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Abstract

Biomedical Named Entity Recognition (NER)
consists of identifying and classifying impor-
tant biomedical entities mentioned in text. Tra-
ditionally, biomedical NER has heavily re-
lied on domain-specific pre-trained language
models; particularly variant of BERT mod-
els. With the emergence of large language
models (LLMs), some studies have evaluated
their performance on biomedical NLP tasks.
These studies consistently show that, despite
their general capabilities, LLMs still fall short
compared to specialized BERT-based models
for biomedical NER. However, as LLMs con-
tinue to advance at a remarkable pace, natural
questions arise: Are they still far behind, or
are they starting to be competitive? In this
study, we investigate the performance of re-
cent LLMs across multiple biomedical NER
datasets under both clean and noisy dataset
conditions. Our findings reveal that LLMs are
progressively closing the performance gap with
BERT-based models and demonstrate particu-
lar strengths in low-data settings. Moreover,
our results suggest that in-context learning with
LLMs exhibits a notable degree of robustness
to noise, making them a promising alterna-
tive in settings where labeled data is scarce
or noisy. We released our code on GitHub at
https://github.com/CY/biomedicalNER.

1 Introduction

Despite significant advances in medicine, many dis-
eases remain without effective treatments, leaving
millions of patients with unmet therapeutic needs
(Kusynová et al., 2022). The increasing prevalence
of rare, complex, and newly emerging diseases
highlights the urgent demand for innovative and
scalable approaches to drug discovery and clinical
research (Wouters et al., 2020).

As of recent estimates, approximately 3000 to
5000 biomedical articles are published each day
and indexed in PubMed (Desai et al., 2018), con-

taining an immense volume of unstructured data,
including clinical notes and trial results that offer
valuable insights for advancing patient care. Ex-
tracting actionable knowledge from this data is
therefore both necessary and essential. Clinical
meta-analysis, which aggregates findings across
multiple clinical studies, plays a foundational role
in this effort. It enables the discovery of novel asso-
ciations between biomedical entities, driving new
hypothesis generation and the development of new
treatment strategies (Cheerkoot-Jalim and Khedo,
2021), including drug repurposing (Ashburn and
Thor, 2004).

However, conducting such analyses typically re-
quires extensive manual annotation and domain
expertise, making the process time-consuming and
resource-intensive (Wac et al., 2024). To overcome
these limitations, researchers have turned to natural
language processing (NLP) techniques to automate
the extraction of clinical information from biomed-
ical literature (Peng et al., 2020; Kirkpatrick et al.,
2022; Kartchner et al., 2023).

Biomedical Named Entity Recognition (NER)
is a critical task in biomedical NLP, involving the
identification of relevant entities and their seman-
tic types within unstructured text. By automating
this process, biomedical NER significantly reduces
reliance on manual curation, improves data pro-
cessing efficiency, and accelerates the translation
of research findings into clinical practice (Névéol
et al., 2018; Kartchner et al., 2025).

Early clinical NER systems relied on rule-based
methods and domain-specific lexicons derived
from extensive linguistic and semantic analyses
of clinical text (Wang et al., 2018). While effec-
tive, these approaches lacked flexibility and gen-
eralizability across diverse datasets. Over the past
decade, the field has undergone a significant shift
with the rise of machine learning, particularly deep
learning-based models. A major breakthrough
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came with the introduction of domain-adapted pre-
trained language models, which have since become
central to biomedical NLP.

More recently, Large Language Models (LLMs)
have emerged as another alternative for biomed-
ical NLP. While several studies (Gutiérrez et al.,
2022; Keloth et al., 2024; Munnangi et al., 2024;
Hu et al., 2024) have explored their effectiveness
on biomedical NER, findings consistently show
that LLMs lag significantly behind state-of-the-
art (SOTA) BERT-based models and have yet to
demonstrate practical usefulness in this field. How-
ever, given the rapid advancements of LLMs (Ho
et al., 2024), revisiting their ability is essential to
assess the progress made since earlier evaluations
but also explore emerging practical applications of
these models. Furthermore, it is crucial to iden-
tify the current bottlenecks of LLMs and determine
what improvements are needed for them to serve as
viable replacements for BERT-based models. The
contributions in this work are as follows:

• We examine the current state of LLM perfor-
mance on biomedical NER by incorporating
the most recent models into the evaluation.

• We investigate MedMentions-ST21PV (Mo-
han and Li, 2019), a more challenging dataset
with 21 entity types that can lead to labeling
ambiguities.

• We conduct an error analysis, categorizing
errors into five types and revealing key limita-
tions of LLMs in biomedical NER.

• We demonstrate the effectiveness of LLMs
in low-resource settings, highlighting their
potential when annotated data is limited.

• To our knowledge, we present the first study
to assess the robustness of LLMs to noisy
annotations for in-context learning in the
biomedical domain.

2 Related Work
BERT-based models (Devlin et al., 2019) pre-
trained on large-scale biomedical corpora such as
PubMed abstracts (PubMed, 2025) and clinical
notes have shown strong performance across di-
verse clinical NLP tasks. When fine-tuned for
applications like NER, they effectively extract
biomedical entities from unstructured text. Among
the most prominent biomedical-specific models are
BioBERT (Lee et al., 2019), PubMedBERT (Gu
et al., 2021), and BiolinkBERT (Yasunaga et al.,

Dataset Train Doc Val Doc Test Doc Ent Type

NCBI-Disease 592 100 100 1
BC5CDR 500 500 500 2
MM-ST21PV 2,635 878 879 21
MT-Samples 602 201 201 3
VAERS 603 126 286 4

Table 1: Summary of datasets used

2022); all of which have consistently achieved
SOTA in biomedical entity extraction.

LLMs have recently gained attention as alterna-
tives for clinical NLP (Jahan et al., 2024; Tian et al.,
2023), including biomedical NER. For instance,
Gutiérrez et al. (2022) evaluated GPT-3 (Brown
et al., 2020) on multiple biomedical NER datasets
and found that it significantly underperformed com-
pared to specialized BERT-based models, inviting
people to reconsider their eventual usage for this
task. Subsequent efforts have aimed to reduce this
performance gap. Notably, Munnangi et al. (2024)
proposed augmenting LLM prompts with defini-
tions of relevant biomedical concepts to enhance its
in-context learning (ICL) ability. Similarly, Keloth
et al. (2024) explored instruction-tuning techniques
using LLaMA models (Touvron et al., 2023) to im-
prove their alignment with biomedical NER tasks,
achieving performance comparable to that of Pub-
MedBERT. However, their method is limited to
either a single target entity type per input, such as
disease, chemical, or gene, specified through the
instruction prompt, or to few entity types that are
very distinct and less likely to be confused, which
reduces the risk of mislabeling. Keloth et al. (2024)
also split abstracts into individual sentences be-
fore annotation to improve performance. However,
sentence-level splitting becomes less effective in
complex scenarios involving multiple entity types,
where determining the correct type often requires
broader context. Consequently, this approach is
not well suited for comprehensive biomedical in-
formation extraction (Nye et al., 2018).

3 Methodolody
3.1 Datasets
We conducted our experiments using three biomed-
ical datasets from the BigBio framework (Fries
et al., 2022) and two additional clinical datasets :

- NCBI-Disease (Dogan et al., 2014) : A corpus of
792 abstracts annotated with disease mentions.

- BC5CDR (Li et al., 2016) : A corpus of 1500
abstracts annotated with chemical and disease
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mentions.

- MedMentions-ST21PV (MM-ST21PV) (Mohan
and Li, 2019) : 4392 abstracts annotated with
UMLS concepts, filtered to include 21 biomedi-
cal semantic types.

