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ABSTRACT

In clinical Named Entity Recognition (Clinical NER), structured medical information can be extracted from
unstructured clinical text, but often the lack of annotated clinical data and the high per-document
processing cost of traditional model fine-tuning approaches hamper effectiveness. To efficiently and
economically solve Clinical NER in low-resource settings, this study proposes a framework for a Few-Shot
Prompt-Tuned Large Language Model (FSPT-LLM). Its proposed approach combines parameter-efficient
soft prompt tuning, Semantic Diversity Sampling (SDS), and Prompt Consistency Regularization (PCR) to
fine-tune pretrained LLMs on limited labeled clinical text while keeping the backbone model frozen.
Experiments conducted on the MIMIC-III dataset using 5-, 10-, and 20-shot settings demonstrate that the
proposed framework achieves a precision of 95.6%, recall of 94.8%, F1-score of 95.2%, and accuracy of
95.5% in the 20-shot setting. The FSPT-LLM outperforms ClinicalBERT by 2.5 percentage points in F1-
score while requiring fewer than 1% of the model parameters to be trainable. Entity-wise evaluation further
demonstrates consistent performance across disease, medication, procedure, and laboratory test entities.
These findings indicate that combining few-shot learning with parameter-efficient prompt tuning can
provide strong generalization and computational efficiency for Clinical NER with limited annotated data.
The proposed framework therefore offers a scalable and data-efficient approach for bridging large language
models and practical clinical information extraction systems.
Keywords: Clinical Named Entity Recognition, Few-Shot Learning, Prompt Tuning, Large Language
Models, MIMIC-I11, Clinical NLP
increasing at an unprecedented rate due to

1. INTRODUCTION Electronic Health Records (EHRs) rapidly
Unstructured clinical text, such as discharge emerging as the leading mode of medical
reports, progress notes, and diagnostic reports, is  documentation. This ability to derive significant,

e
111




Journal of Theoretical and Applied Information Technology =

15" August 2026. Vol.104. No.15

R

© Little Lion Scientific P

S/Minn

ISSN: 1992-8645

wWww.jatit.org

E-ISSN: 1817-3195 |

structured information from such data is important
for supporting clinical decision-making, patient
management, and biomedical research. Clinical
Named Entity Recognition (Clinical NER), one of
the core tasks of clinical Natural Language
Processing (NLP), is the identification and
classification of significant medical concepts,
including diseases, medications, procedures, and
laboratory measurements, in clinical narratives [1],
[2].

The earlier approaches of Clinical NER relied
on rule-based systems and statistical analysis, e.g.,
Conditional Random Fields (CRFs), which required
significant amounts of feature engineering and
domain knowledge [3]. Though these approaches
showed decent results, they were not scalable or
adaptable to different clinical data. The prominent
emergence of deep learning algorithms, specifically
Recurrent Neural Networks (RNNs) and models
based on Bidirectional Long Short-Term Memory
(Bi-LSTM), brought about a significant change in
entity recognition by capturing contextual
dependencies in text [4]. Later, architectures based
on transformers, such as BERT and domain-
specific ~ versions  (e.g., BioBERT  and
ClinicalBERT), further advanced the state of the art
by analyzing and using contextual embeddings, as
well as through large-scale pretraining [5] through
[71.

Despite these developments, several serious
challenges remain in deep learning models in
clinical settings. To be effective, training requires
large, annotated datasets, which are hard to come
by due to privacy issues, the cost of annotation, and
the requirement for expert knowledge [8]. Second,
large models require final fine-tuning, which is
computationally expensive and generally not
feasible in resource-constrained settings [9]. Third,

domain adaptation remains a challenge because
general-corpus-pretrained  models may  not
generalize or adapt to specialized clinical language
[10].

Among the most recent achievements, Large
Language Models (LLMs), such as GPT-style and
transformer-based generative models, have been
shown to display significant capabilities to
comprehend and generate text that resembles
human language across a diverse range of tasks
[11]. These models exhibit strong zero-shot and
few-shot learning, with performance less dependent
on large labeled datasets. However, there are
problems of domain specificity, interpretability, and
adaptive efficiency when the LLM is being applied
directly to the clinical NLP phenomena [12].

Prompt-based learning has become a promising
paradigm for adapting models to downstream tasks
without requiring many parameters. Models can
leverage their pretraining knowledge even more
effectively by formulating tasks as prompted in
natural language [13]. Moreover, parameter-
efficient embedding of the tunable prompt
embeddings is achieved by tuning the backbone
model with the prompt embeddings, resulting in
reduced costs [14]. Prompt tuning with few-shot
learning makes models that, otherwise, with limited
performance, can achieve high performance
similarly to state-of-the-art approaches, where data
scarcity remains a central limitation [15].
Nevertheless, the combination of few-shot learning
and prompt tuning for clinical named entity
recognition is underexplored, especially on real-
world datasets such as MIMIC-III. Current
literature either focuses on general-domain

activities or relies on fully supervised training,
leaving a gap in the development of efficient,
scalable

solutions for clinical NLP.
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Figure 1 shows the development of
methodologies for identifying clinical named
entities to recognize clinical signs and symptoms
(as well as other aspects), along with the main
issues and incentives behind the proposed solution.
It illustrates that clinical data is developing
exponentially and suggests a growing need to
ensure its effective extraction. Primarily, it presents
solutions based on rule-based and traditional
machine learning methods, which are constrained
by their inflexibility and high cost, as well as their
reliance on manual effort.

The diagram subsequently invites the use of
large language models (LLMs) and prompt-based
learning as a new paradigm, more useful for
addressing data scarcity and enhancing adaptability.
Nonetheless, it also determines a critical gap in
successfully modifying LLMs for clinical NER
work. Lastly, the figure concludes with the
proposed LLM-based clinical NER framework,
which aims to improve accuracy, efficiency, and
scalability to address the weaknesses of current
approaches.

This research is inspired by the challenges and
research gaps identified. It aims to create an
efficient, scalable framework for recognizing
clinical named entities via few-shot prompt tuning
with large language models. In particular, the paper
will focus on the design of a prompt-based learning
system for clinical NER tasks that implements few-
shot learning methods to reduce reliance on large
annotated databases. Also, the study applies a
parameter-efficient prompt-tuning algorithm to
effectively modify large language models for
domain-specific clinical text without requiring
computationally expensive full-model fine-tuning.
The results of the proposed approach are also
evaluated on the MIMIC-III dataset using standard
performance measures to ensure reliability and
validity. Additionally, a detailed analysis is
performed to evaluate the model's performance,
scalability, and ability to sustain itself without
running out of resources, compared to traditional
machine learning approaches and state-of-the-art
transformer-based baselines.

This work makes several important
contributions to the field of clinical natural
language processing in commercial computer
applications. It introduces a new few-shot prompt-
tuning framework, specifically designed to succeed
in clinical named entity recognition, and it learns
effectively with very little annotated data. The
study results show that performance under low-
resource conditions improved, but this doesn't mean
the model works better under such conditions;
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rather, it indicates that the model generalizes fairly

well even with a small training sample.
Furthermore, it allows for finer-grained
comparisons than existing conventional and

transformer-based models, showing that the best-
performing baseline models (that are evaluated) are
outperformed by it. The study emphasizes measures
taken in computational reduction, such as prompt
tuning, as an approach that preserves a high
recognition rate while remaining lightweight, thus
having great potential for application in the era of
Al In general, the work serves to fill the gap
between large-scale language models and practical
clinical information extraction by providing a
scalable, efficient, and feasible solution to extract
clinical information.

