text generation model that produces
synthetic sequences incorporating linearized entity labels.
MELM employs a masked entity language model that selectively
masks tokens within entity spans and predicts replacements to
create new entity mentions. The simple voting method uses a
rule-based strategy to select a representative entity label from a
pool of candidates (see Supplementary Methods, available as
supplementary material at Bioinformatics online for de-
tailed algorithms).

The comparison models expand the data based on few-shot
samples according to the following configurations. For LSMS
and DAGA, approximately 4,000 augmented sentences were gen-
erated using random seeds, and subsets of 500, 1,000, 2,000,
3,000, and 4,000 sentences were randomly selected from these.
For MELM, the generation process was performed only three
times per input sentence, as this was identified by the authors
as the optimal number of repetitions. The erroneous sentences,
including blank tokens, were removed to ensure data quality.
The simple voting operates in a process nearly similar to DA-
BioNER, but differs in the selection strategy employed to ensem-
ble the candidate pool.

Table 4 Performance comparison with existing data augmentation methods.

2.5 Evaluation metrics

In these experiments, the models are evaluated using three
metrics: micro-averaged precision, recall, and F-score. Precision
and recall are defined as:

. TP TP
precision = recall (6)
TP

+FP’ TTPHFN’

Here, TP, or true positive, represents the number of labeled
entities for which the model correctly identifies both the bound-
aries and the class; FP, false positive, indicates the number of in-
correctly identified named entities; and FN, false negative, refers
to the number of actual named entities that the model fails
to identify.

The Fl-score is a comprehensive metric that balances preci-
sion and recall, calculated as:

2 X precision X recall

F1 —
precision + recall

(7)

In the context of NER, micro-averaging was adopted to calcu-
late these metrics across all entities collectively, rather than av-
eraging the metrics for each class separately.

3 Results and analysis

3.1 Performance evaluation
and comparison

We evaluated the performance of DA-BioNER against state-of-
the-art data augmentation methods and baseline models by
training an NER model on augmented datasets and assessing its
performance across a range of experimental settings (Figure 2;
Table 4). DA-BioNER was implemented in two variants: DA-
BioNER (SI), which performs a single round of an LLM inference,
and DA-BioNER (MI), which performs three rounds of inference
followed by majority voting. Comparative augmentation meth-
ods included LSMS (Dai and Adel 2020), DAGA (Ding et al. 2020),
and MELM (Zhou et al. 2022), while baseline models comprised
one trained solely on gold-standard annotations and a simple
ensemble using majority voting.

NCBI-Disease (F1-score)

BC5CDR (F1-score)

BioRED (F1-score)

10-shot 20-shot 30-shot 40-shot 10-shot 20-shot 30-shot 40-shot 10-shot 20-shot 30-shot 40-shot
Gold-only 0.292 0.516 0.588 0.611 0.552 0.648 0.696 0.726 0.494 0.634 0.715 0.749
LSMS 0.454 0.626 0.657 0.687 0.658 0.699 0.756 0.779 0.655 0.708 0.737 0.764
DAGA 0.031 0.492 0.628 0.600 0.052 0.605 0.693 0.759 0.074 0.503 0.718 0.687
MELM 0.217 0.245 0.387 0.425 0.301 0.332 0.536 0.514 0.472 0.426 0.521 0.626
Simple vote 0.262 0.539 0.649 0.682 0.627 0.635 0.681 0.736 0.651 0.693 0.747 0.768
DA-BioNER (SI) 0.319  0.650  0.732  0.740  0.660 0.727 0.767 0.798 0.726  0.761  0.792  0.796
DA-BioNER (MI) 0.325  0.623  0.725 0.750  0.666  0.722  0.773  0.795 0.731  0.759  0.791  0.799

Bold indicates the best performance, and underline represents the second-best one.
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Each model was evaluated across 20 distinct settings, com-
bining five augmentation sizes (500, 1,000, 2,000, 3,000, and
4,000 sentences) with four few-shot levels (10, 20, 30, and 40
shots). All experiments were repeated three times with indepen-
dently initialized random seeds, and the average F1-score was
reported. The same set of random seeds was used across all
models to ensure fairness. Following the assumption and ap-
proach in (Ye et al. 2024) that the optimal augmentation size
varies with data sparsity and task complexity, we evaluated per-
formance across five augmentation sizes and reported the high-
est F1-score (Table 4). For LSMS, DAGA, Simple vote, DA-BioNER
(SI), and DA-BioNER (MI), we considered augmentation sizes of
500, 1,000, 2,000, 3,000, and 4,000 sentences per k-shot setting.
For MELM, the augmented data was generated to be three times
the size of the input sentences, following the original configura-
tion. In addition, samples containing errors (e.g., blank tokens)
are filtered out during preprocessing. Detailed performance
evaluation results of DA-BioNER across all experimental settings
are provided in Supplementary Table S2, available as
supplementary material at Bioinformatics online.

