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Abstract— Artificial Intelligence (AI) is transforming preventive healthcare by enabling early disease prediction, 

intelligent clinical decision support, automated medical report analysis, and personalized healthcare 

recommendations. This review examines recent advancements in AI-based healthcare technologies, including 

Machine Learning (ML), Natural Language Processing (NLP), Optical Character Recognition (OCR), Electronic 

Health Records (EHRs), and Large Language Models (LLMs). The reviewed studies highlight significant 

improvements in disease prediction, medical documentation, and patient care while identifying challenges such 

as data privacy, model reliability, interoperability, and clinical validation.  

Based on these findings, this paper presents the HealthGuardian framework, an integrated AI-powered 

preventive healthcare platform that combines symptom assessment, medical report analysis, secure health record 

management, and personalized health guidance. The review emphasizes the need for reliable, explainable, and 

secure AI solutions to improve preventive healthcare and patient outcomes.                                                                                                                                                                         

Keywords— Artificial Intelligence, Optical Character Recognition, Electronic Health Records, Large Language 
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I. INTRODUCTION 

Healthcare is gradually shifting from a treatment-oriented approach toward preventive and personalized care. Rapid 

developments in Artificial Intelligence, Machine Learning, Natural Language Processing, and cloud computing have 

enabled healthcare systems to identify potential health risks before they become severe. AI-based healthcare solutions 

can analyze large volumes of medical data, recognize hidden patterns, and provide timely recommendations that support 

better clinical decisions and healthier lifestyles. 

Modern healthcare applications include intelligent chatbots, symptom-checking systems, predictive disease models, 

medical image analysis, wearable-device monitoring, and electronic health record management. These technologies 

improve healthcare accessibility while reducing unnecessary hospital visits and supporting continuous patient 

monitoring. Despite these advancements, many existing systems focus on a single function instead of offering a 

comprehensive healthcare solution. This limitation motivates the proposal of an integrated platform, HealthGuardian, 

combining report analysis, AI guidance, secure records, and preventive health monitoring. 

Preventive healthcare emphasizes the identification of health risks and the promotion of appropriate interventions before 

a condition develops into a serious clinical problem. The increasing availability of electronic health records, laboratory 

measurements, medical reports, and patient-generated health information has created opportunities for computational 

systems to support this preventive approach. Machine learning can assist in identifying patterns within structured clinical 

data, while deep learning and natural language processing can process more complex and unstructured healthcare 

information. The use of these technologies has therefore expanded beyond diagnosis toward risk assessment, clinical 

documentation, information retrieval, and personalized healthcare support [9], [10], [12]. 
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An important characteristic of modern healthcare data is its heterogeneity. Patient information may be distributed across 

structured databases, free-text clinical notes, scanned reports, prescriptions, laboratory results, and longitudinal medical 

records. Biomedical informatics provides the technical foundation for organizing and interpreting these different forms 

of information, while artificial intelligence provides methods for prediction, classification, information extraction, and 

language-based interaction [13]. However, processing these data sources independently can create fragmented 

workflows and may require users to access multiple systems to obtain a complete view of a patient's health information. 

Another important consideration is that healthcare applications must balance technological capability with safety, 

privacy, transparency, and human oversight. The World Health Organization emphasizes that artificial intelligence for 

health should be developed and deployed with attention to ethical principles, human rights, accountability, and 

appropriate governance [6]. These considerations are particularly important for preventive healthcare applications 

because recommendations may influence how users understand symptoms, laboratory findings, lifestyle choices, and 

potential health risks. 

Therefore, the main objectives of this review are to examine the use of artificial intelligence, machine learning, natural 

language processing, optical character recognition, electronic health records, and large language models in preventive 

healthcare; identify common technical and clinical limitations reported in existing studies; analyze the research gap 

between individual AI healthcare functions and integrated preventive healthcare systems; and use these findings to 

define the proposed HealthGuardian framework. 

II. LITERATURE REVIEW 

A. Background / Basic Concepts 

Artificial Intelligence refers to computer systems capable of performing tasks that normally require human intelligence, 

such as learning, reasoning, prediction, and decision-making. In healthcare, AI is supported by Machine Learning 

algorithms, Natural Language Processing, Computer Vision, and Optical Character Recognition. 