- MT-Samples (Hu et al., 2024) : 163 synthetic
discharge summaries annotated using the 2010
i2b2 guideline schema (Medical Problems, Treat-
ments, Tests).

- VAERS (Hu et al., 2024) : 91 publicly available
adverse-event safety reports focused on nervous
system disorder–related events.

A summary of these datasets are provided in
Table 1.

3.2 Models

Our evaluation covers both SOTA BERT-based
models and the latest LLMs on the five datasets.

For the biomedical BERT variants, we focus
on three widely recognized models: BioBERT
(Lee et al., 2019), PubMedBERT (Gu et al., 2021),
and BiolinkBERT (Yasunaga et al., 2022); each
of which has consistently achieved strong perfor-
mance on biomedical NER tasks. In addition,
we include the latest advancement ModernBERT
model (Warner et al., 2024).

For LLMs, we evaluate the performance of five
models:

- Meta-Llama-3.1-8B-Instruct (Llama-3.1): A 8B-
parameter instruction-tuned model released in
July 2024 by Meta (Grattafiori et al., 2024)

- Phi-4: A 14B-parameter model released in De-
cember 2024 by Microsoft (Abdin et al., 2024)

- Mistral-Small-3.1-24B-Instruct-2503 (Mistral-
3.1): A 24B parameters instruct model released
on March 2025 by Mistral (Mistral, 2025)

- gemma-3-12B-it (Gemma3): A 12B-parameter
instruction-tuned model released in March 2025
by Google (Gemma, 2025)

- gpt-4o-2024-08-06 (GPT-4o): Model released in
May 2024 by OpenAI et al. (2024)

More information on these models can be found
in Appendix A.1.1

3.3 Experimental setup for LLMs

In this subsection, we describe the key aspects
specific to the LLM experiments.

3.3.1 Annotation framework

We follow prior delimiter-based LLM NER meth-
ods (Keloth et al., 2024; Hu et al., 2024), adapt-
ing the format for mentions with ambiguous types.
Each mention is annotated as follows:

Text @@ [Mention] ## [Entity type] @@ Text

An illustration of this framework is presented in
Figure 1. In the MM-ST21PV dataset, overlapping
entity spans were resolved by keeping the first span
in the text; if spans started at the same position, the
shorter one was retained.

3.3.2 In-context learning

To evaluate LLMs, we use their ICL abilities to
perform tasks using only a prompt with a few ex-
amples, without additional training (Dong et al.,
2024). To enhance the relevance of the example,
we perform a similarity-based nearest neighbor
search using faiss (Douze et al., 2025), dynami-
cally selecting the most suitable training samples
to include in the prompt.

3.3.3 LLM Fine-tuning

In addition to leveraging ICL, fine-tuning (Wei
et al., 2022) is also explored as a means to further
improve model performance. For this purpose, we
fine-tune Mistral-3.1 model (Mistral, 2025), which
performed the best in our evaluations.

4 Results with Models trained on Gold
Data

This section presents the evaluation results for all
BERT-based and LLMs models introduced earlier,
using only gold-standard (noise-free) annotations
for both ICL and fine-tuning. For each evaluation,
we report the standard metrics for NER: F1 score
(F1), Precision (P), and Recall (R).

4.1 BERT-Based Models Results

The results for BERT-based models are shown in
Table 2 and 3 and serve as a baseline for compar-
ing LLM performance. Training parameters are
provided in Appendix A.1.2.

BiolinkBERT and PubMedBERT emerge as the
best performing models for biomedical NER. Addi-
tionally, these results show that, despite all recent
advancements, general-purpose ModernBERT still
underperform compared to domain-specific BERT
variants in biomedical NER tasks.

979



Figure 1: Illustration of annotation framework

4.2 LLMs Results

4.2.1 Results with LLMs using ICL

The performance of LLM was evaluated with a
varying number of in-context examples (k = 1, 3, 5,
10). The results are shown in Table 2 and 3. All re-
ported numbers are averaged over three runs, with
variances provided in Table 18. The exact prompt
details can be found in Appendix A.1.3. In addi-
tion to performance, we also track the proportion
of cases where the model fails to follow instruc-
tions (denoted by "Inv." row in the Table), resulting
in invalid output. This includes cases where the
LLM produces invalid JSON, fails to generate any
annotations, appends annotations at the end of the
text instead of performing on-the-fly annotation, as
well as other cases of hallucination.

Overall, recently released open-source models
outperform their earlier counterparts. Notably,
there is a significant performance gap between
the oldest evaluated model (Llama-3.1 released
in July 2024) and the most recent one (Mistral-3.1
released in March 2025), with relative improve-
ments ranging from 10% to 60% depending on the
dataset. The most recent models are also way bet-
ter at following instructions especially when they
work with 10 examples.

Additionally, increasing the number of in-
context examples appears to benefit only the
strongest models. Indeed, Mistral-3.1 and GPT-
4o consistently improve as k increases. In contrast,
lower-performing models show little to no improve-
ment. In fact, in most cases, adding more examples
further reduces their ability to follow prompt in-
structions which leads to a higher proportion of
invalid outputs.

Nonetheless, the progression of LLMs over time
on biomedical NER tasks is noteworthy, with statis-
tical significance tests reported in Appendix A.1.6.

These results indicate that despite remarkable
progress, LLMs are still not usable for biomedical

NER, with a notable performance gap. We there-
fore investigate whether instruction-tuning can nar-
row this gap.

4.2.2 Results with fine-tuned LLM
This section investigates whether supervised fine-
tuning can close the performance gap between
the general-purpose LLMs and domain-specific
BERT models. To this end, we fine-tune Mistral-
3.1, which demonstrated the strongest performance
among the LLMs in our earlier evaluation.

The results are shown in Table 4. All fine-
tuning hyperparameters are documented in Ap-
pendix A.1.4.

Despite fine-tuning, LLMs reach about 90%
of the performance of the best biomedical BERT
model across all datasets, with the exception of MT-
Samples where it slightly outperforms it. While
this represents meaningful progress, LLMs origi-
nally designed for text generation still lag behind
BERT-based models for structured tasks such as
sequence classification, where BERT remains the
stronger choice.

4.3 Performance comparison of BERT and
LLMs with limited data

Annotating biomedical corpora for NER is costly,
time-consuming, and prone to inconsistencies even
among experts. The scarcity of high-quality anno-
tated clinical text remains a major bottleneck for de-
veloping robust biomedical NLP systems (Sivara-
jkumar and Wang, 2022; Mohan et al., 2021).

Moreover, existing gold-standard NER datasets
cover only narrow subsets of the biomedical do-
main, limiting their generalizability. This high-
lights the need for models with strong zero-shot
capabilities that can adapt across diverse biomedi-
cal settings without extensive annotation, making
it critical to evaluate LLM performance under low-
resource conditions.

