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ABSTRACT 

LLMs have emerged as powerful tools in healthcare, offering transformative solutions to improve patient care, streamline 

clinical workflows, and enhance medical research. These models, built upon advanced NLP techniques and trained on vast 

amounts of text data, can understand, generate, and analyze human language with unprecedented accuracy and complexity. 

This paper provides a comprehensive overview of LLMs in healthcare, covering their fundamentals, applications, 

advantages, challenges, and future directions. We discuss the evolution and development of LLMs, their key components 

and architectures, and the training and fine-tuning processes involved. Furthermore, we explore many applications of LLMs 

in healthcare, including clinical documentation, medical literature analysis, diagnostic assistance, and patient engagement. 

We also examine the advantages of LLMs in improving healthcare delivery, such as enhancing clinical decision-making, 

reducing administrative burden, and facilitating patient-provider communication. However, adopting LLMs in healthcare 

has challenges, including ethical and privacy considerations, technical limitations, and bias mitigation strategies. Through 

case studies and use cases, we highlight successful implementations of LLMs in healthcare settings and discuss lessons 

learned and best practices. Finally, we provide recommendations and guidelines for researchers, practitioners, and 

policymakers to harness the full potential of LLMs while ensuring ethical and responsible use. This paper underscores the 

significance of LLMs in shaping the future of healthcare and calls for continued research and innovation in this rapidly 

evolving field. 
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__________________________________________________________________________________ 

 

INTRODUCTION 

Language models (LMs) are computational models designed to understand, generate, and analyze human 

language. In healthcare, LMs play a crucial role in processing and interpreting textual data from various sources, 

including electronic health records (EHRs), medical literature, patient communication, and clinical notes. These 

models utilize NLP techniques to extract relevant information, perform text classification, summarization, and 

sentiment analysis tasks, and generate human-like responses. LLMs in healthcare have evolved significantly in 

recent years, driven by advancements in deep learning and the availability of large-scale datasets. They enable 

healthcare professionals to extract insights from unstructured text data, improve clinical decision-making, 

automate administrative tasks, and enhance patient engagement. 

LLMs represent a significant advancement in natural language processing, capable of processing vast amounts 

of text data with remarkable accuracy and complexity. In healthcare, LLMs have the potential to revolutionize 

various aspects of patient care, research, and healthcare delivery. These models can analyze large volumes of 

medical literature to extract relevant information, assist in diagnostic decision-making, generate patient-friendly 

summaries of complex medical information, and facilitate communication between healthcare providers and 
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patients. Moreover, LLMs enable the development of innovative applications such as virtual medical assistants, 

clinical documentation tools, and telemedicine platforms, enhancing efficiency, accuracy, and accessibility in 

healthcare delivery. 

This paper aims to provide a comprehensive overview of language models' role in healthcare, particularly 

LLMs. It seeks to explore the fundamentals of language models and their applications in healthcare, discuss the 

importance and potential of LLMs in transforming healthcare delivery and patient care, examine the current 

landscape of LLMs in healthcare, highlight successful implementations and use cases of LLMs in healthcare 

settings, and provide recommendations and best practices for researchers, practitioners, and policymakers to 

leverage LLMs effectively while ensuring ethical and responsible use in healthcare. This paper aims to 

contribute to understanding LLMs' role in healthcare and stimulate further research and innovation in this 

rapidly evolving field [1]. 

 

FUNDAMENTALS OF LLMS 

LLMs are advanced NLP models designed to understand and generate highly accurate and complex human 

language. These models are characterized by their ability to process large amounts of text data, learn patterns 

and relationships within the data, and generate human-like responses. LLMs are typically built using deep 

learning architectures, such as transformers, and are trained on massive datasets to capture the intricacies of 

language semantics, syntax, and context. They can perform various NLP tasks, including text classification, 

summarization, sentiment analysis, machine translation, and question-answering. 

