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Abstract

Few-shot prompting with Large Language
Models (LLMs) has emerged as a promising
paradigm for advancing information extrac-
tion, particularly in data-scarce domains like
biomedicine, where high annotation costs con-
strain the availability of training data. How-
ever, challenges persist in biomedical Named
Entity Recognition (NER), where LLMs fail
to achieve necessary accuracy and lag behind
supervised fine-tuned models. In this study,
we introduce FETA (First Extract, Tag After-
wards), a two-stage approach for entity recogni-
tion that combines instruction-guided prompt-
ing and a novel self-verification strategy to
improve accuracy and reliability of LLM pre-
dictions in domain-specific NER tasks. FETA
achieves state-of-the-art results on multiple es-
tablished biomedical datasets. Our experiments
demonstrate that carefully designed prompts,
using self-verification and instruction guidance,
can steer general-purpose LLMs to outperform
fine-tuned models in knowledge-intensive NER
tasks, unlocking their potential for more re-
liable and accurate information extraction in
resource-constrained settings.

1 Introduction

Biomedical named entity recognition (BioNER) is
a challenging and important real-world task, pre-
senting unique difficulties compared to general-
domain NER. First, the sheer number of named en-
tities is vast, encompassing hundreds of thousands
of gene and protein names, millions of species
names, and numerous cell types, metabolites, bio-
logical processes, diseases, drugs and so on. Sec-
ond, many terms are ambiguous with respect to
class (e.g., adenomatous polyposis coli is a gene, a
protein, and a disease name), are indicated by dif-
ferent parts of speech (e.g. nucleus and nuclear),
and otherwise exhibit unusual variability and ambi-
guity. Furthermore, scientific publications make ex-
tensive use of locally defined abbreviations that can

be generally quite ambiguous (e.g., AS may stand
for Angelman syndrome, ankylosing spondylitis, or
aortic stenosis among others).

In many tasks, including named entity recog-
nition, few-shot prompting with Large Language
Models (LLMs) can achieve state-of-the-art per-
formance (Brown et al., 2020). However, in the
biomedical domain, these methods still struggle
with accuracy and lag behind conventional ap-
proaches that require extensive supervision with
expert-annotated training data. (Gutierrez et al.,
2022; Moradi et al., 2021; Keloth et al., 2024).

In this work, we present FETA (First Extract,
Tag Afterwards), a two-staged prompting approach
that integrates instructional guidance with an inno-
vative context-aware self-verification mechanism to
guide off-the-shelf LLMs to perform accurate and
verifiable biomedical information extraction with-
out domain-specific training. FETA is designed to
work in real-world biomedical applications, where
labeled data is often scarce, expensive to obtain,
and requires expert domain knowledge.

Building on recent advances in prompt engineer-
ing (Gero et al., 2023; Munnangi et al., 2024), we
leverage prompt chaining to decompose BioNER
into manageable sub-tasks, where the first handles
span detection of target biomedical entities, while
the second aims to disambiguate candidate men-
tions for accurate and reliable NER results. In-
spired by the way humans use annotation guide-
lines to perform complex labeling tasks, FETA
leverages natural language instructions designed by
domain experts to guide the span detection process.
Unlike the prevailing example-driven paradigm that
relies on few-shot demonstrations for in-context do-
main adaptation, guideline-based prompting aims
to capitalize on the instruction-following abilities
of generative LLMs. Additionally, using explicit
guidelines helps mitigate the risk of annotation bias,
where a few misleading examples in the prompt can
often result in unstable or incorrect model behavior.
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Furthermore, unlike existing high-cost multi-
stage verification pipelines (Kim et al., 2024;
Munnangi et al., 2024), FETA eliminates the need
for external knowledge bases or entity linking
tools for post-hoc verification, and introduces a
lightweight and scalable self-verification mecha-
nism, that grounds entity disambiguation in the
original context, allowing the LLM to validate and
correct its own predictions in a single pass. We
empirically demonstrate the effectiveness of the
proposed framework through an extensive exper-
imental analysis, evaluating multiple established
biomedical benchmarks, comparing against SOTA
BioNER methods, and testing across a range of
commercial and open-source LLMs of varying size.

Our contributions can be summarized as follows:

* We propose FETA, a prompt-based approach
that combines instructional guidance and self-
verification to unlock the LLLM potential for
knowledge-intensive biomedical information
extraction without domain-specific training.

* In addition to surpassing fine-tuned, domain-
adapted BioNER methods, FETA significantly
improves computational efficiency compared
to similar LLM-based frameworks.

» Through extensive experiments evaluating oft-
the-shelf LLMs of varying scale, we show that
FETA can achieve competitive results even
with moderately-sized language models.

2 Related Work
2.1 Prompt Engineering for NER

Prompt engineering has been instrumental in adapt-
ing LLMs for NER, leveraging their zero- and
few-shot learning capabilities (Gong, 2024; Xie
et al., 2023). Several studies have explored dif-
ferent prompting strategies to align generalist text
generation models with the structured nature of
entity extraction. A common approach involves
structured output generation, where models extract
entity spans in predefined formats, such as lists or
JSON-like schemas (Wei et al., 2023; Ashok and
Lipton, 2023; Agrawal et al., 2022). These methods
often require additional post-processing to validate
outputs and lack inherent positional information
for extracted entities. Recent work explored alter-
native NER-specific task formulations that better
align with LLM pre-training objectives. Li et al.
(2023) leverage LLMs specialized in code gener-
ation framing NER as a code generation task. An

alternative strategy treats NER as a sequence tag-
ging task, prompting LL.Ms to annotate entities in-
line within the original text using delimiters (Wang
et al., 2023; Hu et al., 2024b). This method aligns
with traditional BIO-tagging schemes used in su-
pervised NER (Luo et al., 2023), retaining posi-
tional information and facilitating post-processing.
Recent studies (Cheng et al., 2024; Monajatipoor
et al., 2024; Min et al., 2022) explored differ-
ent example selection schemes to improve LLM’s
in-context learning abilities. However, selecting
optimal examples remains inherently challenging
and can lead to unstable or suboptimal model per-
formance. To mitigate this, rather than rely-
ing on few-shot demonstrations, we propose to
leverage the instruction-following capabilities
of LLMs by enhancing prompts with domain-
specific guidelines to aid generalization.