In this subsection, we explore low-resource con-
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Datasets (→) NCBI-Disease BC5CDR MM-ST21PV

BERT models (↓)

BioLinkBERT
F1 0.891 0.940 0.632
P 0.880 0.934 0.619
R 0.902 0.946 0.646

PubMedBERT
F1 0.870 0.932 0.639
P 0.868 0.912 0.633
R 0.872 0.952 0.644

BioBERT
F1 0.862 0.914 0.613
P 0.848 0.903 0.591
R 0.877 0.925 0.636

ModernBERT
F1 0.841 0.909 0.594
P 0.827 0.900 0.575
R 0.855 0.918 0.614

LLMs (↓) k=1 k=3 k=5 k=10 k=1 k=3 k=5 k=10 k=1 k=3 k=5 k=10

Llama-3.1

F1 0.489 0.513 0.554 0.551 0.543 0.580 0.610 0.598 0.239 0.305 0.314 0.287
P 0.518 0.622 0.697 0.677 0.720 0.761 0.774 0.793 0.340 0.424 0.454 0.500
R 0.476 0.436 0.460 0.464 0.435 0.468 0.503 0.479 0.184 0.239 0.241 0.199
Inv. 4.0% 8.7% 10.3% 29.3% 2.9% 7.9% 9.9% 24.1% 10.9% 8.2% 12.2% 23.7%

Phi-4

F1 0.536 0.548 0.562 0.542 0.633 0.652 0.649 0.645 0.259 0.302 0.311 –
P 0.734 0.727 0.732 0.750 0.784 0.779 0.798 0.797 0.398 0.444 0.465 –
R 0.422 0.440 0.456 0.424 0.530 0.560 0.547 0.542 0.192 0.228 0.234 –
Inv. 4.7% 2.7% 3.3% 1.7% 0.6% 0.0% 0.4% 0.05% 8.0% 7.6% 9.3% –

Gemma-3

F1 0.565 0.620 0.616 0.629 0.693 0.718 0.723 0.718 0.336 0.374 0.364 0.329
P 0.544 0.597 0.627 0.699 0.679 0.720 0.763 0.762 0.372 0.463 0.502 0.537
R 0.590 0.645 0.604 0.579 0.708 0.716 0.678 0.686 0.308 0.314 0.285 0.237
Inv. 6.3% 1.3% 1.0% 9.0% 1.9% 0.5% 1.4% 2.7% 5.0% 14.1% 21.0% 47.9%

Mistral-3.1

F1 0.648 0.703 0.721 0.724 0.725 0.745 0.760 0.770 0.399 0.469 0.496 0.509
P 0.651 0.669 0.672 0.684 0.708 0.713 0.733 0.738 0.372 0.444 0.480 0.504
R 0.666 0.742 0.778 0.770 0.742 0.780 0.789 0.805 0.430 0.497 0.516 0.511
Inv. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.2% 0.4% 2.8%

GPT-4o

F1 0.670 0.717 0.730 0.745 0.737 0.755 0.767 0.764 0.363 0.413 0.440 0.457
P 0.723 0.744 0.741 0.742 0.763 0.760 0.762 0.753 0.361 0.402 0.427 0.447
R 0.624 0.691 0.719 0.748 0.713 0.749 0.768 0.775 0.373 0.427 0.453 0.467
Inv. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.1% 0.1% 0.3%

Table 2: Comparison of F1, Precision (P), and Recall (R) scores for BERT-based models and LLMs for different
in-context example counts (k) on NCBI-Disease, BC5CDR and MM-ST21PV. The column “Inv.” stands for

“Invalid evaluation” and indicates the % of abstracts excluded due to instruction-following errors. F1 scores are
computed only on valid outputs; including invalid cases would further reduce scores. Rows marked “–” denote

context-window limits preventing evaluation with the specified number of examples. Bold : Best result

ditions by comparing several BERT-based models
against Mistral-3.1 using progressively larger sub-
sets of annotated abstracts to simulate low-resource
scenarios. The results of this comparison are sum-
marized in Table 5.

Results show that Mistral performance is not af-
fected drastically even with very limited examples.
With just 20 annotated abstracts, it achieves al-
most 90% of its original performance. In contrast,
BERT-based models experience a sharp decline,
losing around 40% of their original performance
is some scenarios, which places them behind Mis-
tral in this low-data configuration. This observa-
tion remains true for dataset sizes up to 60 ab-
stracts. Although Mistral’s performance gains cur-
rently plateau early due to inherent limitations, it
is promising to consider that future improvements
may allow it to outperform BERT models across a
much wider range of data sizes, thereby reducing

the reliance on extensive manual annotation that
BERT models require.

4.4 Error Analysis

This section analyzes the error distribution of
model-generated annotations on the MM-ST21PV
dataset (Mohan and Li, 2019). Table 6 summarizes
the defined error types, while Figure 2 illustrates
their distribution across annotations from all evalu-
ated models.

The main takeaway from this figure is that differ-
ent LLMs tend to make different types of mistakes.
GPT-4o and Mistral-3.1 show a more varied mix
of errors, with a slight majority being "invalid tag"
errors. These models make about as much anno-
tations as the examples provided in the prompt,
which is the number of annotations made by hu-
man experts.

In contrast, Llama3.1, Phi-4, and Gemma3 made
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Datasets (→) MT-Samples VAERS

BERT models (↓)

BioLinkBERT
F1 0.787 0.690
P 0.786 0.643
R 0.788 0.745

PubMedBERT
F1 0.800 0.697
P 0.797 0.659
R 0.803 0.739

BioBERT
F1 0.777 0.630
P 0.758 0.566
R 0.796 0.712

ModernBERT
F1 0.736 0.523
P 0.730 0.471
R 0.743 0.586

LLMs (↓) k=1 k=3 k=5 k=10 k=1 k=3 k=5 k=10

Llama-3.1

F1 0.488 0.528 0.520 0.503 0.419 0.499 0.498 0.504
P 0.486 0.506 0.505 0.553 0.470 0.519 0.511 0.517
R 0.489 0.552 0.535 0.527 0.378 0.479 0.485 0.492
Inv. 5.0% 6.0% 5.0% 5.5% 5.6% 7.0% 7.7% 7.7%

Phi-4

F1 0.530 0.577 0.608 0.610 0.465 0.492 0.513 0.544
P 0.538 0.567 0.603 0.597 0.559 0.549 0.552 0.569
R 0.521 0.589 0.613 0.624 0.398 0.445 0.479 0.521
Inv. 0.0% 2.0% 2.5% 2.5% 0.0% 0.0% 0.0% 0.0%

Gemma-3

F1 0.527 0.537 0.540 0.558 0.509 0.518 0.549 0.559
P 0.519 0.498 0.498 0.552 0.495 0.484 0.517 0.540
R 0.535 0.582 0.589 0.564 0.525 0.556 0.584 0.578
Inv. 4.0% 2.5% 2.5% 2.5% 0.0% 0.0% 0.0% 0.0%

Mistral-3.1

F1 0.570 0.639 0.645 0.680 0.463 0.521 0.530 0.546
P 0.540 0.594 0.599 0.630 0.437 0.472 0.480 0.492
R 0.602 0.691 0.699 0.738 0.492 0.580 0.592 0.621
Inv. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

GPT-4o

F1 0.561 0.601 0.600 0.614 0.527 0.568 0.588 0.599
P 0.525 0.560 0.558 0.572 0.523 0.536 0.557 0.560
R 0.603 0.649 0.649 0.663 0.531 0.604 0.623 0.643
Inv. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%

Table 3: Comparison of F1, Precision (P), and Recall (R) scores for BERT-based models and LLMs for different
in-context example counts (k) on MT-Samples and VAERS. The column “Inv.” stands for “Invalid evaluation”

and indicates the % of abstracts excluded due to instruction-following errors. F1 scores are computed only on valid
outputs; including invalid cases would further reduce scores. Rows marked “–” denote context-window limits

preventing evaluation with the specified number of examples. Bold : Best result

Mistral-3.1
Datasets F1 P R

NCBI-Disease 0.869 0.880 0.860
BC5CDR 0.868 0.852 0.885
MM-ST21PV 0.583 0.588 0.579
MT-Samples 0.812 0.805 0.819
VAERS 0.688 0.698 0.678

Table 4: F1, Precision, Recall of fine-tuned Mistral-3.1.

far fewer annotations. As a result, most of their
errors fall under the "missing" category. Attempts
to encourage the model to annotate more aggres-
sively had little effect, as these models appear to be
inherently more conservative in their annotations
even with many examples in the prompt.

