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Abstract

Large Language Models (LLMs) have shown remarkable capabilities across many NLP tasks, but their performance
on domain-specific named entity recognition (NER), such as in the biomedical field, remains limited. Meanwhile,
BERT-based models continue to achieve strong results in biomedical NER but require substantial amounts of
high-quality annotated data. In this work, we investigate how to harness LLMs to generate auxiliary annotation
data for BERT-based NER models, offering a cost-effective alternative to manual annotation. We address three
key research questions: (1) whether LLMs or fine-tuned BERT models provide more effective weak supervision
for improving BERT-based NER, (2) how to best integrate augmented and gold-standard data during training, and
(3) how factors such as data source and augmentation size affect downstream performance. In particular, we
introduce a structured supervision framework where an LLM is fine-tuned to generate entity annotations in a
context-rich JSON format, which are decoded into token-level labels for BERT training. Experimental results
on the biomedical NER dataset show that LLM-generated auxiliary annotation data effectively enhances BERT
performance. Our findings provide practical insights into designing hybrid systems that combine LLMs and BERT
for scalable, high-quality biomedical NER.
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1. Introduction

Named Entity Recognition (NER) remains a core task in biomedical natural language processing. Despite
recent progress in large language models (LLMs), BERT-based models [1] continue to deliver state-of-
the-art performance for biomedical NER [2, 3]. Their relatively small size makes them efficient to train
and deploy in real-world systems. However, BERTs effectiveness is closely tied to the availability of
high-quality labeled data, which is often scarce in specialized domains like healthcare [4].

In contrast, LLMs have demonstrated strong context understanding abilities and high diversity in
generated text [5, 6]. This leads to strong performance in zero-shot and few-shot scenarios, particularly
under instruction-based setups [7, 8, 9, 10]. However, their performance in standard biomedical NER
tasks may be suboptimal compared to fine-tuned models like BERT [11, 12, 13]. Furthermore, LLMs are
expensive to train and deploy, making them less practical for routine use.

Recent work has explored the use of LLMs for data augmentation to enrich training sets with more
diverse contexts [14, 15, 16]. However, there is a lack of systematic studies assessing the effectiveness
of these auxiliary annotations for downstream model performance in biomedical NER settings. In
particular, it remains unclear how best to use LLM-generated data to improve BERT training.

In this work, we investigate how LLMs can be leveraged to augment training data for BERT-based
NER models. Rather than replacing BERT, we explore whether LLMs can serve as effective auxiliary
data annotator to enhance BERT performance, aiming to balance accuracy and efficiency, especially
important for real-world biomedical and commercial applications [17].

Specifically, we aim to answer the following research questions:
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« RQ1: Which model, LLM or BERT, is more effective as a source for generating auxiliary annotation
data to improve BERT performance?

« RQ2: Given augmented data from different models, what is the best strategy to combine them with
the original labeled data during training?

« RQ3: What factors of the augmentation set influence the performance of the BERT-based NER model?

2. Related Work

2.1. BERT for Named Entity Recognition

BERT-based NER typically leverages the model’s ability to produce contextualized embeddings for input
tokens, which are then processed using task-specific labeling strategies. Two dominant paradigms have
emerged for adapting BERT to NER:

Token-Level Encoding with BIO Tagging: In this widely adopted approach [18, 19], BERT generates
contextual embeddings for each input token, which are then fed into a classifier—such as a linear layer
or a Conditional Random Field (CRF)—to predict token-level labels using the BIO (Begin, Inside, Outside)
tagging scheme.

Span-Based NER: An alternative paradigm involves enumerating and classifying all possible spans
within a sentence (up to a predefined maximum length) as either entities or non-entities [20, 21, 22].
This approach is particularly advantageous for handling nested entities and reduces dependence on
token-level prediction accuracy. However, it typically incurs higher computational costs due to the
exhaustive nature of span enumeration.

2.2. LLM for Named Entity Recognition

Recent work has explored the use of LLMs for NER through prompting. A common approach is to
prompt an LLM to directly extract entity mentions from text [23], typically returning only the surface
forms of entities without positional information. While this is suitable for certain applications, it limits
usability in domains such as biomedical or clinical NER, where the precise location of entities in the
text is often essential for downstream tasks like relation extraction or clinical decision support.

To address this limitation, some studies [11, 24] have proposed prompting LLMs to output token-level
labels using the BIO tagging scheme, enabling recovery of entity positions. However, this method
presents challenges when applied to long documents common in the biomedical domain—such as
clinical notes, due to context window limitations, performance degradation over long sequences, and
high computational cost.