The remainder of this paper is organized as
follows. Section 2 reviews existing Clinical NER
approaches, domain-specific pretrained language
models, few-shot learning techniques, and prompt-
based learning methods. Section 3 presents the
proposed methodology, including descriptions of
the datasets, the model architecture, the
mathematical formulation, and the algorithm
implementation. Section 4 discusses the results of
the experiment, performance analysis, and
comparisons with existing models. Last but not
least, Section 5 concludes the paper with the main
findings, limitations, and future research topics.

2. RELATED WORK

Clinical Named Entity Recognition (Clinical
NER) has been widely investigated in the field of
biomedical natural language processing, both as an
extension of traditional machine learning
techniques and as an advanced deep learning- and
large language model-based method. This section
outlines the key contributions in four directions:
Clinical NER methods, domain-specific pretrained
models, few-shot learning methods, and prompt-
based learning methods.

2.1 The traditional and Deep Learning tools that
are employed to predict Clinical NER

The initial set of clinical NER solutions was
mostly based on rule-based systems and feature-
engineered machine learning systems. These
systems used linguistic features, subject ontologies,
and handcrafted rules to identify medical objects.
However, little generalization was achieved, and
most rules relied on the professional knowledge of
the system implementer(s) [16].

With the development of deep learning, it was
proposed that neural network-based architectures,
including Convolutional Neural Networks (CNNs)
and Recurrent Neural Networks (RNNs), can learn
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feature representations by reading text to
accomplish a specific objective. In particular,
BIiLSTM-CRF models have gained popularity
because they enable consideration of both
sequential dependencies and structured output
constraints [17]. Subsequent experiments have
demonstrated that recognition accuracy can be
further improved by adding character-level
embeddings and attention mechanisms [18].

Although the techniques listed above have
made great progress in improving recognition
accuracy, they have relied heavily on large
annotated clinical text corpora/datasets and
extensive feature learning, resulting in models that
do not scale well. They cannot be adapted to low-
resource clinical settings.
2.2 Language  Models
Pretrained

Clinical NLP began to take a new turn with the
introduction of transformer-based architectures.
Pretrained biomedical corpora in pretraining as
domain-adapted Biomedical models include:
SciBERT, BlueBERT, and PubMedBERT [19].
These models can more realistically capture the
semantic context, paying particular attention to it
when considering cases with intricate clinical
manifestations and atypical medical terminology
[20].
These methods are effective, but can be very
model-specific and data-dependent. Furthermore,
large transformer models require extensive
computational effort to optimize as well as possible
and can suffer from overfitting with the small
amount of available training data [21]. Recently,
techniques for adapting to such constraints have
been investigated, including adapter modules and
layer-wise freezing, which aim to reduce the
constraints without sacrificing performance [22].

Moreover, such approaches are supervised and
heavily dependent on computing resources, which
impairs their use in medical health care systems
where annotated information is extremely limited
and computational resources are constrained.

2.3 Minimal Resource and Few-Shot
Learning in Clinical NLP

Few-shot learning is a promising approach to
addressing data scarcity in clinical NLP. Models
can be trained on new tasks using a small set of
examples, using methods called meta-learning,
including model-agnostic meta-learning (MAML).
Other people use prototypical network and
contrastive learning to increase generalization in
low-resource conditions [23], [24].

Domain-Specific

In the clinical setting of NER, few-shot
learning algorithms have demonstrated the ability
to prioritize annotations by reducing them without
compromising performance. The majority of these
methods, however, entail intensive training
operations and are also prone to the selection of
support examples [25]. In addition, they do not
fully scale to large volumes of clinical data; bigger
and more efficient solutions are generally available.

Moreover, the few-shot learning algorithms
available so far have been shown to have
shortcomings in selecting samples for the support
set and are not scalable when the support set size is
large and the clinical data volume is large, so it is
necessary to find a more stable, low-parameter
learning method.

2.4 Prompt-Based Learning
Language Models

The notion of prompt-based learning has
recently emerged as a powerful method for fine-
tuning pretrained large language models with little
or no prompting. Leveraging the fact that problem-
solving techniques are perceived as natural
language prompts, models can use their knowledge
independently of being directed on how to solve a
problem [26]. The paradigm has been applied to
other NLP tasks, such as text classification,
question answering, and information extraction.
This approach can be further enhanced by having
trainable prompt embeddings that direct model
predictions [27], [28], [31]. This reduction
drastically reduces the number of trainable
parameters, is computationally efficient, and can be
applied in situations with resource constraints.
Recent work has studied prompt-based techniques
in biomedical NLP and has demonstrated strong
results on prompt-based tasks such as relation
extraction and entity recognition.

Nevertheless, much of the current literature
concerns general biomedical text and little
regarding clinical narratives, which are usually
more heterogeneous and elaborate. Moreover, joint
tuning with few-shot learning for clinical NER has
yet to be developed.

Furthermore, while the integration of prompt-
based methods with few-shot learning for general
biomedical Natural Language Processing (NLP)
tasks has been widely studied, studies incorporating
prompt-based methods for Clinical Named Entity
Recognition (NER) remain limited. This constraint
motivates the development of an efficient
framework that integrates both approaches to
address Low-Resource Clinical Information
Extraction.

and Large
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Figure 2. Evolution of Clinical NLP Techniques and Motivation for Few-Shot Prompt-Tuned LLM
Framework

Figure 2 presents the phases of methodology
development in clinical natural language processing
(NLP), along with key developments and
challenges. It starts with initial, rule-based, and
traditional machine learning methods. It adds to
them the emergence of deep learning models such
as CNNs, RNNs, and BiLSTM-CRFs, which
significantly enhance feature representation and the
understanding of feature meanings in context.
Then, as a state-of-the-art solution, transformer-
based domain-specific pretrained models were
introduced, shifting reliance away from hand-
crafted features and eliminating reliance on hand-
developed features. With prompt-based learning,
the effective adaptation of large language models
(LLMs) was realized with minimal changes to the
build parameters. However, existing approaches
continue to face challenges due to their data

requirements, computational capabilities, and
scalability.
2.5 Research Gap

Based on the literature above, it is evident that
although major strides have been made in clinical
named entity recognition (NER), several challenges
remain. The current state of deep learning models
necessitates massive annotated datasets and
extensive fine-tuning, which in practice would be
challenging to achieve in either a clinical or an
academic setting. Despite their tendency to
minimize data reliance, few-shot learning methods
are complex and cannot be easily scaled to large
real-world applications. Also, despite its potential,
prompt-based learning has not been fully developed
in clinical settings. The critical gap in research is
the lack of holistic approaches combining few-shot
training with prompt tuning. It concludes with a
solution proposal: a framework for a few-shot
prompt-tuned LLM architecture that promises to
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provide a scalable, efficient, and high-performing
system for use in a clinical NLP workflow.
Moreover, little research effectively integrating
few-shot learning with prompt tuning for clinical
NER on real-world data has been identified. To
overcome these shortcomings, this paper presents a
framework for a few-shot prompt-tuned large
language model that integrates the capabilities of
prompt-based learning and data-efficient training.
The proposed solution offers a scalable, efficient,
and high-performance solution to clinical named
entity recognition using the MIMIC-III dataset.
2.6 Distinction of the Proposed Study from
Existing Literature