The evolution and development of LLMs have been driven by advancements in deep learning algorithms, 

increased computational power, and the availability of large-scale text corpora. Early language models, such as 

recurrent neural networks (RNNs) and long short-term memory (LSTM) networks, laid the foundation for 

sequence modeling and text generation tasks. However, the breakthrough came with the introducing of 

transformer-based architectures, such as the Transformer model proposed by Vaswani et al. (2017), which 

revolutionized NLP tasks with its self-attention mechanism and parallel processing capabilities. Subsequent 

models, such as BERT (Bidirectional Encoder Representations from Transformers) and GPT (Generative Pre-

trained Transformer), further pushed the boundaries of LLM performance by pre-training on massive text 

datasets and fine-tuning for specific downstream tasks [2]. 

Key components and architectures are integral to the performance and functionality of LLMs. These include the 

transformer architecture, the foundation for many LLMs, featuring self-attention mechanisms that efficiently 

capture long-range dependencies and contextual information in text sequences. Additionally, LLMs rely on pre-

training and fine-tuning processes, wherein they are pre-trained on large text corpora using unsupervised 

learning objectives, such as masked language modeling or next sentence prediction, before being fine-tuned on 

specific downstream tasks using supervised learning. Tokenization and embeddings play a crucial role in LLMs 

by breaking input text into subword units and representing each token as a high-dimensional embedding vector, 

capturing semantic and syntactic information during model training. Finally, the output layer of LLMs generates 

predictions or responses based on the learned representations of input text, which can consist of softmax 

classifiers for classification tasks, decoder layers for sequence generation tasks, or regression layers for 

continuous prediction tasks. These key components and architectures collectively contribute to LLMs' 

impressive performance and versatility in natural language processing tasks. 

Training and fine-tuning LLMs involve several stages, including data preprocessing, model training, and 

evaluation. During pre-training, the model is trained on a large corpus of text data using unsupervised learning 

objectives to learn general language representations. Fine-tuning involves further training the pre-trained model 

on task-specific data using supervised learning objectives to adapt the model to specific downstream tasks. Fine-

tuning typically involves adjusting the model's parameters, such as learning rates, batch sizes, and optimization 

algorithms, to optimize performance on the target task. Evaluation metrics such as accuracy, precision, recall, 

and F1 score assess the model's performance on validation or test datasets and ensure robustness and 

generalization capabilities. 

 

APPLICATIONS OF LLMS IN HEALTHCARE 

Clinical documentation and Electronic Health Records (EHR) play a crucial role in healthcare delivery, 

providing a comprehensive record of a patient's medical history, diagnoses, treatments, and outcomes. LLMs are 
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increasingly being utilized to streamline the process of clinical documentation and EHR management. LLMs 

can automatically generate structured clinical notes, progress reports, and discharge summaries from 

unstructured patient data, reducing the burden on healthcare providers and improving documentation accuracy 

and completeness. Additionally, LLMs can assist in coding and billing processes by extracting relevant 

information from clinical notes and EHRs, ensuring compliance with coding standards and reimbursement 

guidelines. 

The vast amount of medical literature published daily presents a significant challenge for healthcare 

professionals to stay updated with the latest research findings and evidence-based practices. LLMs are employed 

to analyze and summarize medical literature, extract key information, identify trends, and synthesize complex 

concepts into concise summaries. These models can automatically generate literature reviews, evidence 

summaries, and annotated bibliographies, facilitating review processes for clinicians, researchers, and 

policymakers. By leveraging LLMs for medical literature analysis and summarization, healthcare professionals 

can efficiently access and utilize relevant research findings to inform clinical decision-making and improve 

patient care [3-6]. 

NLP techniques are widely used in healthcare for analyzing and extracting insights from medical text data, such 

as clinical notes, radiology reports, and pathology reports. LLMs enhance NLP capabilities by enabling more 

accurate and contextually relevant text analysis, including entity recognition, sentiment analysis, and 

relationship extraction. These models can identify medical concepts, extract clinical entities (e.g., symptoms, 

diagnoses, medications), and infer relationships between entities from unstructured text data. By applying NLP 

techniques powered by LLMs, healthcare organizations can improve information retrieval, clinical coding, and 

decision support systems, improving patient outcomes and operational efficiency. 