2.3. Model-based Auxiliary Annotations for Named Entity Recognition

To reduce the reliance on costly manual annotations, recent work has explored generating auxiliary
training data using existing models. These approaches aim to improve model performance in low-
resource settings or to expand training datasets with minimal human effort.

Self-Training: Self-training techniques use a strong model (teacher) to generate pseudo-labels on
unlabeled data, which are then used to train a student model. For example, Gao et al. [25] and Li
et al. [26] apply this paradigm to NER, showing that high-quality pseudo-labels can significantly boost
performance, particularly when combined with confidence-based filtering. However, such methods
may reinforce the biases of the teacher model and offer limited diversity in the generated annotations.
LLMs for Generating Annotations: LLMs have recently been used to generate auxiliary annotations
for downstream tasks, including NER [16, 15, 27]. These studies show that LLM-generated annotations
can effectively enhance the performance of smaller, task-specific NER models [24].
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Figure 1: lllustration of SFT LLM phrase.

3. Methods

We propose LLM-Guided Synthetic Annotation, a framework to enhance BERT-based biomedical NER
models by leveraging synthetic labels generated from a supervised fine-tuned (SFT) LLM.

3.1. Span-based NER with BERT

For named entity recognition, we adopt a span-based classification architecture built upon BERT. Given
an input document D = [t;,1, ..., 1,], we first encode it using a pre-trained BERT model to obtain
contextualized token embeddings H = [hy, hy, ..., h,], where h; € R? is the representation of token ;.
We then enumerate all candidate spans s = (i,j) suchthat 1 < i < j < nandj—-i+1 < L,
where L is the maximum span length. For each candidate span, we compute a fixed-length span
representation s; ; by applying a pooling operation (e.g., max pooling) over the token embeddings within
the span: s; j = Pool([h;, h;4, ..., h;j]) The resulting span representation is passed through a multi-layer
perceptron (MLP) to classify whether the span corresponds to an entity and, if so, predict its entity
type: 3;; = MLP(s; ;). Spans predicted with non-null entity types are retained as final NER outputs.
This architecture enables flexible modeling of variable-length entities and supports overlapping spans.

3.2. Using LLM to Support BERT for NER

While LLMs demonstrate strong language understanding, they often struggle to produce structured
outputs with accurate span boundaries. These limitations make LLMs less effective when directly
applied to NER tasks, motivating the need for alternative strategies. To address this, we propose a
structured context-based output format that enables LLMs to serve as high-quality annotators for
training BERT-based NER models.

Supervised Fine-Tuning (SFT) Phase: We fine-tune an LLM on human-labeled biomedical datasets to
serve as a structured annotator. Each example consists of a biomedical sentence and its corresponding
NER annotation in a standardized JSON format, enabling the model to learn structured entity extraction.

LLMs perform well in language understanding but struggle with precise span boundaries. To mitigate
this, we adopt a context-based JSON format that reframes span detection as context matching rather
than character-level indexing. Each entity is represented as a JSON object with:

« Entity span: The surface form of the entity (e.g., “metastatic melanoma”).

« Entity context: A surrounding text window including the entity (e.g., “Patients with metastatic
melanoma often exhibit”).

« Entity label: The predicted biomedical type (e.g., Disease, Drug, Symptom).

This format enables accurate span recovery through string matching within context, avoiding brittle
index prediction and leveraging the LLM’s strength in coherent text generation. During supervised
fine-tuning (e.g., using LLaMA-3), the model is trained to generate the correct structured JSON. Token-
level loss encourages exact reproduction of the ground-truth output, ensuring both syntactic validity
and semantic fidelity. Figure 1 provides an illustration of this process.



Table 1
Model performance comparison using different auxiliary data annotators.

NCBI Dataset Proprietary Dataset
Model | Axuiliary Data ‘ Prec. Recall F1 Training Data ‘ Prec. Recall F1

BERT - 87.95 88.96 88.45 - 84.38 86.72 85.52

BERT-L | BC5CDR(LLM) | 89.30  90.42  89.86 | Proprietary-val (LLM) | 85.05  88.01 86.50
BERT-B | BC5CDR (BERT) | 89.17  89.17  89.17 | Proprietary-val (BERT) | 84.38  87.13  85.73

LLM - 8538  83.86  84.62 - 82.44  81.58  82.01

LLM Inference Phase: After supervised fine-tuning, the LLM is applied to unlabeled biomedical texts
to generate synthetic NER annotations in a structured JSON format. To recover character-accurate
spans, we match each predicted entity within its surrounding context back to the original sentence.
This context-based matching avoids reliance on error-prone start/end index predictions.