Machine Learning enables prediction of disease risk by analyzing patient history and health parameters. NLP allows 

healthcare chatbots to understand user questions and generate understandable responses. OCR converts scanned 

prescriptions and laboratory reports into editable text, making automatic analysis possible. Electronic Health Records 

provide centralized storage of patient information, allowing doctors and patients to access medical history whenever 

required. Cloud computing supports secure data storage and remote accessibility, while visualization dashboards help 

users understand long-term health trends. These technologies together form the foundation of modern preventive 

healthcare systems. 

B. Machine Learning for Disease Risk Prediction 

Machine Learning is one of the major approaches used in predictive healthcare because it can learn relationships between 

patient characteristics and clinical outcomes from historical data. Healthcare datasets may contain demographic 

information, vital signs, laboratory measurements, previous diagnoses, medications, and other clinical variables. 

Depending on the problem, supervised learning methods can be used for classification or prediction, while unsupervised 

methods can be used for pattern discovery and patient grouping. The overall objective is to transform historical 

healthcare data into information that can support earlier identification of possible risks and improve the efficiency of 

clinical decision-making [9], [10]. 

Machine learning applications are particularly relevant to preventive healthcare because risk assessment often depends 

on multiple interacting variables. Traditional clinical workflows may require healthcare professionals to interpret several 

measurements together, whereas machine learning systems can process large numbers of variables and identify statistical 

relationships within the available data. Rajkomar, Dean, and Kohane described machine learning as an important 

component of data-driven medicine and discussed its potential across different stages of healthcare delivery [10]. Esteva 

et al. similarly reviewed deep learning approaches across healthcare domains, including medical imaging, natural 

language processing, and other data-intensive applications [12]. 

The reliability of predictive models depends on the quality and representativeness of the training data. Differences in 

patient populations, healthcare institutions, data collection practices, and clinical environments can affect model 

https://ijsrem.com/


        
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 10 Issue: 09 | Sep - 2026                               SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               
  

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM67494                                        |        Page 3 
 

performance. A model that performs well on one dataset may not produce the same results when applied to another 

population. This makes validation particularly important for preventive healthcare applications. Evaluation should 

consider appropriate performance metrics and, where possible, validation on data that are independent from the training 

data. 

AI-based disease prediction has also been explored for specific medical conditions. For example, Huang et al. reviewed 

the use of artificial intelligence for predicting and diagnosing complications of diabetes, demonstrating the relevance of 

AI methods to disease-specific risk assessment [11]. Such applications show the potential of predictive models but also 

demonstrate that many AI healthcare systems remain focused on specific diseases or clinical tasks rather than 

comprehensive preventive healthcare. 

For HealthGuardian, machine learning can be positioned as one component within a broader architecture rather than as 

a standalone diagnostic system. The proposed framework can use relevant patient information and health parameters as 

inputs for risk-oriented analysis while maintaining appropriate human oversight and communicating that AI-generated 

results are supportive rather than definitive clinical diagnoses. 

C. Natural Language Processing and Clinical Decision Support 

Healthcare information is not limited to numerical measurements. A large amount of clinically relevant information is 

stored in unstructured or semi-structured text, including clinical notes, patient descriptions, discharge summaries, 

prescriptions, and other medical documentation. Natural Language Processing provides techniques for extracting 

information from such text and converting it into a form that can be searched, classified, summarized, or analyzed by 

computer systems. NLP can therefore support information retrieval, clinical documentation, question answering, and 

decision-support applications [2], [12]. 

The use of NLP in clinical decision support has expanded as healthcare institutions have accumulated larger quantities 

of electronic records. Eguia et al. reviewed clinical decision-support applications involving NLP and highlighted the use 

of natural language techniques for processing clinical information and supporting decision-making [2]. However, the 

literature also indicates challenges related to heterogeneous evaluation and limited deployment in real-world healthcare 

environments. These factors make it difficult to compare systems directly and emphasize the need for standardized 

evaluation procedures. 

NLP is also relevant to healthcare chatbots because patients and healthcare professionals commonly interact with 

systems through natural language questions. A healthcare chatbot must identify the meaning of a question, retrieve or 

process relevant information, and generate a response that is understandable and contextually appropriate. The 

complexity of medical language makes this task more challenging than general conversational interaction because 

abbreviations, medical terminology, ambiguous symptoms, and incomplete descriptions can affect interpretation. 

