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Abstract 

Due to demographic, pecuniary and various other factors, healthcare facilities to farthest and rural communities remain 

as a serious concern in most of the countries. With the advent of telemedicine, robust digital communications and advances 

computing mechanisms like Artificial Intelligence and Natural Language Processing is integrated. In this research, some 

of the prominent NLP models like BERT, ClinicalBERT, T5, ClinicalXLNet, and DeBERTa are studied for furtherance 

of telemedicine facilities. Comparative analysis on the basis of strengths and weaknesses in NLP models is exposed. The 

work discourses the methodology for typical system architecture of NLP models. We discuss the limitations of existing 

works and identify the scope for future works. The conclusion highlights the latent of NLP models and various research 

areas in healthcare access to overcome the challenges. This is the prominent area for future work, the study emphasizes 

mainly on rural communities. 
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1. INTRODUCTION 

Telemedicine refers to the mechanism of distributing medical care and amenities remotely using modern digital 

communication technology. It comprises numerous facilities such as conferences, analysis, dealing, and nursing. With the 

initiation of the cyberspace and digital knowledge, telemedicine has pointedly prolonged, permitting online video 

conferences and electronic health records. This progression has made healthcare wield and suitable for patients and 

providers alike. Numerous tendencies are determining the forthcoming telemedicine practices. Combining AI and ML 

algorithms, the competences of telemedicine daises are enhanced, making them more effectual and precise. The use of 

wearable devices and remote monitoring tools is cumulative, providing real-time health data to healthcare providers. 

 

1.1 BACKGROUND and MOTIVATION 

The growing reliance on AI technologies in healthcare is the source of motivation for this survey. To manage and interpret 

the growing amount of medical data, better NLP models are desperately needed. Creating successful telemedicine 

solutions require an understanding of the strengths and weaknesses of these approaches. With an emphasis on their 

performance and applicability, this paper reviews and contrasts the well-known NLP models used in telemedicine and 

healthcare. 

 

1.2 SCOPE of the SURVEY 

This survey focuses on five key NLP models: BERT, ClinicalBERT, T5, ClinicalXLNet, and DeBERTa. These models 

have been selected for their relevance and widespread use in healthcare applications. The analysis will include their 

performance on various errands such as clinical note organization, named entity appreciation, and text summarization, 

using the PubMed Central (PMC) Open Access Subset dataset as a benchmark. The survey will provide intuitions into 

the fortes and restrictions of each model, offering a wide-ranging assessment of the current state of AI-driven 

telemedicine. 

 

1.3 ORGANIZATION of the PAPER 

The survey paper is systematized as follows. Section 2 provides details about the literature review and recent works. 

Section 3 compares the models based on their performance metrics. Section 4 discusses a typical system architecture of 

NLP models. Section 5 discusses the challenges and future directions in AI-driven telemedicine. Finally, section 6 

accomplishes the paper with conclusion. 

 

2. LITERATURE REVIEW 

2.1 ROLE of AI in TELEMEDICINE 

Ahmad Khan et al. (2024) study emphasized enhancing the accuracy and diagnosis of patient monitoring by AI and 6G 

technologies to revolutionize healthcare. Bansal et al. (2022) provides healthcare systems that demonstrate the concept of 

the metaverse, a universal and immersive virtual world facilitated by virtual reality (VR) and augmented reality (AR). 

Ahmad et al. (2022) research paper plays a vital role in enabling the next generation of remote health care. Their findings 

emphasized the role of AI in analyzing complex medical data and supporting healthcare professionals with accurate 

diagnostic tools. Chamola et al. (2020) explored the use of technologies such as IoT, AI, 5G, and other advanced 
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technologies in the impact of the COVID-19 pandemic. This paper illustrated how AI-powered tools could be utilized to 

analyze clinical features, diagnosis, treatment, and the impact of its outbreak on the global economy [1]-[4]. 

 

2.2 NLP in HEALTHCARE 

NLP plays vital role in healthcare. Various NLP models and methodologies used, implications of the work and limitations 

is summarized in the given table. 

 

Table.1. NLP in Healthcare: Literature Summary 
Author (year) NLP Model / Methodology 

Used 

Significance of the Work Limitations 

Raiaan et al. (2024) 
 

 

Large Language Models, 
Architectures, 

Applications 

Provided a inclusive review of large language 
models, addressing their applications and 

challenges in healthcare. 