If an entity span cannot be confidently aligned due to hallucination or formatting inconsistencies, it
is discarded to maintain label quality. This approach allows a small set of human-labeled examples to
be scaled into a much larger pseudo-labeled corpus. The structured generation and context-grounded
decoding ensure high-precision annotations, making them effective for generating auxiliary annotations.

4. Experimental Studies

We investigate our research questions through NER tasks in the biomedical domain.

4.1. Datasets and Experimental Setups

Datasets. We evaluate our method on one biomedical dataset and one proprietary clinical notes dataset,
each with different auxiliary data sources:
Train-Test Datasets:
« NCBI Disease Dataset: A benchmark dataset for disease named entity recognition, consisting
of 793 PubMed abstracts (593 train / 100 val / 100 test), with 7,311 sentences and 185,322 tokens.
 Proprietary Dataset: A de-identified clinical notes dataset from real-world Truveta applications,
including 2,306 notes (1,679 train / 313 val / 314 test), with 347,371 sentences and 4,168,463 tokens.
Auxiliary Datasets:
« BC5CDR Corpus: In-domain for NCBI; contains 1,500 PubMed abstracts, 16,423 sentences, and
334,598 tokens.

+ BioRED Corpus: In-domain for NCBI and out-of-domain for Proprietary; includes 5,935 PubMed

abstracts and 1,980,273 tokens.

« NCBI Validation Set: Used as auxiliary data in some settings for the NCBI dataset.

« Unlabeled Clinical Notes: Sampled from the proprietary corpus for generating pseudo-labels.
Experimental Setups. We evaluate our framework on the biomedical NER task, using domain-specific
models to ensure strong baselines. For the biomedical dataset, we use BioBERT, a widely adopted
BERT variant trained on large-scale biomedical corpora. As our LLM backbone, we use LLaMA-3, a
general-purpose language model that is fine-tuned to generate structured biomedical annotations.

The entity annotations are converted to a unified format to support consistent processing across
datasets. We fine-tune our LLM-based extractor using supervised learning on each training set separately
and evaluate performance on their corresponding test sets. All experiments were performed using a
single NVIDIA A100 GPU with 80GB memory.

4.2. Experimental Study for Research Question 1

In this section, we study our first research question: Given that LLMs under-perform compared to
BERT on NER tasks, which model, LLM or BERT, is more effective as a source for generating auxiliary



Table 2
Comparison with different strategies of combining auxiliary annotations and human annotations.

Model ‘ Training set in stage 1 ‘ Training set in stage 2 ‘ Prec. Recall F1

LLM-labeled NCBI-val Human-labeled NCBI-train
BERT-L (30 epochs) (30 epochs) 87.05 91.04 89.00
Human-labeled NCBI-train
BERT-L LLM-labeled NCBI-val - 86.62 91.04 88.78

(30 epochs)

Human-labeled NCBI-train Human-labeled NCBI-train

BERT-L LLM-labeled NCBI-val 87.06 89.69 88.35
(20 epochs)
(10 epochs)

Human-labeled NCBI-train .
BERT-L | LLM-labeled NCBI-val Human-labeled NCBI-train 86.21 91.15 88.61

(20 epochs) (10 epochs)

Table 3

Model performance comparison results of different factors on BERT performance.
Model ‘ Training data Testing data ‘ Prec.  Recall F1
BERT NCBI-train NCBI-test 87.95 88.96 88.45
BERT Proprietary-train Proprietary-test | 84.38 86.72 85.52
BERT-L | NCBI-train + LLM-labeled NCBI-val NCBI-test 87.05 91.04 89.00
BERT-L | NCBI-train + LLM-labeled BC5CDR NCBI-test 89.30 90.42 89.86
BERT-L | NCBI-train + LLM-labeled BioRED NCBI-test 89.84 91.15 90.49
BERT-L | Proprietary-train + LLM-labeled Proprietary-val  Proprietary-test | 85.05 88.01 86.50
BERT-L | Proprietary-train + LLM-labeled BioRED Proprietary-test | 84.78 86.69 85.72

annotation data to improve BERT performance?

To answer this question, we compare the downstream NER performance of BERT models trained
with different annotation sources:

« BERT-L models: BERT models trained on auxiliary annotation data generated by an LLM trained
on the NCBI/Proprietary training set.

« BERT-B models: BERT models trained on auxiliary annotation data generated by a BERT model
trained on the NCBI/Proprietary training set.