As shown in Table 4, both DA-BioNER variants consistently
outperformed competing methods across most settings. Under
the 40-shot, DA-BioNER (MI) achieved F1-scores of 0.750, 0.795,
and 0.799 on NCBI-Disease, BC5CDR, and BioRED, respectively.
DA-BioNER (SI) achieved similarly competitive scores of 0.740,
0.798, and 0.796. Notably, DA-BioNER outperformed other aug-
mentation models in most scenarios, with the exception of the
10-shot setting on NCBI-Disease. In general, DA-BioNER
exceeded the best alternative by margins ranging from 0.008 to
0.076 across three datasets.

The performance gap between DA-BioNER (MI) and DA-
BioNER (SI) is minimal (< 0.01 in most cases), indicating that
LLM-based predictions are highly stable and robust to inference
variability, even without repeated inference. Furthermore, both
variants consistently outperform simple voting, suggesting that
the observed performance gains are not solely due to aggrega-
tion, but are largely driven by LLM inference to select reliable
entities through contextual reasoning.

3.2 Analysis of the quality of
augmented data

We conducted a qualitative evaluation of augmented sentences
generated by each model under the 40-shot setting on BioRED
(Figure 3). For LSMS (Dai and Adel 2020) and MELM (Zhou et al.
2022), which apply one-to-one transformations based on input
sentences, examples were selected based on the input-output
sentence pairs. For DAGA (Ding et al. 2020) and DA-BioNER,
which operate independently on input templates, examples
were randomly selected from the generated corpus.

LSMS (Dai and Adel 2020) applies segment-level shuffling,
which frequently results in grammatically incorrect or semanti-
cally incoherent outputs. For example, the non-entity phrase
“cause an age-dependent, long-term” was distorted into “long
causes dependent-term age an, -,” rendering the sentence unin-
telligible. Such distortions are typical of shuffling-based aug-
mentation methods, which frequently disrupt semantic
coherence and sentence fluency. Similarly, disease entities like
“impairment in auditory discrimination” were shuffled into
“impairment auditory discrimination in,” compromising gram-
matical structure.

While LSMS with mention replacement and MELM (Zhou et al.
2022) preserve sentence-level structure, they often introduce
malformed entities by generating incorrect or artificial word
combinations. MELM, for example, generated non-existent terms
such as “epileppsius” and “impassment,” stemming from its
token-level masking and reconstruction approach.

DAGA (Ding et al. 2020), combining issues from both pattern-
based and generative methods, generated semantically invalid
sentences with unrelated entities (e.g., “RA epilepticus
[Disease]” and “BRCAL discrimination [Disease]”). These non-
sensical phrases reduce the utility of the augmented data for
NER training.

In contrast, DA-BioNER generated syntactically diverse yet
grammatically and semantically valid sentences. It maintains
contextual integrity while generating a high proportion of cor-
rectly labeled, biologically meaningful entities—e.g.,
“pilocarpine [Chemical],” “status epilepticus [Disease],” and

Original Status epilepticus [Disease] in rat [Species] causes an age-dependent, long-term impairment in auditory
g discrimination [Disease].
Status epilepticus [Disease| in rat [Species] long causes dependent-term age an, - impairment in auditory
discrimination [Disease].
Segment shuffle
LSMS Status epilepticus [Disease| in rat [Species] causes an age-dependent, long-term impairment auditory
discrimination in [Disease].
Mention JIA epilepticus [Disease] in rat [Species] causes an age-dependent, long-term impairment in branch malformation
replacement [Disease].
MELM viral epileppsius [Disease| in men [Species| causes an age-dependent, long-term impassment ) discord
discriminator [Disease].
DAGA RA epilepticus [Disease] in patients [Species] with an high-gene parental status epilepticus [Disease] in BRCA1
discrimination [Disease] .
. ... pilocarpine [Chemical] —induced status epilepticus [Disease|, as demonstrated by increase in latency to first
DA-BioNER . . : : . .
seizure [Disease] and decrease in mortality rate of animals [Species].