Limited focus on specific healthcare 
applications. 

Zhou et al. (2024) Various NLP Techniques 

for Smart Healthcare 

Analyzed the impact of NLP techniques on smart 

healthcare, emphasizing their role in enhancing 

patient care. 

General overview, lacking detailed 

case studies. 

Amosa et al. (2023) NLP-Based 

Disambiguation 
Techniques 

Reviewed methods to address clinical errors 

caused by acronym use, improving the accuracy 
of EHRs. 

Focused on acronym 

disambiguation, not broader NLP 
issues. 

Njah et al. (2023) Intent-Based NA, NLP for 

Smart Settings  

Explored how NLP can facilitate automation in 

smart healthcare environments, optimizing data 

processing. 

Limited to network automation and 

smart environments. 

Olusegun et al. (2023) Text Mining, Emotion 

Classification 

Utilized deep learning and NLP to classify 

emotions in health-related social media data, 

providing insights into public health trends. 

Specific to social media data, less 

applicable to clinical settings. 

Erberk Uslu et al. 
(2024) 

Multi-Labelling 
Classification, NLP 

Techniques 

Offered a comparative analysis of NLP models 
for classifying medical images and reports, aiding 

diagnostic processes. 

Comparative study may lack depth 
in model evaluation. 

Jelodar et al. (2020) LSTM Recurrent Neural 
Network, Sentiment 

Classification 

Applied NLP and sentiment analysis to COVID-
19 discussions, showcasing NLP's role in 

understanding patient sentiments. 

Focused on COVID-19 discussions, 
not generalizable to other diseases. 

Habib et al. (2021) Word Embedding Model 
(AltibbiVec) 

Developed a specialized word embedding model 
for Arabic medical texts, enhancing 

understanding and classification. 

Limited to Arabic language, may 
not generalize to other languages. 

Magna et al. (2020) Machine Learning, Word 

Embeddings 

Demonstrated the use of machine learning and 

NLP for cancer diagnosis classification, 
improving diagnostic accuracy. 

May not cover all types of cancer or 

patient demographics. 

Table 1 summarizes the key aspects of each paper, providing an overview of the NLP methodologies used, their 

significance, and their limitations within the context of healthcare [5]-[13]. 

 

2.3 AI-DRIVEN TELEMEDICINE FRAMEWORK 

Several NLP models and methodologies used, significance of the work and limitations of AI-Driven telemedicine is 

summarized in the table.  

 

Table.2. AI-Driven Telemedicine Frameworks – Literature Summary 
Author (year) NLP Model / 

Methodology Used 

Significance of the Work Limitations 

Yu & Zhou 

(2021) 

IoT-Based AI Health 

Analysis System 

The work optimized a telemedicine system 

using AI and IoT for health analysis, improving 

efficiency in remote monitoring. 

Limited scalability in resource-constrained 

environments and potential issues with 

real-time data processing. 

Li et al. 
(2023)  

Federated Clouds for AI 
Applications 

Proposed a federated cloud framework to 
enhance multitasking in AI applications, which 

supports distributed telemedicine systems. 

Federated learning may face challenges 
related to data privacy and integration with 

existing healthcare infrastructures. 

Lewandowski 
et al. (2014) 

Logic-Centred Design Introduced a logic-centred design for 
continuous healthcare, supporting 

comprehensive telemedicine solutions. 

May require significant computational 
resources and integration with diverse 

health monitoring devices. 

Boonnag et al. 
(2023) 

PACMAN Framework for 
Pulse Oximetry 

Developed an outline for accurate pulse 
oximeter construing in low-resource settings, 

crucial for remote health monitoring. 

The framework's effectiveness may vary 
based on the quality of available hardware 

and environmental conditions. 

Chen et al. 

(2023) 

AI for Continuous 

Therapeutic Monitoring
  

Presented a framework integrating AI for 

ongoing clinical care and monitoring, 
enhancing patient management. 

Focuses primarily on therapeutic 

monitoring rather than comprehensive 
diagnostic accuracy. 

Grüning et al. 

(2024) 

Digital Interventions for 

Prosocial Behaviour 

Offered a framework for promoting online 

prosocial behaviour, which can be adapted for 
improving patient engagement in telemedicine. 

