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Abstract

Due to the proliferation of digital equipment and testing, hospitals and clinics generate vast amounts of
unstructured textual data on a daily basis. These include electronic health records (EHR), clinical and
doctor’s notes, provider-patient communications, and administrative messages. Efficient classification
of these messages is critical for enhancing workflow automation, clinical decision-making, and opera-
tional efficiency. With rapid progress in natural language processing (NLP), large language models
(LLMs) now offer powerful solutions for such classification tasks in healthcare. This paper investigates
the application of LLMs in classifying real-world hospital messages using a dataset from a Healthcare
system in central Illinois. We compare general-purpose and domain-specific LLMs, evaluating both
fine-tuned and few-shot approaches. Our results show that GPT-4o, when fine-tuned within a secure
hospital environment, significantly outperforms models like BioBERT and ClinicalBERT. We highlight
key challenges such as informal message tone, domain-specific terminology, and classification ambigu-
ity. The study presents practical implications, ethical considerations, and deployment insights that
inform the integration of LLMs into clinical workflows.

Keywords: large language models; message classification; hospital data; natural language processing;
healthcare

1. Introduction
The modern healthcare system produces a massive volume of data every day, with hospitals

estimated to generate over 50 petabytes of information annually [1]. A significant proportion of this
data up to 80%is unstructured, comprising clinical notes, patient-provider communication threads,
administrative records, and other narrative content [2]. This unstructured data poses substantial
challenges for traditional data processing methods due to its irregular format, medical jargon, and
contextual ambiguity. Efficient management and classification of healthcare data can play a crucial
role in improving operational workflows, enabling more responsive patient care, and reducing ad-
ministrative burden. The integration of artificial intelligence (AI) into healthcare, particularly through
machine learning and LLMs, has shown significant potential in automating various tasks and enhanc-
ing communication pathways within clinical settings [3]. For instance, identifying urgent messages
from patients or distinguishing between appointment requests and medical questions promptly can
directly impact healthcare outcomes and staff workload [4]. Studies have indicated that implementing
machine learning approaches can optimize workflows and provide substantial benefits regarding
patient care management [5–7]. Our work focuses on this important direction as we seek to develop
strategies that enhance the efficiency and responsiveness of healthcare services.

For text classification in healthcare applications, traditional approaches, such as rule-based
systems and classical machine learning methods, have been used widely but often lack scalability
and adaptability. Prior studies have explored the use of support vector machines (SVMs), decision
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trees, and ensemble learning techniques for clinical text classification [8,9]. However, these approaches
require extensive feature engineering and struggle with contextual variations.

Deep learning-based methods, particularly those leveraging recurrent neural networks (RNNs)
and convolutional neural networks (CNNs), have demonstrated improved performance in classifying
electronic health records (EHRs) [10]. More recently, transformer-based models, such as BERT and its
domain-specific adaptations like BioBERT and ClinicalBERT, have achieved state-of-the-art results in
medical NLP tasks [11,12]. These models leverage contextual embeddings, significantly improving
accuracy over static word embeddings.

Despite the effectiveness of domain-specific Large Language Models (LLMs), recent advances in
general-purpose models like GPT-4 have shown remarkable adaptability across various NLP tasks,
including medical text classification [13]. Studies comparing specialized and general LLMs indicate
that fine-tuning large generalist models on domain-specific data can outperform specialized models in
classification tasks [14]. Our study builds upon this research by comparing a number of LLMs inlcuding
BioBERT [11], ClinicalBERT [12], and GPT-based [15] models for hospital message classification.

Recent developments in natural language processing (NLP), particularly through the rise of
large language models (LLMs), have enabled more accurate and scalable solutions for handling
such complex, text-heavy tasks. These models have proven effective across domains, including
answering clinical examination questions [16], generating radiology and discharge summaries [17],
and supporting administrative workflows [18].

However, healthcare applications of LLMs must contend with unique challenges. These include
domain-specific vocabulary, strict privacy constraints, variations in communication styles between
patients and clinicians, and the high cost of misclassifications in sensitive contexts. Models must
not only understand medical concepts but also generalize across diverse patient populations and
communication settings.

