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Abstract—The integration of artificial intelligence
in healthcare has the potential to revolutionize patient
care. This paper explores the integration of fine-tuned
Large Language Models (LLMs) with ML and DL
paradigms to enhance knowledge discovery in the
healthcare sector. The models can improve the extrac-
tion, processing, and utilization of healthcare data. A
comprehensive case study showcases the application
of LLMs in diagnostic imaging, patient readmission
prediction, and personalized treatment recommenda-
tions. Experimental results reveal significant improve-
ments: diagnostic accuracy increased from 85% to
92%, patient readmission prediction accuracy rose
from 78% to 85%, and personalized treatment rec-
ommendation accuracy improved from 82% to 90%.
These findings suggest that the fusion of LLMs with
DL techniques can revolutionize healthcare knowledge
discovery, leading to more informed decision-making
and personalized patient care.

Index Terms—Knowledge Discovery, Deep Learn-
ing, LLM, Healthcare Analytics, Smart Globe

I. INTRODUCTION

Artificial intelligence (AI) has seen widespread
adoption in a variety of fields. In recent years,
extensive research has highlighted the potential of
Al across many applications, including Social Media
[1], Sustainable Environment [2], Agriculture [3],
and healthcare [4]. In the medical field, Al has been
utilized to improve diagnostic accuracy, forecast pa-
tient outcomes, and enhance the efficiency of admin-
istrative tasks [5], [6]. Techniques such as machine
learning (ML) and deep learning (DL) have been
particularly effective in processing elaborate medical
data and generating valuable insights. Despite these
advancements, there is still immense potential to
further integrate Al, especially with the emergence
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of large language models (LLMs), to explore new
avenues in healthcare knowledge discovery [7].

Knowledge discovery has become a cornerstone
in the era of big data, particularly within the realm of
healthcare, where vast amounts of data are generated
[8], [9]. ML and DL have been instrumental in
analyzing this data to extract meaningful insights.
Recently, LLMs, such as GPT-4, have shown re-
markable capabilities in understanding and generat-
ing human-like text, making them powerful tools for
knowledge discovery [10], [11].

The advent of smart health technologies has rev-
olutionized healthcare, enhancing patient care and
operational efficiency [12]. Integrating Al and big
data analytics, smart health creates systems deliv-
ering personalized and efficient services [13], [14].
This work addresses critical healthcare challenges
like early disease detection and treatment optimiza-
tion. integrating LLMs with MLand DL improves
diagnostic accuracy, extracts valuable insights from
complex data, drives innovation, enhances patient
outcomes, and contributes to a sustainable health-
care system.

This paper aims to explore the integration of
LLMs with ML and DL paradigms to enhance
knowledge discovery in healthcare. We will discuss
the potential applications and benefits, supported by
a detailed case studythat demonstrate how LLMs can
be utilized to predict patient outcomes and identify
effective treatments, showcasing the transformative
potential of these technologies in healthcare.
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II. RELATED WORK

In healthcare, the application of ML and DL in
knowledge discovery have been employed for pre-
dictive analytics, disease diagnosis, and personalized
medicine. Recent advancements in LLMs have fur-
ther expanded the capabilities of Al systems. LLMs,
such as GPT-4, have demonstrated exceptional pro-
ficiency in natural language understanding and gen-
eration, enabling new possibilities for knowledge
extraction and synthesis. In [15], researchers devel-
oped a machine learning model to predict the onset
of sepsis in hospitalized patients. The model utilized
electronic health record (EHR) data, including vital
signs, laboratory results, and patient demographics.
By applying logistic regression and gradient boost-
ing algorithms, the model achieved high sensitivity
and specificity in predicting sepsis several hours
before clinical diagnosis. This early detection allows
for timely intervention, which improve patient out-
comes and reducing mortality rates.

Researchers in [16] employed convolutional neu-
ral networks (CNNs) to analyze medical images,
such as X-rays and CT scans, to detect abnormalities
like tumors and fractures. The study demonstrated
that the CNN models could achieve diagnostic accu-
racy comparable to that of experienced radiologists.
This advancement holds promise for assisting radi-
ologists in interpreting images more quickly and ac-
curately, potentially reducing diagnostic errors and
improving patient care.