 

D. OCR-Based Medical Report Analysis 

Medical information is frequently available in scanned documents, printed laboratory reports, prescriptions, and other 

image-based formats. Optical Character Recognition provides a mechanism for converting characters contained in 

images into machine-readable text. This conversion can help healthcare applications move information from document-

based formats into structured or searchable representations that can subsequently be processed by NLP or other artificial 

intelligence techniques. 

The usefulness of OCR in healthcare depends strongly on document quality and layout. Variations in font style, image 

resolution, page orientation, handwritten content, tables, abbreviations, and medical terminology can affect the accuracy 

of extracted text. An OCR system may therefore successfully recognize characters while still producing errors in words, 

numerical values, or units. Such errors are particularly important in healthcare because an incorrect value or term may 

affect subsequent interpretation. 
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For an integrated healthcare platform, OCR should therefore be treated as an information-extraction stage rather than as 

a complete medical interpretation system. Extracted text should be normalized and, where appropriate, checked for 

consistency before being passed to downstream AI components. Structured values such as test names, numerical 

measurements, and dates can then be stored together with relevant patient information. 

In HealthGuardian, OCR is proposed for processing uploaded medical reports and converting document content into 

structured information. This structured representation can then support report summarization, symptom analysis, trend 

identification, and personalized health guidance. The approach can reduce the need for users to manually enter every 

value from a medical document while preserving the original report as a reference for verification. 

E. Electronic Health Records and Healthcare Chatbots 

Electronic Health Records provide a longitudinal representation of a patient's healthcare information and may include 

diagnoses, clinical notes, medications, laboratory results, procedures, and other records. Biomedical informatics research 

emphasizes the importance of information management and interoperability in healthcare because clinical decisions 

often depend on information distributed across multiple sources [13]. An integrated EHR environment can reduce 

repeated data entry and improve access to patient information, but the usefulness of the system depends on data quality, 

standardized representation, privacy controls, and appropriate access management. 

The combination of EHRs and conversational interfaces has emerged as an important area of healthcare AI research. 

Gowramma et al. evaluated a chatbot based on LangChain and GPT-3.5 for accessing pediatric EHR information and 

examined whether conversational interaction could reduce search time and improve retrieval accuracy for clinicians [3]. 

The study illustrates how natural-language interfaces can make structured healthcare data easier to query, although the 

evaluation was conducted within a specific hospital and specialty setting. 

Hamidi and Roberts examined AI chatbots for patient-specific questions using clinical notes and evaluated several large 

language model systems on dimensions such as accuracy, relevance, comprehensiveness, and coherence [4]. Their work 

demonstrates that chatbot-based access to medical records is technically feasible, but the quality of responses can vary 

depending on the model and the question. This variation is important for healthcare applications because fluent language 

generation does not by itself guarantee clinical correctness. 

These findings suggest that healthcare chatbots should not be considered independent replacements for clinicians. 

Instead, they can act as interfaces that help patients or professionals retrieve and understand information. HealthGuardian 

follows this principle by placing chatbot-style interaction within a broader platform that also includes medical reports, 

health records, symptom information, and role-based dashboards. 

F. Personalized Healthcare Recommendations 

Personalized healthcare aims to provide recommendations that account for the characteristics and historical information 

of an individual rather than applying the same guidance to every user. In AI-enabled systems, personalization can be 

achieved by analyzing patient-specific records, previous interventions, health measurements, and other relevant 

information. Such approaches are potentially useful for lifestyle guidance, medication-related support, and preventive 

health management. 

Zhang et al. proposed SSPNet for personalized medication recommendation using electronic health record data from the 

MIMIC-III and MIMIC-IV datasets [5]. The study modeled clinical record sets and medication combinations and 

evaluated the proposed approach against existing methods. Its focus illustrates how recommendation models can use 

patient history to generate individualized outputs. 