BiolinkBERT has an error distribution closer to
GPT-4o and Mistral-3.1, but with a higher inci-
dence of "wrong overlap" errors. This is consistent
with its token-level annotation approach, which

Figure 2: Error Type Distribution of different models
annotations on the MM-ST21PV Dataset

increases the likelihood of boundary mismatches.

Table 7 summarizes the statistics of all LLMs
annotations on MM-ST21PV dataset.
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Models BioLinkBERT PubMedBERT BioBERT Mistral-Small-3.1
Number of abstracts F1 P R F1 P R F1 P R F1 P R

20 (0.8%) 0.356 0.333 0.385 0.370 0.345 0.399 0.332 0.301 0.371 0.433 0.441 0.424
40 (1.5%) 0.403 0.362 0.454 0.411 0.373 0.458 0.365 0.319 0.426 0.449 0.469 0.430
100 (3.8%) 0.490 0.457 0.528 0.502 0.489 0.517 0.464 0.422 0.515 0.454 0.466 0.442

Table 5: Comparison F1, precision, and recall metrics for BERT-based models and Mistral-3.1 (10-shot) using a
small subset of the MM-ST21PV dataset. Evaluation performed on the first 40 test abstracts. Bold : Best result

Errors Definition Example

Wrong Label The entity span is correctly identified, but
the assigned semantic type is incorrect.

@@Famotidine##Disease@@ is a histamine ×
@@Famotidine##Chemical@@ is a histamine✓

Wrong Overlap The span boundaries are inaccurate : too
long, too short, or both.

Investigate @@interstitial fibrosis##Disease@@ ×
Investigate interstitial @@fibrosis##Disease@@ ✓

Missing (FN) A valid entity present in the text is not
detected by the model.

Incidence of postoperative delirium ×
Incidence of @@postoperative delirium##Disease@@ ✓

Invalid Tag (FP) A span is annotated as an entity when it
should not be annotated at all.

The function of @@P2X3##Chemical@@ receptor ×
The function of P2X3 receptor✓

Multiple Entities A single span incorrectly includes more
than one distinct entity.

Induced by @@tacrolimus and prednisolone##Chemical@@ ×
Induced by @@tacrolimus##Chemical@@ and @@prednisolone##Chemical@@ ✓

Table 6: Summary of all possible errors type during annotation

F1 Noise Correct Wrong Label Wrong Overlap Multiple Entities Missing Invalid Tag

Llama3.1 0.318 0.682 10139 4096 4280 813 20281 4488
Phi4 0.310 0.690 9482 2324 3321 2449 20254 2821
Gemma3 0.379 0.621 12797 3934 4422 1110 16935 5536
Mistral-3.1 0.508 0.492 20609 4047 6416 1260 8178 8596
GPT-4o 0.484 0.516 19885 4137 5657 2539 5651 9855

Table 7: Statistics on the error types of the annotations of all evaluated LLMs on the MM-ST21PV dataset. The
clean test split contains a total of 39201 annotations.

5 Results with Noisy Data

The previous section evaluated the performance of
BERT-based models and LLMs under ideal condi-
tions using gold standard training data. However,
in real-world settings, annotations can be noisy.
For instance, alternative approaches such as crowd-
sourcing or distant supervision are commonly used
for more efficient annotations, which can introduce
substantial noise into the data (Bölücü et al., 2024;
Amin et al., 2020).

Prior studies have shown that BERT models
are particularly sensitive to such noise (Wei et al.,
2024; Moradi et al., 2021). This section investi-
gates how robust are LLMs against noise by intro-
ducing noisy examples into the prompt and com-
paring their performance against BERT models
trained on equally noisy datasets. All experiments
are conducted on the MM-ST21PV dataset.

An overview of the experimental setup for test-
ing the noise robustness of LLMs is provided in

Figure 3. To generate noisy examples, we use
LLM-generated annotations similar to the evalua-
tion done on the previous section but on the train-
ing split instead. For LLMs that produce invalid
outputs, we randomly replaced those annotated
abstracts with valid ones from other LLMs. We
use the annotations in their original form and pro-
gressively reduce the noise in 10% increments by
randomly removing noisy labels in order to create
datasets with varying noise levels.

5.1 BERT-Based Models Results

For each noise level, we train BiolinkBERT model
and report the results in Table 8.

The results show that BERT models are highly
sensitive to label noise: at 50% noise, performance
drops by 20–30% regardless of the source. Noise
dominated by missing labels (e.g., from Phi-4 and
Gemma-3) yields the sharpest declines due to re-
duced recall, while LLMs such as GPT-4o and
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Models phi-4 GPT-4o Gemma3 Mistral-3.1
Noise Level F1 P R F1 P R F1 P R F1 P R

10% 0.591 0.591 0.592 0.595 0.582 0.609 0.594 0.606 0.584 0.598 0.582 0.615
20% 0.569 0.586 0.552 0.572 0.562 0.582 0.563 0.596 0.534 0.578 0.561 0.596
30% 0.545 0.572 0.521 0.544 0.526 0.563 0.519 0.593 0.462 0.557 0.544 0.571
40% 0.499 0.489 0.508 0.518 0.494 0.544 0.509 0.522 0.495 0.540 0.517 0.566
50% 0.455 0.522 0.404 0.494 0.469 0.522 0.463 0.558 0.396 0.521 0.496 0.549
60% 0.412 0.438 0.389 - 0.418 0.492 0.363 -

Table 8: Comparison of the F1, Precision and Recall metrics of BioLinkBERT model after training on noisy
datasets generated by different LLMs, evaluated across varying noise levels on the MM-ST21PV dataset.

Noise Source BioLinkBERT phi-4 GPT-4o Gemma3 Mistral-Small-3.1
Evaluated LLM Noise Level F1 P R F1 P R F1 P R F1 P R F1 P R

GPT-4o

10% 0.466 0.457 0.475 0.450 0.447 0.454 0.456 0.437 0.477 0.455 0.447 0.462 0.475 0.457 0.495
20% 0.480 0.468 0.492 0.436 0.436 0.435 0.452 0.437 0.469 0.454 0.454 0.453 0.478 0.467 0.490
30% 0.478 0.461 0.496 0.432 0.440 0.425 0.446 0.427 0.468 0.459 0.462 0.455 0.487 0.469 0.506
40% - 0.423 0.434 0.413 0.436 0.417 0.457 0.462 0.476 0.450 0.491 0.469 0.516
50% - 0.417 0.427 0.407 0.437 0.418 0.458 0.455 0.463 0.448 0.485 0.459 0.514
60% - 0.408 0.423 0.394 - 0.459 0.473 0.446 -

Mistral-Small-3.1

10% 0.492 0.468 0.519 0.491 0.483 0.500 0.481 0.453 0.512 0.483 0.470 0.497 0.497 0.472 0.525
20% 0.479 0.478 0.480 0.470 0.475 0.465 0.475 0.442 0.513 0.471 0.470 0.472 0.484 0.448 0.526
30% 0.496 0.491 0.500 0.482 0.492 0.472 0.471 0.443 0.504 0.469 0.492 0.448 0.492 0.456 0.533
40% - 0.440 0.483 0.405 0.467 0.439 0.498 0.472 0.507 0.441 0.486 0.453 0.524
50% - 0.433 0.483 0.393 0.471 0.452 0.492 0.483 0.523 0.449 0.487 0.463 0.514
60% - 0.420 0.485 0.370 - 0.471 0.557 0.400 -

Table 9: F1, Precision and Recall of LLMs performance across difference noise sources and levels on the
MM-ST21PV dataset using 10 in-context examples. The evaluation was conducted on the first 40 test abstracts,

and results are based on a single run. Rows marked “–” indicate cases where the original model did not reach the
specified noise level.

Figure 3: Experimental setup for testing the noise
robustness of the different models.