Figure 3 Examples of augmented sentences generated by data augmentation methods. Predicted entities are in bold; incorrect predictions (false
positives and false negatives) are marked in red, and correct predictions (true positives) in blue.
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“seizure [Disease]." This balance between sentence structure
and entity quality supports effective training of robust
NER models.

3.3 Diversity of augmented entities

Entity diversity is a key factor in effective data augmentation,
particularly in low-resource settings. To quantitatively assess
this, we analyze generated entities by measuring both the num-
ber of unique entities (i.e., distinct entities after normalization)
and novel entities (i.e., those with no lexical overlap with entities
in the training data) under few-shot settings on NCBI-Disease,
BC5CDR, and BioRED (Table 5). For a fair comparison, all meth-
ods generate 4,000 sentences, and the resulting entities are ana-
lyzed accordingly. MELM is excluded due to its inability to
generate a sufficient number of sentences.

To identify unique entities, we apply a normalization pipeline
consisting of lowercasing, removal of special characters, lemma-
tization, and deduplication. Novel entities are then identified by
applying the same preprocessing steps to the training set and
selecting entities composed entirely of tokens that do not ap-
pear in the processed training set.

As shown in Table 5, DA-BioNER consistently generated the
largest number of unique and novel entities, except for the
NCBI-Disease 20-shot setting, where it produced fewer than
DAGA. Specifically, on average, DA-BioNER generates 265, 1,411,
and 2,498 more unique entities, and 301, 1,128, and 2,841 more
novel entities than LSMS and DAGA across NCBI-Disease,
BC5CDR, and BioRED, respectively.

To further analyze these results, we examine the augmented
entities generated by each method. In the 10-shot setting of
BioRED, the original set includes gene entities such as “FASN,”
“Let-7b,” “TCF,” “Hsp27,” “BDNF,” “Wnt,” “MSST1,” and “KRAS.”
Based on these, LSMS generated entities such as “7b Let -”
(Gene), “BDNF - -” (Gene), and “Wnt shock 7b” (Gene), which
largely reflect surface-level recombinations of observed tokens
rather than semantically valid gene entities. DAGA produced en-
tities such as “Let and” (Gene), “BDNF” (Species), “Wnt - -”
(Chemical), and “BCNU rat” (Chemical), many of which are se-
mantically invalid or assigned incorrect entity types. This

Table 5 Unique and novel entity counts from data augmentation.

suggests that increased diversity does not necessarily corre-
spond to meaningful semantic expansion.

In contrast, DA-BioNER generates entities such as “p27”
(Gene), “TCF1” (Gene), and “GSK-3beta” (Gene), which are se-
mantically plausible and consistent with the target entity type.
Moreover, it generates not only simple entities but also more
complex biomedical entities, such as “Peroxisomal proliferator -
activated receptor-gamma” (Gene) and “Na-K-2Cl cotransporter”
(Gene). Although DA-BioNER occasionally produced malformed
entities (e.g., “- 26 b” and “- alpha”), its outputs overall demon-
strate more meaningful semantic expansion beyond the training
distribution.

This ability of DA-BioNER to synthesize domain-appropriate
and previously unseen entities is especially valuable in
low-resource settings, where training data often lack sufficient
coverage of the full biomedical entity space. These results dem-
onstrated that DA-BioNER not only maintains syntactic and se-
mantic validity but also enhances entity diversity, supporting
the development of more generalizable and domain-aware NER
models. Furthermore, these outcomes were achieved without
relying on the inherent creativity of LLMs, as DA-BioNER deliber-
ately constrains the role of LLM within a controlled generation
framework. This design approach avoids uncontrolled hallucina-
tions and allows the LLM to generate diverse yet domain-
consistent entities.

3.4 Effects of LLM-based ensemble on
performance

In this section, we analyze the contribution of the LLM-based en-
semble approach. For the experiment, we apply multiple base
NER models to a standard corpus to generate annotations, ag-
gregate these outputs into a candidate pool, and then refine the
pool using either simple voting or DA-BioNER.