At the same time, personalized recommendations must be handled carefully in healthcare. A recommendation derived 

from historical data may be affected by incomplete records, changes in the patient's current condition, or patterns that 

do not generalize to another population. Therefore, personalization should be combined with appropriate data validation 

and professional oversight. 
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HealthGuardian extends the idea of personalization beyond medication recommendation by proposing a broader set of 

preventive guidance, including diet, exercise, lifestyle support, and other health-related recommendations. These outputs 

are intended as supportive information and should not replace professional medical advice or independently determine 

treatment decisions. 

I. Comparison of Existing Studies 

Table I summarizes representative studies, their methods, applications, key findings and limitations. 

 

TABLE I. COMPARISON OF EXISTING STUDIES 

Ref. Author(s) & 

Year 

Method / 

Technique 

Dataset / 

Application 

Key Findings Limitations 

[1] Van Veen et 

al. (2024) 

Adapted Large 

Language Models 

for clinical text 

summarization 

Clinical notes, 

radiology 

reports, 

patient–doctor 

dialogue 

Adapted LLMs 

achieved expert-

level clinical 

summarization in 

many tasks 

Hallucinations and 

factual 

inaccuracies 

remain 

[2] Eguia et al. 

(2024) 

NLP-based 

Clinical Decision 

Support System 

(Systematic 

Review) 

Electronic 

Health Records 

(EHRs) and 

clinical data 

NLP significantly 

improves clinical 

decision support and 

information 

extraction 

Limited real-world 

deployment and 

heterogeneous 

evaluation 

[3] Gowramma et 

al. (2026) 

AI-powered 

chatbot integrated 

with EHR using 

LangChain and 

GPT 

Pediatric 

Electronic 

Health Records 

Reduced search time 

and improved 

retrieval accuracy 

for clinicians 

Evaluated in a 

single hospital 

with one specialty 

[4] Hamidi & 

Roberts (2023) 

Evaluation of 

LLM chatbots for 

patient-specific 

EHR questions 

Clinical notes 

and patient-

specific 

questions 

LLMs can answer 

EHR questions but 

quality varies by 

model 

Responses may be 

incomplete or 

clinically 

inaccurate 

[5] Zhang et al. 

(2025) 

SSPNet for 

personalized 

medication 

recommendation 

MIMIC-III and 

MIMIC-IV 

EHR datasets 

Improved 

personalized 

medication 

recommendations 

over previous 

methods 

Focused only on 

medication 

recommendation 

III. RESEARCH GAP / LIMITATIONS 

Recent studies demonstrate that Artificial Intelligence has been applied to clinical text summarization [1], clinical 

decision support and information extraction [2], electronic health record accessibility [3], patient-specific EHR question 

answering [4], and personalized medication recommendation [5]. However, these studies generally address specific 

healthcare functions rather than providing a unified preventive healthcare platform. This fragmentation limits the ability 

of individual systems to support multiple preventive healthcare activities within a single integrated environment. 

Several important challenges remain unresolved. The reviewed studies indicate limitations related to real-world 

deployment, heterogeneous evaluation, restricted clinical settings, and variability in the quality of AI-generated 

responses [1]–[4]. LLM-based systems may produce incomplete, inaccurate, or factually unreliable outputs, highlighting 

the need for appropriate verification and human oversight [1], [4]. In addition, some systems are evaluated within limited 
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institutional or specialty-specific settings, which creates a need for broader validation across healthcare environments 

[2], [3]. These limitations demonstrate the importance of reliability, validation, interoperability, and clinical oversight 

when developing integrated AI-enabled healthcare platforms. 

The proposed HealthGuardian platform aims to address these gaps by combining report analysis, symptom checking, 

risk prediction, and personalized recommendations into a single secure web application capable of supporting preventive 

healthcare and continuous health monitoring, rather than treating each function as a standalone tool. 

 

IV.  PROPOSED METHODOLOGY 

     The proposed system follows a design-and-development research methodology for developing an AI-enabled 

preventive healthcare platform. The architecture consists of a React.js frontend, Node.js and Express.js backend, and 

PostgreSQL database connected through secure JWT-based authentication. OCR technology extracts information from 

uploaded medical reports, while AI models analyze symptoms, summarize reports, and generate personalized healthcare 

recommendations. Doctors, patients, and administrators interact through separate dashboards according to their roles. 

