
www.ijbar.org 

ISSN 2249-3352 (P) 2278-0505 (E) 

Cosmos Impact Factor-5.86 

 

 

 

 

Index in Cosmos 

JUNE 2025, Volume 15, ISSUE 2 

UGC Approved Journal 

 

 

 

 

 

 

 
 

Page | 1837 

 

 

  

Abstract—In the era of data-driven healthcare, the 

exponential growth of unstructured clinical documentation 

poses a critical bottleneck in timely and accurate clinical 

decision-making. Manual review of electronic health 

records (EHRs), especially scanned or handwritten medical 

documents, is fraught with inefficiencies, cognitive 

overload, and a high susceptibility to diagnostic oversight. 

This research presents a highly novel, fine-tuned 

implementation of the FLAN-T5 model, meticulously 

trained on domain-specific corpora such as MIMIC-IV and 

PubMed, to automate the semantic abstraction of medical 

records. Integrating Optical Character Recognition (OCR) 

via Tesseract.js with advanced Natural Language 

Processing (NLP), the system not only synthesizes complex 

clinical narratives into actionable summaries but also 

performs preliminary disease prognosis and therapeutic 

suggestion modeling. By employing robust evaluation 

metrics like ROUGE-L and BLEU, the model's output 

demonstrates high semantic fidelity and clinical relevance, 

surpassing traditional rule-based and statistical baselines. 

This AI- driven pipeline offers an unprecedented paradigm 

shift in clinical informatics by enabling real-time 

comprehension of heterogeneous medical data, ensuring 

critical insights are surfaced with precision and speed. It 

thereby mitigates diagnostic inertia, enhances inter-

professional communication, and streamlines evidence-

based care delivery in high-stakes, time-sensitive 

environments. This work stands as a foundational step 

 
 

toward autonomous, intelligent medical documentation 

systems in next-generation healthcare ecosystems. 

 

keywords—: FLAN-T5, OCR, NLP, Medical 

Summarization, MIMIC-IV, Clinical Decision Support, 

ROUGE-L. 

 

I INTRODUCTION 

 In recent years, the intersection of artificial intelligence (AI) 

and healthcare has evolved from a theoretical ambition into a 

transformative force, particularly in the realm of medical the 

documentation and clinical informatics. The shift towards 

electronic health records (EHRs) has generated a massive 

repository of patient information, yet much of this data remains 

locked in unstructured, narrative form. These clinical notes, 

discharge summaries, diagnostic imaging reports, and clinical 

value, pose significant challenges in terms of accessibility, 

interpretability, and timely utility. Traditional methods of 

summarizing these records rely heavily on manual review, an 

inherently error-prone, time-intensive process that strains 

medical personnel and often delays critical decision-making 

[1]. Consequently, there is an emergent need for intelligent 

systems that can parse through voluminous, unstructured 

clinical texts and condense them into concise, clinically 

meaningful summaries that support rapid comprehension and 

informed action. The application of Natural Language 

Processing (NLP) in this context holds considerable promise. In 

particular, the advent of large language models (LLMs), such 

as Google's FLAN-T5, has redefined the scope of automated 
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summarization by offering context-aware, fine-tuned models 

capable of performing high-fidelity semantic abstraction. 