2.2 Biomedical NER with LLMs

General-purpose LLMs often struggle with biomed-
ical NER due to a lack of domain-specific training
and a tendency to hallucinate erroneous predictions
(Hu et al., 2024a). To mitigate hallucinations, re-
cent studies explored self-verification via prompt
chaining, where follow-up prompts refine initial ex-
tractions (Averly and Ning, 2024; Gero et al., 2023;
Bian et al., 2023, 2024). Other approaches enhance
LLM with external knowledge for more accurate
information extraction (Nagar et al., 2024; Fu et al.,
2023). Multi-step verification frameworks, such as
VerifiNER (Kim et al., 2024), use LLMs to validate
predictions by reasoning over entity-level infor-
mation retrieved from external knowledge bases.
Similarly, (Munnangi et al., 2024) prompt LLMs
to refine extractions using structured entity defi-
nitions from external sources. While knowledge-
augmented verification improves accuracy, these
methods depend on the availability of entity-level
information in structured knowledge sources and an
effective entity-linking mechanism. Additionally,
entity-level revision with knowledge-augmented
prompts has an added cost in terms of multiple in-
ference steps that can significantly increase compu-
tational costs, particularly when using proprietary
LLMs. In contrast, we propose a more efficient
approach that grounds self-verification in con-
text, reducing the reliance on external knowl-
edge sources and addressing computational in-
efficiencies with prior multi-stage frameworks.
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Target Types : | CHEMICAL | | DRUG
Text:

OH
We have demonstrated that lysophosphatidic
acid and its receptors ( LPA1 and LPA3 ) are

Annotation Guidelines: PP . Step 2:
required for the initiation of peripheral nerve ...

1. Extract the shortest

continuous span of text that

identifies a chemical. A

chemical is a substance, \
mixture, or a{ class of } LIM L
substances with a specific N
name and a well-defined

structural or elemental

composition.

This may refer to: [...]

2. Extract specific drug
names and substances that

Candidate Mentions:

are used as drugs. [...]

lysophosphatidic acid, LPA1, LPA3

Step I:
Instruction-Guided Span Detection

Type Disambiguation

/‘\
( LLM )

Inline Tagging: CH
We have demonstrated that

and its receptors ( LPA1 and LPA3 )

are required for the initiation of peripheral nerve ...

Verified Mentions:

lysophosphatidic acid

Figure 1: Example of the FETA approach for Biomedical Named Entity Recognition. Given a text passage and a
pre-defined set of target biomedical enity types, (1) we extract candidate entity mentions from the text using an LLM
prompt enriched with expert-designed domain-specific annotation guidelines; (2) then, using a follow-up prompt,
we task the LLM to tag the extracted mentions within the original text, specifying their semantic types (inline
tagging). Finally, we parse the resulting annotations and filter out candidate mentions based on their predicted type

to produce the final set of verified mentions of the target types.

3 Method Overview

The FETA approach is designed to address the
task of biomedical entity recognition, which
aims to identify a list of entity mentions M =
[m1,...,my], that are instances of predefined
biomedical types 71" in a given input text /. For-
mally, an entity mention m; is a tuple (s, e;,t;),
where s; and e; denote the start and end charac-
ter offsets of the entity spanin I, and t; € T'is
the entity type of that span (e.g., disease, gene,
chemical, etc.), drawn from a set of target biomed-
ical types of interest T' = {t1, ..., tx}. FETA uses
a prompt-chaining technique to solve the task in
two subsequent steps, Instruction-Guided Span De-
tection and Type Disambiguation, each executed
via a separate LLM call.

1. Instruction-Guided Span Detection:

In this step, we prompt the LL.M to extract a
list of candidate entity spans C' from text [
given a set of target entity types 7. The LLM
prompt is enriched with expert knowledge in
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the form of natural language annotation guide-
lines. Unlike traditional few-shot prompting,
explicit guidelines provide an unambiguous
description of target entity types and clarify
span detection criteria for correct span extrac-
tion. Incorporating these instructions within
the prompt, has the potential to enhance the
model’s ability to correctly recognize men-
tions of specific biomedical types in the ab-
sence of domain-specific training. The result-
ing list of candidate spans C' contains spans of
I that the LLM identifies to be instances of the
target types in T'. Due to the LLM’s tendency
toward false positives (Brown et al., 2020), the
candidate list C' may include spurious entity
spans, i.e., mentions of biomedical entities
wrongly extracted as instances of 7'. These
false positives often arise from strong seman-
tic bonds reflecting biological interactions be-
tween different classes of biomedical entities.
For instance, proteins engage in numerous
chemical interactions and are frequently men-
tioned together with chemicals in the litera-



ture, which can lead to an over-representation
of protein mentions as false positives when the
target biomedical type is chemical. An exam-
ple of such behavior is illustrated in Figure 1,
where the LLM extracts two protein mentions,
LPA]I and LPA3, along with lysophosphatidic
acid as instances of type chemical or drug.
Similar error patterns can be observed with
other biomedical types, posing the need for
a type disambiguation strategy to refine the
initial list of candidate mentions.