The applicability to clinical settings and 

direct impact on telemedicine diagnostics 
was limited. 

Kang et al. 

(2024) 

AI Techniques for 

Ophthalmology 

Provided an introduction to AI applications in 

ophthalmology, with potential implications for 

telemedicine in eye care. 

The focus is on a specific medical field, 

which may limit the generalizability of 

findings to other areas of telemedicine. 

Cascella et al. 

(2023) 

Conditional Generative 

Adversarial Networks 

(CGAN) 

Utilized CGANs to enhance telemedicine 

strategies for managing cancer pain, 

Primarily focused on pain management, 

which may not fully address diagnostic 

needs in other telemedicine areas. 
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demonstrating advanced AI applications in 
telehealth. 

Camacho 

Clavijo 

(2024) 

AI Assessment Tools for 

Telemedicine 

Evaluated AI tools for decision-making in 

telemedicine, addressing liability and error 

management. 

The focus on legal and ethical aspects may 

overshadow practical implementation 

issues in clinical settings. 

Badawy 

(2023) 

Data-Driven AI Risk 

Framework 

Proposed a data-driven framework to assess 

risks associated with AI in digitized healthcare 

systems. 

The framework may be complex to 

implement and may not cover all AI-related 

risks comprehensively. 

Lemke & 

Mathis-

Ullrich (2024) 

AI-Based IT System 

Design Criteria 

Discussed design standards for AI-based IT 

schemes, which can guide the development of 

robust telemedicine solutions. 

The criteria are broad and may need 

adaptation for specific telemedicine 

applications. 

Nagaraja et al. 
(2024) 

Survey of Telemedicine 
Use 

Provided insights into the adoption of 
telemedicine by doctors in India, identifying 

challenges and opportunities. 

Limited to the Indian context, which may 
not be generalizable to other regions or 

healthcare systems. 

Meinert et al. 
(2024) 

Autonomous AI Clinical 
Assistant 

Evaluated an AI assistant for telemedicine 
follow-ups in cataract surgery, demonstrating 

its potential for improving remote assessments. 

Focused on a specific procedure, which 
may limit its broader application in other 

telemedicine areas. 

Darji et al. 

(2024) 

DNN-Based Remote Data 

Analysis 

Developed a secure DNN-based framework for 

distant patient data investigation, aimed at 
cultivating life expectation in healthcare 4.0. 

Security and computational challenges may 

affect the framework's practical 
implementation. 

De Mattei et 

al. (2024) 

AI Virtual Simulated 

Patients 

Assessed the use of AI virtual patients for 

training healthcare professionals, potentially 
enhancing telemedicine education. 

Primarily focused on educational aspects, 

with limited direct application to clinical 
diagnostics. 

Hayawi et al. 

(2024)  

Generative AI in Reverse 

Vaccinology 

Investigated generative AI and large language 

representations for vaccine research, which 

could be adapted for diagnostic applications in 
telemedicine. 

Focused on vaccine development, which 

may not directly address telemedicine 

diagnostic needs. 

Kapustina et 

al. (2024) 

AI Tools for Medicinal 

Chemistry 

Discussed user-friendly AI tools for 

pharmaceuticals, with potential applications in 
telemedicine for drug development and patient 

management. 

The primary focus on pharmaceuticals may 

limit direct relevance to telemedicine 
diagnostics. 

Table 2 provides an overview of various AI-driven telemedicine frameworks and their contributions, as well as potential 

limitations that may impact their application [14]-[30]. 

 

3. COMPARATIVE ANALYSIS of EXISTING MODELS 

Different models of existing system are listed below: 

1. BERT (Bidirectional Encoder Representations from Transformers)  

2. ClinicalBERT 

3. T5 (Text-To-Text Transfer Transformer) 

4. ClinicalXLNet 

5. DeBERTa (Decoding-enhanced BERT with disentangled attention) 

Table 3 illustrates comparative analysis of NLP Models based on working principle, significance, limitations and real-

time implementation/application [31]-[38]. 

 

Table.3. NLP Models – Comparison 
Model Working Principle Significance Limitations Real-Time 

Implementation/Applications 

BERT Uses bidirectional 

transformers to capture context 

from both directions. 

Achieves high performance on 

various NLP tasks through pre-

training on large corpora. 

High computational 

requirements for fine-tuning 

and inference. Limited 

handling of long sequences. 