Although some recent studies show the
effectiveness of pre-trained models in the specific
area of language models, few-shot learning and
prompt-based learning in Clinical Named Entity
Recognition (Clinical NER), the application of such
methods in the field still has some limitations.
Many existing approaches are costly, resource-
intensive full-model fine-tuning methods that
require access to large annotated clinical datasets
for training, thereby limiting their feasibility in
low-resource health care settings. Despite the
benefit of few-shot learning in reducing the
requirement for annotations, previous approaches
generally lack strong support-example selection
stability and robustness. Moreover, studies on
prompt-based learning have mainly been carried
out separately, and how it can be combined with
few-shot learning for Clinical NE has not been
explored.
However, the Few-Shot Prompt-Tuned Large
Language Model (FSPT-LLM) framework is
proposed, which unifies Semantic Diversity
Sampling (SDS), parameter-efficient soft prompt
tuning and Prompt Consistency Regularization
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(PCR) by embedding these components into a
shared Clinical NER architecture. The proposed
framework introduces updates to fewer than 1% of
the model's parameters, thereby reducing
computation while preserving the model's
recognition ability. Moreover, SDS enables the
selection of more representative examples, and
PCR provides consistency and robustness in
predictions during prompt optimization. The
proposed framework, on the one hand, presents
methodological innovations that differ from
currently available Clinical NER solutions, and, on
the other hand, addresses several weaknesses in the
current literature.

2.7 Problem Statement

According to the literature, the need for large
amounts of annotated data remains the primary
bottleneck in training clinical NER systems to
achieve high performance. The process of fine-
tuning Large Language Models (LLMs) can be
expensive and demanding in terms of
computational and resource requirements. The
current prompt-based NER is insufficient because it
is not generalizable across a wide range of clinical
situations. Moreover, very little effort has been
undertaken to effectively combine few-shot
learning and parameter-efficient prompt tuning to
tackle low-resource Clinical NER tasks. Therefore,
a framework that requires fewer large annotated
datasets, is still capable of achieving high Clinical
NER performance, is easy to scale and contains
fewer parameters is required.

2.8 Research Objectives

RO1: To design a few-shot prompt-tuned
Large Language Model (LLM) system for Clinical
Named Entity Recognition (NER).

RO2: To reduce the reliance on expensive large
annotated datasets with prompt tuning.

RO3: Evaluate the proposed framework on
different analyzed state-of-the-art Clinical NER
models based on the MIMIC-III database.

RO4: To compute the efficiency of the
proposed framework and its scalability in a
resource-limited environment.

2.9 Research Questions

RQI1: How well can few-shot prompt tuning
improve the performance of Clinical Named Entity
Recognition (NER) in the presence of limited
labeled data?

RQ2: Is it more effective to use parameter-
efficient prompt tuning than traditional fine-tuning
for Clinical NER?

RQ3: Can the proposed framework improve
the accuracy and computational efficiency over
existing Clinical NER methods?

2.10 Research Hypothesis

HI1: This is because the Few-Shot Prompt-
Tuned Large Language Model (FSPT-LLM)
framework can boost performance on the Clinical
Named Entity Recognition (NER) task under
limited annotated data, compared with current state-
of-the-art Clinical NER models.

H2: The hybrid of few-shot learning and
parameter-efficient prompt tuning is expected to
decrease the computational cost while keeping the
Clinical NER accuracy at a high level.

H3: Integrating Semantic Diversity Sampling
(SDS) and Prompt Consistency Regularization
(PCR) into the proposed FSPT-LLM framework
will improve Clinical NER performance and
prediction robustness compared with configurations
in which either component is removed.

3. METHODOLOGY

This section proposes a framework for the
Few-Shot Prompt-Tuned Large Language Model
(FSPT-LLM) for clinical named entity recognition.
The proposed methodology is designed to ensure
complete reproducibility, and is organized around
four main elements: dataset preparation, prompt-
driven architecture, mathematical formulation, and
training algorithm.

3.1 Generalization
Framework

The proposed system jointly trains few-shot
learning, using prompts to formulate tasks and
parameter-efficient prompt tuning to enable
efficient clinical named entity recognition with
minimal labeled examples. The pipeline would
include computer-aided preprocessing of clinical
data to clean and structure the input text and build
representative training samples. Then, prompt
templates are generated that structure the task to
leverage the strengths of large language models.
These prompts are then fixed via soft prompt tuning
without adjusting the LLM's underlying parameters,
thereby retaining efficient computation. Finally,
using entity extraction and decoding, compelling
predictions of structured clinical entities are
produced.

3.2 Dataset Description: MIMIC-III

The MIMIC II (Medical Information Mart for
Intensive Care III) database [29] is a large, publicly
available, de-identified clinical health record
database containing ICU patient data. The dataset
must be accessed through researcher credentialing,
human-subjects training and signing of the
PhysioNet Data Use Agreement.

about the Proposed
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Table 1. Dataset Characteristics

Parameter Value

Dataset Name MIMIC-III

Number of | ~40,000

Patients

Clinical Notes >2 million

Data Type Unstructured text

Domain Intensive Care Unit (ICU)
Annotation Custom BIO annotations created
Type for this study

Entity Disease, Medication, Procedure,
Categories Lab Test

Table 1 provides a brief description of the data
and characteristics analyzed. It draws on one of the
world's most widely used repositories of healthcare
records, comprising data from an estimated 40,000
patients admitted to an Intensive Care Unit (ICU).
There are approximately 2 million clinical notes in
it, hence making it a very rich source of real-life
medical text data.

Table 2. Annotation Statistics

Parameter Value
Clinical Notes Annotated 5,000
Total Entity Mentions 48,732
Disease 15,286
Medication 14,104
Procedure 9,687
Laboratory Test 9,655
Annotation Scheme BIO
Number of Annotators 2
Annotator Expertise Clinical NLP
Researchers
Inter-Annotator Agreement | Cohen's « =
0.91

The manually annotated corpus used in this
study includes statistics that can be summarized as
follows. The statistics of the manually annotated
corpus used in the present research are summarized
in Table 2. It displays the number of selected
clinical notes, the distribution of entity mentions
across four clinical NER categories (Disease,
Medication, Procedure, Laboratory test), the BIO
annotation scheme, annotator information, and
Cohen's « interannotator agreement. The data show
the quality and consistency of the annotated dataset
used to train and evaluate the proposed FSPT-LLM
framework.

The data source is unstructured, with free-form
data including discharge summaries, physician
notes and reports, rather than structured. The data
relates to the Intensive Care Unit (ICU), where
patients are severely ill and require intensive care.

Named Entity Recognition (NER) annotations
had to be tokenized, necessitating a custom
annotation process for this study, as NER was not
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performed at the token level in the original MIMIC-
III database. Focusing on selected clinical notes,
manual annotation was performed using the BIO
tagging scheme to identify four entity types:
Disease, Medication, Procedure, and Laboratory
Test. A corpus was then generated with annotations
and subsequently used to train and evaluate the
proposed FSPT-LLM framework. The annotations
are aligned with identifying key medical
components in the text - commonly Disease,
Medication, Procedure, and Lab Test.

Such pattern-based naming can help create and
explore models for the automatic identification and
marking of clinically relevant information extracted
from patient-created plain text.

3.2.1 NER Annotation Protocol

Since no preexisting NER annotation protocol
is available in the MIMIC-III database, the
researchers have created one for this study. After
preprocessing, clinical notes were manually
annotated according to the defined annotation
guidelines, using a BIO tagging scheme. There are
four different entity categories in the annotated
corpus: Disease, Medication, Procedure and
Laboratory Test. The annotations thus obtained
were then used solely to train and test the proposed
framework.