2. Type Disambiguation: The goal of the sec-
ond step is to produce a list of entity mentions
M by detecting and removing false positives
from the candidate list C. To this end, we
prompt the LLM to disambiguate the type
of each candidate in C' via inline tagging.
Namely, we instruct the LLM to annotate
all candidate spans, extracted in the previous
step, within the original text passage [ us-
ing HTML-like tags that (i) mark the exact
boundaries of the candidate span in I, and
(ii) specify the entity type of a candidate span
based on its surrounding context. During post-
processing of the tagging results, any candi-
date span assigned a type ¢ ¢ T is discarded.

This strategy offers two key advantages.
Firstly, it elicits contextual reasoning in the
LLM using the input text alone, without the
need for external domain-specific knowledge
bases. By requiring the LLM to tag candidate
spans in the source text, the prompt forces the
model to reassess the type of each candidate
in a context-aware manner, leveraging the con-
text surrounding the span to disambiguate its
type. Secondly, in contrast to similar prompt-
based methods that incur high costs by in-
voking LLMs for each mention individually,
inline-tagging enables to disambiguate all can-
didate mentions at once with a single LLM
call, leading to improved efficiency.

3.1 Instruction-Guided Span Detection

For the span detection step, we define a prompt
template (illustrated in Appendix, Figure 4) con-
sisting of several components, including: (i) Task
Description: it specifies the entity extraction objec-
tive, listing the target entity types 7" for recognition
(e.g., diseases and symptoms, proteins, chemicals);
(i1) Output Format: this component describes the
expected structure of the output formatting to fa-

cilitate reliable parsing of the LLM-generated re-
sponse. Following prior work (Wang et al., 2023;
Munnangi et al., 2024), we adopt a JSON-style out-
put format; (iii) Example: it illustrates the desired
model behavior and the expected output structure;
(iv) Annotation Guidelines: a list of natural lan-
guage instructions derived from expert annotation
guidelines. These guidelines define the scope of
each target biomedical entity type (e.g., a chemical
is a substance, mixture, or a class of substances
with a specific name and a well-defined structural
or elemental composition.) and outline criteria
for consistent span boundary identification (e.g.,
if a chemical’s name is followed by its abbrevia-
tion, extract both separately). The complete set of
guidelines used in our experiments is included in
the Appendix, Table 6 and 7.

Consider the example in Figure 1. Given an
input text passage I, a target set of entity types
T = {CHEMICAL, DRUG}, and the corresponding
expert-defined annotation guidelines, we construct
the prompt using the template in Figure 4 in Ap-
pendix and call the LL.M to generate a JSON for-
matted output containing a list of candidate men-
tions C' = [lysophosphatidic acid, LPAI, LPA3].

3.2 Type Disambiguation

The prompt template for the second step includes
the task description and a one-shot annotated exam-
ple that illustrates the task (see Appendix, Figure 5).
The model is provided with a list of candidate entity
spans C extracted in the first step along with the
original text passage I. The LLM’s task is to return
the passage with all candidate spans marked in-
line using <entity>...</entity> tags. For each
marked span, the model must specify the appropri-
ate type using the tag attribute. The task description
clearly defines the type labels, that should be used
for the target entity types. For example, it instructs:
"Use <entity type="CHEMICAL"></entity> to
tag chemical entities". Spans annotated with one
of the target types will be retained during post-
processing. Conversely, any span assigned to a
type t ¢ T is considered a false positive and is dis-
carded from the final set of entity mentions. Most
of discarded spans correspond to distant or unre-
lated biomedical entity types outside the scope of
the target category. For instance, when the tar-
get entity type is CHEMICAL or DRUG, entities such
as proteins, genes, or cells are frequently filtered
as false positives. To ensure consistency and ef-
ficiency, our filtering strategy also removes entity
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spans whose predicted labels are syntactic variants
of the target type (e.g., “DRUGS” instead of “DRUG”,”
or “THE DRUG”). However, such instances are ex-
ceedingly rare, which discourages the need for a
more sophisticated normalization strategy.

Considering the example in Figure 1, the second
step generates a markup copy of the input text,
where only lysophosphatidic acid is tagged as an
instance of the target type in 7', while LPA2 and
LPA3 are correctly disambiguated as instances of
type protein, and are thus excluded from the final
list of entity mentions M.

4 Experimental Setup

4.1 Benchmark Corpora

To evaluate the effectiveness of the FETA approach,
we used several well-established biomedical cor-
pora for NER, spanning both abstract-level texts
and full-text articles to ensure a comprehensive
evaluation across different application scenarios.
These include, BCSCDR (Li et al., 2016), a corpus
of 1500 PubMed abstracts annotated for disease,
symptom, and chemical entity types; NLM-Chem
corpus (Islamaj et al., 2022), a collection of 150
full-text PubMed Central articles, annotated for
chemical and drug mentions; NLM-Gene (Isla-
maj et al., 2021) a corpus of 550 PubMed abstracts
manually annotated for gene and protein men-
tions; GENIA (Kim et al., 2003), a collection of
2000 MEDLINE abstracts annotated for several en-
tity types, including cell_line, cell_type, DNA,
RNA, and protein. We adhere to the original
train-validation-test splits, using validation sets for
prompt optimization and test sets for final evalua-
tion. As part of preprocessing, we split documents
into sentences, presenting each sentence individ-
ually in the prompt for annotation. The dataset
statistics are detailed in Table 5 in Appendix.

4.2 Models

We test FETA using a selection of off-the-shelf
general-purpose LLMs, balancing efficiency and
performance by including both moderate-sized and
large-scale models from leading open and commer-
cial providers. For compact yet competitive mod-
els, we consider OpenAI’s GPT-40 Mini (Hurst
et al., 2024), Google’s Gemini Flash 1.5 (8B) (Reid
et al., 2024), and Google’s Gemma 2 (9B) (Team
et al., 2024), which have demonstrated strong per-
formance relative to larger counterparts. As a large-
scale representative, we include Meta’s LLaMA

3.3 (70B) (Dubey et al., 2024). For all models, we
access the instruction-tuned version via API calls.

