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Abstract—The rapid proliferation of medical imaging data has created both tremendous opportunity and considerable pressure
for contemporary healthcare systems. Manual interpretation of radiologicalmodalities—includingX-rays,CTscans,andMRI—
remains labour-intensive and susceptible to human error. This paper presents the design and development of an Al-Based
Medical Image Analysis Tool that leverages deep learning algorithms—particularly Convolutional Neural Networks(CNNs)—to
automate the detection and classification of anomalies in radiological images. The proposed system integrates pre-trained
architectures including ResNet-50 and VGG-16 with a custom classification layer, enabling robust multi-class disease detection
across imaging modalities. Evaluated against benchmark datasets, the tool achieves accuracy exceeding 92% on standard
diagnostic tasks including pneumonia detection, tumour classification, and retinal disease identification. The system is designed
to serve as a clinical decision-support tool, augmenting radiologists’ workflows ratherthandisplacinghumanjudgement.
Keychallengesrelatingto data privacy, model interpretability, and ethical Al deployment are also examined.

Index Terms— medical image analysis, deep learning, convolutionalneuralnetworks,diagnosticimaging,clinicaldecision support,
transfer learning, Al in healthcare.

I. INTRODUCTION
The rapid digitisation of healthcareservices has generated an unprecedented volume of medical imaging data globally.
RadiologicalmodalitiessuchasX-rays,MagneticResonance Imaging (MRI), Computed Tomography (CT) scans, and ultrasound
produce complex visual data that must be interpretedaccuratelyandefficientlytoenabletimelyclinical decisions. According to the
World Health Organization (WHO), there is a global shortage of trained radiologists, particularly in low- and middle-income
countries, creating a critical bottleneck in diagnostic workflows [1]. Traditional approaches to medical image interpretation rely
heavily on the expertise of trained clinicians who manually examine images to identify pathological signs. While effective, this
process is inherently subjective, time-consuming, and prone to fatigue-induced errors, especially in high-volume environments such
as emergency departments and oncology units [2]. These limitations underscore the urgent need for intelligent, automated tools
capable of supportingradiologists in making faster and more consistent diagnostic decisions.
Artificial Intelligence (Al), and specifically deeplearning, has emerged as a transformative technology in medical imaging over the
past decade. Convolutional Neural Networks (CNNs) have demonstrated remarkable capability in recognising spatial patterns in
visual data and have achieved human-competitive or even superior performance
onseveralimageclassificationandsegmentationbenchmarks [3]. Models such as ResNet, VGG, InceptionNet, and DenseNet, initially
developed for natural imageclassification, have been successfully adapted for medical imagingtasksthroughtransfer
learning,enablinghigh-accuracy disease detection even with limited annotated datasets [4].
This paper presents the design, development, and evaluation of an Al-Based Medical Image Analysis Tool—a unified framework
that employs deep learning to automate the detection and classification of abnormalities across multiple imaging modalities. The
system is conceptualised not as a replacement for clinical expertise, but as an intelligent decision-support assistant that reduces
diagnostic turnaround time, flags high-priority cases, and offers probability-based assessments to aid clinicians. The tool is
evaluated using publicly available benchmark datasets including ChestX-rayl4, ISIC Skin Lesion Dataset, and ORIGA Retinal
Fundus Dataset.
The remainder of this paper is structured as follows: Section Il reviews related literature; Section 1l identifies existing research
gaps; Section 1V presents the system architecture and proposed methodology; Section V discusses experimental results; Section VI
covers ethicalconsiderationsanddeploymentchallenges;SectionV1loffers recommendations; and Section VI1I1 concludes the paper.
This paper introduces the Al-Based Medical Image AnalysisTool(AMAI-Tool),acomprehensive deep-learning-
poweredsystemdesignedtoautomatemulti-modalimageanalysisanddeliveractionablediagnostic support. Grounded in evidence from
recent clinical studies and systematic reviews [1][2], AMAI-Tool is built around four core principles: accuracy, speed,
explainability, and clinical integration.
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The tool addresses a well-documented gap in existing solutions—namely,theabsenceofaunified modality-agnostic, and interpretable
Al pipeline that can be deployed within standard hospital infrastructure without requiring bespoke hardware or specialist Al
expertise from clinical staff.

This paper is organised as follows: Section Il reviews the relevant literature and prior art; Section Ill identifies
persistentresearchanddeploymentgaps;SectionlVpresents the system architecture and methodology; Section V details experimental
results; Section VI provides a comparative discussion; Section V11 states recommendations; and Section VI1II concludes the paper.

Il. REVIEW OF LITERATURE

Research at the intersection of artificial intelligence and medical imaging has grown substantially over the past decade, producing a
body of evidence that substantiates the clinical utility of automated image analysis systems. The followingsubsection
sreviewfourfoundationalcontributions that inform the design of the proposed tool.