Text classification, named entity 

appreciation, sentiment examination, 

and question answering (Devlin et al., 

2018). 

ClinicalBERT Fine-tunes BERT for clinical 

text, using domain-specific 

embeddings and tasks. 

Improves performance on 

clinical tasks such as 

predicting hospital 

readmission and processing 

clinical notes. 

May require extensive fine-

tuning on specific clinical data. 

Limited generalization to non-

clinical texts. 

Clinical note processing, hospital 

readmission prediction, and 

information extraction from medical 

records (Huang et al., 2019; Alsentzer 

et al., 2019). 

T5 Treats all NLP errands as text-

to-text problems, using a 

unified outline for various 

tasks. 

Flexible and powerful in 

handling diverse tasks with a 

single design, leveraging pre-

training and fine-tuning 

strategies. 

Complexity in model 

architecture can lead to 

increased resource 

requirements. May struggle 

with very specific tasks 

without fine-tuning. 

Text summarization, translation, and 

text generation (Mastropaolo et al., 

2021; Kale and Rastogi, 2020). 

ClinicalXLNet Extends XLNet for clinical 

data, focusing on modelling 

sequential notes and predicting 

medical outcomes. 

Enhanced performance in 

clinical settings by leveraging 

permutation-based training for 

sequential data. 

Computationally intensive due 

to permutation-based training. 

Requires domain-specific 

adaptations. 

Predicting mechanical ventilation 

duration, hospital readmission, and 

mortality prediction from clinical 

notes (Huang et al., 2019; Zou et al., 

2023). 

DeBERTa Utilizes disentangled attention 

and enhanced decoding 

techniques to separate content 

and positional information. 

Improves context 

understanding and token 

relationships, leading to better 

performance on various NLP 

tasks. 

Increased computational 

demands due to complex 

attention mechanisms. 

Sensitivity to noisy input data. 

Named entity recognition, cross-

linguistic tasks, and information 

extraction (He et al., 2020; Ta et al., 

2022). 

Table 3 summarises the characteristics of various NLP models under discussion. 
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4. TYPICAL SYSTEM ARCHITECTURE of NLP MODELS 

Fig. 1 depicts the general system architecture of natural language processing models.  

 

 
Fig.1. A Typical System Architecture of NLP Models 

 

Architecture of Telemedicine System Framework contains different blocks, which includes clinical data input, data 

preprocessing, NLP models, output processing, telemedicine applications, system evaluation and system refinement. 

1. Clinical Data Input: Clinical data in the form of electronic health records (EHRs), text and structured data were gathered 

from data sources and prepared for additional handling. This raw data was used for further analysis and model training. 

2. Data Preprocessing: Raw data was cleaned and changed into the format of NLP models by performing operations such 

as text normalization, tokenization, and noise removal. The information provided into the models was reliable and 

consistent, which improves the quality of data by applying standards. 

3. NLP Models: For performing particular telemedicine task, several natural language processing models were designed 

as follows: 

• BERT: Bidirectional Encoder Representations from Transformers was pretrained from unlabeled text on both left and 

right context in all layers. It performs the tasks, such as question answering. 

• ClinicalBERT: BERT model was pretrained using clinical notes and it predicts whether patient will be readmitted 

within 30 days. 

• T5: Text-to-Text Transfer Transformer model was pretrained on data for translation, summarization, classification and 

question answering tasks. It works for data-to-task generation, which converts structured data in the form of tables and 

graphs to text after fine-tuning. 

• ClinicalXLNet: Clinical notes contain abbreviations, jargon, and difficult syntax and grammar. The nuances of the 

individual clinical notes were captured through the model. 

• DeBERTa: Decoding enhanced BERT with disentangled attention in which two vectors were used to represent each 

word. Based on contents and relative positions, attention weights were computed using disentangled matrices. Stronger 

dependency between words will be accepted if the words occur next to each other rather than they occur in different 

sentences, Absolute positions were incorporated using enhanced mask decoder. The model was reaching the human level 

intelligence of NLU. 

4. Output Postprocessing: It performs the tasks like conversion of format, interpretation of outcome and refinement of 

output. 

5. Telemedicine Applications: It is used in real-world for clinical decision support systems, automated medical report 

generation, feedback management system, and patient monitoring systems. Patient outcomes and healthcare delivery were 

improved using these tools. 