When comparing the number of candidate spans, each pool
contains an average of 1.06 to 1.42 candidate spans (see
Supplementary Table S3, available as supplementary material
at Bioinformatics online). Although many pools contain a single
candidate, a substantial proportion includes multiple candi-
dates—particularly in BioRED—indicating the presence of

# Unique Ent. (# Novel Ent.)

10-shot 20-shot 30-shot 40-shot
NCBI-Disease Gold-only 9(-) 8 () 27 (-) 38 ()
LSMS 133 (31) 577 (31) 746 (31) 976 (31)
DAGA 352 (298) 1,256 (298) 632 (289) 852 (289)
DA-BioNER 539 (479) 885 (466) 1, 176 (457) 1,222 (449)
BC5CDR Gold-only 19 (-) 37 (-) 57 (-) 78 ()
LSMS 156 (65) 407 (65) 569 (64) 680 (63)
DAGA 369 (286) 563 (279) 768 (279) 462 (279)
DA-BioNER 1,349 (1,323) 1 845 (1,308) 2, 186 (1,293) 2,251 (1,276)
BioRED Gold-only 19 () 37 (-) 57 (-) 78 (-)
LSMS 940 (34) 1,214 (70) 1,531 (55) 1,658 (34)
DAGA 570 (388) 1,487 (415) 1,013 (393) 2,392 (379)
DA-BioNER 3,455 (3,259) 3,845 (3,083) 3,987 (2,996) 4,106 (2,911)
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overlapping and ambiguous predictions. This
the importance of effective aggregation and
strategies.

Table 6 presents the performance evaluation results of these
methods. Simple voting generally improved recall over individ-
ual base NER models, suggesting diversity among the base NER
models and the benefit of aggregating their results. However,
this gain in recall came at the cost of decreased precision due to
noise from misaligned or spurious entity predictions.

In contrast, the DA-BioNER achieved balanced improvements
in both precision and recall across most tasks, with Fl-score
gains ranging from 0.04 to 0.11 over the best base models.
Compared to simple voting, our model showed a slightly lower
recall but substantially improved precision, producing consis-
tently higher F1-scores.

To further assess the refinement capacity of the DA-BioNER,
we compared entity prediction quality before and after ensem-
ble refinement using BioRED (Figure 4). Metrics were computed
for two stages: (1) candidate pool metrics (inner circle in
Figure 4), aggregating entity predictions from all base NER mod-
els prior to ensemble, and (2) DA-BioNER metrics (outer circle),
representing final entity predictions after refinement from the
LLM-based ensemble model.

In the candidate pool, TP was defined as any pool containing
at least one correctly predicted entity. FP included incorrect en-
tity type with correct boundary (FP-B), overlapped boundary
(FP-OL), and unrelated entities (FP-C). The DA-BioNER metrics
followed standard evaluation metrics.

Across four few-shot levels, total FPs (i.e., the sum of FP-C,
FP-OL, and FP-B) in the candidate pool were 6,338, 5,567, 4,216,
and 3,784 out of 14,780, 15,159, 14,236, and 14,192 candidate
entities, respectively. After applying the DA-BioNER, a substan-
tial portion of these FP candidates were correctly removed.
Specifically, the ensemble removed 3,651 (57.6%), 2,996
(53.8%), 2,004 (47.5%), and 1,735 (45.9%) FP entities, substan-
tially improving final prediction quality.

highlights
refinement

For the TP entities, the base NER models correctly identified
8,442, 9,502, 10,020, and 10,408 entities out of 12,366 ground-truth
entities, respectively. After DA-BioNER refinement, only 706 (8.4%),
836 (8.8%), 849 (8.5%), and 974 (9.4%) entities were incorrectly
predicted as either FNs or FPs. These results confirm the strong fil-
tering and refinement capability of the DA-BioNER model, enhanc-
ing annotation reliability and overall model performance.

The reduction in FPs can be partly attributed to the LLMs
assigning a “None” label to candidate spans that do not corre-
spond to valid entities, effectively converting them into TNs.
This demonstrates that the performance gains arise not only
from aggregation but also from the ability of LLMs to filter out
invalid candidates through contextual reasoning.

3.5 Impact of LLM variants on DA-BioNER
performance

We conducted additional experiments on BioRED to assess the
sensitivity of the ensemble stage to decoding parameters.
Temperature, which controls the stochasticity of LLM outputs, is
varied to evaluate its effect. We compare temperatures of 0.7
and 1.2 across 10-, 20-, 30-, and 40-shot settings on BioRED
(Table 7). The temperature of 0.7 consistently yields slightly
higher Fl-scores, although both settings produced comparable
results, indicating that the ensemble decisions remain stable
across different temperature settings.