This paper focuses on the real-world implementation of large language models (LLMs) for
classifying patient messages exchanged through the Electronic Medical Records (EMR) platform.
Our limited dataset was collected from a hospital system based in central Illinois and was carefully
de-identified to ensure compliance with HIPAA regulations [19]. We evaluated the performance
of domain-specific models, BioBERT and ClinicalBERT and compared them to GPT-4o, a powerful
general-purpose model from OpenAI. We explore both few-shot prompting and fine-tuning strategies
to determine which approach best suits the complexity and variability of clinical message classification.
Our major contributions are summarized as below.

• We introduce a practical framework for classifying outpatient messages using both domain-
specific and general-purpose LLMs.

• We conduct a comparative evaluation of BioBERT, ClinicalBERT, and GPT-4o across urgency
detection and multi-label categorization tasks.

• We present insights on the fine-tuning process within a secure hospital cloud environment,
highlighting accuracy gains, ethical safeguards, and deployment considerations.

The rest of the paper is organized as follows. Section 2 lays the foundation of this work. The
description of used LLM models and data set are stated in Section 3. Comprehensive results and
analysis are stated in Section 4, followed by a discussion summary in Section 5. We finally conclude
this paper in Section 6.

2. Motivation
In today’s fast-paced healthcare environment, timely communication between patients and

providers is crucial. Every day, HealthCare systems receive a high volume of patient messages ranging
from appointment requests to urgent medical concerns. However, managing this influx of messages
efficiently poses a significant challenge. The current system relies on significant human involvement
for message management. While this approach ensures careful attention, it can also make it challenging
to consistently prioritize messages, sometimes resulting in added pressure on providers.
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To address this challenge, we propose an innovative, AI-driven solution that leverages a cus-
tomized OpenAI model (fine-tuned ChatGPT-4o) to automate message classification and response
generation. Our goal is to develop an intelligent system that not only categorizes messages based on
urgency and content but also suggests appropriate responses or routes them to the right healthcare
professionals. By integrating this system with the Hospital Community Connect (HCC) platform, we
aim to create a seamless and efficient communication workflow that enhances patient engagement and
provider efficiency.

The motivation behind this project is twofold. First, it seeks to alleviate the burden on healthcare
workers, allowing them to focus on direct patient care rather than administrative tasks. Second, it
aims to ensure that urgent patient concerns are addressed promptly, improving health outcomes and
patient satisfaction. Given the limitations of off-the-shelf AI models in handling nuanced, multi-class
classification tasks in healthcare, we plan to build a domain-specific, fine-tuned model trained on
real-world patient messages. This approach will enable our system to achieve higher accuracy and
reliability in classifying and responding to messages. Our motivation is both practical and visionary:

• Operational Impact: By automating classification, we can reduce administrative workload and
improve response times.

• Clinical Relevance: Accurate triage ensures that critical health issues are identified and escalated
without delay.

• Technological Advancement: We test the hypothesis that a fine-tuned general-purpose LLM can
outperform existing domain-specific models in nuanced, multi-label classification tasks.

By leveraging cutting-edge natural language processing techniques and AI-driven automation,
this project has the potential to revolutionize patient-provider communication. It represents a step
towards a more responsive, efficient, and patient-centered healthcare system where technology empow-
ers providers and patients to engage more effectively. We believe our work will advance the application
of AI in healthcare and set a precedent for future AI-driven innovations in clinical communication and
digital health solutions.

3. Methodology
Several large language models were evaluated, including BioBERT, ClinicalBERT, and GPT-4o.

Each model was tested without fine-tuning. The goal was to determine which model performed
best in classifying healthcare system messages across three tasks: urgency classification, category
identification, and multi-label classification.

The rationale for employing multiple types of message classification stems from the nature of real-
world clinical communication. Patient messages often contain multiple intents and vary in urgency.
An effective triage system must be able to identify both the immediacy of response required and the
specific type(s) of inquiry, whether administrative, clinical, or logistical.