Recent research explored the use of natural lan-
guage processing (NLP) techniques, particularly
LLM like GPT-3, for mining clinical texts. The
study focused on extracting relevant information
from unstructured clinical notes, including patient
symptoms, diagnoses, and treatment plans. The NLP
models were fine-tuned on medical corpora to en-
hance their understanding of medical terminology
and context. The results were significantly improve
the efficiency of clinical data extraction, aiding in
better patient management [17].

A study examined the use of Al to develop
personalized treatment plans for cancer patients. By
integrating genomic data with patient health records,
the researchers employed ML to predict individual
responses to various cancer therapies. This approach
enabled the identification of the most effective treat-
ment options based on the unique genetic profile of

each patient, paving the way for more personalized
and effective cancer treatments [18].

Researchers in [19] explored the application of
deep reinforcement learning (DRL) to optimize
treatment strategies for chronic diseases such as dia-
betes. The DRL model was trained on patient data to
learn optimal treatment policies that maximize long-
term health outcomes. The study demonstrated that
DRL could suggest treatment adjustments tailored
to individual patient needs, potentially improving
disease management and patient quality of life.

The integration of LLMs with traditional ML
and DL paradigms in healthcare remains relatively
unexplored. This paper seeks to bridge this gap by
presenting a comprehensive study on the applica-
tion of LLMs in healthcare knowledge discovery,
highlighting their potential to improve predictive
accuracy and decision-making processes.

III. METHODOLOGY

Our methodology involves integrating LLMs with
traditional machine and deep learning paradigms
to enhance knowledge discovery in healthcare. The
process begins with data collection from vari-
ous healthcare sources, including electronic health
records (EHRs), medical literature, and patient sur-
veys. The data undergoes preprocessing steps such
as cleaning, normalization, and feature extraction.

A. Data Set

Data collection is a critical step in building a
robust healthcare Al system, as the quality and
diversity of the data significantly impact the model’s
performance and generalizability. For this research,
data is gathered from multiple sources to ensure a
comprehensive dataset. These sources include:

o Electronic health records (EHRs) from hos-
pitals: which provide detailed patient infor-
mation such as demographics, medical history,
diagnoses, treatments, and laboratory results.

o Medical imaging data: including X-rays,
MRIs, and CT scans, are collected from radi-
ology departments to support diagnostic mod-
eling.

o Wearable health devices contribute continu-
ous monitoring data on vital signs, physical
activity, and sleep patterns, offering real-time
insights into patient health.
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e Genomic data from sequencing studies is
incorporated to enable personalized medicine
approaches.

o Data from clinical trials is also included,
providing valuable information on patient re-
sponses to new treatments and interventions.

o Patient-reported outcomes and public health
databases are utilized to capture a broader
spectrum of health indicators and epidemiolog-
ical trends.

This diverse and extensive data collection ensures
that the AI models are trained on a rich and repre-
sentative dataset, enhancing their ability to generate
accurate and actionable insights.

B. Data Preprocessing

The data undergoes several preprocessing steps to
ensure quality and suitability for machine learning
models. These steps include cleaning, normalization,
and feature extraction.

1) Data Cleaning: Data cleaning is essential for
identifying and correcting errors and inconsisten-
cies. Key tasks in data cleaning such as: Handling
Missing Data, Removing Duplicates, Standardizing
Formats.

2) Data Normalization: Normalization trans-
forms data into a standard format or scale, ensuring
different variables contribute equally to the analysis,
such as:

o Min-Max Scaling: Data is transformed to fit
within a specific range, usually [0, 1], by ap-
plying the formula:

X - Xmin

X' =
Xmax - Xmin

e Z-score Standardization: Data is converted to
have a mean of 0 and a standard deviation of
1 using the formula:

Here, ;o is the mean and o is the standard
deviation.