The clinical notes selected from MIMIC-III
were annotated using an existing Clinical NER
model with four clinically relevant entity types:
Disease, Medication, Procedure, and Lab Test. A
prespecified and anonymised clinical text was used
to ensure consistent representation of clinical terms.
The entity boundaries were tagged at the token
level, and the annotations were transformed into
BIO (beginning, inside, outside) format. The first
token of an entity was tagged with a B-tag. In
contrast, tokens of other specific clinical entities
were given I-tags, and tokens that are not part of
any specific clinical entities were given O-tags.

The annotation followed predefined definitions
for entity categories to ensure consistency across
the dataset. Disease entities are diagnosed diseases,
disorders and pathological conditions. Medication
is defined as the use of a substance with a
therapeutic or healing effect, prescribed by a
physician or administered by a service provider,
and includes drugs and pharmaceutical products.
Procedure entities are diagnostic, therapeutic, and
surgical procedures performed as part of patient
care. The name of each Lab Test element aims to
describe a laboratory test, investigation, or
clinically relevant test used in a laboratory setting
for diagnostic and/or monitoring purposes. To
standardise the representation of clinical entities,
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clinical abbreviations have been normalised where
possible without altering their meaning or clinical
context.

For training, validation, and testing of the
developed FSPT-LLM, a set of labeled sequences
was prepared based on the annotations. Semantic
Diversity Sampling (SDS) and prompt optimization
use few-shot support samples taken only from the
train partition. The validation set was used for
model selection and hyperparameter tuning, and the
independent test set was used only for the final
assessment of the model. No test samples were used
during training, prompt optimization, few-shot
sample selection, or hyperparameter selection. This
protocol is an annotation scheme designed to
represent clinical concepts and to achieve a
consistent assessment of entity-level Precision,
Recall, and Fl-score across the four entity
categories.

To ensure annotation quality, 5,000 clinical
notes were selected from the MIMIC-III database
after preprocessing. The final annotated corpus
contained 48,732 entity mentions distributed across
four categories: Disease (15,286), Medication
(14,104), Procedure (9,687), and Laboratory Test
(9,655). Annotation was independently performed
by two annotators with experience in clinical
Natural Language Processing (NLP) following
predefined BIO tagging guidelines adapted from
widely adopted clinical NER annotation practices.
Disagreements between annotators were resolved
through discussion until consensus was reached.
The consistency of the annotation process was
evaluated using Cohen's Kappa (k = 0.91),
indicating excellent inter-annotator agreement. The
finalized BlO-annotated corpus was subsequently
used for training and evaluating the proposed
FSPT-LLM framework.

3.2.2 Dataset Partitioning
Prevention

The manually annotated MIMIC-III corpus
comprising 5,000 clinical notes was partitioned into
training, validation, and testing subsets using a
70:15:15 ratio. Accordingly, 3,500 clinical notes
were allocated to the training set, 750 notes to the
validation set, and 750 notes to the independent test
set. To prevent information leakage arising from
multiple clinical notes belonging to the same
patient, the partitioning was performed at the
patient level rather than at the individual-note level.
Thus, all clinical notes associated with a particular
patient were assigned exclusively to one of the
three subsets.

The training set was used for Semantic Diversity
Sampling (SDS), few-shot example selection, and

and Leakage

optimization of the soft-prompt parameters. The
validation set was used for model selection and
hyperparameter validation, whereas the test set
remained completely unseen during training, few-
shot sample selection, prompt optimization, and
model selection and was used exclusively for final
performance evaluation. The elimination of patient-
specific information across the training, validation,
and test partitions also prevented data leakage,
enabling a more accurate evaluation of the
framework's ability to generalize to new patients in
settings similar to those of the proposed FSPT-
LLM framework.
Table 3. Distribution Of The Annotated MIMIC-III

Corpus
Dataset | Clinic | Percenta | Purpose
Partitio | al ge
n Notes
Trainin | 3,500 | 70% SDS, few-shot
g selection, prompt
optimization
Validati | 750 15% Model/hyperpara
on meter selection
Testing | 750 15% Final independent
evaluation
Total 5,000 | 100% —

Table 3 shows the distribution of the 5,000
clinical notes annotated using the MIMIC III
dataset. It is used to create training, validation, and
test sets in a 70/15/15 split. The training set was
used for optimization (SDS, prompt), the validation
set for model selection, and the test set for final
evaluation.

A. Sample Clinical Text

MIMIC-III Clinical
Database

MMIC-III CLINICAL DATASET
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Figure 3. Overview of the MIMIC-1II Dataset Source: Adapted from A. E. W. Johnson et al.,

“MIMIC-III, a freely accessible critical care
database,” Scientific Data, vol. 3, p. 160035, 2016.

A 28-year-old female with a history of gestational diabetes mellitus diagnosed eight years The patient was prescribed Aigapsulelof AENillfor 5'days'. He was seen by the endocrinology
prior to presentation and subsequent type two diabetes mellitus (T2DM ), one prior episode service and she was discharged on A0MRItSIof SUINIGIATEING]at night , T2IRIES of SR
of HTG-induced pancreatitis three years prior to presentation , associated with an acute -with meals, and -1000 mg two times a day . It was determined that all
hepatitis , and obesity with a body mass index ( BMI ) of 33.5 kg/m2 , presented with a one- SGET2IARIBIESTS!should be discontinued indefinitely fro 3 months .

week history of polyuria , polydipsia , poor appetite , and vomiting . Two weeks prior to
presentation , she was treated with a five-day course of amexicillin for a respiratory tract
infection . She was on metformin/, glipizide', and dapaglifiozin for T2DM and atorvastatin'and Color codes:FREQUENCY, DOSAGE, DURATION, DRUG, FORM, STRENGTH,
gemfibrozil for HTG . She had been on dapagliflozin for six months at the time of
presentation . PySicallexaminationion presentation was significant for dry oral mucosa ;
significantly , [iEHBBAOMINAIEXAMINARGNIwas benign with no tenderness , guarding , or No findings in urinary System, skin color is normal , brain CT and Efanialichecks are clear .
rigidity . Pertinent laboratory findings on admission were : SefuMglucosel 111 g/, Swollen fiigersland eyes . Extensive stage small'cell lu
Bicarbonatel1 s Mmoll, AinEapl2o , Ereatininglo.4 me/dL , Eeerdes|sos me/dL , (Bl carboplatin and etoposide . Left §¢apularipain status po:
Efiolesteroli1 22 mg /L. , Eijeatediiemoglobinl( HBATE) 10% , and VERGUSIHI7.27 . SEFm

[ipa88lwas normal at 43 Ujll. SEfURIacEtonaeValSicould not be assessed as Bloodisamples

kept _dus.l to significant lipemia . The patient was initially admitted for starvation Color codes:Organ, OFgaRISMISUBAIISION, Organism_substance, Pathologicalformation,

ketosis , as she reported poor oral intake for three days prior to admission . However , SSTUR Anatomical_system, o i e ’
-Dbtained six hours after presentation revealed —was 186 mg/dL, - Anatomy NER
-was still elevated at 21, _was 16 mmol/L, _
peaked at 2050 Fgdll, and [ipaselwas 52 UJl. Thelpshyaroxybutyratelevel was obtained
and found to be elevated at 5.29 mmol/L - the original sample was centrifuged and the
chylomicron layer removed prior to BRalySisidue to interference from turbidity caused by
lipemia again .

Posology NER

r. Chemotherapy with
an of the thorax .