Urgency classification is vital for ensuring timely responses to critical issues that could impact
patient safety or outcomes. Simultaneously, category identification enables accurate routing of
messages to the appropriate healthcare personnel or department. For example, a message requesting
an urgent medication refill differs significantly in handling from one rescheduling a routine follow-up
appointment.

To illustrate this, Table 1 presents de-identified examples of patient messages along with their
urgency level, message type, and associated categories.
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Table 1. Message category example.

Message Urgent/Non-
urgent

Single/Multiple
Category

Relevant Cate-
gory

I’m feeling chest tightness
and need to know if I should
go to the ER or wait.

Urgent Single Urgent Medical
Question

Please refill my blood pres-
sure meds and let me know if
Dr. Smith reviewed my blood
test.

Non-Urgent Multiple Refills, Test Re-
sults

Can I schedule my next
follow-up visit for a diabetes
check-up?

Non-Urgent Single Appointment

To operationalize this classification pipeline, we designed a decision-based flowchart, Figure 1 to
guide how a message is processed. The process begins with evaluating whether the message is urgent
or not urgent after categorizing the urgency, the next step assesses whether the message involves a
single issue or multiple distinct concerns. Finally, based on content, the model assigns one or more
labels from the pre-defined category set.

Start  Input
Patient Message

Is the 
message multi-label 
(contains more than

 one category)?

Preprocessing: 
 De-ID, Cleaning 

Extract
Message Content

 Classification Step

Label as multi-
category

Assign multiple
relevant categories

Is the message 
Urgent?

YesNo

Label: UrgentLabel: 
Non-urgent

YesNo

Assign single
category label

Output classification:
Urgency, Type, Relevant

Categories

End

Figure 1. Flowchart for message classification decision-making.
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3.1. Dataset Description

This study utilizes a real-world hospital dataset containing patient messages collected from an
internal hospital communication system. The dataset includes textual messages related to administra-
tive inquiries, appointment scheduling, medication refills, and clinical updates. Data preprocessing
involved de-identification, so all personally identifiable information (PII) was removed to comply with
HIPAA regulations. 120 of them labeled by a hospital doctor who has been very familiar with the
outpatients messages communication system over the years. This labeled data set has been used for
training and testing the LLMs studied. The distribution of messages by their true classes is shown
in Figure 4. The message length’s histogram shown the majority messages are under 200 characters
(Figure 5) and the multi-label message classes against their true labels are shown in Figure 6 reveals
that some of messages fall into more than one category. A word cloud depicts the most frequent words
in these messages as shown in Figure 7.

Dataset Statistics:

• Total messages: 120.
• Average message length: 102.04 words.
• Category Distribution: 12 categories were distributed unevenly throughout the dataset.

3.2. Prompting Approach

In this study, we adopted two primary strategies for leveraging large language models (LLMs) to
classify patient messages: few-shot prompting and fine-tuning. These approaches were selected based on
their practicality, effectiveness, and compatibility with the available dataset.

Few-Shot Prompting: We used few-shot prompting by providing the model with a small set
of example messages and their corresponding labels. These examples helped guide the LLM in
understanding the structure and context of patient communications, enabling it to generalize to new,
unseen messages. This method proved useful for tasks such as urgency detection and multi-label
classification, without requiring any additional model training. Few-shot prompting was particularly
effective in improving classification consistency for messages with informal language or multiple
intents.

Fine-Tuning: To further enhance performance, we fine-tuned GPT-4o using a set of de-identified
patient messages labeled by doctors. The fine-tuning process was conducted within a secure Azure
OpenAI environment to ensure HIPAA compliance and data privacy. This allowed the model to learn
hospital-specific communication patterns and domain terminology. Fine-tuning significantly improved
classification accuracy, particularly for multi-label and nuanced categorization tasks.

In summary, we focused on few-shot prompting for its rapid adaptability and fine-tuning for its
ability to deeply tailor the model to our dataset. This combination allowed us to effectively address
the complexity of hospital message classification.