Unlike earlier rule-based or template-driven summarization 

methods, LLMs benefit from transfer learning and instruction 

tuning, making them adaptable to nuanced clinical syntax and 

semantics [2]. The FLAN-T5 model, a variant of the original 

T5 (Text-To-Text Transfer Transformer) model, is 

distinguished by its fine-tuning on a multitude of instructional 

tasks, which equips it with exceptional generalization and 

language understanding capabilities across various domains, 

including biomedical informatics [3]. This research adopts a 

domain-specific approach to fine-tuning FLAN-T5 using 

medical corpora such as MIMIC-IV and PubMed. These 

datasets are chosen not only for their comprehensive coverage 

of critical care and peer-reviewed medical literature, 

respectively, but also for their syntactic and semantic alignment 

with the target. In recent years, the intersection of artificial 

intelligence (AI) and healthcare has evolved from theoretical 

ambition into a transformative force, particularly in the realm 

of medical documentation and clinical informatics. The shift 

towards electronic health records (EHRs) has generated a 

massive repository of patient information, yet much of this data 

remains locked in unstructured, narrative form. These clinical 

notes, discharge summaries, diagnostic imaging reports, and 

handwritten physician observations, although rich in context 

and clinical value, pose significant challenges in terms of 

accessibility, interpretability, and timely utility. Traditional 

methods of summarizing these records rely heavily on manual 

review, an inherently error-prone, time-intensive process that 

strains medical personnel and often delays critical decision-

making [1]. Consequently, there is an emergent need for 

intelligent systems that can parse through voluminous, 

unstructured clinical texts and condense them into concise, 

clinically meaningful summaries that support rapid 

comprehension and informed action. The application of Natural 

Language Processing (NLP) in this context holds considerable 

promise. In particular, the advent of large language models 

(LLMs), such as Google's FLAN-T5, has redefined the scope 

of automated summarization by offering context-aware, fine-

tuned models capable of performing high-fidelity semantic 

abstraction. Unlike earlier rule-based or template-driven 

summarization methods, LLMs benefit from transfer learning 

and instruction tuning, making them adaptable to nuanced 

clinical syntax and semantics [2]. The FLAN-T5 model, a 

variant of the original T5 (Text-To-Text Transfer Transformer) 

model, is distinguished by its fine-tuning on a multitude of 

instructional tasks, which equips it with exceptional 

generalization and language understanding capabilities across 

various domains, including biomedical informatics [3].This 

research adopts a domain-specific approach to fine-tuning 

FLAN-T5 using medical corpora such as MIMIC-IV and 

PubMed. These datasets are chosen not only for their 

comprehensive coverage of critical care and peer-reviewed 

medical literature, respectively, but also for their syntactic and 

semantic alignment with the target application domain [4]. By 

leveraging these curated datasets, the model develops a 

contextual sensitivity to medical language, which is essential 

for producing summaries that are both semantically accurate 

and clinically actionable. The ability to distil patient histories, 

diagnoses, lab results, and treatments into compact yet 

informative narratives can dramatically enhance the efficiency 

and accuracy of medical workflows, particularly in high-stakes 

settings such as emergency rooms and intensive care units [5]. 

A significant challenge in the medical summarization pipeline 

involves the handling of scanned or handwritten records, which 

are prevalent in legacy systems and small-scale clinics. Optical 

Character Recognition (OCR) technologies, specifically 

Tesseract.js in this implementation, bridge the gap by 

converting visual medical artefacts into machine-readable text. 

However, OCR output often contains noise, inconsistencies, 

and format-specific anomalies, which require preprocessing 

and error correction to ensure reliable downstream NLP 

performance [6]. The integration of robust OCR with fine-tuned 

NLP thus forms a critical component of the end-to-end 

summarization framework. Moreover, this system does not 

merely summarize but extends into predictive analytics by 

modelling potential diagnoses and therapeutic 

recommendations based on summarized content. This 

functionality reflects the growing interest in clinical decision 

support systems (CDSS) powered by Al, which aim to reduce 

diagnostic error and optimize treatment plans [7]. By 

embedding such capabilities within the summarization 

architecture, the model contributes to a broader vision of 

proactive, data-informed healthcare delivery [8]. Evaluating the 

efficacy of summarization models in medical contexts 

necessitates the use of robust metrics that account for both 

linguistic fidelity and clinical significance. In this study, the 

ROUGE-L and BLEU scores serve as principal evaluation 

criteria. ROUGE-L captures the longest common subsequence 

between the generated and reference summaries, thereby 

quantifying content retention, while BLEU assesses n-gram 

overlap, offering insights into syntactic alignment [9]. These 

metrics, while originally developed for general NLP tasks, have 

been validated in medical NLP research for their ability to 

approximate expert assessments when used judiciously 

[10].Despite these advancements, challenges remain. Clinical 

texts are rife with abbreviations, idiosyncratic phrases, and 

context-dependent references that complicate automated 

understanding. Additionally, privacy concerns and data-sharing 

limitations hinder the availability of high-quality, annotated 

training data, necessitating strategies such as federated learning 

and synthetic data augmentation [11]. Furthermore, the 

explainability of AI models is critical in the healthcare setting, 

where decisions must be transparent and justifiable. This has 
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led to growing interest in interpretable Al techniques, which 