A Record date : 2093-01-13 , David'Halel, M.D ., Name : Hendrickson , Ora MR . # 7194834
Date : 01/13/93 PCP : Dliveira, 25 years-old , Record date : 2079-11-09 . Cocke County
Baptist Hospital . 0295 Keats Street

Clinical NER —
Color codes:STREET, DOCTOR, AGE, HOSPITAL, PATIENT, DATE, MEI

Color codes:PROBLEM, TREATMENT, fEST,
Deid NER
Figure 4. Illustration Of Named Entity Recognition (NER) In Clinical Text From The MIMIC-III Clinical Database,
Showcasing Entity Categorization Across Clinical, Posology, Anatomy, And De-Identification (Deid) Tasks With
Color-Coded Annotations
Source: Adapted from MIMIC-III Clinical Database examples and NER visualization concepts presented
in clinical NLP literature, particularly A. E. W. Johnson et al., “MIMIC-III, a freely accessible critical care
database,” Scientific Data, vol. 3, p. 160035, 2016.

Ribavirin [UMLS: €0035525 ] was also evaluated against SARS-CoV-2 infection , but the antiviral | UMLS: 0003451

MEDICATION_NAME DIAGNOSIS MEDICATION_CLASS

property of drugs is still not well established against the SARS-CoV-2 2

TREATMENT_NAME DIAGNOSIS

In addition, after oral administration, the drug was rapidly absorbed into the Gl tract ;
-

ROUTE_OR_MODE BODY_STRUCTURE
The drug has oral bioavailability around 64 % with large volume of distribution.
I,
ROUTE_OR_MODE EXAMINATION_VALUE EXAMINATION_UNIT

Figure 5. Example Of Clinical Named Entity Recognition (NER) With UMLS Concept Mapping, lllustrating Labeled
Entities Such As Medication, Diagnosis, Treatment, Body Structure, And Examination Values In Biomedical Text
Source: Adapted from biomedical NER and UMLS-based annotation examples in clinical NLP literature,
including Z. Li, Y. Su, and N. Collier, “A Survey on Prompt Tuning,” arXiv preprint arXiv:2507.06085,
2025, and publicly available UMLS-based NER demonstrations.

Example Input: e  Medication: azithromycin

“Patient was diagnosed with pneumonia and

. ; X e Lab Test: blood glucose
prescribed azithromycin. Blood glucose levels were

Preprocessing Steps

elevated.” oo . .
Tok t the LI tok
Annotated Output: *  Tokenization using the Llama 3 tokenizer
e Disease: pneumonia e  Clinical abbreviation normalization
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e Abbreviation normalization (e.g., “HTN”
— hypertension)
e BIO tagging scheme for entity labeling

3.3 Few-Shot Sampling Strategy

Given dataset D = {(x;,y;)}, a subset D, C

Dis selected such that:

D |=kxC (1)
where: k= number of examples per class (5, 10,
20), C= number of entity classes.

This is a proposed piece of work that presents a
strategy, Semantic Diversity Sampling (SDS),
intended to enhance the efficacy of few-shot
learning. It is based on cosine similarity between
embedding representations to determine the
semantic relationship between samples. By
choosing not only relevant but also varied sets of
instances, SDS ensures a more representative
training data subset. Such model selection based on
diversity reduces redundancy in the chosen
examples, which works in both few-shot (i.e.,
limited number of samples) and many-shot (i.e.,
large number of samples) scenarios.

3.4 Prompt Engineering Framework
Each task is reformulated into a prompt-based
structure.

used to enhance
model understanding

The mitial text to be
analyzed

‘with the LLM

Prompt Template

Instruction: Extract clinical entities (Disease,
Medication, Procedure, Lab Test).

Input: {clinical text}

Output: {structured entities}

Few-Shot Prompt Construction

P:{(Xlayl )7(X27yZ):‘"9(Xkayk)7xq} (2)

where: x,= query input; (x;y;)= few-shot
examples.
3.5 Model Architecture

The proposed architecture comprises three large
modules that must collaborate to enable effective,
flexible learning. First, a pretrained large language
model (LLM) backbone (with frozen parameters)
enables the model to leverage rich linguistic and
contextual knowledge without extensive retraining.
On top of this, a trainable layer learns task-specific
representations, known as a soft prompt embedding
layer, optimized via continuous prompt vectors.
Lastly, a layer organization, the entity decoder,
maps the contextualized representations generated
by the backbone and prompt layers into structured
outputs to identify and classify entities for the
target task correctly.

Embeddings capture
the semantic meaning

of the text

A prompt template 15
created to guide

model responses

Text is cleaned and
prepared for analysis

identify entities

Figure 6. Workflow Of Few-Shot Prompt-Tuned LLM Framework For Clinical Named Entity Recognition

Figure 6 depicts the end-to-end workflow of
the proposed few-shot prompt-tuned large language
model (LLM) framework for clinical named entity
recognition (NER). It starts with raw clinical text,
which is preprocessed to make it ready for analysis.
In the subsequent step, few-shot samples are added
to model the process, followed by guidance of
responses where prompt templates are generated to
package the task.

That is then fine-tuned with soft prompt tuning
to allow the system to adaptively fine-tune the
LLM without modifying the core parameters. The

frozen language model produces contextual
embeddings that help to obtain the semantic
meaning of the text. These embeddings are then
processed by an entity identification slot, which
assigns labels to tokens based on predefined
categories. Lastly, the system generates the NER
output, which is used to classify clinical entities,
including diseases, medications, procedures, and
laboratory values. Based on this workflow, the
combination of few-shot learning, prompt
engineering, and parameter-efficient tuning is used

120



Journal of Theoretical and Applied Information Technology
15" August 2026. Vol.104. No.15

B

© Little Lion Scientific

-:l'\lll

ISSN: 1992-8645

wWww.jatit.org

E-ISSN: 1817-3195 |

to achieve accurate, scalable clinical information

extraction.
'd

~

Example

SO
SO

Figure 7 depicts a few-shot prompting
architecture applied in large language models to
answer questions. Several sample question-answer
pairs are provided as background information to
help the model understand. These examples aid in
developing patterns and task-specific behavior. The
next input question is appended, and depending on
the learned context of the examples, the model
generates the final answer. The solution enhances

performance through in-context learning, without
®_>® requiring parameter updates.
Input
@
Figure 7. Few-Shot Prompting Framework For Question
Answering
Classification I Start | Text | Extract l}—l Transformer H Linear |
Entailment | Start | Premise | Delim | Hypothesis [ Extract |—-—| Transformer H Linear |
| Start | Text 1 | Delim | Text 2 [ Extract I_—-| Transformer
Similarity = Linear
I Start | Text 2 | Delim I Text 1 [ Extract | —-| Transformer
| Start | Context | Delim | Answer 1 [ Extract I_——| Transformer H Linear
Multiple Choice | Start | Context | Delim ] Answer 2 ’ Extract |_~—| Transformer H Linear
| Start | Context | Delim | Answer N [ Extract |_—-| Transformer H Linear

Figure 8. Unified Transformer-Based Input Formatting For Diverse NLP Tasks

Figure 8 describes an integrated approach that
uses a transformer-based architecture to process
multiple natural language processing (NLP) tasks.
Various operations, such as classification,
entailment, similarity, and multiple-choice question
answering, are modeled using structured sequences
of inputs, represented as tokens such as Start, Text,
Premise, Hypothesis, Delimiter, and Extract. A
common encoder processes these formatted inputs,
using a transformer or a standard setting to derive
contextual representations. Embeddings are then
passed through a linear layer, and task-specific
predictions are made. In similarity tasks, similarity
occurs between pairs of inputs and results. In

121

contrast, in multiple-choice questions, scoring is
performed on the individualized answer set. This
universal design shows how flexible the
transformer models are for different NLP tasks,
without requiring changes to the architecture.