3.3. Model Comparison and Selection

To evaluate the effectiveness of different LLMs in hospital message classification, we tested three
key models, each with a distinct pretraining focus:

• BioBERT [11] – A biomedical domain adaptation of BERT, pre-trained on PubMed abstracts
and PMC full-text articles. It has been widely used in medical NLP tasks such as named entity
recognition and relation extraction.

• ClinicalBERT [12] – A model adapted from BERT, further pre-trained on MIMIC-III clinical notes,
making it specialized for handling electronic health record (EHR) data.

• GPT-4o (OpenAI, 2024) [20] – The latest multimodal generative model capable of understanding
and processing text with a broader, generalized training dataset, spanning medical, technical, and
conversational domains.

Each model was tested in a few-shot setting, meaning no additional fine-tuning was performed
before evaluation as illustrated in Figure 2. This approach was chosen to assess their out-of-the-box
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capabilities in classifying real-world hospital messages. Due to hospital security and compliance
requirements, BioBERT and ClinicalBERT could not be fine-tuned externally, whereas GPT-4o was
fine-tuned within the hospital’s secure Azure OpenAI cloud as shown in Figure 3.

Patient Messages

Deindentification

Data Cleaning

Data Processing

Data Preprocessing Large Language 
Models

If a message is Urgent or not. 

If a message is Multiclass
categorization or not.  

Categorize the entire message as
Urgent or Non-urgent, Single class or
Multiclass,  and the name of class(es)

Message Classification Types
Training Accuracy

Testing Accuracy

BioBERT

ClinicalBERT

GPT-4o

Yes / No

Yes / No

Urgency: [Urgent/ Non-Urgent], 
Category Type: [Single/Multiple],

Classes: [List of Relevant Categories]

Message Classification Outputs

Evaluated Against Doctor’s Labels

Figure 2. Few-shot message classification by BioBERT, ClinicalBERT, and GPT-4o in a HIPPA complaint environ-
ment.

Patient Messages

Deindentification

Data Cleaning

Data Processing

Data Preprocessing Message Labelling
by Doctors

If a message is Urgent or
not. 

If a message is Multiclass
categorization or not.  

Categorize the entire
message as Urgent or Non-

urgent, Single class or
Multiclass,  and the name

of class(es)

Message Classification Types

Training Set Testing Set

Splitting the datasetGPT-4o Fine-TuningModel Evaluation

Training Accuracy

Testing Accuracy

Training Time

Figure 3. Few-shot fine-tuned message classification by GPT-4o in a HIPPA complaint environment.
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Figure 4. Boxplot of message types.
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Figure 5. Histogram of message lengths.
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Figure 7. Word cloud of common terms in messages.

3.3.1. Factors Affecting Model Performance

Despite being trained on domain-specific data, BioBERT and ClinicalBERT struggled with multi-
label classification. Several factors likely contributed to this outcome:

• Pretraining Focus: BioBERT was trained mainly for biomedical literature processing, making it
effective for medical terminology but less adaptable to informal, multi-intent patient messages.

• Data Domain Limitations: ClinicalBERT was trained on structured EHR notes, which differ
significantly from the short, often unstructured nature of patient communication in hospital
portals.

• Contextual Understanding: Both models rely on BERT-style masked language modeling, which,
while effective for extraction-based NLP tasks, may be less suited for complex, multi-class
classification without additional fine-tuning.

In contrast, GPT-4o significantly outperformed both models in the few-shot setting, achieving
urgency classification accuracy as high as of 0.807 and multi-class classification accuracy around 0.588.

GPT-4o’s stronger performance can be attributed to its larger and more diverse training corpus,
its multimodal capabilities, and its ability to generalize well across domains without requiring domain-
specific pretraining.