The comparison results of the LLM, the original BERT and the augmented BERT models are summa-
rized in Table 1. As shown in the table, both the BERT-L and BERT-B models are first trained using
auxiliary annotations from the BC5CDR corpus and then fine-tuned with the original NCBI training
data. When trained with NCBI-train + auxiliary-labeled BC5CDR, BERT-L reaches 89.86 F1 outperforms
that of BERT-B reaches 89.17.

Table 1 summarizes the performance of the LLM, the original BERT model, and the BERT models
trained with auxiliary annotations. In both the NCBI and proprietary settings, augmenting BERT with
LLM-generated annotations (BERT-L) consistently improves performance over using no augmentation
and yields better F1 scores than BERT-generated annotations (BERT-B). For example, on NCBI-test,
BERT-L achieves an F1 of 89.86, marginally higher than BERT-B (89.17). Similarly, on the proprietary
test set, BERT-L reaches 86.50, outperforming BERT-B (85.73).

These results suggest that LLMs, despite weaker direct performance on biomedical NER, are more
effective in generating auxiliary annotation data. We attribute this to their decoder-based architecture
and extensive pretraining on diverse, open-domain corpora, which likely enhance their generative
fluency and contextual coverage. This enables LLMs to produce higher-quality and more varied
annotations—providing greater benefits during augmentation than the more accurate but narrower



predictions made by BERT models.

4.3. Experimental Study for Research Question 2

In this section, we study our second research question: Given augmented data from different models,
what is the best strategy to combine them with the original labeled data during training?

To explore this, we evaluate multiple two-stage training strategies that integrate auxiliary annotations
generated by an LLM into BERT model training (Table 2). All strategies demonstrate performance
improvements over the baseline BERT trained only on human-labeled data, confirming the value and
robustness of incorporating auxiliary annotations.

Among the strategies, joint training on the NCBI training set and LLM-labeled validation data in
Stage 1 achieves the highest F1 score (88.78), followed closely by the two-stage finetuning strategy that
begins with LLM-labeled data and then fine-tunes on the training set (89.00 F1). These results suggest
that exposing the model to both data sources early—either jointly or sequentially—can be beneficial, as
long as human-labeled data is emphasized in the latter stages.

In contrast, the setup that begins with training only on the human-labeled data and then fine-tunes
with a mix of human and auxiliary annotations yields slightly lower performance (F1 = 88.35), indicating
that late-stage mixing may be less effective. Overall, our findings suggest that the timing and method
of incorporating auxiliary annotations matter, with early integrationX either through joint or warm-up
strategies, yielding the best results.

4.4. Experimental Study for Research Question 3

In this section, we investigate the third research question: what factors of the augmentation set influence
the performance of BERT-based NER models? Specifically, we examine whether increasing the amount
of auxiliary annotations improves performance, and how this effect interacts with domain relevance.

We consider three auxiliary sources for the NCBI dataset: NCBI-val (100 abstracts), BC5CDR (1,500
abstracts), and BioRED (5,935 abstracts). While all three are in-domain, BioRED is substantially larger.
As shown in Table 3, augmenting NCBI-train with BC5CDR improves F1 to 89.86, and using the larger
BioRED set yields further gains (F1: 90.49), indicating that annotation volume has a positive effect on
model performance.

To assess the impact of data source domain, we compare augmenting the proprietary training set with
LLM-labeled data from two sources: the in-domain proprietary validation set and the out-of-domain
BioRED corpus (sampled to match token count). As shown in Table 3, in-domain data leads to higher
performance (F1: 86.50) than out-of-domain data (F1: 85.72), suggesting that domain relevance is critical
when annotation volume is held constant.

5. Conclusion

This work investigates the effectiveness of using LLMs to generate auxiliary annotation data for
biomedical NER, comparing their performance to that of traditional fine-tuned models such as BERT.
We systematically study how label quality, data quantity, and domain relevance influence downstream
performance across various auxiliary data generation strategies. Our results show that LLMs can
produce auxiliary annotation data that are competitive with those generated by fine-tuned BERT
models. In particular, combining a small amount of gold-labeled data with LLM-labeled auxiliary
annotation data yields strong performance gains. Additionally, while in-domain data (e.g., NCBI-val)
offers the best contextual alignment, larger out-of-domain corpora (e.g., BioRED) lead to even greater
improvements, highlighting that scale can effectively mitigate domain mismatch when the labeler is
reliable. Taken together, our findings suggest that LLM-generated weak supervision is a scalable and
effective alternative to manual annotation, especially in low-resource biomedical domains. As LLMs
continue to improve, they may become increasingly viable as universal annotators, capable of adapting
to new tasks and domains with minimal human input.
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