LLMs are increasingly utilized to assist healthcare providers in diagnostic decision-making and clinical decision 

support. These models can analyze patient data from various sources, including clinical notes, lab results, 

imaging reports, and genetic data, to generate differential diagnoses, recommend appropriate diagnostic tests, 

and provide treatment suggestions based on evidence-based guidelines and best practices. LLMs can also predict 

patient outcomes, identify potential adverse events, and stratify patients based on risk factors, enabling 

personalized and precision medicine approaches. By integrating LLMs into diagnostic assistance and decision 

support systems, healthcare providers can enhance diagnostic accuracy, optimize treatment plans, and improve 

patient safety and outcomes. 

Patient engagement and telemedicine applications increasingly leverage LLMs to enhance communication 

between patients and healthcare providers, facilitate remote consultations, and support self-management of 

health conditions. LLMs can analyze patient-generated text data, such as electronic messages, social media 

posts, and wearable device data, to extract relevant health information, provide personalized health 

recommendations, and offer emotional support and counseling. Additionally, LLMs can power virtual medical 

assistants and chatbots, enabling patients to access healthcare information, schedule appointments, and receive 

triage and symptom assessment services remotely. By incorporating LLMs into patient engagement and 

telemedicine applications, healthcare organizations can improve access to care, enhance patient satisfaction, and 

promote proactive health and wellness management [7]. 

 

ADVANTAGES AND CHALLENGES OF LLMS IN HEALTHCARE 

LLMs offer significant advantages in enhancing healthcare delivery across various aspects. Firstly, they 

contribute to enhanced clinical decision-making by analyzing extensive datasets comprising patient records, 

medical literature, and clinical guidelines. Through this analysis, LLMs can assist healthcare providers in 

making more informed and evidence-based decisions, leading to improved patient outcomes and personalized 

treatment plans. Secondly, LLMs streamline documentation processes within healthcare settings. By automating 

tasks such as clinical note generation and medical record summarization, LLMs alleviate the administrative 

burden on healthcare professionals, allowing them to focus more on patient care. Moreover, these automated 

documentation processes enhance accuracy and completeness, ensuring that critical information is captured 

efficiently [8]. 

LLM-powered applications facilitate improved patient engagement by providing personalized health 

information, responding to patient inquiries, and offering support and guidance. These applications enhance 

communication between patients and healthcare providers, fostering a collaborative approach to care and 
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promoting patient satisfaction and adherence to treatment plans. Moreover, LLMs contribute to diagnostic 

assistance by analyzing patient data and medical images to aid healthcare providers in diagnosing diseases, 

interpreting test results, and predicting patient outcomes. By leveraging the vast amount of data available, LLMs 

enable earlier detection of health conditions and more accurate diagnosis, leading to timely interventions and 

improved patient prognosis. Lastly, LLMs play a crucial role in telemedicine and remote care by powering 

virtual assistants and chatbots that facilitate remote consultations, symptom assessment, and medication 

management. These applications enhance access to healthcare services, particularly in underserved areas or 

during public health crises, while promoting continuity of care and patient convenience. 

Despite their potential benefits, adopting and implementing LLMs in healthcare are accompanied by several 

challenges. One significant challenge is related to data quality and accessibility. LLMs require large volumes of 

high-quality labeled data for training. Yet, such data may be scarce or inaccessible due to privacy regulations, 

data silos, and interoperability issues within healthcare systems. Integration with existing healthcare IT systems 

and workflows presents another challenge. Deploying LLM-powered solutions within healthcare is another 

obstacle to the adoption of LLMs. Healthcare providers may hesitate to adopt LLM-powered tools due to 

concerns about job displacement, loss of autonomy, and overreliance on technology. Addressing these concerns 

requires education, training, and engagement with healthcare professionals to demonstrate the benefits and 

potential of LLMs in improving patient care. 

 
Figure 1: Overview of our proposed approach [32] 

 

 
Figure 2: GPT 3 use case that bot triaging and patient notr summarization 

 

LLMs raise ethical and privacy considerations that must be addressed. These models may access sensitive 

patient information, raising concerns about data privacy, confidentiality, and unauthorized access. Ensuring 
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patient consent, transparency, and accountability in using LLMs is essential to maintaining trust and ethical 

standards within healthcare settings. 