3.3.2. Selection for Fine-Tuning

Given its superior performance without fine-tuning, GPT-4o was selected for further fine-tuning
on the hospital’s private Azure OpenAI cloud infrastructure. This setup ensured compliance with
HIPAA regulations, allowing GPT-4o to learn from real patient interactions while maintaining data
privacy and security. The fine-tuning process aimed to refine its classification accuracy, adapting it to
the hospital’s unique messaging patterns and patient communication style.

Fine-Tuning Environment: Fine-tuning was conducted within the hospital’s secure cloud envi-
ronment, leveraging Azure OpenAI services. This setup allowed GPT-4o to adapt to domain-specific
terminology and patient communication styles, further improving its classification accuracy. Models
were fine-tuned on the hospital dataset. The experimental setup included a 70%-15%-15% training-
validation-test split, with metrics like accuracy, precision, recall, F1-score, and ROC-AUC used for
evaluation. The framework used involved the following steps:

• Urgency Classification: Each message was classified as either Urgent or Non-Urgent.
• Category Type: Messages were identified as involving either a Single or Multiple category.
• Relevant Categories: Messages were further classified into one or more of the following cate-

gories:
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– Appointment
– Referral Question
– Request an Update to my Medical Record
– Visit Follow-Up Question
– General Question
– Therapy Question
– Refills
– Other
– Test Results Question
– Prescription Question

3.4. Fine-Tuning and Non-Fine-Tuning Approaches

GPT-4o was tested with and without fine-tuning. Combined with few-shot prompting, fine-
tuning yielded the best results. Fine-tuned LLMs achieved over 90% accuracy across categories,
outperforming baseline models. Few-shot prompting improved contextual understanding and classifi-
cation consistency. Fine-tuned GPT-4 and few-shot prompting demonstrated superior performance in
multi-category classification tasks.

4. Results and Analysis
4.1. Performance Metrics and Their Significances

In this section, we are going to discuss the used performance metrics in evaluating the comparative
performance of the studied LLM models. A confusion matrix is a tool used to measure the performance
of classification models by comparing actual vs. predicted values. Each entry in the matrix represents
the count of predictions falling into four key categories:

• True Positives (TP): Correctly predicted positive cases (e.g., urgent messages classified as urgent).
• True Negatives (TN): Correctly predicted negative cases (e.g., non-urgent messages classified as

non-urgent).
• False Positives (FP): Incorrectly predicted positive cases (e.g., non-urgent messages classified as

urgent), also known as type I error.
• False Negatives (FN): Incorrectly predicted negative cases (e.g., urgent messages classified as

non-urgent), also known as type II error.

Referring to the binary classification confusion matrix as shown in Figure 8, we define the
following performance metrics:

• Precision:

Precision =
TP

TP + FP
(1)

Precision represents the proportion of correctly predicted positive cases (e.g., urgent messages)
out of all cases predicted as positive. A high precision value indicates that the model is good at
avoiding false alarms (lower FP, namely, lower type I error), which is essential in scenarios where
misclassification can result in unnecessary interventions or inefficiencies.

• Recall:

Recall =
TP

TP + FN
(2)

Recall, also known as sensitivity or true positive rate, measures how well the model identifies
actual positive cases. In the context of urgent messages, a higher recall means fewer critical cases
are missed (lower FN, namely, lower type II error), ensuring that patients requiring immediate
attention receive the necessary care.

• F1-score:
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F1-Score = 2 × Precision × Recall
Precision + Recall

(3)

F1-score is the harmonic mean of precision and recall, providing a balanced evaluation of the
model’s performance when both false positives and false negatives need to be minimized.

• Accuracy:

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

Accuracy gives an overall measure of correctness but can be misleading in imbalanced datasets
where one class dominates.

Po
si
tiv
e

N
eg
at
iv
e

Tr
ue
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la

ss

Predicated class
Positive Negative

True Positive 
(TP)

True Negative 
(TN)

False Positive 
(FP)

False 
Negative (FN)

type I error

type II error

Figure 8. A typical structure of a binary classification confusion matrix.

4.2. Performance Evaluation

To assess the effectiveness of different LLMs in classifying hospital messages, we conducted
experiments under a few-shot setting before fine-tuning GPT-4o. The performance of each model
was measured based on urgency classification, multi-class accuracy, precision, recall, F1-score, partial
match accuracy, and exact match accuracy.