4.3 Evaluation Metrics

We evaluate all models using standard evaluation
metrics, such as precision (P), recall (R), and F1
score. Detailed definitions and formulas are pro-
vided in Appendix 7 Since strict (exact) match-
ing penalizes even minor misalignment in entity
boundaries, we also include relaxed (partial) match
metrics to account for approximate but valid LLM-
based span predictions. Unlike exact matching,
partial matching allows for slight boundary mis-
matches between the predicted entity span and the
gold standard. For example, given the ground truth
"heterogeneous neurological disease", the predic-
tion "neurological disease" would be considered
correct under partial matching but incorrect under
exact matching.

5 Experimental Results

The following experiments are designed to: (i)
probe the staged prompt design, testing the ef-
fectiveness of task decomposition on LLM perfor-
mance for biomedical NER; (ii) assess the poten-
tial of the prompt-based FETA approach in steer-
ing off-the-shelf generative LLMs to compete with
state-of-the art BioNER systems; (iii) isolate the
contributions of key design choices of FETA with
focus on instruction guidance in span detection and
effectiveness of type disambiguation for post-hoc
verification, and (iv) compare it against alternative
prompt-based verification methods.

5.1 Evaluating the effectiveness of the staged
FETA approach for biomedical NER

To quantify the contribution of the prompt chaining
technique, i.e., the sequential decomposition of
span detection and type disambiguation, on the
overall performance of LLMs in the context of
biomedical NER, we compare FETA against the
following single-stage prompting baselines:

* Extract-Only: This strategy corresponds to
the first stage of the FETA pipeline. It
prompts the LLM to extract mentions of the
target biomedical types without performing
any subsequent validation of the extracted en-
tity spans (see Figure 6 in Appendix). This
baseline helps to elucidate the value of the
additional revision step for improving the ac-
curacy of initial LLM predictions.
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Exact Match Partial Match
BC5CDR NLM-Chem NLM-Gene BC5CDR NLM-Chem NLM-Gene
Model Strategy P/R/FI P/R/F1 P/R/FI P/R/F1 P/R/FI P/R/F1
Proprietary Language Models
Gptdo-mini All-in-One 359/62.6/46.7 483/754/589  63.5/812/713 51.5/89.7/654  542/84.1/659  70.0/89.0/78.4
Extract-Only ~ 51.8/66.4/582  58.1/748/654 66.4/80.8/729 684/88.0/77.0 642/82.2/72.1 74.0/89.5/81.1
FETA 619/67.6/64.6 79.1/73.1/76.0 82.2/80.3/81.3  81.4/89.2/85.1 86.0/79.0/824  90.1/88.7/89.4
Gemini Flash 1.5 All-in-One 62.2/49.7/553 599/64.1/619 69.0/77.1/72.8 80.6/65.0/720 67.6/71.9/69.7 71.3/859/81.3
Extract-Only ~ 65.0/60.0/62.3  73.9/58.8/655 772/735/753 81.0/749/77.8 80.7/639/71.3 85.6/81.1/83.3
FETA 69.8/69.3/69.5 82.7/63.4/71.8 83.4/73.5/78.1 85.8/85.6/857 89.8/68.5/77.7 92.3/81.2/86.4
Open-Source Language Models
Gemma 2 All-in-One 659/533/589  66.0/652/656  824/722/77.0 825/67.3/74.1 73.4/724/729  89.6/79.4/84.2
Extract-Only ~ 72.6/63.5/67.8 70.1/67.1/ 68.5 86.0/77.1/81.2 86.5/76.1/80.9  762/729/745 90.8/82.2/86.3
FETA 71.5/71.6/71.6  79.0/71.3/749  86.4/802/83.2 852/858/855 86.4/779/82.0 929/86.1/89.4
LLaMa 3.3 All-in-One 56.0/702/62.3  50.8/81.7/62.6  67.7/80.0/73.36  72.0/91.8/80.7 555/88.6/683  75.1/89.5/81.7
Extract-Only ~ 74.3/754/748  76.2/745/754 83.7/79.3/81.4 86.2/87.7/86.9 81.0/78.6/79.8 90.3/85.7/87.9
FETA 73.1/79.3/761  84.9/80.1/824 872/79.0/829 85.1/92.6/88.7 90.3/84.5/87.3 94.2/858/89.8
Supervised Baselines
BioBERT 69.6/65.6/67.5 803/68.2/737 809/834/81.6 86.7/81.7/842 84.1/725/779  92.6/95.2/93.9
PubMedBERT 74.8/557/639 862/652/742 83.0/79.5/812 89.6/67.7/77.1 90.1/68.0/77.5  92.6/88.1/90.2
BioNER-LLaMA2 749/61.0/669  853/59.8/70.3 88.1/77.0/822 90.3/73.6/81.1 88.2/61.7/72.6  96.9/84.6/90.3

Table 1: Evaluation of the FETA approach. Best F1 scores for each dataset are reported in bold.

* All-in-One: In this strategy, the LLM is
prompted to simultaneously perform both
span detection and type disambiguation in a
single step (see Figure 7 in Appendix). Un-
like FETA, this approach does not rely on an
intermediate set of candidate mentions. In-
stead, the model is directly asked to identify
and annotate entities belonging to the target
biomedical types. This setup serves to evalu-
ate the LLM’s multi-tasking ability and helps
assess whether decomposing the NER task
into distinct stages yields better results than a
unified prompting approach.