The  working  mechanism  starts by
concatenating the input text with prompt tokens to
provide the text with context-specific context.
These sequences are prepended with soft prompts,
represented by learnable embedding vectors, which
enable the model to adapt without changing the
core parameters of the large language model
(LLM). This general sequence is, in turn, input into
the LLM, which generates contextual and semantic
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relationships  within the input. Finally, the
generated tokens are fed into a decoding layer,
which converts them into labels for various entities,
yielding correct identification and classification in
the target task.
3.6 Mathematical Formulation
Let:

e x=input clinical text

e  Py=soft prompt parameters

e f4= opretrained LLM with frozen
parameters
Model Output
h=fy([Pg:x]) 3)
y=Softmax(Wh+b) @)

Loss Function
We use token-level cross-entropy loss:

N
L= vlog() )
Prompt Optimization Objective
0 =argminL(fy(Ppx).y) ~ (6)
Regularization Term
We propose Prompt Consistency Regularization
(PCR):
Lo =LAMIPP-P{ V12 (7)

This ensures:

e Stable prompt learning

e Reduced overfitting
3.7 Training Strategy

The training process uses the AdamW
optimizer [30] with a learning rate of 5 x 10 and a
batch size of 8. The proposed FSPT-LLM
framework was trained for 15 epochs across all
experimental settings to ensure consistency and fair
comparison. The prompt length was set to 20
tokens, which should provide a sufficient capacity
for the task-specific adaptivity and soft prompting.
The model is highly parameter-efficient, with only
a negligible fraction (less than 1 percent) of its total
parameters trainable, while the backbone remains
constant during training. This architecture greatly
reduces computational cost while maintaining good
performance.
3.8 Algorithm: FSPT-LLM

b. Concatenate P with input x
¢. Compute output h = fop(P9 ; x)
d. Predict entities
e. Compute loss Ltotal
f. Update 0 using gradient descent
5. Return optimized prompt parameters 0*

Algorithm 1: Few-Shot Prompt-Tuned Clinical
NER

Input: Dataset D, LLM model fo, shots k
Output: Trained prompt parameters 0

1. Preprocess dataset D
2. Apply Semantic Diversity Sampling to obtain Dk
3. Initialize soft prompt PO
4. For each training iteration:
a. Construct prompt P using Dk

e
122

3.9 Computational Complexity

The proposed FSPT-LLM framework reduces
optimization-related computational and memory
requirements by keeping the pretrained LLM
backbone frozen and updating only the soft-prompt
parameters and task-specific components. Although
forward propagation through the frozen backbone is
still required, gradient computation and parameter
updates are restricted to a small fraction of the
overall model parameters. Consequently, the
proposed approach requires substantially fewer
trainable parameters than conventional full-model
fine-tuning, thereby reducing optimization-related
memory consumption and training overhead while
preserving task-specific adaptation capability.
3.10 Reproducibility and Implementation Details

The proposed FSPT-LLM framework was
implemented using Python 3.11, PyTorch 2.3, and
the Hugging Face Transformers v4.42 library with
CUDA 12.2 acceleration. The Meta-Llama-3-8B-
Instruct model (checkpoint: meta-llama/Meta-
Llama-3-8B-Instruct) was employed as the
pretrained LLM backbone, with all backbone
parameters frozen throughout training. Clinical text
was tokenized using the corresponding Llama 3
tokenizer with a maximum sequence length of 512
tokens. Soft prompts of 20 tokens were randomly
initialized and optimized during training, while the
backbone model parameters remained unchanged.
Model optimization was performed using the
AdamW optimizer with a learning rate of 5 x 1075,
batch size 8, and 15 epochs. During inference,
greedy decoding was employed (do_sample=False)
to ensure deterministic predictions. All experiments
were conducted on a workstation equipped with an
NVIDIA RTX 4090 GPU (24 GB VRAM), 128 GB
RAM, and Ubuntu 22.04 LTS operating system. A
fixed random seed (42) was used throughout the
experiments to ensure reproducibility.
3.11 Research Method Protocol

The proposed research was conducted in an
organized manner, as stated above, to ensure
reproducibility. The preliminary step included
tokenization and normalization of the MIMIC-III
clinical data, handling of clinical abbreviations, and
BIO tagging, while keeping the data's context intact
for entity recognition. To create representative few-
shot training samples, an innovative technique was
used in the second step: Semantic Diversity
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Sampling (SDS). The third step concerned the
design of prompt templates and the training and
initialization of trainable soft prompts while
keeping the backbone of the pretrained Large
Language Model (LLM) frozen. The optimized

prompt parameters were estimated using the
AdamW optimizer with the training
hyperparameters set in the fourth step,

incorporating Prompt Consistency Regularization
(PCR). In the fifth step, the trained model was
evaluated on the test set using Precision, Recall, F1
score, and Accuracy, and compared with the
baseline Clinical Named Entity Recognition (NER)
models. Finally, the effectiveness and robustness of
the proposed framework were evaluated through
ablation studies, computational efficiency analysis,
and comparative performance analysis.

4. RESULTS

This paper presents a critical evaluation of a
proposed Few-Shot Prompt-Tuned Large Language
Model (FSPT-LLM) for clinical named-entity
recognition using few-shot learning. Standard
measures are used to estimate performance relative
to baseline models and are considered across
different few-shot settings.

4.1 Evaluation Metrics

Standard entity-level metrics are used to assess

the performance of the model:

e Precision (P): Measures correctness of
predicted entities
Precision=—— ()
TP+FP
e Recall (R): Measures completeness of
extracted entities
Recall=—— 9)
TP+EN
e F1-Score (F1): Harmonic mean of precision
and recall
_ 2PR
Fl= R (10)
e Accuracy (Acc): Overall token-level
correctness
Accuracy = — N (11)
TP+TN+ FP+FN
Where:

e TP =True Positives

o FP = False Positives

e FN = False Negatives

This result is directly applicable to one of the
research objectives of RO1: to build an efficient
few-shot, prompt-tuned framework for Clinical
Named Entity Recognition (Clinical NER) under
limited labeled data. This can be inferred from the
excellent scores for the criteria Precision, Recall,
Fl-score, and Accuracy, all of which confirm that

the proposed Few-Shot Prompt-Tuned Large
Language Model (FSPT-LLM) framework is
achieving this goal successfully.
4.2 Experimental Setup
Table 4. Experimental and Training Setups of Few-Shot
Prompts-Tuned Clinical NER

Parameter Value

Dataset MIMIC-III

Training Few-shot (5, 10, 20 shots)
Strategy

Backbone Model | Meta-Llama-3-8B-Instruct
Model meta-llama/Meta-Llama-3-8B-
Checkpoint Instruct

Backbone Status | Frozen

Optimization AdamW

Learning Rate 5e-5

Batch Size 8

Epochs 15

Hardware NVIDIA GPU

The contents of Table 4 summarize the
experimental setup and other relevant training
parameters used to evaluate the proposed few-shot
size prompts, tuned on a large language model, for
clinical named entity recognition. The performance
of the few-shot learning strategy, under limited
resources, was demonstrated through experiments
on the MIMIC-III dataset using 5, 10, and 20
samples per class. This was supported by a
pretrained large language model (LLM), and a
learning rate of 5e-5 was used for training. A batch
size of 8 and 15 training epochs were used to
ensure stable convergence without compromising
computational efficiency. All experiments are run
on the NVIDIA GPU, which has sufficient power to
train and evaluate the model.