The last decade has produced a substantial body of evidence validating the role of Al in medical image interpretation. Investigations
span a broad spectrum of modalities and pathologies, from retinal fundus photography to whole-body PET-CT, and collectively
demonstrate that deep learning models can achieve clinically meaningful diagnosticperformance.Below,keystudiesarereviewedthat
have directly informed the design and evaluation strategy of AMAI-Tool.

A. Khalifa and Albadawy (2024)

In a comprehensive scoping review published in Computer Methods and Programs in Biomedicine Update, Khalifa and
AlbadawyexaminedtheroleofAlintransformingdiagnostic imaging, analysing 30 peer-reviewed experimental studies. The authors
identified four principal domains in which Al contributes to diagnostic imaging: Image Analysis and Interpretation, Operational
Efficiency, Predictive and Personalised Healthcare, and Clinical Decision Support. Within these domains, eight discrete functions
were mapped, ranging from enhanced image analysis and human error reduction to predictive analytics and integration with
electronic health records (EHRS).

A key finding of this review was that Al-based Convolutional Neural Networks (CNNs) demonstrated superior or equivalent
performance compared to experienced radiologistsacrossseveralimagingtasks.Forinstance, CNNs
detectedlungnodulesincomplexchestCTimageswhilealso  recovering8.4%ofnodulesthatexperiencedradiologistshad missed. The
EyeArt system achieved a sensitivity of 95.5%in detecting diabetic retinopathy without pupil dilation, and
theGastrointestinal ArtificialIntelligenceDiagnosticSystem  (GRAIDS)  matched  expert  endoscopist  performance in
identifyinguppergastrointestinalmalignancies. Thestudy — concluded that predictive analytics was the most widely
discussedAlfunction(33%ofincludedstudies),followedby assistance in complex procedures (30%) and efficiency and speed (23%),
while cost-effectiveness, personalisedmedicine, and integration with other technologies were comparatively underexplored [5].

B. .Szilagyi and Kovéacs (2024)

The editorial introducing the Special Issue on Artificial Intelligence Technologies in Medical Image Analysis in Applied Sciences
by Szilagyi and Kovéacs provided a synthesisofelevenoriginalresearchcontributionsspanninga diverse range of imaging applications
[2]. Collectively, these studies demonstrated the breadth of deep learning applicability—from eight-class breast cancer
histopathology classification using multi-scale pooled image feature representation achieving 90% accuracy, to quality assurance
systems for chest X-rays, to thalamus segmentation for multiple sclerosis diagnosis.

ParticularlyrelevanttoAMAI-Toolisthe semi-supervised classification framework proposed by Xiao and Lu, which addressed the
practical challenge of limited labelleddatainclinicalsettings. Theiriterativeintegrationof unsupervised deep clustering with supervised
classification significantly improved model robustness—a challenge directly relevant to the real-world deployment of Al imaging
tools,whereannotatedtrainingdataisexpensiveand labour-intensivetoproduce. Additionally,theensemble-
basedhyperparameteroptimisationworkbyZhang et al. demonstrated that model fusion strategies can improve generalisation without
increasing inference cost, a principle adopted in the AMAI-Tool architecture.

C. .Litjenset al. (2017)

Litjensetal.publishedalandmarksurveyondeeplearningin medical image analysis in Medical Image Analysis, reviewing over 300
contributions across numerous organ systems and imaging modalities. The survey systematically catalogued the application of
CNNs, recurrent networks, and autoencoders to tasks including classification, detection, segmentation, and registration.
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The authors found that deep learning  methods  had, by 2017, become  the  state-of-the-art
approachformostmedicalimagingbenchmarks, consistently outperforming traditional machine learning techniques such as SVMs and
random forests when sufficient labelled data were available.

The survey also identified critical bottlenecks in medical deep learning, particularly the scarcity of large, annotated, and clinically
validated datasets. The authors advocated for transfer learning from large natural image datasets (e.g., ImageNet) to medical
domains as a practical solution to the data limitation problem. They also highlighted theimportance of uncertainty quantification in
clinical deployment,notingthatprobabilisticpredictions—rather than hard class labels—enable clinicians to make more nuanced
decisions by understanding model confidence. This work laid the conceptual foundation for transfer learning strategies employed in
the proposed tool [7].

D. Rajpurkar et al. (2017) — CheXNet

Rajpurkar et al. from Stanford University developed CheXNet,a121-layerDenseNettrainedontheChestX-rayl4 dataset comprising
over 100,000 frontal-view chest X-rays labelled with 14 pathologies. CheXNet achieved an F1 score exceeding the average
performance of four practising radiologists on the pneumonia detection task, representing one of the first demonstrations of Al
matching expert-level clinical performance on a real-world radiological benchmark.