Table 1 presents the results of the comparative
evaluation of prompting strategies with different
LLMs on three biomedical benchmarks using exact
and partial matching criteria. Among the evalu-
ated strategies, All-in-One shows the lowest per-
formance, particularly in terms of precision. The
substantial performance gap between All-in-One
and the FETA approach underscores the difficulty
LLMs face when required to simultaneously iden-
tify and disambiguate entity mentions in a single
step. In contrast, the staged design used in FETA,
which decomposes the task into two subtasks, al-
lows more focused use of LLMs, and achieves the
best results, consistently surpassing other strategies
across all datasets and models. Additionally, when
comparing FETA to the Extract-Only strategy, the
benefit of the second validation step becomes evi-
dent. The disambiguation stage, implemented via
a subsequent LLM call, improves the quality of

the final predictions by filtering out false positives.
These findings demonstrate the clear advantage of
prompt chaining and task decomposition, support-
ing the hypothesis that breaking complex tasks into
simpler, sequential steps enables more effective
use of LLMs in complex biomedical information
extraction tasks.

5.2 Comparison with supervised BioNER
approaches

To understand how well our prompt-based
approach, that uses off-the-shelf generative LLMs,
performs relative to fully fine-tuned, domain-
adapted systems, we compare FETA against several
state-of-the-art BioNER methods: (i) BioBERT
(Lee et al., 2019), a domain-specific BERT-base
model pretrained on biomedical corpora and
fine-tuned for biomedical NER task; (ii) PubMed-
BERT (Gu et al., 2020), another BERT-based
BioNER model pretrained from scratch on PubMed
articles. (iii) BioNER-LLaMA 2 (Keloth et al.,
2024), an instruction-tuned generative LLM, using
LLaMA (7B) as a backbone, specifically trained
to recognize and tag biomedical entities within
the input text. For training details see Appendix 7.
The evaluation results in Table 1 demonstrate the
strong performance of the FETA approach across a
range of LLMs compared to supervised baselines.
Notably, the best-performing model, LLaMA
3.3, almost consistently outperforms fine-tuned
BioNER systems across all benchmarks, often
by a significant margin. These findings highlight
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Exact Match

Partial Match

Model Strategy BC5CDR NLM-Chem NLM-Gene BC5CDR NLM-Chem NLM-Gene
Proprietary Language Models
GPT40-mini Base 58.2 65.4 72.9 71.0 72.1 81.1
+TD 63.6 (+5.4) 74.0 (+ 8.6) 81.2 (+8.3) 83.4 (+6.4) 81.4 (+9.3) 89.2 (+8.1)
+AG 60.2 (+2.0) 70.5 (+5.1) 744 (+ 1.5) 79.6 (+2.6) 76.7 (+ 4.6) 82.8 (+1.7)
+AG + TD 64.6 (+ 6.4) 76.0 (+ 10.6) 81.3 (+8.4) 85.1 (+8.1) 82.4 (+10.3) 89.4 (+8.3)
Gemini-Flash 1.5 Base 62.3 65.5 75.3 71.8 71.3 833
+TD 65.0 (+2.7) 67.9 (+2.4) 77.8 (+2.5) 80.3 (+2.5) 73.9 (+2.6) 85.7 (+2.4)
+AG 62.4 (+0.1) 71.0 (+5.5) 75.8 (+0.5) 79.7 (+ 1.9) 76.8 (+5.5) 84.1 (+0.8)
+AG & TD 69.5 (+7.2) 71.8 (+ 6.3) 78.1 (+2.8) 85.7(+17.9) 77.7 (+ 6.4) 86.4 (+3.1)
Open-Source Language Models
Gemma 2 Base 67.8 68.5 81.2 80.9 74.5 86.3
+TD 69.0 (+1.2) 72.4 (+3.9) 823 (+1.1) 822 (+1.3) 78.8 (+4.3) 88.0 (+ 1.7)
+AG 68.6 (+0.8) 70.7 (+2.2) 80.6 (- 0.6) 823 (+1.4) 77.5 (+3.0) 87.0 (+0.7)
+AG & TD 71.6 (+3.8) 74.9 (+ 6.4) 83.2 (+2.0) 85.5(+4.6) 82.0 (+17.5) 89.4 (+3.1)
LLaMa 3.3 Base 74.8 75.4 814 86.9 79.8 87.9
+TD 75.6 (+0.8) 79.2 (+3.8) 83.3(+1.9) 87.7 (+0.8) 83.8 (+4.0) 89.6 (+1.7)
+AG 75.5 (+0.7) 79.5 (+4.1) 80.8 (- 0.6) 88.1 (+1.2) 84.3 (+4.5) 87.7(-0.2)
+AG & TD 76.1 (+1.3) 82.4 (+7.0) 829 (+1.5) 88.7 (+ 1.8) 87.3 (+7.5) 89.8(+1.9)

Table 2: Ablating key components of the FETA approach: Base (no Type Disambiguation or Annotation Guidelines),
TD (Span Detection w/o Annotation Guidelines + Type Disambiguation), AG (Span Detection w/ Annotation
Guidelines, no Type Disambiguation), and AG & TD (Span Detection using Annotation Guidelines + Type
Disambiguation). Reported values are F1 scores, with the delta with respect to the base case in parentheses. Best

results for each dataset are reported in bold.

the promise of prompt engineering as a viable
alternative to supervised learning for biomedical
NER. By effectively guiding general-purpose
LLMs through carefully designed instructions,
FETA enables accurate biomedical information
extraction without requiring domain-specific
supervision with extensive training data. Moreover,
open-source, moderately-sized models, like
Gemma 2, perform on par with their commercial
counterparts of similar size and can even rival
larger models like LLaMA 3.3. This results
point to untapped potential for the application
of open-source LLMs in complex biomedical
text mining tasks, suggesting a cost-effective
alternative to commercial language models.