« Log Transformation: The natural logarithm is
applied to skewed data to reduce the impact
of extreme values and approximate a normal
distribution.

3) Feature Extraction: Feature extraction trans-
forms raw data into a set of meaningful features for
machine learning models. Key techniques include:
Dimensionality Reduction using PCA and Feature
Engineering (such as combining date of birth and
current date to create an age feature). The most
important features in the proposed system, that need
to be extracted to ensure highest accuracy are:
Textual data as numerical features using (tokeniza-
tion, stemming, lemmatization, and embedding tech-
niques like Word2Vec or BERT), time-series data
(trends, seasonal patterns, and statistical measures),
Categorical data (using one-hot encoding or ordinal
encoding).

By carefully applying these preprocessing steps,
we ensure that the healthcare data is clean, consis-
tent, and rich in features, ultimately leading to more
accurate and reliable machine learning models.

C. Proposed system

After preparing the collected data, we employ
LLMs to analyze and interpret the textual data,
extracting relevant information and generating in-
sights. The LLMs are fine-tuned on specific health-
care datasets to improve their contextual understand-
ing and accuracy. Figure 1, illustrates the proposed
system.

1) Fine-Tuning Large Language Models: 1LLMs
have demonstrated remarkable capabilities in un-
derstanding and generating human-like text. How-
ever, to maximize their effectiveness in healthcare
applications, these models need to be fine-tuned
on specific healthcare datasets. Fine-tuning involves
further training a pre-trained LLM on a domain-
specific corpus, which helps the model adapt to the
nuances and specialized vocabulary of the healthcare
field.

The process begins by selecting a diverse and
representative healthcare corpus, which includes
clinical notes, electronic health records (EHRs),
medical literature, and patient reports. This corpus
is carefully curated to encompass various aspects
of healthcare, such as different medical specialties,
common and rare diseases, treatment protocols, and
patient interactions.

During fine-tuning, the LLM is exposed to these
healthcare-specific texts, allowing it to learn con-
textually relevant patterns and terminologies. This
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Fig. 1.

training enhances the model’s ability to comprehend
complex medical language, interpret clinical notes
accurately, and generate contextually appropriate
responses. For instance, the model learns to differ-
entiate between similar medical terms, understand
the significance of specific laboratory results, and
recognize the context of patient symptoms within a
broader clinical scenario. Evaluation metrics specific
to healthcare, such as clinical accuracy, recall, and
precision, are used to assess the fine-tuned model’s
performance. This excels in interpreting and gener-
ating healthcare-related content.

2) Deep Learning for Predictive Analysis: The
knowledge extracted from fine-tuned LLMs is com-
bined with structured data and fed into deep learning
models for predictive analysis. We employ several
types of deep learning models, each suited to differ-
ent aspects of healthcare data and predictive tasks:

o Convolutional Neural Networks (CNNs):
CNNs are primarily used for image data, mak-
ing them ideal for analyzing medical imaging
data such as X-rays, MRIs, and CT scans.
CNNs are effective in extracting spatial hi-
erarchies and patterns, crucial for diagnosing
medical conditions from radiological images.

o Recurrent Neural Networks (RNNs): RNNs,
including their advanced variants like Long
Short-Term Memory (LSTM) networks and
Gated Recurrent Units (GRUs), are designed
to handle sequential data. RNNs are used for

Feature Extraction

o

Normalization

Pre-Processing

The Proposed Healthcare Knowledge Discovery System

analyzing time-series data such as patient vital
signs, EHRs with temporal dependencies, and
genomic sequences. RNNs capture temporal
dependencies and trends, making them suitable
for predicting disease progression and patient
outcomes over time.

o Transformer Models: Transformers, which
form the backbone of many LLMs, are utilized
for their efficiency to capture long-range de-
pendencies and context, making them powerful
for tasks such as NLP, clinical text analysis,
and integrating multimodal data. Transformers
excel in understanding the context and seman-
tics of medical texts, enhancing the accuracy
of clinical predictions.