Additionally, we compare the performance of DA-BioNER us-
ing GPT-3.5 and GPT-5.1 under the BioRED 10-shot setting to as-
sess the impact of more advanced LLMs (Table 8). DA-BioNER
with GPT-3.5 achieved a higher Fl-score (0.731+0.007) than
GPT-5.1 (0.710+£0.010). Although GPT-5.1 yields higher precision,
its lower recall results in an inferior F1-score, suggesting a more
conservative prediction behavior. These results show that
adopting a more advanced LLM does not necessarily improve
performance, and GPT-3.5 remains an effective choice for the
ensemble refinement stage.

Table 6 Performance evaluation of three base NER models and two ensemble results.

10-shot 20-shot 30-shot 40-shot
P R F P R F P R F P R F
NCBI-Disease  BioBERT 0.401 0.131 0.198 0.520 0.291 0.373 0.596 0.500 0544 0643 0.633 0.638
BiomedBERT 0.462 0.120 0.191 0.632 0509 0.564 0.645 0.649 0.647 0.633 0.640 0.637
Bioformer 0.354 0.187 0.245 0484 0479 0481 0579 0643 0609 0.663 0.697 0.679
Simple vote 0.361 0.249 0.295 0.522 0.559 0540 0554 0.706 0.621 0.602 0.743 0.665
DA-BioNER 0.614 0.250 0.356 0.722 0.571 0.637 0.745 0.698 0.721 0.769 0.734 0.751
BC5CDR BioBERT 0.674 0.221 0.333 0.608 0.453 0.519 0.597 0.515 0.553 0.625 0.563 0.593
BiomedBERT 0.702 0.494 0.580 0.624 0.645 0.634 0.619 0.712 0.662 0.701 0.762 0.730
Bioformer 0.533 0.349 0421 0511 058 0547 0589 0.713 0.645 0.664 0.711 0.686
Simple vote 0.574 0.557 0.565 0505 0.685 0.582 0556 0.753 0.640 0.634 0.789 0.703
DA-BioNER  0.763 0.522 0.620 0.738 0.649 0.691 0.758 0.728 0.743 0.799 0.763 0.781
BioRED BioBERT 0.515 0470 0.491 0.524 0.528 0.526 0.611 0.609 0.610 0.636 0.641 0.638
BiomedBERT 0.589 0.561 0.574 0.653 0.689 0.670 0.689 0.730 0.709 0.722 0.767 0.744
Bioformer 0.551 0585 0568 0.567 0.678 0.617 0.665 0.716 0.690 0.709 0.766 0.736
Simple vote 0.537 0.647 0.587 0.580 0.723 0.644 0.659 0.767 0.709 0.690 0.801 0.742
DA-BioNER 0.732 0.626 0.675 0.749 0.701 0.724 0.787 0.742 0.764 0.798 0.763 0.780

*

Bold indicates the best performance, and underline represents the second-best one.
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(a) 10-shot

(b) 20-shot

7 o<
20 7/; [

(c) 30-shot

(d) 40-shot

[l true positive (TP)

[] false positive complete (FP-C)

[] true negative (TN)

[] FPoverlap (FP-OL)
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Figure 4 Classification metrics for the candidate pools and LLM ensemble on BioRED. The inner circle represents the classification metrics of the
candidate pool aggregated from the base NER models, while the outer circle illustrates the classification metrics of the results obtained after
applying the LLM ensemble. FP-C, FP-OL, and FP-B denote completely incorrect, boundary-overlapping, and boundary-matching but type-incorrect
false positives (FPs), respectively. The LLM ensemble successfully removes 57.6%, 53.8%, 47.5%, and 45.9% of FPs from the candidate pool in the 10-,
20-, 30-, and 40-shot scenarios, respectively. Meanwhile, the proportion of true positives (TPs) incorrectly predicted as either false negatives (FNs) or
FPs by the LLM ensemble remains low, at just 8.4%, 8.8%, 8.5%, and 9.4%, respectively.

3.6 Generalization of DA-BioNER

In this section, we investigate the generalization of DA-BioNER
from three perspectives: robustness under distributional varia-
tion, applicability of general-purpose PLMs, and their effective-
ness across different scientific domains.