aim to render the inner workings of complex models more 

accessible to clinicians and regulators alike [12]. From a 

systems design perspective, the pipeline developed in this study 

represents a scalable and modular architecture. Its components 

OCR, preprocessing, summarization, and predictive modelling 

can be independently upgraded or customized for deployment 

in diverse clinical environments. Such flexibility is essential for 

real-world adoption, where infrastructural and regulatory 

constraints vary widely across institutions [13]. Moreover, by 

utilizing open-source technologies and adhering to 

interoperability standards such as HL7 and FHIR, the system 

aligns with broader initiatives aimed at enhancing data 

portability and system integration in digital healthcare [14]. 

The implications of this research extend beyond technical 

innovation. Clinicians are increasingly burdened by 

administrative tasks, contributing to burnout and reducing the 

time available for patient care. Automating routine 

documentation and summarization tasks can alleviate this 

burden, allowing healthcare professionals to focus on higher-

order diagnostic and therapeutic responsibilities [15]. More 

importantly, timely access to synthesized patient information 

can improve continuity of care, reduce the likelihood of adverse 

events, and facilitate coordinated treatment planning across 

multidisciplinary teams. In summary, the deployment of a fine-

tuned FLAN-T5 model for medical record summarization 

addresses a pressing need in contemporary healthcare. By 

combining state-of-the-art language modelling with OCR and 

clinical inference, this approach delivers a multifaceted solution 

that enhances the readability, accessibility, and clinical utility 

of complex medical records. As the healthcare industry 

continues to embrace digital transformation, such Al-driven 

systems will be instrumental in realizing the vision of 

intelligent, efficient, and patient-centric care. 

II. LITERATURE REVIEW 

MIMIC-IV Dataset for Clinical Research Johnson et al [1] 

introduced MIMIC-IV, a publicly accessible database 

containing detailed de-identified clinical records. It supports 

research in health informatics and enables the development of 

AI models for patient care. Raffel et al [2] proposed the T5 

framework, which standardizes all NLP tasks in to a text-to-text 

format. This approach simplifies model training and 

demonstrates strong performance across diverse benchmarks. 

Transformer Architecture Vaswani et al. [3] presented the 

Transformer model, which relies entirely on self-attention 

mechanisms, removing the need for recurrent layers. This 

innovation greatly enhanced scalability and model 

performance. Devlin et al. [4] developed BERT, a model that 

learns deep bidirectional representations from unlabeled text, 

enabling more nuanced understanding for tasks like question 

answering and sentence classification. Lewis et al. [5] 

combined denoising autoencoding with sequence-to-sequence 

learning in BART, resulting in a model that performs well on 

both comprehension and text generation tasks. Zhang et al. [6] 

introduced PEGASUS, which uses gap-sentence generation as 

a pretraining strategy, enabling the model to learn 

summarization patterns more effectively than generic 

objectives. Lin [7] developed ROUGE, a set of metrics used to 

automatically evaluate summaries by measuring n-gram 

overlap between machine-generated and reference texts. 

Papineni et al. [8] proposed BLEU, a method for evaluating 

machine translation that calculates precision over n-grams, 

widely adopted in the NLP community. Peng et al. [9] explored 

how general models like BERT and ELMo perform on 

biomedical tasks, finding that domain-specific adaptations 

significantly enhance accuracy. Liu et al. [10] refined BERT's 

pretraining by adjusting hyperparameters and removing the 

next sentence prediction task. RoBERTa showed improved 

performance across several benchmarks. Alsentzer et al. [11] 

released ClinicalBERT, a variation of BERT pre-trained on 

clinical texts from MIMIC-III. It demonstrated superior 

performance in clinical NLP tasks like entity recognition and 

classification. Demner-Fushman et al. [12] reviewed the role of 

NLP in enhancing clinical decision-making systems, 

emphasizing its use in extracting relevant patient information 

and supporting diagnostics. Savova et al. [13] described the 

architecture of cTAKES, an NLP system tailored for processing 

clinical narratives. It includes modules for entity recognition, 

negation detection, and concept mapping. Smith et al. [14] 

provided an overview of the BioCreative II task, which focused 

on recognizing gene mentions in biomedical literature, 

contributing to standard benchmarks in biomedical NLP. 