« Autoencoders: In healthcare, autoencoders can
identify unusual patterns in patient data that
may indicate rare diseases or conditions, and
they can also reduce the dimensionality of
complex datasets.

o Graph Neural Networks (GNNs): GNNs can
predict patient outcomes based on their inter-
actions and similarities to other patients, as
well as identify potential drug targets based on
molecular interactions.

3) Model Training and Validation: Deep learning
models are trained on the integrated dataset com-
prising structured data (patient demographics, lab
results) and unstructured data (clinical notes). The
data is split into training, validation, and testing
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groups to develop and evaluate the models. Cross-
validation techniques are used to mitigate overfitting
and to ensure that the models generalize well to
hidden data. Various performance metrics have been
used to evaluate the models, including:Accuracy,
Precision, Recall, and F1-Score.

By integrating the capabilities of fine-tuned LLMs
with advanced deep learning techniques, our ap-
proach aims to enhance the accuracy, reliability, and
interpretability of predictive models in healthcare.

IV. CASE STUDY: APPLICABLE KNOWLEDGE
DISCOVERY IN HEALTHCARE

A. Healthcare Applications Where Knowledge Dis-
covery through ML and DL is Impactful

1) Diagnostic Imaging: ML and DL models are
extensively used to analyze medical images such as
X-rays, MRIs, and CT scans to detect abnormalities
like tumors, fractures, and other conditions. These
technologies significantly improve early detection
and diagnostic accuracy, which are critical for suc-
cessful treatment outcomes.

2) Predictive Analytics: Predictive models fore-
cast patient outcomes such as disease progression,
hospital readmission rates, and treatment responses.
These predictions enable more personalized and
effective treatment plans, enhancing overall patient
care.

3) Electronic Health Records (EHR) Analysis:
ML and DL techniques extract and analyze data
from EHRs for various purposes, including iden-
tifying trends, generating clinical summaries, and
supporting decision-making processes. This analysis
helps in improving the efficiency and quality of
healthcare services.

4) Genomic Data Analysis: ML and DL tech-
niques are applied to genomic data to identify ge-
netic markers associated with diseases. This analysis
aids in personalized medicine and targeted therapies,
contributing to advancements in precision medicine.

5) Patient Monitoring and Management: Wear-
able devices and sensors generate continuous health
data that ML and DL models analyze to monitor pa-
tient health, detect anomalies, and provide real-time
health recommendations. This technology enhances
patient management and preventive care.

B. How LLMs are Applied in These Scenarios

1) Clinical Documentation: LLMs such as GPT-
4 automate the creation of clinical notes from
structured and unstructured data, ensuring accuracy
and consistency in patient records. This automation
reduces the documentation burden on healthcare
providers and improves data quality.

2) NLP for Clinical Texts: LLMs play a crucial
role in extracting relevant information from clinical
notes, research papers, and patient feedback. They
enhance information retrieval, summarization, and
entity recognition in healthcare texts, improving the
efficiency of data processing.

3) Patient Interaction Systems: LLMs are applied
in developing chatbots and virtual assistants that
interact with patients, providing them with person-
alized health information, reminders, and support.
These systems improve patient engagement and ad-
herence to treatment plans.

4) Clinical Decision Support: LLMs support
clinicians by providing evidence-based recommen-
dations, summarizing patient histories, and high-
lighting potential diagnoses and treatment options.
This support enhances clinical decision-making and
patient outcomes.

C. Detailed Example(s) Showcasing the Implemen-
tation and Outcomes

1) Example 1: Enhancing Diagnostic Accuracy
with CNNs and LLMs: Implementation: Combine
CNNs for image analysis with LLMs for text inter-
pretation to improve diagnostic workflows. For in-
stance, use CNNss to detect lung nodules in CT scans
and LLMs to generate comprehensive radiology re-
ports by interpreting the CNN results and integrating
patient history from EHRs. Outcomes: Improved
diagnostic accuracy and consistency, reduced work-
load for radiologists, and faster turnaround times for
diagnosis and treatment planning.