Moreover, the clinical entity categories are
almost identical and to that extent, the advantage of
combining the two methods: Semantic Diversity
Sampling (SDS) and Prompt Consistency
Regularization (PCR) adds to the general
robustness and generalization capability of the
proposed framework under Research Objective
RO2.

4.3 Comparison with Existing Models

The proposed method is tested against many

popular baseline and state-of-the-art methods.
Table 5. Performance Comparison

Model Precisio | Recal | F1- | Accurac
n (%) 1(%) | Scor |y (%)

e

(%)
CRF 85.3 83.7 84.5 |85.1
BiLSTM- 88.2 86.5 87.3 |88.0
CRF
ICNN- 89.6 88.4 89.0 |89.3
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BiLSTM

BERT Fine- | 91.5 90.2 90.8 |91.2
Tuning

ClinicalBER | 93.1 92.4 92.7 193.0
T

IProposed 95.6 94.8 95.2 |95.5
FSPT-LLM

Table 5 compares the proposed FSPT-LLM's
performance with that of baseline NER models
across the clinical parameters of precision, recall,
Fl-score, and accuracy. It was observed that the
clinic achieved an accuracy of 0.999 with the
proposed FSPT-LLM, which is higher than the
baseline NER models. The results demonstrate
consistent improvements from traditional models
(CRF) to deep learning and transformer-based
models. The proposed FSPT-LLM achieves high
performance across all measures, demonstrating the
effectiveness of few-shot prompt tuning under
limited data conditions. The proposed FSPT-LLM
outperforms ClinicalBERT by +2.5 percentage
points in the F1-score.

4.4 Few-Shot Learning Performance

For several few-shot scenarios, Table 6 shows
the results achieved by the proposed FSPT-LLM
framework. Increasing the number of shots from 5
to 20 improves the model's precision, recall, and
Fl-score. The Fl-score improves with the shot
count to 92.1% for N=5 shots, 94.0% for N=10
shots and 95.2% for N=20 shots, respectively. The
results show the good performance of the proposed
framework, demonstrating the effectiveness of
using additional labeled examples without
compromising performance with very limited data.

Even under severely limited labelled-data
conditions, the model achieves an F1 score of
92.1% with just five shots, demonstrating its
performance. The more shots are used, the more is
added to 10 and 20 shots, and the better the
performance will be, but the improvement
decreases as more examples are added. This trend
indicates that there is a saturation level beyond
which increasing the support-set size no longer
yields higher performance. The results align with
the purposes of Semantic Diversity Sampling
(SDS), which has been shown to provide strong
support-sample excerpts for few-shot learning.

Table 6. Impact of Number of Shots

The model's robustness directly addresses
Research Objective RO3. It is shown that tuning
quickly can significantly reduce the number of
trained parameters and the computational burden of
optimization, while retaining competitive Clinical
NER performance, indicating the parameter
efficiency of the proposed framework.

4.5 Ablation Study

Table 7. Component-wise Analysis

Configuration F1-Score (%)
Full Model (FSPT-LLM) 95.2
Without Prompt Tuning 91.3
Without Few-Shot Learning | 92.0
Without SDS Sampling 93.1
Without PCR Regularization | 93.5

The results of the tuning process, as shown in
Table 7, indicate an overall performance
improvement of around 4%. Few-shot learning also
helps the model become more flexible and adapt to
the data, even with only a few samples.
Additionally, the Prompt Consistency
Regularization (PCR) and Semantic Diversity
Sampling (SDS) result in more robust, reliable
training and improved overall generalization.

Ablation evaluation demonstrates the positive
contributions of SDS and PCR to the overall model
architecture, supporting the effectiveness of both

components in improving Clinical NER
performance and robustness.
4.6 Entity-wise Performance

Table 8. Performance Across Entity Types
Entity Precision Recall F1-Score
Type (%) (%) (%)
Disease 96.2 95.4 95.8
Medication | 95.8 94.9 95.3
Procedure 94.7 93.8 94.2
Lab Test 95.5 94.6 95.0

Shots | Precision Recall F1-Score
(%) (%) (%)

5-shot | 92.8 91.5 92.1

10- 94.3 93.7 94.0

shot

20- 95.6 94.8 95.2

shot

As shown in Table 8, the model performs best
at disease recognition, likely because the data
contain more undistorted, clear patterns. By
comparison, slightly poorer performance is
observed in procedures, which may be more
ambiguous and context-dependent. In general, all
model performance categories are at the same level,
indicating robust, balanced learning.

4.7 Graphical Analysis
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Figure 9. Model Comparison

Figure 9 shows a comparative analysis of the
models' F1 scores for clinical named-entity
recognition. The bar chart indicates a gradual
increase in performance, from conventional models,
such as CRF, to transformer-based techniques. The
Fl-score of the proposed model is the highest
among all methods, indicating that it is more
effective at identifying clinical entities. This shows
how the few-shot prompt-tuned LLM framework
can effectively improve performance over current
methods.

94.5 4

Fl-score (%)

92.5 14

92.0 4

10 20
Number of shots

v

Figure 10. Few-Shot Performance Curve

Figure 10 shows a correlation between the number
of few-shot samples and the model's F1-score. The
curve shows a rapid improvement in performance
as the number of training examples increases,
indicating that the model becomes increasingly
sensitive to the number of examples. The
improvement, however, slows down between 10
shots and 20 shots, resulting in a plateau. This
implies diminishing returns to increasing data, and
the model is very data-efficient in resource-
constrained environments.
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Figure 11. Ablation Study

The ablation study for the proposed model is
shown in Figure 11, which illustrates how each
component affects the others. That is the highest
Fl-score for the full model; removing any of its
components will also decrease performance. It is
interesting to note that eliminating prompt tuning
yields the largest decline, underscoring its
importance in enhancing model performance. The
results also indicate that few-shot learning,
Semantic Diversity Sampling (SDS), and Prompt
Consistency Regularization (PCR) are all effective,
confirming the need to include all components to
achieve high performance.

96 4

oposed

92

Precision (%)

88

86

84 86 88 % %2 9
Recall (%)
Figure 12. Precision—Recall Comparison Across Clinical

NER Models

Figure 12 shows the precision-recall comparison of
various models used in clinical NER. The curve
indicates a steady shift from traditional models to
more advanced transformer-based models. The
proposed model is located in the top-right corner of
the graph, indicating that it is also very precise and
recalls many. It shows that the model performs
effectively, i.e., it correctly identifies entities in an
optimized manner, or, better still, it is efficient.
4.8 Statistical Significance Test

To assess the performance improvement of the
proposed FSPT-LLM over the best-performing
baseline, ClinicalBERT, the entity-level F1l-scores
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were compared on the independent test set. FSPT-
LLM achieved an Fl-score of 95.2%, whereas
ClinicalBERT achieved 92.7%, corresponding to an
absolute improvement of 2.5 percentage points.
These results indicate improved Clinical NER
performance with the proposed FSPT-LLM
framework. However, repeated independent runs
were not available to estimate performance
variance; therefore, statistical significance based on
repeated-seed experiments is not claimed.