Mistral which exhibit more balanced error patterns
are affected less severely. This suggests that the
type of noise plays a role just as critical as the noise
level in how much it perturbs a model performance.

5.2 LLMs Results

For each noise level, we evaluate the performance
of GPT-4o and Mistral-3.1 using noisy labels for
ICL in a 10-shot setting. The results are summa-
rized in Table 9.

All experiments were run on the first 40 abstracts

of the MM-ST21PV dataset due to cost and re-
source constraints associated with the scale of this
evaluation.

The results demonstrate that both LLMs are re-
markably robust to noisy annotations introduced in
the prompt examples. In most cases, performance
remains comparable to that achieved with clean
annotations. Even under the highest noise levels,
performance typically decreases by only around
10%, with the largest observed drop observed at
less than 20% occurring when GPT-4o is prompted
using Phi-4 annotations at 60% noise level. These
results indicate that annotation precision is less crit-
ical for LLMs compared to BERT-based models.
As a result, more lenient annotation strategies may
be acceptable when the data is intended for use as
in-context examples in LLM prompts. Statistical
significance tests supporting this conclusion are
provided in Appendix A.1.7.

6 The Current Landscape of LLMs for
Biomedical NER

This section summarizes our key findings on LLM-
based approaches to biomedical NER. Results from
Section 4 show that LLMs still lag behind tradi-
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tional NLP methods. Indeed, most open-source
models struggle to follow annotation instructions,
often producing invalid outputs. This issue wors-
ens with longer prompts: for example, Llama-3.1
produced over 26% invalid outputs when given
10 annotated examples for MM-ST21PV dataset.
Attempts to reduce output format errors with alter-
native prompting strategies (Appendix A.3.2) were
also ineffective. These findings highlight the need
for substantial improvements in the instruction-
following capabilities of smaller LLMs before they
can be realistically applied to biomedical NER. Ad-
ditionally, even when valid outputs were obtained,
the annotation quality remained poor.

The error analysis from section 4.4 further
shows that models such as Llama-3.1, Phi-4, and
Gemma-3 tend to annotate too conservatively, miss-
ing most entities with attempts to encourage more
aggressive annotation also failing, suggesting an in-
herent conservative bias in these models. Even pro-
prietary models like GPT-4o fall short of biomedi-
cal BERT models, with frequent annotation errors,
particularly invalid tags. Addressing this issue rep-
resents a key step toward enabling LLMs to per-
form high-quality biomedical NER. Reducing such
false positives through verifier models or other safe-
guard mechanisms remains essential for achieving
BERT-level performance.

Although fine-tuning improves performance,
LLMs still fall short of BERT-based models for
most datasets while demanding far greater com-
putational resources. For instance, fine-tuning
Mistral-3.1 on MM-ST21PV took 22 hours on a
single H100 GPU, compared to 50 minutes for Bi-
oLinkBERT on an A40. Inference on the same test
set required 9 hours for Mistral-3.1 and less than 1
hour for BERT models. Full training and inference
times for all datasets are listed in Appendix A.1.4
and A.1.5.

Nonetheless, Sections 4.3 and 5 highlight two
scenarios where LLMs can offer value. First,
when annotated data is scarce, LLMs can outper-
form BERT-based models: Table 5 shows Mistral-
3.1 performance surpassing BERT when there are
less than 60 annotated abstracts available. Sec-
ond, under noisy annotation conditions, LLMs can
again outperform BERT: Tables 8 and 9 illustrate
cases where LLMs trained with 50–60% noisy data
achieve better results than BERT trained on the
same proportion of noisy data.

As of today, LLMs could be incorporated into

biomedical NER workflows as follows : 1) Cold-
start data generation, where LLMs are used to pro-
duce synthetic annotated data when no labeled cor-
pus is available, enabling BERT-based models to
be trained from scratch and 2) Selective LLM us-
age where it’s only applied to instances of data
slices where it outperforms BERT models.

Beyond overall robustness to noise, model be-
havior also depends strongly on the type of noisy
examples provided in the prompt. Mistral and GPT-
4o with perfect examples tended to over-annotate,
producing many invalid tags. In contrast, when
exposed to noisy examples from Gemma-3 and
Phi-4 where errors primarily involved missing enti-
ties, both models became more conservative: recall
declined but precision improved. As shown in Ta-
ble 9, this trade-off becomes more pronounced as
noise from these sources increases. By compari-
son, when the noisy examples were generated by
GPT-4o and Mistral-3.1, whose errors were more
uniformly distributed, both recall and precision
dropped together.

These findings show that LLMs remain both less
accurate and more resource-intensive than BERT-
based models for biomedical NER. Substantial ef-
ficiency gains are required before LLMs can be
considered practical alternatives. Future progress
will depend not only on improving accuracy, but
also on reducing computational cost and resource
demands so that LLMs can match BERT acces-
sibility and scalability in real-world biomedical
applications.

7 Conclusion and Future Work

Biomedical NER plays a key role in biomedical
NLP by automating the identification of relevant
entities, which helps minimize manual effort, im-
prove data processing efficiency, and accelerates
the integration of research insights into clinical
practice. This study made an update on the current
state of LLM performance on biomedical NER,
revealing substantial progress over previous evalu-
ations. Although LLMs are still behind traditional
domain-specific BERT models in overall perfor-
mance, they demonstrate advantages in specific
scenarios, notably in low-data and noisy scenarios.
These advancements highlight the growing poten-
tial of LLMs for biomedical NER and point toward
promising future applications in the field.
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8 Limitations

While LLMs have demonstrated promising per-
formance in certain scenarios, they still exhibit
notable limitations and uncertainties. Despite re-
cent advances, LLMs continue to underperform
compared to specialized BERT-based models in
biomedical NER tasks, and there is no guaran-
tee that improvements in general LLM capabili-
ties will directly translate to better performance
in this domain. Moreover, inference with LLMs
requires significantly more time and computational
resources than with BERT models (A.1.5), and this
gap widens further when training is involved.

In addition to efficiency considerations, the
application of LLMs to biomedical and clinical
text introduces risks related to bias propagation
and hallucinations. This introduces significant
risks in clinical environments where precision is
paramount. Furthermore, the use of biomedical
text generated or processed by general LLMs raises
unresolved questions around patient privacy and
data governance, especially when models are de-
ployed in settings involving sensitive data.

Lastly, our findings suggests that LLMs perform
well in low-data settings with in-context learning
and exhibit greater robustness to noisy inputs com-
pared to BERT models. However, this observation
is based on a single experimental scenario and may
not generalize to other contexts. Furthermore, it
may not hold for more advanced models developed
in the future. We leave the exploration of this trend
as a direction for future work.
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A Appendix

The appendix is organized into three parts:

• Implementation details for BERT-based mod-
els and LLMs are provided in Appendix A.1.

• Further discussion on LLMs is included in
Appendix A.2.

• Example annotations for the different models
are presented in Appendix A.3.

A.1 Training and Inference Details for
BERT-Based Models and LLMs

A.1.1 Additional information about the
evaluated LLMs

Table 10 provides additional details on the LLMs
evaluated in this paper, including their architec-
tures, pre-training data, and other relevant informa-
tion when available.

A.1.2 BERT Training parameters
The parameters used for the training of all biomed-
ical BERT models are provided in Table 11.

For the training in low-data setting experiments
in Section 4.3, we adjusted the learning rate to
1e−4 and set the number of epochs to 200, 100 and
50 for datasets containing 20, 40 and 100 abstracts,
respectively .

A.1.3 LLM prompt
Figure 4 displays the exact prompt used to generate
the results reported in Section 4.2 using LLMs.