5.3 Ablation study: Isolating the
contributions of key design choices in
FETA

Table 2 presents ablation results that quantify the
contributions of two key components of the FETA
approach: (i) instructional guidance in the span
detection step, and (ii) type disambiguation as a
self-verification mechanism. When examined in
isolation, each component independently improves
NER performance, with disambiguation showing a
more pronounced impact. On average, type disam-
biguation improves F1 scores by 3.5 (exact match)

and 3.8 (relaxed match) percentage points, while
instructional guidance provides smaller but consis-
tent gains of 1.8 and 2.3 points, respectively. Com-
bined, these components yield an average F1 im-
provement of 5.3 (exact) and 5.9 (relaxed), demon-
strating their complementary roles. Error analysis
in Figure 2 shows that guidelines help increase re-
call, though sometimes at the expense of precision,
while the disambiguation step improves precision
by effectively filtering out false positives.

To evaluate the impact of explicit annotation
instructions versus few-shot examples on LLM per-
formance, we systematically varied the number of
in-context examples (0, 1, or 5) in the span de-
tection step, with and without annotation guide-
lines. We report the evaluation results for different
numbers of N-shots in Figure 3 in Appendix. Our
findings reveal that prompts incorporating explicit
expert-designed annotation guidelines consistently
outperform few-shot prompting alone regardless of
the number of annotated examples. Remarkably, a
prompt with explicit instructions and just one ex-
ample outperforms prompts with five annotated ex-
amples but no guidelines, underscoring the superior
effectiveness of instruction-guided prompting for
in-context domain adaptation in biomedical NER.
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followed by type disambiguation (AG+TD).

5.4 Comparison of LLLM-based verification
methods

To illustrate the advantages of FETA’s self-
verification strategy, that employs in-line tagging
for type disambiguation, we compare it against two
existing prompt-based approaches that revise NER
outputs in post hoc manner:

* VerifiNER (Kim et al., 2024) a multi-staged
verification pipeline combining LLLM prompt-
ing with external biomedical knowledge bases
(e.g., UMLS) to refine NER predictions
through knowledge-grounded reasoning.

* GPT-NER (Wang et al., 2023) employs few-
shot prompting in a question-answering for-
mat to independently verify and filter pre-
dicted entity mentions.

Table 3 reports the performance of these meth-
ods on the BC5CDR and GENIA using exact match
metrics. On both benchmarks, FETA achieves su-
perior F1 scores while relying solely on the LLM’s
contextual reasoning, without additional depen-
dance on external knowledge sources.

Beyond accuracy, a key contribution of FETA
is its computational efficiency. As shown in Ta-
ble 4, our verification strategy requires only a sin-

gle LLM call per passage, verifying all candidate
mentions jointly via in-line tagging. In contrast,
both VerifiNER and GPT-NER verify each entity
independently, resulting in prompt complexity that
grows linearly with the number of predicted enti-
ties (O(n)). A detailed analysis of computational
efficiency is provided in Appendix C.

This efficiency gain becomes more pronounced
as the number of predicted mentions per passage
increases, highlighting the scalability advantages of
our method. In practical scenarios involving entity-
dense passages, FETA offers substantial reductions
in inference cost, without sacrifying performance.

In summary, FETA delivers two key advantages
over prior work:

1. It grounds verification in the original context
through in-line tagging, enabling the LLM to
disambiguate entity types without relying on
external knowledge.

2. It verifies all predicted entities in a single
prompt, resulting in constant-time inference
with respect to the number of entity mentions.

These results highlight FETA as a simple, ef-
fective, and scalable alternative to expensive and
complex multi-step verification pipelines.
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BC5CDR GENIA
Model Precision  Recall F1 Precision  Recall F1
GPT-NER 79.8 47.5 59.5 56.4 42.1 48.3
VerifiNER 91.0 469 619 72.4 449 55.5
FETA 76.8 819 79.2 57.2 58.8  58.0

Table 3: Performance comparison of LLM-based verifi-
cation methods on GENIA and BC5CDR datasets.

Model LLM Calls per passage  Big-O notation
GPT-NER n O(n)
VerifiNER [2n, 2an + 2n] O(n)
FETA 1 O(1)

Table 4: Comparison of efficiency across verification
methods in terms of LLM call counts per passage.

6 Conclusions

In this work, we introduced FETA, a two-stage
prompting framework that enables off-the-shelf
LLM:s to perform biomedical named entity recog-
nition without domain-specific training. By decom-
posing the NER task into two subtasks, candidate
span detection followed by type disambiguation via
inline tagging, FETA effectively leverages the rea-
soning and generalization capabilities of generative
LLMs through carefully crafted prompts.

Our experiments demonstrate that FETA outper-
forms existing LLLM-based verification strategies
and achieves superior performance compared to
state-of-the-art supervised BioNER methods across
multiple benchmarks. These findings highlight the
potential of prompt-based methods for biomedi-
cal information extraction, even in the absence of
dedicated training or external knowledge sources.

By requiring two prompt calls per text passage,
FETA offers a scalable alternative to traditional
fine-tuning or high-cost, multi-stage verification
pipelines. This makes it especially appealing for
real-world biomedical applications where labeled
data is scarce, and rapid domain adaptation is cru-
cial. Overall, this work provides strong evidence
that carefully engineered prompt design can unlock
the potential of general-purpose LLMs for com-
plex biomedical NLP tasks, opening new avenues
for low-resource applications in biomedical text
mining.

7 Limitations

While FETA achieves strong performance without
task-specific fine-tuning or reliance on biomedical
knowledge bases, its effectiveness depends on the

clarity and structure of prompts, which may require
manual tuning, including the definition and struc-
turing of annotation guidelines. Additionally, as
any prompt-based approach, it remains sensitive
to LLM output variability which may limit repro-
ducibility in some settings.
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Appendix
A Evaluation metrics

To ensure consistency with prior research, both ex-
act and partial match scores were computed using
publicly available evaluation scripts. Exact match
requires that predicted entity spans exactly match
the gold-standard spans in both boundary and type.