Figure 9 presents a comparative analysis of BioBERT, ClinicalBERT, and GPT-4o in a few-shot
classification setting. While BioBERT and ClinicalBERT were designed for domain-specific biomedical
and clinical tasks, their performance was lower in multi-class and exact match accuracy due to the
informal nature of patient messages. In contrast, GPT-4o demonstrated higher accuracy across all
metrics, likely due to its extensive pretraining on diverse datasets.
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Figure 9. Comparison of different LLMs in a few-shot setting without fine-tuning. GPT-4o significantly outper-
formed BioBERT and ClinicalBERT across all classification tasks, highlighting its superior generalization abilities.

Tables 2 and 3 quantifies the performance gaps observed in Figure 9. BioBERT and ClinicalBERT
performed relatively well in multi-class classification but struggled with urgency categorization and
exact match classification. These findings suggest that while domain-specific models are effective for
structured medical data, they require additional fine-tuning to adapt to informal and patient-centered
communication.

Table 2. Performance Metrics for BioBERT.

Urgency Prediction Multiple Categories
Prediction

Accuracy 0.480392 0.617647
Precision 0.155172 0.371429
Recall 0.692308 0.433333
F1-Score 0.253521 0.400000

Table 3. Performance Metrics for ClinicalBERT.

Urgency Prediction Multiple Categories
Prediction

Accuracy 0.225490 0.441176
Precision 0.125000 0.324675
Recall 0.846154 0.833333
F1-Score 0.217822 0.467290
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Table 4. Performance Metrics for GPT-4o.

Urgency Prediction Multiple Categories
Prediction

Accuracy 0.803922 0.588235
Precision 0.379310 0.416667
Recall 0.846154 1.000000
F1-Score 0.523810 0.588235

4.3. Impact of Fine-Tuning GPT-4o

Given GPT-4o’s superior few-shot performance, it was selected for fine-tuning within a secure
hospital cloud environment (Azure OpenAI) to further enhance classification accuracy.

Figure 10 illustrates the improvement in GPT-4o’s classification performance after fine-tuning.
Compared to its few-shot performance, fine-tuning enabled the model to better understand hospital-
specific terminology, patient communication styles, and urgency nuances.

GPT-4o GPT-4o (Fine-Tuned)
Model

0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

Urgency Accuracy
Multi-Category Accuracy
Overall Accuracy

Figure 10. Performance comparison of GPT-4o with and without finetuning.

Table 5 summarizes the improvements observed after fine-tuning. The testing accuracy for
multi-class categorization reached 100%, while urgency classification and full message categorization
exceeded 95% accuracy. These results confirm that fine-tuning significantly enhances classification
reliability in healthcare settings.

Table 5. Fine-Tuned GPT-4o: Accuracy on classifying urgency, multi-class categorization and into respected
class(es).

Task Expected Output Training Accuracy Testing Accuracy

Urgency Classification Yes / No 0.9687 0.9524
Multi-Class
Categorization Yes / No 0.9619 1.0000

Full Message
Categorization

Urgency (yes/no),
Multi-class (yes/no),
Respected class name(s)

0.9514 0.9747
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4.3.1. BioBERT vs. ClinicalBERT vs. GPT-4o

• BioBERT and ClinicalBERT showed moderate performance in Urgency Classification, but
struggled with multi-label classification due to their domain-specific pretraining on structured
clinical notes rather than conversational messages. Their low precision suggests a high false
positive rate, meaning they frequently misclassified non-urgent messages as urgent.

• GPT-4o achieved significantly higher precision and recall, especially in multi-label classification,
due to its broader training on diverse datasets. The improvement in F1-score confirms its balanced
performance in identifying correct categories while minimizing false classifications.

The confusion matrices highlight these differences:

• BioBERT and ClinicalBERT showed high recall but low precision, meaning they captured many
actual urgent cases but also produced many false positives.