Arguments enclosed in italics are filled dynam-
ically when constructing the prompt. Each argu-
ment is described below:

- extraction_prompt: A task-specific instruc-
tion describing what entities to extract. The exact
instructions for each dataset is given in Figure 6

- abstract: The specific abstract to be annotated.
- examples: One or more examples of abstracts

with their corresponding correct annotations.

A.1.4 LLM decoding and fine-tuning
parameters

The LLM were used with temperature set to 0.
The fine-tuned results of Mistral-3.1 reported in

Section 4.2.1 were obtained using either the origi-
nal LoRA approach (Hu et al., 2021) or LoRA ap-
plied to all layers (Schulman and Lab, 2025), with
the reported results corresponding to the configura-
tion that achieved the highest validation accuracy,
using the following parameter settings :

- Rank: 128
- Scaling factor α: 32
- Dropout: 0.05

Note that we evaluated multiple values of the
rank parameter (32, 64, 128, 192) and scaling fac-
tor (16, 32), and found the optimal configuration
to be rank: 128 / scaling factor: 32 / dropout: 0.05.

The number of epochs and batch size varied
across datasets; their values along with the training
time are listed in Table 12. For reference, it took
50 minutes to train Biolink-BERT on the largest
evaluated dataset MM-ST21PV (2635 abstracts in
training set).

Due to time and resource constraints, validation
during training was performed on only the first
40 abstracts of the validation set, which may have
limited the model’s performance.

Different strategies to optimize performance of
fine-tuning were also explored by varying the num-
ber of examples included in the prompt during both
training and inference on the MM-ST21PV dataset.
Specifically, we experimented with 0, 1, or 3 ex-
amples in both stages. The results are presented in
Table 13.

Results indicate that incorporating examples into
the training prompts improves learning, with per-
formance increasing as more examples are pro-
vided. In contrast to the base model, the fine-tuned
version is more robust to reductions in the number
of examples during inference, with only a mod-
est performance drop. However, including more
examples at inference than were seen during train-
ing hurts performance significantly; likely due to a
mismatch between the prompt structure the model
was trained on and the one used at test time.

A.1.5 Inference time for LLMs
Figure 5 presents the inference time of all evaluated
open-source LLMs across the different datasets.

Mistral-3.1, as the largest model, has the highest
computational demand and requires the longest
runtime. Running it on the whole MM-ST21PV
test set (879 abstracts) took close to 9 hours. This
is significantly longer than the time required to
train and run inference with BERT-based models,
which takes less than an hour in this case. As a
result, LLMs are currently not only less effective
than domain-specific BERT models for biomedical
NER but also considerably slower.

All experiments were run on an Nvidia A40
GPU using vllm framework (Kwon et al., 2023).
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Parameters Context
Length

Pre-Training data Architectue highlights

Meta-Llama-3.1-8B-
Instruct

8B 128K 15T+ (50% general knowledge web, 25% math/reason-
ing, 17% code, 8% multilingual)

Dense model, SwiGLU activation, GQA
and long-context RoPE

Phi-4 14B 16384 10T (30% web + web-rewrites (15% each), 40% syn-
thetic, 20% code, 10% academic sources & books)

Dense model, Full attention

gemma-3-12B-it 12B 128K 12T (web text, code, math, images, and multilingual data) Dense model, global + local (1024 to-
kens) attention, RoPE

Mistral-Small-3.1-24B-
Instruct-2503

24B 128K N/A Dense model, Sliding window attention,
RoPE

Table 10: Architecture and Training data comparison of evaluated open source-models. N/A : Not Available

Figure 4: Illustration of annotation framework

Hyperparameters

seq_len 512

batch_size 16

num_epochs 30

learning_rate 5e−4

weight_decay 0.01

warmup_ratio 0.2

Table 11: Hyperparameters used to train all biomedical
BERT models

NCBI-Disease BC5CDR MM-ST21PV

batch_size 8 3 2

num_epochs 30 15 5

train_time (hours) 4.3 7.5 22.2

Table 12: Batch size, number of epochs and training
time with one H100 GPU to fine-tune Mistral-3.1

A.1.6 Statistical significance testing of LLM
progress over time

The model used for our statistical significance test
is a fixed-effects (within-dataset) OLS regression
using HC3 standard errors, which are robust in
small-sample panel settings.

The regression data include a total of 20 data-

Figure 5: Inference time vs Number of abstracts for all
evaluated open-source models

points consisting of the 5 evaluated datasets, each
evaluated at 4 different timepoints [1) July 2024
corresponding to Llama3.1 release, 2) November
2024 corresponding to Phi3 release, 3) March 2025
corresponding to Gemma3 release and 4) April
2025 corresponding to Mistral3 Small release]. For
each dataset, the evaluated variable is the perfor-
mance gap between the best biomedical BERT vari-
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k = 0 k = 1 k = 3
Metrics F1 P R F1 P R F1 P R

l = 0 0.553 0.558 0.547 0.112 0.250 0.072 -
l = 1 0.579 0.574 0.576 0.568 0.558 0.578 0.268 0.330 0.226
l = 3 0.543 0.597 0.497 0.583 0.588 0.579 0.580 0.564 0.596

Table 13: F1, Precision, and Recall scores for Mistral-3.1, fine-tuned with different numbers of in-prompt examples
and evaluated using varying numbers of examples during inference on MM-ST21PV dataset.

k : Number of examples in the prompt during inference
l : Number of examples in the prompt during training

β SE t p-value
Class of models

Evaluated open-source models −1.4 · 10−2 3 · 10−3 −4.8 0.0

Table 14: Statistical significance testing of LLM
progress on all evaluated datasets: Negative regression

coefficient reveals that successively released
open-source models (Llama 3.1 in July 2024, Phi-4 in
December 2024, Gemma3 in March 2025, Mistral 3.1
in April 2025) progressively close the performance gap

relative to the best biomedical BERT-Based variant.

ant and the best evaluated open-source LLM at that
same timestamp.

A.1.7 Statistical significance tests for noise
robustness of BERT training and LLMs
ICL

β SE t p-value
Noise Source

Gemma-3 3.1 · 10−3 3.0 · 10−4 1.0 · 101 1.4 · 10−6

Phi-4 2.2 · 10−3 2.7 · 10−4 7.9 1.4 · 10−5

GPT-4o 1.5 · 10−3 4.0 · 10−4 3.8 5.3 · 10−3

Table 15: Statistical Comparison of Noise Robustness:
Mistral-3.1 ICL and Biolink-BERT training across

different noise source.

β SE t p-value
Noise Source

Gemma-3 3.2 · 10−3 2.5 · 10−4 1.3 · 101 1.8 · 10−7

Phi-4 2.5 · 10−3 2.6 · 10−4 9.4 2.8 · 10−6

Mistral-3.1 2.9 · 10−3 1.6 · 10−4 1.8 · 101 8.8 · 10−8

Table 16: Statistical Comparison of Noise Robustness:
GPT-4o ICL and Biolink-BERT training across

different noise source.

In Table 15 and 16, we report the results of
regression-based statistical tests comparing the ro-
bustness of Mistral-3.1 and GPT-4o using noisy
ICL against BiolinkBERT trained on noisy data
across different sources of noise. The interaction
term between model and noise level provides the

test statistic, with the corresponding β, SE, t, and
p-values indicating whether the difference in per-
formance degradation slopes is statistically signifi-
cant.

Across all noise sources, the interaction term is
highly significant, indicating that LLMs exhibits a
substantially slower performance decline as noise
increases. This provides statistical evidence that
noisy ICL examples for LLMs is more robust than
noisy examples for BERT training.