For partial match evaluation, a prediction is con-
sidered correct if it shares the same entity type
as the gold span and has at least one overlapping
token. This relaxed criterion accounts for minor
boundary mismatches that are often acceptable in
practice, particularly with LLM-generated outputs.

The partial match metrics are computed using
the following formulas:

|Predicted N Gold|
Recall =
el Gold|
Precision — [Predicted N Gold|
B |Predicted|

Here, |Predicted N Gold| denotes the number of
predicted spans that have any boundary overlap
with gold entity spans and match in type. The
F1 score is computed as the harmonic mean of
precision and recall.

B Implementation details

Following prior work, we adopt the same evalua-
tion setup as in Keloth et al. (2024), where models
are fine-tuned on a source dataset and evaluated
on a target dataset with an identical set of biomed-
ical types. This approach provides an accurate
estimate of the generalization ability of a BioNER
system and enables a fair comparison between off-
the-shelf and fine-tuned models. Specifically, we
use NCBI-Disease, BC5SCDR-Chem, and BC2GM
for training and BC5CDR-Disease, NLM-Chem,
NLM-Gene for evaluation. BERT-based models
are fine-tuned for 10 epochs with a batch size of
32, selecting the best-performing checkpoint based
on validation set performance.

C Analysis of efficiency across
prompt-based Verification methods

Quantifying efficiency across prompt-based verifi-
cation methods is non-trivial due to the complex-
ity of prompt strategies, especially for multi-step
methods like VerifiNER. Below, we provide an ap-
proximation of the number of LLM calls per input
passage for each approach discussed in Section 5.4,
offering a comparative view of computational cost,
outlined in Table 4.

VerifiNER. The number of LLM calls varies
based on the number of predicted entity mention n
and a hyperparameter «, which controls the num-
ber of substrings generated from the local context
around each predicted mention. The factor of 2
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Figure 3: Performance comparison with N-shot examples with (solid line) and without (dashed line) annotation
guidelines (AG) using exact (top row) and partial (bottom row) evaluation criteria.

accounts for symmetric expansion to the left and
right of each mention. In addition to verifying the
expanded mention set, an extra LLM call is issued
for final consistency verification of each predicted
entity. Thus, the upper bound can be estimated as:
LLMC Calls =2 X a X n+2n

And, the lower bound, assuming no neighbor-

hood expansion (i.e., « = 0), is:
LLM Calls = 2n

GPT-NER. GPT-NER requires one LLM call

per each predicted entity span:

LLM Calls = n

FETA. Our method verifies all predicted spans
jointly in a single prompt, using a constant number
of LLM calls per passage.

LIM Calls =1
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Dataset Types Guidelines Documents Mentions

BC5CDR (Li et al., 2016) Disease, Symptom, Chemical yes 500 4363
NLM-Chem (Islamaj et al., 2022) Chemical, Drug yes 50 11514
NLM-Gene (Islamaj et al., 2021) Gene, Protein yes 100 2729
GENIA (Kim et al., 2003) Cell line, Cell type, DNA, RNA, Protein no 213 1854

Table 5: Dataset Statistics. The number of documents and mentions refers to the test partition used for evaluation.

Annotation Guidelines for NLM-Chem

1. Extract the shortest continuous span of text that identifies a chemical. A chemical is a substance, mixture, or a class of substances with
a specific name and a well-defined structural or elemental composition. This may refer to:

Chemical elements and atomic symbols (e.g., Sodium (Na), Hydrogen (H), Oxygen (O));

¢ Organic compounds (e.g., Acetone, Benzene, Vitamine C); Inorganic compounds (e.g., Water, Sodium Chloride, Sulfuric Acid);

Lipids and Fatty acids (e.g., Polyunsaturated fatty acids, glycerolipid);

¢ Amino Acids (e.g., Serine (Ser), Arginine (Arg), Cysteine (Cys));

Nucleotides (e.g., Adenosine Triphosphate, Cytidine Triphosphate);

¢ Nucleosides (e.g., Adenosine, Thymidine, Uridine); Carbohydrates (e.g., Glucose, Oligosaccharides); Minerals (e.g., Tals, Mica,
Quartz);

« Synthetic polymers and manufactured materials with a well-defined compositions (e.g., Polyethylene glycol, Nylon, Polystyrene
Sulfonate, Polyvinyl chloride, Polyamides, Nafion);

¢ Named laboratory reagents that have a defined chemical composition (e.g., fast blue conjugate dye, Laemmli buffer, amplex red
reagent).
2. Extract specific drug names and substances that are used as drugs.

3. Extract systematic chemical names (e.g.m ITUPAC-like names) and chemical formulas representing the molecular structure or
composition of a compound.

4. Extract abbreviations and acronyms that refer to a chemical. If a chemical’s name is followed by its abbreviation, extract both the
chemical name and the abbreviation, treating each as a standalone chemical entity.

5. Extract chemical names of amino acids from residues and from mutations, omitting any numerical references to their position within
proteins (e.g., "Ser238" -> "Ser", "Arg363Cys" -> "Arg; Cys"). Ignore the numerical part when extracting amino acid names.

6. Ignore the chemical term if it is mentioned as part of a protein, enzyme, or gene name.
7. Avoid extracting chemical bonds written as symbols or shorthand (i.e. H-bond, C-H, C=0, O-H, N-H etc.).

8. Ignore mentions of chemical functions or pharmaceutical actions like pesticides, analgesics, contraceptives, hypertensives, enzyme
inhibitors.

9. Ignore the following general words: Atoms, Matter, Element, Molecule, Gene, Protein, DNA (as well as cDNA, ssDNA, etc.), Alkali,
Moiety, Solutions, RNA (as well as mRNA, sniRNA, snoRNA, etc).