Smith, Mann, and Plank [15] applied transformer-based models 

to correct OCR errors in handwritten clinical notes. Their work 

highlights the practical application of modern NLP to digitized 

healthcare documentation. 

 

III. METHODOLOGY: 

The methodology employed in this research on medical record 

summarization using fine-tuned FLAN-T5 is a meticulously 

designed pipeline that integrates state-of-the-art deep learning 

models, domain-specific data preprocessing, and rigorous 

evaluation mechanisms to ensure semantic precision and 

clinical utility. The entire process, from raw data ingestion to 

summary generation and performance evaluation, has been 

structured to reflect the intricacies of real-world clinical 

environments while leveraging the computational strengths of 

modern natural language processing frameworks. The initial 

phase of the methodology focuses on data acquisition and 

preparation. This study primarily uses publicly available, large-

scale medical datasets such as MIMIC-IV, which consists of 

anonymized electronic health records from critical care units, 

and PubMed, which offers a repository of peer-reviewed 

biomedical literature. These datasets are ideal for training and 

fine-tuning models in the clinical domain due to their extensive 
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coverage of medical terminologies, diagnostic narratives, 

treatment protocols, and follow-up documentation. The 

collected data is first subjected to a rigorous cleaning process, 

where entries with incomplete, ambiguous, or irrelevant content 

are filtered out. This is followed by de-identification procedures 

to ensure that all personal patient identifiers are removed or 

obfuscated in accordance with HIPAA and GDPR guidelines. 

A combination of regular expressions, named entity recognition 

models, and manual inspection ensures that the corpus is 

ethically compliant and legally secure for machine learning 

purposes. 

A. System Architecture: 
Fig 1: System Architecture for AI medical record summarization. 

The Medical Record Summarization is a comprehensive 

framework designed to automate the extraction and 

summarization of medical data. It starts with the Input 

Processing Layer, which uses an OCR module (Tesseract.js) to 

extract text from uploaded medical documents. This raw text is 

then passed to the Summarization Module, powered by a fine-

tuned Flan-T5 model that performs text-to-text transformation 

to generate concise, meaningful summaries. The summarization 

process is supported by an Encoder-Decoder Stack consisting 

of 24 encoder and 24 decoder layers, multi-head attention, feed-

forward networks, relative positional encoding, and dropout for 

improved performance and generalization 

Once the summary is generated, the Disease Prediction and 

Treatment Recommendation Module analyzes it to produce 

ICD-10 codes, treatment suggestions, and dietary 

recommendations, providing valuable clinical insights. The 

system is deployed on the Cloud and Storage Layer, which 

includes secure storage via Back blaze B2 and scalable 

processing through Google Cloud Vertex AI. The Frontend is 

built using Stream lit, offering users a simple interface to upload 

records and view the summarized results. Together, these 

components form a robust and scalable system for transforming 

unstructured medical data into actionable insights. 

B. Implementation: 

a. Upload Medical Report: Users upload reports in text, 

image, or PDF format.  

b. Text Extraction: If the file is an image or PDF, the system 

uses OCR (Tesseract) to extract text from it. 

c. Data Cleaning & Anonymization: The system removes 

personal details (like name, age, gender) to ensure privacy . 

Cleans and formats the text for better processing.  

d. Summarization: The cleaned text is passed to the FLAN-T5 

model to generate a concise medical summary. 

e. Disease Identification: The summary is analyzed using ICD-

10 mapping to classify diseases with standard medical codes.  

f. Treatment & Diet Suggestions: The system provides AI-

based treatment guidelines and dietary recommendations for the 

identified disease(s).  

g. Easy Retrieval: A unique ID is generated so users/doctors 

can easily access their reports later. 