2) Example 2: Predicting Patient Readmissions
with RNNs and LLMs: Implementation: Use RNNs
to analyze time-series data from EHRs, such as vital
signs and lab results, to predict the likelihood of pa-
tient readmissions. Integrate LLMs to synthesize rel-
evant patient information and generate detailed risk
assessment reports. Outcomes: Enhanced prediction
accuracy of readmission risks, enabling proactive



2024 International Conference on Intelligent Computing, Communication, Networking and Services (ICCNS)

patient management and targeted interventions to
reduce readmission rates.

3) Example 3: Personalized Treatment Recom-
mendations with Transformers and Genomic Data:
Implementation: Apply Transformer models to an-
alyze genomic data and identify genetic variations.
Use LLMs to correlate these variations with clinical
literature and patient records, providing personal-
ized treatment recommendations based on the latest
research and patient-specific genetic profiles. Out-
comes: More effective and personalized treatment
plans, improved patient outcomes, and advance-
ments in precision medicine.

V. EXPERIMENTS AND RESULTS
A. Description of the Experiments Conducted

1) Experiment 1: Diagnostic Accuracy in Medi-
cal Imaging: Objective: Evaluate the accuracy of
CNNs combined with LLMs for diagnosing lung
nodules in CT scans.

Data: A dataset of annotated CT scans from a ra-
diology database, including both healthy and patho-
logical cases.

Procedure: CNNs were trained on the imaging
data to detect lung nodules. The LLMs were fine-
tuned on radiology reports and used to generate
comprehensive diagnostic reports based on the CNN
outputs and patient histories.

Metrics: Diagnostic accuracy, sensitivity, speci-
ficity, and F1-score.

2) Experiment 2: Predicting Patient Readmis-
sions: Objective: Assess the ability of RNNs and
LLMs to predict hospital readmissions within 30
days post-discharge.

Data: Electronic health records (EHRs) including
patient demographics, vital signs, and discharge
summaries.

Procedure: RNNs were trained to analyze time-
series data from EHRs to predict readmission like-
lihood. LLMs synthesized relevant patient informa-
tion and generated risk assessment reports.
Metrics: Prediction accuracy, precision, recall, and
area under the ROC curve (AUC).

3) Experiment 3: Personalized Treatment Recom-
mendations: QObjective: Evaluate the effectiveness
of Transformer models and LLMs in generating
personalized treatment plans based on genomic data.
Data: Genomic sequences and clinical records from

a cohort of patients with a specific condition.
Procedure: Transformer models analyzed genomic
data to identify genetic markers. LLMs correlated
these markers with clinical literature and patient
records to recommend treatments.

Metrics: Treatment recommendation accuracy, rel-
evance score, and patient outcome improvement
rates.

B. Presentation of Results

In the first experiment, the diagnostic accuracy of
CNN models for detecting lung nodules in CT scans
improved significantly when combined with LLMs.
As shown in Table I and Figure 2. In the second
experiment, aimed at predicting patient readmis-
sions, the integration of RNNs with LLMs improved
prediction accuracy from 0.78 to 0.85, as displayed
in Table II and Figure 3. The third experiment, the
combination of Transformer models with LLMs for
personalized treatment recommendations based on
genomic data resulted in an accuracy of 0.90, as
illustrated in Table III and Figure 4. These findings
underscore the impact of fine-tuned LLMs in en-
hancing the performance of deep learning models
in healthcare applications.