LLMs exhibit technical limitations and biases that require mitigation strategies to ensure fair and accurate 

outcomes. One common limitation is data bias, where LLMs trained on biased or unrepresentative datasets may 

produce biased outputs. To address this, techniques such as data augmentation, debiasing algorithms, and 

adversarial training can be employed to mitigate bias and promote fairness in 

LLM outputs. Another challenge is domain adaptation, where LLMs trained on general text corpora may lack 

domain-specific knowledge relevant to healthcare. Fine-tuning LLMs on healthcare data or employing domain 

adaptation techniques can improve performance and ensure that LLMs effectively capture domain-specific 

nuances and terminology. 

Interpretability is another consideration in LLMs, as their complex architectures make it challenging to interpret 

their decisions. Techniques such as attention mechanisms, model distillation, and explainability methods can 

enhance interpretability and enable healthcare providers to understand and trust LLM outputs. Furthermore, 

LLMs are vulnerable to adversarial attacks, where malicious inputs can lead to erroneous outputs. Robustness 

testing and adversarial training can enhance LLM resilience to such attacks, ensuring they remain reliable and 

trustworthy in real-world healthcare applications. 

Addressing these challenges and considerations is essential for realizing the full potential of LLMs in improving 

healthcare delivery while safeguarding patient privacy, autonomy, and well-being. Collaborative efforts between 

stakeholders, including healthcare providers, researchers, policymakers, and technology developers, are 

necessary to overcome these challenges and ensure the responsible and effective adoption of LLMs in 

healthcare. 

 

FUTURE DIRECTIONS AND EMERGING TRENDS 

The field of LLMs continues to evolve rapidly, with several potential advancements on the horizon. One area of 

focus is improving the scalability and efficiency of LLM architectures to handle even larger datasets and more 

complex language tasks. Researchers are exploring novel model architectures, such as sparse attention 

mechanisms, hierarchical structures, and dynamic routing, to reduce computational complexity and memory 

requirements while maintaining performance. 

Another area of advancement is enhancing the interpretability and explainability of LLMs. Current LLMs often 

lack transparency in their decision-making processes, making understanding how they arrive at their outputs 

challenging. Future advancements may involve developing interpretable models that provide insights into 

LLMs' underlying mechanisms and reasoning processes, enabling healthcare providers to trust and verify their 

outputs more effectively. There is ongoing research into making LLMs more adaptable and context-aware. 

Future LLMs may incorporate contextual information from multiple modalities, such as text, images, and sensor 

data, to better understand and respond to diverse healthcare scenarios. These advancements could enable LLMs 

to provide more personalized and contextually relevant recommendations and interventions, improving patient 

outcomes and healthcare delivery [9-12]. 

LLMs can be integrated with emerging technologies such as Artificial Intelligence (AI) and the Internet of 

Things (IoT) to create more powerful and comprehensive healthcare solutions. For example, LLMs can leverage 

AI algorithms to analyze and interpret complex medical data, including imaging studies, genetic information, 

and wearable sensor data. By integrating LLMs with AI, healthcare providers can gain deeper insights into 

patient health status, disease progression, and treatment response, enabling more personalized and precision 

medicine approaches. 

LLMs can interface with IoT devices to collect real-time patient data and provide timely interventions and 

support. For instance, LLM-powered virtual assistants and chatbots can integrate with wearable devices to 

monitor patient vital signs, track medication adherence, and provide personalized health recommendations. By 

leveraging IoT data streams, LLMs can enhance their predictive capabilities and enable proactive management 

of chronic conditions, leading to better patient outcomes and reduced healthcare costs. 

LLMs face several key challenges and limitations that must be addressed. One major challenge is the lack of 

diverse and representative training data, which can lead to biases and inaccuracies in LLM outputs. Addressing 

this challenge requires collecting and curating high-quality labeled datasets that capture the diversity of patient 

populations and healthcare contexts. 
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Another challenge is ensuring the privacy and security of patient data when using LLMs in healthcare 

applications. LLMs may access sensitive patient information, raising concerns about data privacy, 

confidentiality, and unauthorized access. Robust security measures, encryption techniques, and access controls 

are needed to protect patient data and mitigate the risks of data breaches or misuse. 