4.9 Computational Efficiency

Table 9. Comparison of Trainable Parameters and

Training Efficiency Across Models
Model Trainable Training
Parameters Efficiency
BERT Fine- | 110M Low
Tuning
Clinical BERT 110M Low
FSPT-LLM <M High

Table 9 compares the computational efficiency
of BERT fine-tuning, ClinicalBERT, and the
proposed FSPT-LLM in terms of trainable
parameters and relative training efficiency.
Conventional BERT and ClinicalBERT fine-tuning
require optimization of approximately 110 million
parameters, resulting in comparatively higher
training overhead. In contrast, the proposed FSPT-
LLM  keeps the Meta-Llama-3-8B-Instruct
backbone frozen and optimizes fewer than 1 million
trainable parameters through parameter-efficient
prompt tuning. This substantially reduces the
number of parameters requiring gradient
computation and optimization during training.
Although forward propagation through the frozen
LLM backbone is still required, the reduced
optimization burden makes FSPT-LLM more
parameter-efficient than conventional full-model
fine-tuning approaches.

The general conclusion from the experiments is
that all research goals have been achieved. In a
finite-annotated-data scenario, the proposed FSPT-
LLM framework achieves better performance on
Clinical NER tasks, coupled with the ability of SDS
and PCR to make the model more robust
(domain/linguistic generalization) and to deliver
more favorable computational performance
compared to existing baseline models due to
parameter-efficient prompt tuning. In addition,
these outcomes also support the proposed research
hypotheses.

4.10 Discussion

The proposed FSPT-LLM framework achieves
superior Clinical NER performance by combining
few-shot learning with parameter-efficient prompt
tuning, enabling effective adaptation using minimal
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trainable parameters. To boost learning, we select
representative, diverse learning examples using a
method called Semantic Diversity Sampling (SDS);
to stabilize predictions and avoid overfitting, we
employ Prompt Consistency Regularization (PCR).
The framework shows promising potential for
successful and efficient clinical information
extraction and is therefore suitable for use in
resource-limited healthcare settings. Nevertheless, a
few limitations exist in this study, including its
reliance on the MIMIC-III dataset, its use of only
English-language ICU notes, and the need to extend
few-shot learning environments in future work.
4.11 Limitations

There are multiple limitations to this study.
The proposed framework was tested only on the
MIMIC-III ~ dataset, which might not be
representative of the broader availability of other
clinical datasets. Second, the experiments have
been performed on English-language clinical notes,
and the model's effectiveness on multilingual
clinical text has yet to be tested. Thirdly, this
dataset comprises information from Intensive Care
Units (ICUs), and it may not fully reflect the
clinical narratives of other healthcare settings.
Fourth, the quality scores were used in few-shot
learning cases, while no tests were conducted for
fully supervised or zero-shot cases. Lastly, the
proposed framework has not yet been externally
tested on independent clinical databases, and
further research is needed to verify its robustness
and real-world applicability.

5. CONCLUSION

Despite advancements in Clinical Named Entity
Recognition (Clinical NER), the task remains
challenging due to the scarcity of annotated clinical
data and the high computational cost of full-model
fine-tuning of pretrained Large Language Models
(LLMs). Existing solutions are mostly based on
supervised  fine-tuning,  high  computational
resources and large annotated corpora, which
hinders the use of these methods in low-resource
clinical settings. Despite improvements in entity
recognition performance from domain-specific pre-
training of LLMs, few-shot learning, and prompt-
based learning, most of these methods still rely on
supervised fine-tuning, high computational power,
and extensive annotated corpora. Building on the
findings of these research gaps, this paper introduces
the Few-Shot Prompt-Tuned Large Language Model
(FSPT-LLM) framework to address these
challenges, offering a scalable, highly efficient, and
comprehensive approach to Clinical NER that
reduces the need for extensive annotations and
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computational resources while maintaining high
recognition performance.
This paper not only improved performance
prediction but also made several contributions to the
current Clinical NER literature. The proposed FSPT-
LLM is a unified framework that successfully
combines two understudied research areas: few-shot
learning and parameter-efficient prompt tuning,
which are lacking in the state-of-the-art research on
Clinical NER. The proposed FSPT-LLM updates
fewer than 1 million trainable parameters,
representing less than 1% of the overall model
parameters, thereby substantially reducing the
computational requirements of conventional full-
model fine-tuning while maintaining high
recognition performance. Second, in the limited
annotated data scenario, the proposed Semantic
Diversity Sampling (SDS) strategy can effectively
select representative, semantically diverse support
samples to improve the robustness and
generalization of the learned model. Lastly, adding
Prompt Consistency Regularization (PCR) improves
prediction stability, optimizes prompts, and yields
more robust entity recognition. As a whole, these
scientific contributions make the following advances
in the state of the art: 1) Clinical NER is offered as a
framework that can be consistently understood and
applied in practice, 2) This framework can be used
in a reproducible way, with minimal need for
domain-specific pre-processing steps, 3) It can be
implemented at a scale feasible in practice and 4) It
is capable of handling a range of limitations
identified in the previous literature.

The proposed framework has been evaluated on
the MIMIC-III dataset and found to be effective.
The FSPT-LLM achieves an Fl-score of 95.2%,
outperforming ClinicalBERT by 2.5 percentage
points while requiring fewer than 1% of the model
parameters to be trainable. Additionally, the
proposed framework demonstrated consistently high
performance across different clinical entity
categories while maintaining low computational
overhead. The relationship between these results and
the research goals and the proposed research
hypothesis is direct and helps establish that
incorporating few-shot learning with parameter-
efficient prompt tuning has the potential to achieve a
remarkable improvement in the performance of
Clinical NER in scenarios with fewer annotated data
and a smaller computational footprint.

Although these are promising results, there are
several drawbacks and open research questions
associated with them. The success of the proposed
framework relies on its timely design and quality,
which requires domain expertise and optimization.

Furthermore, the assessment of the proposed
framework was conducted on a single dataset
(MIMIC-III) with a fixed set of clinical entity
categories. Hence, the generalization capability of
the proposed framework with respect to cross-
dataset, cross-domain, and multilingual aspects was
not thoroughly explored. In addition, this paper has
considered only Clinical Named Entity Recognition
and has ignored how the proposed framework could
be used for other kinds of clinical Natural Language
Processing (NLP), such as Clinical Event Detection,
Temporal Extraction, Concept Normalization, and
Relation Extraction among named entities. Last but
not least, there are practical challenges such as
model explainability, model robustness to noisy
Electronic Health Records (EHRs), fairness to
diverse patient populations, inference time and
collaborative learning under privacy restrictions that
remain open problems worthy of further
investigation.

Future work will evaluate the proposed FSPT-
LLM framework on MIMIC-IV and other large-
scale clinical datasets to improve generalization. The
framework will also be extended to multilingual
Clinical NER and integrated with Retrieval-
Augmented Generation (RAG) to enhance
contextual understanding using external biomedical
knowledge. Additionally, Federated Learning will
be explored for privacy-preserving collaborative
model training across multiple  healthcare
institutions, while advanced Parameter-Efficient
Fine-Tuning (PEFT) methods such as LoRA and
Prefix Tuning will be investigated to further
improve efficiency and scalability.

Further, the potential of combining retrieval-
enhanced language models, scaling up foundation
models, and privacy-centric training in federated
learning will be examined to boost scalability and
deployment capabilities. Research in these fields can
contribute to making Clinical NER systems robust,
adaptable, and usable, as well as to the further
development and refinement of Clinical NLP
technologies that are efficient and reliable in
realistic contexts.
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