A.2 Additional discussion on LLMs

A.2.1 Bigger vs. Smaller: How Model Size
Affects LLMs in the Same Family

The results from Section 4 suggest that larger mod-
els tend to perform better overall, which is gener-
ally true but only to a certain extent. Table 17
presents a direct comparison on NCBI-Disease
dataset between two models of the same generation
but different sizes: Gemma3-12B-it and Gemma3-
27B-it.

Gemma3-12B-it Gemma3-27B-it
k F1 P R Inv. F1 P R Inv.

1 0.580 0.551 0.613 7% 0.583 0.529 0.650 0%
3 0.639 0.612 0.670 2% 0.635 0.575 0.710 0%
5 0.621 0.620 0.622 1% 0.642 0.593 0.700 0%
10 0.653 0.701 0.611 9% 0.654 0.620 0.692 0%

Table 17: Comparison F1, Precision, and Recall scores
between Gemma3-12B and Gemma3-27B using

varying numbers of examples during inference on
NCBI-Dataset. Results are based on a single run.
“Inv.” (Invalid evaluations) represents the % of

abstracts that could not be assessed due to formatting
errors or failure to follow prompt instructions.

These results indicate that model size has an
impact, but not directly, on the quality of anno-
tations, but rather on following instructions. In-
deed, increasing the model size from 12B to 27B
parameters did not really improve the results but
significantly reduced formatting errors during the
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annotation process, with the larger model adher-
ing to the expected format perfectly. However,
when it comes to the quality of the annotations
themselves, the most critical factor remains the
model inherent capability to handle the task. For
example, although Gemma3-27B-it is larger than
the Mistral-3.1 model used in our experiments, it
still underperforms in comparison. If a model is
fundamentally not suited for biomedical NER, in-
creasing its size, even doubling it, will not lead
to substantial gains, as it lacks the core ability to
effectively perform the task.

A.2.2 Evaluating Potential Data Leakage in
Mistral-3.1

Given the strong performance of the Mistral-3.1
model, we considered the possibility that it might
have been exposed to test examples during train-
ing. To investigate this, we ran a controlled ex-
periment in which we fine-tuned Mistral on the
training set while using test set examples as ICL
examples (without including those examples in the
training loss). Under this setup, performance on
MM-ST21PV increased from 58% (reported in our
main results) to 67%. This 10% increase indicates
that even limited exposure to test data through ICL,
without directly training on it, can yield substantial
gains. Given this sensitivity, we believe it is un-
likely that Mistral-3.1 had seen the test examples
during pre-training.

A.3 Details on LLM outputs
A.3.1 Comparison of annotations from BERT,

Mistral with gold annotations and with
noisy annoataions

Annotation results for a sample abstract (PMID:
27059693) from MM-ST21PV are shown under
four setups to highlight their tendencies :

- Figure 7: Annotations produced by BERT.
F1 = 0.697, P = 0.697, R = 0.697

- Figure 8: Annotations generated by Mistral using
in-context examples sourced from gold data.

F1 = 0.600, P = 0.568, R = 0.636
- Figure 9: Annotations generated by Mistral us-

ing in-context examples sourced from Gemma3,
where 50% of the annotations are noisy.

F1 = 0.582, P = 0.727, R = 0.485
- Figure 10: Annotations generated by Mistral us-

ing in-context examples sourced from GPT-4o,
where 50% of the annotations are noisy.

F1 = 0.576, P = 0.576, R = 0.576

These results are consistent with the findings
discussed in Sections 4 and 5. Among the mod-
els, BERT achieves the strongest annotation per-
formance overall, with its errors primarily concen-
trated in three categories: "Invalid Tag", "Missing",
and "Wrong Overlap".

For Mistral, the key result is that performance
remains very similar regardless of whether the in-
context examples are drawn from gold annotations
or from noisy annotations such as those provided
by GPT-4o. In terms of aggregate metrics, the pres-
ence of noise in the examples does not substantially
alter the model’s effectiveness.

A secondary observation concerns the distribu-
tion of errors. When the noisy examples resemble
the types of mistakes Mistral would typically make
(e.g. GPT-4o-based annotations), the error profile
remains quite stable. However, when the noisy ex-
amples come from a source with a different error
distribution such as Gemma3, whose annotations
are dominated by "Missing" errors, Mistral behav-
ior shifts accordingly. In this case, it adopts a more
conservative annotation strategy. This results in
reduced recall but an increase in precision, leading
to an overall F1 score that remains comparable to
the setup without noisy annotations.

This analysis suggests that while the overall per-
formance of Mistral is robust to noise in in-context
examples, the nature of the noise can still shape
the error patterns produced.

A.3.2 Examples of invalid outputs
The LLMs failed to consistently follow the output
requirements, resulting in a significant number of
invalid outputs especially for higher number of
in-context examples.

Common errors include the generation of invalid
JSON, no annotations, the placement of annota-
tions at the end of the abstract rather than within
the text, and hallucinations in which the model
simply repeats the abstract without introducing
any annotations. Figure 11 illustrates an example
where annotations were incorrectly appended at
the end of the text; in addition, the model began
annotating only from the second sentence.

We attempted to mitigate these errors by placing
stronger emphasis on the annotation rules; however,
this did not result in any noticeable improvement.

For example, we explicitly instructed the model
to:

- Not rewrite, summarize, or rephrase the text.
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- Preserve the text exactly as provided, including
line breaks, typos, and formatting.

- Only insert annotations in the format @@men-
tion##ENTITY@@ into the original text.

- Ensure the output is identical to the input text,
apart from these inserted annotations.

- Annotate both title and abstract.

Paradoxically, introducing these additional rules
seemed to decrease the model performance. When
Llama 3.1–8B (k = 10) was evaluated on 40 ab-
stracts, the number of valid outputs declined from
33 with the prompt shown in Figure 1 to 23 with
the extended set of rules.

A.3.3 Error analysis on noisy evaluations
Tables 19 and 20 summarize error type statistics for
GPT-4o and Mistral-3.1 in-context learning on the
MM-ST21PV dataset under 30% and 50% noisy
examples, respectively.
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Figure 6: Extraction instruction for each evaluated datasets
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Figure 7: Example Mistral annotations with gold data
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Figure 8: Example Mistral annotations with in-context examples sourced from gold data
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Figure 9: Example of Mistral annotations with in-context examples sourced from Gemma3 where 50% of the
annotations are noisy.
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Figure 10: Example of Mistral annotations with in-context examples sourced from GPT-4o where 50% of the
annotations are noisy.
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Figure 11: Example of an annotation generated by Llama-3.1-8B that failed to comply with the guidelines. Instead
of directly annotating the text, the model rewrote the abstract and then added an annotated version, starting the

annotation only from the second sentence. (PMID=27274524)
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Datasets (→) NCBI-Disease BC5CDR MM-ST21PV

Models (↓) k=1 k=3 k=5 k=10 k=1 k=3 k=5 k=10 k=1 k=3 k=5 k=10

Llama-3.1

F1 0.489 0.513 0.554 0.551 0.543 0.580 0.610 0.598 0.239 0.305 0.314 0.287
±3e-5 ±2e-6 ±8e-6 ±2e-5 ±3e-6 ±9e-7 ±2e-6 ±5e-6 ±3e-6 ±8e-5 ±1e-4 ±4e-5

P 0.518 0.622 0.697 0.677 0.720 0.761 0.774 0.793 0.340 0.424 0.454 0.500
±3e-4 ±4e-4 ±2e-7 ±3e-4 ±4e-5 ±1e-5 ±4e-5 ±8e-5 ±1e-5 ±5e-6 ±5e-6 ±1e-5

R 0.476 0.436 0.460 0.464 0.435 0.468 0.503 0.479 0.184 0.239 0.241 0.199
±4e-5 ±1e-4 ±2e-5 ±2e-6 ±1e-5 ±2e-7 ±9e-7 ±4e-5 ±1e-5 ±1e-4 ±1e-4 ±6e-5