IV. RESULTS AND ANALYSIS 

The evaluation of the proposed system for medical record 

summarization using the fine-tuned FLAN-T5 model 

demonstrated substantial improvements in both the accuracy 

and clinical relevance of generated summaries when compared 

with traditional rule-based and statistical summarization 

approaches. Utilizing the MIMIC-IV dataset for benchmarking, 

the system achieved a ROUGE-L score of 0.62 and a BLEU 

score of 0.48, signifying high fidelity in preserving essential 

clinical content while generating coherent and fluent 

summaries. These scores notably exceeded those produced by 

conventional extractive models such as Text Rank and even 

outperform baseline transformer architectures like BART and 

PEGASUS when evaluated under identical conditions. Beyond  

quantitative metrics, qualitative assessments by domain experts 

revealed that the summaries generated by the fine-tuned FLAN-

T5 model captured critical clinical details with minimal 

omission or distortion. Physicians involved in the evaluation 

reported that the summarized outputs closely mirrored what 

they would have manually written in patient handovers, thereby 

affirming the system's practical viability. Importantly, the 

system maintained robust  

performance even when dealing with handwritten notes 

subjected to OCR processing, achieving a accuracy of over 91% 

following preprocessing and domain-specific fine-tuning of 

Tesseract.js.  
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                Fig 2. Uploaded Image and Extracted Text 

 

 

 
                              Fig 3. Summarized Output 

 

                                
                           Fig 4. Diet Recommendations 

One of the most significant observations made during testing 

was the model's ability to retain nuanced medical information, 

particularly in cases involving complex co-morbidities and 

treatment histories. The integration of an auxiliary 

classification head enabled the system not only to summarize 

records but also to generate preliminary diagnostic labels with 

a macro-averaged F1-score of 0.81 for ICD-10 codes, 

suggesting the utility of the model for dual-function tasks. In 

instances of polypharmacy, where patients were on multiple 

concurrent medications, the summarizer demonstrated an 

adeptness in correctly referencing therapeutic regimens without 

introducing factual inaccuracies—a common flaw in earlier 

models. The user interface also played a critical role in refining 

the summarization experience, as clinicians could interactively 

guide the model’s focus towards specific sections of interest, 

such as recent lab reports or imaging findings. This level of user 

control resulted in higher user satisfaction scores, with over 

88% of test users reporting that the AI-generated summaries 

were clinically actionable and saved substantial documentation 

time. Moreover, the feedback-driven regeneration mechanism 

added an additional layer of assurance, as summaries failing to 

meet predefined completeness checks were automatically 

refined to ensure all vital components—such as allergies, 

dosages, and procedures—were included. 
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In practical deployment scenarios, the proposed system 

exhibited stable runtime performance, averaging less than five 

seconds to process and summarize a multi-page record, 

including OCR and validation stages. When scaled across 500 

anonymized patient cases, the system maintained a 

summarization accuracy rate consistent with its performance on 

the validation set, illustrating its robustness and 

generalizability. Security audits confirmed compliance with 

healthcare data protection standards, and federated training 

frameworks ensured that private data never left institutional 

boundaries, thereby satisfying ethical and legal obligations 

surrounding patient confidentiality. Overall, the results and 

subsequent discussion highlight the system’s strong potential to 

serve as a cornerstone in digital health transformation efforts, 

particularly in environments burdened by documentation 

overload. It not only addresses long-standing pain points in 

clinical workflows but also sets a precedent for intelligent, real-

time medical documentation that augments human expertise 

with the precision and efficiency of fine-tuned AI models.                    

V CONCLUSION   

In conclusion, the fine-tuned FLAN-T5 model revolutionizes 

medical record summarization by transforming complex, 

unstructured data into clear, actionable insights. Enhanced by 

Tesseract.js OCR and domain-specific training, the system 

performs reliably on diverse medical texts, including 

handwritten records. It not only summarizes but also supports 

preliminary diagnoses, easing clinician workload and 

improving decision-making. Strong performance metrics and 

clinical validation confirm its real-world value, positioning it as 

a scalable, ethical, and impactful solution for advancing digital 

healthcare and improving patient outcomes.  

VI FUTURESCOPE 

The system can be extended to include predictive analytics, 

longitudinal patient tracking, and improved interdisciplinary 

communication. Future work may also focus on enhancing 

multilingual support, integrating with electronic health records 

(EHR) in real time, and ensuring broader generalization across 

diverse clinical datasets. This paves the way for fully 

autonomous, intelligent medical documentation and decision-

support systems. 
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