System performance can be evaluated using standard metrics such as accuracy, precision, recall, F1-score, and response 

latency. Validation will include cross-validation techniques and expert review to improve the reliability of AI-generated 

outputs before deployment. 

 

V.  

EXPECTED OUTCOMES 

The proposed HealthGuardian platform is expected to provide an integrated environment in which multiple preventive 

healthcare functions can be accessed through a single application. By combining symptom assessment, medical report 

analysis, health-record management, risk-oriented analysis, and personalized guidance, the platform is intended to 

reduce fragmentation between individual healthcare tools. The use of OCR can reduce the need for manual transcription 

of information from uploaded reports, while NLP and LLM-based components can support interpretation and 

summarization of healthcare information. 

https://ijsrem.com/
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For patients, the platform is expected to improve the organization and accessibility of their health information and 

provide understandable preventive guidance. For doctors, centralized access to authorized patient information and 

summarized reports may help reduce repetitive information retrieval and support consultation workflows. 

Administrators can use role-based controls to manage accounts and monitor system activity. 

The expected outcomes described in this paper represent design objectives of the proposed framework rather than 

experimentally established clinical results. Actual effectiveness should be determined through appropriate technical 

evaluation, user testing, security assessment, and expert or clinical validation before the system is used in real healthcare 

environments. 

 

VI. FUTURE SCOPE 

Future development of HealthGuardian can focus on improving the breadth, reliability, and accessibility of the proposed 

platform. Integration with wearable devices is one possible direction because continuous measurements such as activity, 

heart rate, sleep, and other physiological indicators can provide additional information for longitudinal health 

monitoring. Such integration would require appropriate device interoperability, secure data transmission, and validation 

of the reliability of the collected measurements. 

Telemedicine integration could further extend the platform by connecting preventive monitoring with remote 

consultation. Multilingual interaction and voice-based interfaces may improve accessibility for users who are less 

comfortable with text-based English interfaces. These features would require careful language validation because 

medical terminology and symptom descriptions can vary across languages and contexts. 

Explainable AI can also be incorporated to make model outputs easier to understand. Rather than providing only a 

predicted result, future versions could display relevant patient factors or supporting information associated with an 

output where technically appropriate. Federated learning may provide another research direction by enabling model 

development across multiple data sources while reducing the need to centralize sensitive patient data. 

Interoperability is another important area for future work. Integration with standardized healthcare data formats and 

external clinical information systems could improve portability and reduce information fragmentation. Blockchain or 

other distributed technologies may be explored for selected security and audit requirements, but their suitability should 

be evaluated against system complexity, performance, privacy, and practical healthcare requirements. 

Finally, future versions of HealthGuardian should undergo broader technical and clinical validation involving diverse 

datasets, healthcare environments, and expert reviewers. External validation, usability studies, security testing, and 

continuous monitoring would be necessary before considering deployment in real clinical workflows. 

 

VII. CONCLUSION 

Artificial Intelligence is increasingly being applied across different areas of healthcare, including predictive analysis, 

clinical text processing, electronic health record access, medical summarization, and personalized recommendations. 

The literature reviewed in this paper demonstrates that these technologies can provide useful capabilities, but it also 

reveals recurring limitations related to validation, reliability, restricted evaluation settings, privacy, and the quality of 

AI-generated outputs [1]–[6]. 

The analysis indicates that many existing systems concentrate on individual healthcare tasks. Machine learning models 

may focus on disease prediction, NLP systems on information extraction or decision support, chatbots on information 

retrieval, and recommendation systems on specific treatment-related outputs. These approaches demonstrate the value 

of individual technologies but do not by themselves provide a unified preventive healthcare workflow. 
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Based on these observations, the HealthGuardian framework is proposed as an integrated platform combining patient 

input, medical-report processing, OCR, AI-based analysis, health-record management, personalized guidance, and role-

based dashboards. The framework is designed to connect complementary AI technologies rather than relying on one 

model for all healthcare tasks. At the same time, the proposed system should be regarded as a supportive healthcare 

platform rather than a replacement for qualified medical professionals. 

Future work should therefore focus on technical validation, external evaluation, privacy and security testing, 

explainability, interoperability, and expert review. With these safeguards, integrated AI-based platforms can be 

investigated further as tools for organizing health information and supporting preventive healthcare workflows. 
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