Ensuring the reliability and robustness of LLM outputs is essential for their adoption in clinical practice. LLMs 

may produce erroneous or misleading outputs, especially when faced with rare or ambiguous medical cases. 

Ongoing validation and evaluation of LLM performance and transparency in their decision-making processes 

are necessary to build trust and confidence in LLM-powered healthcare solutions. 

The widespread adoption of LLMs in healthcare has significant implications for healthcare policy and 

regulation. 

Policymakers and regulators must establish clear guidelines and standards for the ethical and responsible use of 

LLMs in healthcare settings. This includes ensuring compliance with existing regulations, such as the Health 

Insurance Portability and Accountability Act (HIPAA) in the United States, to protect patient privacy and data 

security. 

Policymakers should promote transparency and accountability in LLM-powered healthcare applications by 

requiring transparency reports and audit trails from developers and healthcare organizations. These reports 

should detail how LLMs are trained, validated, and deployed and their potential biases, limitations, and risks. 

Policymakers must address the workforce implications of LLM adoption in healthcare, including workforce 

training and re-skilling initiatives to prepare healthcare professionals for working with LLM-powered 

technologies. Additionally, policies should encourage interdisciplinary collaboration between healthcare 

providers, data scientists, engineers, and policymakers to ensure that LLMs are effectively integrated into 

clinical practice and deliver maximum value to patients and healthcare systems [13-23]. 

Healthcare policy and regulation play a crucial role in shaping the responsible and ethical use of LLMs in 

healthcare, ensuring that these technologies are deployed safely, effectively, and equitably to improve patient 

outcomes and enhance healthcare delivery. 

 

RECOMMENDATIONS AND GUIDELINES 

Implementing LLMs in healthcare settings requires careful planning, collaboration, and adherence to best 

practices to ensure successful deployment and integration. Key considerations include conducting a 

comprehensive needs assessment to identify specific clinical challenges and workflow inefficiencies that LLMs 

can address. Collaborating across disciplines is crucial, involving healthcare professionals, data scientists, 

engineers, and policymakers to develop tailored solutions that meet clinical needs while complying with 

regulations and prioritizing patient safety and privacy. 

 
Figure 3: Doctor evaluation of amount of medical information covered by summaries provided by PEGASUS 

models [24-28] 

 

Fig 3: Doctor evaluation of amount of medical information covered by summaries provided by PEGASUS 

models [28] Prioritizing data quality and governance is essential to ensure that LLMs are trained on high-

quality, representative datasets and comply with regulatory requirements, such as patient privacy regulations 

like HIPAA. Rigorous validation and evaluation of LLM performance are necessary before deployment, 

including metrics such as clinical relevance, accuracy, interpretability, and reliability. Seamless integration with 
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existing healthcare IT systems, electronic health records (EHRs), and clinical workflows minimizes disruption 

and maximizes usability for healthcare providers. Comprehensive training and support for healthcare providers 

are essential to ensure proficiency in using LLM-powered tools and understanding their capabilities, limitations, 

and ethical considerations. Establishing processes for continuous monitoring, feedback collection, and iterative 

improvement allows for ongoing optimization of LLM implementations based on user feedback, performance 

metrics, and emerging best practices. 

 
Figure 4: Doctor evaluation of amount of medical information covered by summaries provided by DRSUM 

models [28] 

 

Researchers should focus on advancing LLM technologies, addressing key challenges, and developing 

innovative applications tailored to healthcare needs. Collaboration with healthcare professionals ensures that 

LLMs are designed and evaluated with clinical relevance and utility. Practitioners should embrace LLM-

powered solutions as tools to enhance clinical decision-making, streamline workflows, and improve patient care. 

Staying informed about the latest developments in LLM technology and participating in training programs 

ensure effective utilization of LLM-powered tools in clinical practice. 

Policymakers must develop clear guidelines, regulations, and standards for the ethical and responsible use of 

LLMs in healthcare. Promoting transparency, accountability, and patient safety in LLM implementations 

through regulatory frameworks, compliance requirements, and oversight mechanisms is crucial [28]. 