Metric CNN | CNN + LLM | CNN + LLM
Only (Basic) (Fine-Tuned)
Accuracy 0.85 0.88 0.92
Sensitivity | 0.80 0.83 0.87
Specificity | 0.88 0.90 0.94
F1-Score 0.82 0.85 0.89
TABLE T

PERFORMANCE METRICS FOR DIAGNOSTIC ACCURACY

0
02
04
02
Accuracy Sensitvty Specifcly Fh.scor

Fig. 2. Comparison of Diagnostic Accuracy Across Models
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Metric RNN | RNN + LLM | RNN + LLM

Only (Basic) (Fine-Tuned)
Accuracy | 0.78 0.81 0.85
Precision 0.75 0.78 0.82
Recall 0.70 0.73 0.79
AUC 0.82 0.85 0.88

TABLE I
PERFORMANCE METRICS FOR PREDICTING PATIENT
READMISSIONS

.
.
:

Fig. 3. Comparison of Readmission Prediction Performance
Across Models

C. Discussion

1) Diagnostic Accuracy in Medical Imaging:
The results show that combining CNNs with fine-
tuned LLMs increases diagnostic accuracy from
0.85 to 0.92. The sensitivity and specificity improve-
ments indicate better detection of true positive and
true negative cases, respectively. The integration of
LLMs helps in generating more comprehensive and
accurate diagnostic reports, reducing the workload
on radiologists and improving patient outcomes.

2) Predicting Patient Readmissions: The RNN
and LLM combined model achieved an accuracy
of 0.85, significantly higher than the RNN-only
model’s 0.78. The AUC improvement to 0.88
demonstrates better discrimination between read-
mitted and non-readmitted patients. This enhanced
predictive capability allows for proactive patient
management, reducing readmission rates and asso-
ciated healthcare costs.

3) Personalized Treatment Recommendations:
The Transformer and LLM combined model
achieved a recommendation accuracy of 0.90, show-
ing a notable improvement over the Transformer-
only model. The higher relevance score and outcome
improvement rate highlight the model’s ability to

Trnsfrmr Trnsfrmr Trnsfrmr
Metric onl + LLM + LLM
y (Basic) | (Fine-Tuned)
icmndn 0.82 0.85 0.90
ccuracy
Selevance 0.80 0.83 0.88
Ccore
Improvement | ) ;q 0.81 0.87
Rate
TABLE IIT

PERFORMANCE METRICS FOR PERSONALIZED TREATMENT
RECOMMENDATIONS

09
0g
o
08
05
04
03
02
o

o

Recommendation Accuracy Relevance Score Outer ot Rate

Fig. 4. Comparison of Treatment Recommendation Performance
Across Models

provide more accurate and effective personalized
treatment plans. This integration facilitates advance-
ments in precision medicine, offering tailored ther-
apies based on individual patient data.

All conducted experiments proves that the inte-
gration of fine-tuned LLMs with ML and DL models
enhances the performance across various healthcare
applications, demonstrating the potential of these
advanced technologies to revolutionize healthcare
practices and outcomes.

VI. CONCLUSION

This study demonstrates the significant poten-
tial of integrating fine-tuned LLMs with traditional
ML and DL paradigms in healthcare. The results
show notable improvements in diagnostic accuracy,
patient readmission prediction, and personalized
treatment recommendations. Specifically, combining
CNNs with LLMs increased diagnostic accuracy for
lung nodules in CT scans, while integrating RNNs
with LLMs improved patient readmission predic-
tions. Transformer models, coupled with LLMs,
provided more accurate personalized treatment plans
based on genomic data.
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The case study revealed that LLMs enhance the
performance of ML and DL models by offering bet-
ter understanding and generating comprehensive in-
sights. This can lead to improved patient outcomes,
more efficient clinical workflows, and personalized
healthcare solutions. However, implementing these
models requires robust data integration and contin-
uous training to maintain their relevance and accu-
racy. This study has limitations, including further
models validation in several clinical settings and
addressing challenges. Future research should fo-
cus on enhancing model interpretability, integrating
multimodal data, and ensuring data privacy. Expand-
ing applications to areas such as mental health and
telemedicine can further demonstrate their impact.

Healthcare institutions should adopt LLMs to
enhance clinical documentation, decision support,
and patient interaction interfaces. Investing in data
integration technologies and continuous model train-
ing is crucial. Future efforts should also address
scalability and deployment in real-time clinical en-
vironments. Collaboration between Al researchers
and healthcare professionals is essential to fully
realize these technologies’ potential in transforming
healthcare delivery and outcomes.
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