6.System Evaluation: Performance and efficiency of telemedicine system were evaluated. Continuous assessment and 

improvement of efficiency and applicability to the system will be monitored. 

7.System Refinement: Finally, system was refined to produce correct output using several approaches [31]-[38]. 

 

Table.4. NLP Model Training: Pseudocode 
# Pseudocode for NLP Model Training 

model = NLPModel(config) # Initialize Specific NLP model 

# Pre-training 

for epoch in series(num_epochs): 

    for group in train_data: 

        # Forward pass 

        inputs = group['inputs'] 
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        labels = group['labels'] 

        outputs = model(inputs) 

        # Compute loss 

        loss = compute_loss(outputs, labels) 

        # Backward pass 

        loss.backward() 

        # Update parameters 

        optimizer.step() 

        optimizer.zero_grad() 

# Fine-tuning 

for epoch in series(num_epochs): 

    for group in fine_tune_data: 

        # Forward pass 

        inputs = group['inputs'] 

        labels = group['labels'] 

        outputs = model(inputs) 

        # Compute loss 

        loss = compute_loss(outputs, labels) 

        # Backward pass 

        loss.backward() 

        # Update parameters 

        optimizer.step()  

        optimizer.zero_grad() 

Table 4 illustrates pseudocode for training NLP Model 

 

5. CHALLENGES AND FUTURE DIRECTIONS 

NLP models, such as BERT, Clinical BERT, T5, ClinicalXLNet, and DeBERTa met various challenges such as scalability 

issues, consistent performance, technical challenges, and data privacy issues. There is extensive scope in future for 

research work in these areas to overcome these challenges. 

 

5.1 LIMITATIONS 

Some limitations and challenges were encountered in NLP models. Computational complexity of NLP models leads to 

increase in time and resources required for training. A GPU hardware with high performance and large memory are 

required. Environment with limited computational resources will be challenged for scalability issues.  

Another challenge was met while preprocessing of data. To maintain the quality and consistency of input data in large 

dataset, extensive amount of preprocessing is needed. Performance of model may be affected due to noise in the dataset, 

such as incomplete or irrelevant information. Difficulties in consistent performance of healthcare related task occurred 

due to some imbalanced medical dataset. 

 

5.2 TECHNICAL CHALLENGES 

Several technical challenges are faced by AI-driven telemedicine system. NLP models and current healthcare systems 

have different data formats and standards. One of the biggest challenges are their integration. It is necessary that accurate 

results must be produced by NLP models like BERT, ClinicalBERT, T5, ClinicalXLNet and DeBERTa while addressing 

medical jargon and context specific language. While handling large amount of data, model faces the scalability issues. 

Improvement in real time processing is required for prompt replies in clinical contexts. Variations in patient demographics 

and clinical procedures must be included for creating universally effective models, which are the challenging task. 

 

5.3 ETHICAL and PRIVACY CONCERNS 

Privacy and ethics are the most important factors in AI-driven telemedicine. Confidentiality of patient’s data should be 

considered. If AI model was unchecked, it may be liable for differences in healthcare results. Extreme dependence on 

automated system or incorrect diagnosis should be considered while implementing these models. To avoid cyberthreats 

and illegal threats of patient data, safeguards should be implemented. 

 

6. CONCLUSION 

The study provided review of NLP models in healthcare access. It makes comparison of different types of NLP models 

like BERT, ClinicalBERT, T5, ClinicalNet and DeBERTa. Normalization, Tokenization, information extraction, noise 

removal and summarization of text in the models exposed improvement in telemedicine.  Study discusses strengths and 

weaknesses of each model.  

This is the prominent area for research in universe, emphases mainly in rural areas.  There is wide scope for research in 

future to optimize the challenges. Future research in this field can be achieved considering various aspects such as 

scalability issues, preprocessing of large amount of data, inconsistent performance due to imbalanced medical dataset. 

Future work can be continued to optimize technical challenges such as integration of data in different formats and 

standards, improvement for prompt replies in clinical contexts. Also, different parameters such as accuracy, processing 
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time, recall, F1 score, BLUE score, low latency should be considered for improvement of telemedicine in healthcare. 

Finally, future research could explore optimization of model efficiency in real-time applications, and protection of 

healthcare data through advanced data security techniques. 
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