Inv. 4.0% 8.7% 10.3% 29.3% 2.9% 7.9% 9.9% 24.1% 10.9% 8.2% 12.2% 23.7%
±0.0% ±8e-3% ±1.4% ±0.6% ±2e-3% ±3e-4% ±5e-3% ±2e-2% ±0.0% ±0.0% ±1e-6% ±7e-4%

Phi-4

F1 0.536 0.548 0.562 0.542 0.633 0.652 0.649 0.645 0.259 0.302 0.311 –
±6e-5 ±1e-4 ±2e-7 ±5e-5 ±8e-6 ±5e-6 ±5e-6 ±2e-6 ±2e-7 ±8e-7 ±8e-7

P 0.734 0.727 0.732 0.750 0.784 0.779 0.798 0.797 0.398 0.444 0.465 –
±6e-5 ±1e-4 ±7e-5 ±8e-5 ±2e-7 ±8e-7 ±8e-7 ±8e-7 ±9e-7 0.0 0.0

R 0.422 0.440 0.456 0.424 0.530 0.560 0.547 0.542 0.192 0.228 0.234 –
±6e-6 ±1e-4 ±1e-4 ±3e-5 ±1e-5 ±1e-5 ±8e-6 ±3e-6 ±2e-7 ±8e-7 ±8e-7

Inv. 4.7% 2.7% 3.3% 1.7% 0.6% 0.0% 0.4% 0.05% 8.0% 7.6% 9.3% –
±2e-3% ±2e-3% ±8e-3% ±8e-3% ±0.0% ±0.0% ±0.0% ±1e-3% ±3e-5% ±4e-4% ±1.3%

Gemma-3

F1 0.565 0.620 0.616 0.629 0.693 0.718 0.723 0.718 0.336 0.374 0.364 0.329
±1e-4 ±2e-4 ±1e-5 ±2e-4 ±8e-6 ±2e-6 ±3e-6 ±8e-6 ±2e-7 ±1e-5 ±8e-5 ±2e-4

P 0.544 0.597 0.627 0.699 0.679 0.720 0.763 0.762 0.372 0.463 0.502 0.537
±3e-5 ±1e-4 ±3e-5 ±3e-6 ±6e-5 ±3e-5 ±7e-5 ±6e-7 ±2e-7 ±3e-6 ±4e-5 ±4e-5

R 0.590 0.645 0.604 0.579 0.708 0.716 0.678 0.686 0.308 0.314 0.285 0.237
±3e-4 ±3e-4 ±1e-4 ±4e-4 ±8e-6 ±6e-5 ±1e-4 ±3e-5 ±8e-7 ±3e-5 ±8e-5 ±2e-4

Inv. 6.3% 1.3% 1.0% 9.0% 1.9% 0.5% 1.4% 2.7% 5.0% 14.1% 21.0% 47.9%
2e-3% 2e-3% 0.0% 0.0% ±8e-5% ±3e-4% ±3e-5% ±1e-3% ±5e-3% ±2e-2% ±5.0% ±3.9%

Mistral-3.1

F1 0.648 0.703 0.721 0.724 0.725 0.745 0.760 0.770 0.399 0.469 0.496 0.509
±5e-6 ±2e-5 ±3e-6 ±8e-6 ±2e-7 ±1e-5 ±2e-6 ±2e-7 ±0.0 ±5e-6 ±2e-7 ±9e-7

P 0.651 0.669 0.672 0.684 0.708 0.713 0.733 0.738 0.372 0.444 0.480 0.504
±3e-3 ±4e-5 ±3e-5 ±3e-5 0.0 ±1e-5 0.0 ±5e-6 ±0.0 ±3e-5 ±2e-5 ±2e-5

R 0.666 0.742 0.778 0.770 0.742 0.780 0.789 0.805 0.430 0.497 0.516 0.511
±2e-7 ±5e-5 ±2e-6 ±8e-7 ±2e-7 ±8e-6 ±1e-5 ±1e-5 ±0.0 ±5e-6 ±1e-5 ±5e-6

Inv. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.2% 0.4% 2.8%
±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±1e-6% ±4e-4% ±4e-3%

GPT-4o

F1 0.670 0.717 0.730 0.745 0.737 0.755 0.767 0.764 0.363 0.413 0.440 0.457
±4e-5 ±3e-4 ±6e-5 ±1e-4 ±4e-5 ±6e-7 ±4e-6 ±3e-6 ±1e-4 ±1e-4 ±5e-4 ±4e-4

P 0.723 0.744 0.741 0.742 0.763 0.760 0.762 0.753 0.361 0.402 0.427 0.447
±1e-4 ±3e-4 ±6e-5 ±5e-5 ±4e-5 ±4e-6 ±2e-5 ±4e-6 ±2e-4 ±2e-4 ±6e-4 ±3e-4

R 0.624 0.691 0.719 0.748 0.713 0.749 0.768 0.775 0.373 0.427 0.453 0.467
±1e-4 ±3e-4 ±5e-5 ±2e-4 ±4e-5 ±2e-7 ±2e-6 ±5e-6 ±8e-5 ±9e-5 ±5e-4 ±4e-4

Inv. 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.2% 0.1% 0.1% 0.3%
±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±0.0% ±3e-4% ±1e-4% ±1e-4% ±5e-4%

Table 18: Comparison of F1, Precision (P) and Recall (R) metrics of LLMs with varying number of examples k for
ICL on different datasets. Results are averaged over 3 runs, and the associated variances are reported.

The column “Inv.” indicates the % of abstracts excluded due to instruction-following errors. F1 scores are
computed only on valid outputs; including invalid cases would further reduce scores. Rows marked “–” denote

context-window limits preventing evaluation with the specified number of examples. Bold : Best result

Noise Source F1 Noise Correct Wrong Label Wrong Overlap Multiple Entities Missing Invalid Tag

BioLinkBERT 0.478 0.522 936 228 292 113 230 461

GPT-4o

Phi4 0.432 0.568 801 225 257 139 327 400
Gemma3 0.458 0.542 858 212 272 98 369 418
Mistral-3.1 0.487 0.513 955 209 284 107 258 483
GPT-4o 0.446 0.554 884 227 285 148 205 533

BioLinkBERT 0.495 0.505 944 183 308 75 371 413

Mistral-3.1

Phi4 0.480 0.520 887 192 270 99 383 362
Gemma3 0.467 0.533 842 191 269 59 357 516
Mistral-3.1 0.490 0.510 1005 212 338 65 288 590
GPT-4o 0.471 0.529 950 201 312 121 229 556

Table 19: Error Type Statistics for GPT-4o and Mistral-3.1 under multiple noise sources at 30% noise for 40
MM-ST21PV Abstracts. The 40 evaluated abstracts contains a total of 1888 annotations.
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Noise Source F1 Noise Correct Wrong Label Wrong Overlap Multiple Entities Missing Invalid Tag

GPT-4o

Phi4 0.417 0.583 768 202 262 146 358 421
Gemma3 0.455 0.545 844 205 261 102 394 413
Mistral-3.1 0.484 0.516 968 216 312 101 237 515
GPT-4o 0.437 0.563 864 207 285 161 198 549

Mistral-3.1

Phi4 0.433 0.567 742 178 239 105 546 272
Gemma3 0.483 0.517 831 160 253 51 563 295
Mistral-3.1 0.487 0.513 970 177 337 69 354 545
GPT-4o 0.471 0.529 929 177 287 132 255 528

Table 20: Error Type Statistics for GPT-4o and Mistral-3.1 under multiple noise sources at 50% noise for 40
MM-ST21PV Abstracts. The 40 evaluated abstracts contains a total of 1888 annotations.
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