• GPT-4o exhibited both high precision and recall, demonstrating its ability to correctly classify
messages while minimizing incorrect predictions.

4.4. Implications for Hospital Message Classification

• High recall is crucial for urgent messages, ensuring that no critical cases are missed.
• High precision is important for non-urgent messages, preventing unnecessary escalations.
• For multi-label classification, F1-score provides a balanced measure of performance, ensuring

accurate categorization without excessive false positives.

4.5. Key Observations and Insights

• BioBERT and ClinicalBERT performed well in urgency classification but struggled with multi-label
classification due to their pretraining focus on structured clinical documentation.

• GPT-4o demonstrated strong few-shot performance, highlighting its ability to generalize across
medical and patient communication tasks.

• Fine-tuning GPT-4o significantly improved accuracy, particularly for multi-class and exact match
classification, ensuring reliable message triage.

• The secure Azure OpenAI cloud environment provided a HIPAA-compliant infrastructure for
fine-tuning without compromising patient privacy.

5. Discussion
LLMs demonstrated high accuracy and adaptability, reducing manual effort in message classifi-

cation. Challenges include computational costs, sensitivity to biased data, and the need for domain
expertise. Ethical considerations, such as secure handling of sensitive data and fairness in model
predictions, are critical for deployment in healthcare.

5.1. Strengths

• High accuracy and adaptability to different message categories.
• Effective handling of multi-label classification tasks.
• Reduction in manual effort for message classification and sorting.

5.2. Limitations

• High computational cost for training and inference.
• Sensitivity to biased or imbalanced training data.
• Requirement of domain expertise for effective fine-tuning.

5.3. Ethical Considerations

• De-identification and secure handling of sensitive patient data.
• Ensuring fairness and mitigating biases in model predictions.
• Need for explainability in high-stakes decision-making.
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5.4. Practical Applications

• Operational Efficiency : Integration with hospital management systems for automatic triage and
message sorting from enormous volume of received patients’ messages. This enables healthcare
workers on focusing more time on patient caring rather than message handling.

• Clinical Decision Support : Flagging urgent clinical messages for immediate attention.
• Patient Communication : Automated responses for frequently asked questions, enhancing patient

satisfaction.

6. Conclusion and Future Work
Large language models (LLMs) have great potential in automating hospital message classification,

reducing manual workload, and improving response efficiency. This study focused on classifying
patients messages on EMR health care system using a number of LLMs and evaluated their performance
against a number of different performance matrices. The result showed that GPT-4o outperformed
other studied models (BioBERT and ClinicalBERT) due to its strong few-shot performance across
multiple classification tasks.

Fine-tuning GPT-4o in a secure hospital cloud environment further enhanced its accuracy,
particularly in urgency classification and multi-label categorization. The results demonstrated that:

• LLMs can effectively classify hospital messages, streamlining administrative workflows and
improving patient communication.

• GPT-4o, even without fine-tuning, achieved strong performance, justifying its selection for
further refinement.

• Fine-tuned GPT-4o outperformed other models, achieving high accuracy and demonstrating
adaptability to real-world hospital data.

These findings highlight the advantages of leveraging large-scale general-purpose LLMs in
healthcare settings, particularly when fine-tuned with domain-specific data. To further enhance LLM-
based classification in better hospital communication, patient outcomes, and operational efficiency,
future research might focus on:

• Implementing real-time deployment to assist clinicians and administrative staff in urgent message
triage.

• Developing multi-modal models that integrate structured EHR data with textual inputs for
improved context understanding.

• Expanding training datasets to enhance model generalization across diverse patient demograph-
ics and healthcare institutions.
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The following abbreviations are used in this manuscript:

HIPAA The Health Insurance Portability and Accountability Act of 1996 in the Unites States.
EHR Electronic Health Record
LLM Large Language Model
ChatGPT ChatGPT is a one kind of LLM [20]
BioBERT BioBERT is a one of LLM [11]
ClinicalBERT ClinicalBERT is a one kind of LLM [12]
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