First, we examine the robustness of DA-BioNER beyond com-
monly used biomedical NER benchmarks by conducting additional
experiments on the NeuroTrialNER dataset (Doneva et al. 2024).
Unlike widely used biomedical NER datasets derived from PubMed
abstracts, NeuroTrialNER reflects clinical trial registry summaries,
which often exhibit different patterns in terminology and structure.
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Table 7 Effect of temperature on DA-BioNER performance.

Model Temperature BioRED (F1-score)
10-shot 20-shot 30-shot 40-shot
Gold-only - 0.494 0.634 0.715 0.749
DA-BioNER 0.7 0.731 0.759 0.792 0.799
1.2 0.728 0.760 0.785 0.796

Table 8 Effect of LLM variants on DA-BioNER performance.

BioRED (10-shot)

P R F

DA-BioNER (GPT-3.5) 0.781+0.011 0.687+0.019 0.731+0.007
DA-BioNER (GPT-5.1) 0.791+0.010 0.643+0.011 0.710+0.010

Bold indicates the best performance.

To evaluate performance in low-resource settings, we con-
struct 10-shot and 20-shot subsets. For evaluation, we consider
six categories—DRUG, PHYSICAL, BEHAVIOURAL, SURGICAL,
RADIOTHERAPY, and CONDITION—while excluding OTHER and
CONTROL due to their limited relevance to domain-specific bio-
medical entities. We randomly select 15% of the corpus as the
test set. DA-BioNER consistently improves performance over the
gold-only baseline in both few-shot settings (Supplementary
Table S4, available as supplementary material at Bioinformatics
online). In the 10-shot setting, the F1-score increases from 0.459
to 0.558, while in the 20-shot setting, it increases from 0.604 to
0.611. Notably, the improvements are primarily driven by gains
in precision. These results demonstrate that DA-BioNER remains
effective on a different type of biomedical dataset with distinct
characteristics, highlighting its generalizability within the bio-
medical domain.

Second, we evaluate the performance of DA-BioNER using
general-purpose PLMs (BERT, Devlin et al. 2019) on the BioRED
dataset. The results are provided in Supplementary Table S5,
available as supplementary material at Bioinformatics online.
Under the 10-shot and 40-shot settings, the original DA-BioNER
achieves Fl-scores of 0.731 and 0.799, respectively, while
DA-BioNER with BERT achieves 0.671 and 0.679. These results in-
dicate that domain-specific PLMs provide higher performance
benefits; however, general-purpose PLMs still offer reasonable
performance, suggesting that DA-BioNER remains applicable
even in domains where domain-adapted models are not
available.

Finally, we assess the cross-domain applicability of DA-
BioNER by applying it to materials science NER tasks. The data-
set used for this evaluation comprises seven entity types: inor-
ganic material, symmetry/phase label, sample descriptor,
material property, material application, synthesis method, and
characterization method (Weston et al. 2019). Performance was
assessed under both 10-shot and 40-shot settings using three
PLMs specifically optimized for materials science tasks—
MatSciBERT (Gupta et al. 2022), MaterialsBERT (Shetty et al.

2023), and MatBERT (Walker et al. 2021)—employed as the base
NER models. Minimal adaptation was applied: the term
“biomedical” in prompts was replaced with “materials science,”
and domain-specific example sentences were provided to reflect
materials science context and entity types. As shown in
Supplementary Table S6, available as supplementary material
at Bioinformatics online, the models trained on DA-BioNER-
augmented datasets achieved improved performance compared
to those trained on the original non-augmented data. The F1-
score improved by 0.123 in the 10-shot setting, while it im-
proved by 0.024 in the 40-shot setting. These performance gains
were observed in both recall and precision.

These results demonstrate that DA-BioNER generalizes across
datasets, model types, and domains with minimal modification,
remaining effective under diverse data distributions and consis-
tently improving performance. This indicates its robustness and
applicability beyond biomedical NER.

3.7 Comparison with direct LLM-
based NER

Previous studies have shown that directly applying LLMs to bio-
medical NER often leads to suboptimal performance, primarily
due to a mismatch in task formulations (Wang et al. 2025). While
NER is typically formulated as a sequence labeling task that
assigns entity labels to each token, LLMs such as GPT are
designed for text generation, creating a structural gap between
the two paradigms. To empirically evaluate this, we compare
DA-BioNER with a GPT-based NER under the 10-shot setting on
BioRED. In this setup, the LLM is provided with a small number
of example sentences with annotated entities as few-shot
demonstrations.