Table 6: Annotation Guidelines for NLM-Chem
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Annotation Guidelines for BCSCDR-Disease

1. Extract the shortest continuous span of text that identifies a specific disease name or a disease class. This may refer to:
« Physical abnormality (e.g., Hernia, Fistula of thoracic duct);
* Mental or Behavioral condition (e.g., Schizophrenia, anxiety disorder, dementia);

¢ Disease or Syndrome (e.g., Toxicity, Acute pancreatitis, Rheumatoid Arthritis);

Injury or poisoning (e.g., Contusion, laceration of cerebrum);
* Dysfunction and Deficiency (e.g., Uniparental disomy, Intestinal metaplasia);

* Symptom (e.g., Back Pain, Seizures, Skeletal muscle paralysis);

Pathologic Function (e.g., Myocardial degeneration, Adipose Tissue Atrophy).

2. Extract abbreviations that refer to a disease name. If a disease name is followed by its abbreviation, extract both the disease name and
the abbreviation, treating each as a standalone entity.

3. If multiple disease mentions appear in the same noun phrase, separated by a conjunction or punctuation, extract each as a separate
entity.

4. Extract disease mentions used as syntactic modifiers of other concepts.

5. Avoid extracting the following very general words as standalone entities: Disease, Syndrome, Deficiency, Complications, Abnormalities.
These may be extracted only within a specific disease mention.

6. Avoid extracting biological processes such as Tumorigenesis, Carcinogenesis. However, do extract all mentions of the following:
Tumor, Cancer, Toxicity, Pain, Death.

Annotation Guidelines for NLM-Gene

1. Extract every span of text that identifies a gene or protein name, its synonym, gene or protein family, and other gene products, such as
enzymes, receptors, transcription factors, cytokines, kinases, and protein-based hormones.

2. If multiple synonymous forms of the same gene/protein mention appear in the text (such as the full gene/protein name and its
abbreviation), extract each as a separate span.

3. If multiple genes/proteins are mentioned in the same noun phrase, extract each one individually.
4. Avoid extracting the following very general words: Protein, Enzyme, Protein Isoforms, Isoenzymes, Micro RNA, Non-coding RNA,

Organism Specific Proteins (e.g. Drosophila Proteins, Arabidopsis Proteins), and Location-Specific Proteins (e.g. Membrane Proteins,
Nuclear Proteins, Blood Proteins). However, do extract all mentions of the following: Cytokines, Chemokines, Kinases, Caspases.

Table 7: Annotation Guidelines for BCSCDR-Disease and NLM-Gene
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# Task Description
Your task is to identify and extract all mentions of {types}

in the text provided within triple backticks.

# Output Format
Format the output as the following JSON object:
{"entities": "a semicolon-separated list of specified

biomedical entities mentioned in the text." }

# Example:

Text:

* " In the present study we explored whether environmental
exposures to 1-naphthol (1N), a metabolite of carbaryl and
naphthalene, is associated with decreased semen quality in
humans.” ™ *

Output:

{"entities": "1-naphthol; 1N; carbaryl; naphthalene"}

# Annotation Guidelines:
Please refer to the following annotation guidelines to
correctly extract all mentions of {types} from the input

text: {Annotation Guidelines}

#Text:
{Text}

# Task Description
Your task is to identify and extract all mentions of {types}

in the text provided within triple backticks.

# Output Format
Format the output as the following JSON object:

"

{"entities": "a semicolon-separated list of specified

biomedical entities mentioned in the text." }

# Example:

Text:

**" In the present study we explored whether environmental
exposures to 1-naphthol (1N), a metabolite of carbaryl and
naphthalene, is associated with decreased semen quality in
humans.”

Output:

{"entities": "1-naphthol; 1N; carbaryl; naphthalene"}

#Text:

{Text}

Figure 6: Prompt Template for Extract-Only Strategy

Figure 4: Prompt Template for Instruction-based Span
Detection

# Task Description

Given a semicolon-separated list of entities, your task is to
identify and tag all mentions of these entities in the text
provided within triples backticks. For each provided entity,
choose an HTML tag to reflect its high-level semancti category
(e.g., disease, symptom, chemical, protein, cell, etc). For
instance:

o Use <entity type="chemical™>< /entity> to tag chemicals.

# Example:

Entities: 1-naphthol; 1N; carbaryl; humans

Text:

“*In the present study we explored whether environmental
exposures to 1-naphthol (IN), a metabolite of carbaryl and
naphthalene, is associated with decreased semen quality in
humans.” ™"

Output:

** " In the present study we explored whether environmental
exposures to <entity type="chemical”>1-naphthol < /entity>
( <entity type="chemical”>1N< /entity>), a metabolite of
<entity type="chemical”>carbaryl</entity> and naphthalene,
is associated with decreased semen quality in <entity

type="organism”>humans< /entity>." "

#+Entities:
{Entities}

#Text:

{Text}

# Task Description

Your task is to identify and tag all mentions of {types} entities
in the text provided within triples backticks. For each
provided entity, choose an HTML tag to reflect its high-level
semancti category (e.g., disease, symptom, chemical, protein,
cell, etc). For instance:

e Use <entity type="chemical”>< /entity> to tag chemicals.

# Example:

Text:

“*In the present study we explored whether environmental
exposures to I1-naphthol (IN), a metabolite of carbaryl and
naphthalene, is associated with decreased semen quality in
humans.” ™"

Output:

2" In the present study we explored whether environmental
exposures to <entity type="chemical”>1-naphthol < /entity>
( <entity type="chemical”>1N< /entity>), a metabolite of
<entity type="chemical”>carbaryl</entity> and naphthalene,
is associated with decreased semen quality in <entity

type="organism”>humans</entity>." "

#Text:
{Text}

Figure 7: Prompt Template for All-in-One Strategy

Figure 5: Prompt Template for Type Disambiguation

141