Ethical and responsible use of LLMs in healthcare is paramount to ensure patient privacy, safety, and well-

being. Guidelines include prioritizing patient privacy and obtaining informed consent for collecting, storing, and 

using patient data in LLM-powered applications. Transparency and explainability in LLM decision-making 

processes enable healthcare providers and patients to understand outputs. At the same time, bias detection and 

mitigation techniques ensure fair and equitable outcomes for all patient populations. Establishing governance 

mechanisms and oversight processes to monitor LLM implementations, track performance metrics, and address 

ethical concerns or adverse outcomes is essential. Continuous evaluation, improvement, and stakeholder 

engagement ensure that LLM implementations align with ethical principles and best practices. 

 

CONCLUSION 

Throughout this paper, we have explored the role of LLMs in revolutionizing healthcare delivery. We began by 

examining the definition, characteristics, and evolution of LLMs, highlighting their potential to transform 

various aspects of healthcare. We discussed key components and architectures of LLMs, including their 

applications in clinical documentation, medical literature analysis, natural language processing, diagnostic 

assistance, and patient engagement. 

We delved into the benefits and impacts of LLMs in healthcare, such as enhancing crop yield and productivity, 

improving resource utilization and efficiency, contributing to food security and sustainability, and creating 

economic opportunities for agricultural growth. We also addressed challenges and limitations, including data 

privacy and security concerns, technical challenges in data integration and analysis, adoption barriers faced by 

farmers, and ethical considerations in agricultural data science. 

We provided insights into best practices for implementing LLMs in healthcare settings, recommendations for 

researchers, practitioners, and policymakers, and guidelines for ethical and responsible use of LLMs. By 

adhering to these principles, healthcare organizations can harness the full potential of LLMs to improve 
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healthcare delivery, enhance patient care, and advance the practice of medicine while upholding ethical 

standards, patient privacy, and regulatory compliance. 

The significance of LLMs in shaping the future of healthcare cannot be overstated. LLMs have the potential to 

revolutionize healthcare delivery by enabling more accurate diagnosis, personalized treatment planning, and 

proactive disease prevention. By leveraging the vast amounts of medical data and knowledge encoded in text, 

LLMs can augment the capabilities of healthcare providers, improve clinical decision-making, and ultimately 

enhance patient outcomes. LLMs hold promise for addressing longstanding challenges in healthcare, such as 

information overload, clinical documentation burden, and healthcare disparities. By automating tedious tasks, 

extracting relevant insights from unstructured data, and providing tailored recommendations, LLMs can 

empower healthcare providers to deliver more efficient, effective, and equitable patient care. LLMs can 

potentially drive innovation and transformation across the entire healthcare ecosystem. From drug discovery and 

clinical research to telemedicine and patient engagement, LLM-powered solutions can reshape how healthcare is 

delivered, experienced, and perceived. By embracing LLMs, healthcare organizations can unlock new 

opportunities for improving health outcomes, reducing costs, and advancing population health. 

Despite the tremendous progress made in the field of LLMs in healthcare, there are still many opportunities for 

continued research and innovation. Researchers, practitioners, and policymakers must collaborate to address key 

challenges, advance LLM technologies, and develop scalable, interoperable, and ethical solutions that benefit 

patients and healthcare systems. 

There is a need for further research into improving the interpretability, explainability, and fairness of LLMs to 

enhance trust and transparency in their use. Efforts should be focused on developing robust, adaptable, and 

context-aware LLMs capable of understanding complex medical scenarios and providing actionable insights 

tailored to individual patient needs. 

Interdisciplinary collaboration between healthcare professionals, data scientists, engineers, and policymakers is 

essential for translating LLM research into real-world clinical practice. By working together, stakeholders can 

ensure that LLM-powered solutions address clinical needs, comply with regulatory requirements, and prioritize 

patient safety and privacy. 

In conclusion, the continued research and innovation in LLMs in healthcare hold immense promise for 

transforming healthcare delivery, improving patient outcomes, and shaping the future of medicine. By 

embracing this call to action and investing in developing and implementing LLM-powered solutions, we can 

unlock new possibilities for advancing healthcare and enhancing the well-being of individuals and communities 

worldwide. 
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