As shown in Table 9, DA-BioNER achieves a precision of 0.781,
recall of 0.687, and Fl-score 0.731, whereas GPT-based NER
achieves a precision of 0.459, recall of 0.654, and F1-score 0.540.
The direct LLM-based approach shows consistently lower perfor-
mance, with a particularly large drop in precision, indicating a
substantial number of false positive predictions. This finding
suggests that, although LLMs provide strong contextual under-
standing, their direct application to NER is less suited for precise
and structured prediction tasks. In contrast, DA-BioNER integra-
tes LLMs with supervised NER models within a structured
framework, enabling more reliable filtering and refinement of
candidate entities.

4 Discussion and conclusion

DA-BioNER addresses several limitations of traditional data
augmentation methods for biomedical NER. By incorporating
distant supervision, the framework mitigates issues commonly
associated with rule- or template-based augmentation
approaches, such as grammatical errors, entity corruption, and
contextual inconsistency. DA-BioNER employs a two-step aug-
mentation strategy to enhance label reliability and diversity.
First, multiple base NER models—each fine-tuned on distinct
PLMs—are used to generate a wide range of candidate entity
predictions from diverse semantic perspectives. Second, an
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Table 9 Comparison with direct LLM-based NER on BioRED.

BioRED (10-shot)

P R F
DA-BioNER 0.781 0.687 0.731
GPT-NER 0.459 0.654 0.540

Bold indicates the best performance.

LLM-based ensemble is applied to refine these predictions, im-
proving both the annotation precision and consistency.

Experimental evaluations demonstrate that DA-BioNER con-
sistently outperforms existing data augmentation methods
across several benchmark datasets, especially under low-
resource settings where labeled data are scarce. The method
not only produces syntactically and semantically coherent aug-
mented sentences but also introduces a broader range of bio-
logically meaningful entities. These findings affirm the value of
integrating few-shot learning with distant supervision and LLM-
based refinement for robust data augmentation.

Despite its strong performance, DA-BioNER presents opportu-
nities for further improvement. A primary challenge is the error
propagation from the base NER models. When entities are mis-
classified or missed entirely, these errors are passed into the
LLM refinement stage, which currently lacks mechanisms for
correction or backtracking. Additionally, entities with partial
boundary overlap or incorrect entity type assignments remain
unresolved. Future iterations could incorporate boundary-aware
learning or type-sensitive prompting strategies to more effec-
tively handle such ambiguities, as suggested in recent literature
(Kim et al. 2024).

Furthermore, while DA-BioNER consistently outperforms
other augmentation methods, it still lags behind models trained
on large-scale golden-standard datasets. This performance gap
underscores the potential of hybrid approaches that combine
DA-BioNER with a limited amount of high-quality human-anno-
tated data, enabling more accurate supervision without incur-
ring the full cost of manual labeling.

Overall, DA-BioNER demonstrates strong utility in generating
high-quality and diverse training data in low-resource biomedi-
cal NER tasks. Beyond model training, the generated datasets
can serve as effective pre-annotations to accelerate manual la-
beling workflows. This makes DA-BioNER particularly well-suited
for under-resourced or emerging scientific fields where large-
scale labeled corpora are limited or unavailable. By reducing re-
liance on extensive manual labeling and enabling scalable do-
main adaptation, DA-BioNER represents a promising step
toward more accessible and generalizable NLP applications
across a wider range of scientific fields.
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Key points

* DA-BioNER is a novel distant supervision and data
augmentation framework based on few-shot learning
and large language model (LLM) reasoning for
biomedical NER. It generates distantly supervised
annotations on raw text using fine-tuned NER models,
and then aggregates and refines these outputs with LLMs
to produce high-quality annotated data with improved
consistency and reliability.

Since DA-BioNER operates on existing sentences, it
mitigates the grammatical errors and contextual
inaccuracies often observed in conventional data
augmentation methods. Moreover, by combining few-
shot learning with LLM-based reasoning, it generates
diverse and domain-appropriate entities and achieves
superior performance compared to existing approaches.
Although DA-BioNER leverages LLMs, their roles are
deliberately constrained to objective reasoning tasks.
This design allows the framework to exploit the broad
knowledge of LLMs while mitigating hallucination.
DA-BioNER reduces reliance on costly manual labeling
and enables scalable and domain-adaptable natural
language processing (NLP) applications across a wide
range of scientific fields.
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