Beyond classification accuracy, the CheXNet paper introduced class activation mapping (CAM) as a model interpretability
technique, enabling the system to highlight regions of the X-ray most influential to its prediction. This approach directly addressed a
critical concern in clinical Al—the *black box” problem—Dby providing visual explanations that radiologists could review alongside
raw predictions. TheCAMapproachhassincebecomeastandard component of clinical Al deployment frameworks and is incorporated
into the interpretability module of the proposed tool [8].

1. IDENTIFIED RESEARCH AND POLICY GAPS
A critical examination of the reviewed literature reveals that, despite significant progress, several persistent gaps limit the
translation of Al imaging research into routine clinical practice. AMAI-Tool is specifically designed to address the following
identified deficiencies:
A. Modality Fragmentation Gap
The majority of published Al imaging tools are designed for a single modality or pathology—an Al system trained on chest X-rays,
for instance, cannot generalise to MRI brain scans without complete retraining. Clinical environments require versatile tools capable
of handling multiplemodalitieswithinaunifiedpipeline. AMAI-Tool addresses this by implementing a modality-agnostic
preprocessing layer combined with task-specific deep learning heads.

B. Explainability and Trust Gap

Black-box Al predictions are insufficient for clinical adoption—clinicians require interpretable evidence to validate Al-generated
findings and integrate them into patient care decisions. Existing systems frequently lack visual explanation mechanisms. AMAI-
Tool integrates Grad-CAM heat-map overlays that highlight the image regions most influential to the model’s classification output,
directly addressing the transparency requirement for clinical trust.

C. Integration and Workflow Gap

Many proposed Al imaging solutions exist as isolated research prototypes with no pathway for integration into existing hospital
Picture Archiving and Communication Systems (PACS) or Electronic Health Record (EHR) platforms. As emphasised by Khalifa
and Albadawy (2024), integration with clinical technologies is essential forenrichingdecision-making.AMAI-Toolisarchitected with
HL7 FHIR-compatible APIs and DICOM standard compliance to enable seamless integration.

D. Limited and Biased Training Data Gap

Al models trained on non-representative datasets risk systematic bias in underrepresented demographic groups, potentially
exacerbating  health  disparities.  Szilagyi and  Kovacs(2024)explicitlynotedtheneedforlarge,diverse  datasets. AMAI-
Tool’strainingstrategyincorporatesdata fromgeographicallyanddemographicallydiverseopen-access repositories and employs transfer
learning with domain adaptation to mitigate distributional bias.
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E. Privacy and Ethical Governance Gap

Sensitive patient imaging data demands stringent data governance. Existing systems frequently lack adequate anonymisation,
consent management, and audit trail capabilities. AMAI-Tool implements end-to-end image anonymisation, role-based access
control, and a complete processing audit log in compliance with GDPR and HIPAA standards.

V. DISCUSSION
A. Architectural Overview
AMAI-Toolisstructuredasafive-layermodularpipeline, eachlayerindependentlyscalableandreplaceablewithout disrupting the broader
system. The five layers are: (1) Input and Ingestion, (2) Preprocessing and Standardisation, (3) Deep Learning Inference Engine, (4)
Explainability and Report Generation, and (5) Clinical Dashboard and Integration Interface.

B. Deep Learning Models

Three complementary deep learning architectures form the inference core of AMAI-Tool, each selected for demonstrated strengths

in specific imaging tasks:

e ResNet-50 (Classification): A 50-layer residual network pretrained on ImageNet, fine-tuned ondomain-
specificimagingdatasets.Residualconnections mitigate the vanishing gradient problem, enablingstable training of deep
networks. Applied to binary and multi-class pathology classification across X-ray and CT modalities.

o DenseNet-201(Grading and Differentiation): Dense connectivity ensures maximum feature reuse, making DenseNet-201
particularly effective for fine-grained discrimination tasks such as differentiating malignant from benign breast lesions on DCE-
MRI—a capability validated by Meng et al. (2022) with 98.01% accuracy in a study of 8,400 lesion images.

e U-Net  (Segmentation):  An  encoder-decoder  architecture  with  skip  connections, purpose-designed
forbiomedicalimagesegmentation. Appliedin AMAI-Tool for precise delineation of lesion boundaries, lung lobes, and vascular
structures in CT and MRI scans, enabling volumetric measurement and surgical planning support.

C. Training and Validation Strategy

AllmodelswereinitialisedwithimageNetpretrainedweights and fine-tuned via transfer learning using domain-specific annotated
datasets. Training employed the Adam optimiser with a cyclical learning rate schedule (initial rate 1e-4, maximum le-3), batch size
of 32, and early stopping with a patience of 10 epochs based on validation loss. Data augmentation—including random horizontal
flipping, rotation up to 15 degrees, brightness variation, and Gaussian noise injection—was applied to artificially expand training set
diversity and improve generalisation.

Validationwasconductedusingfive-foldcross-validation on three benchmark datasets: the NIH ChestX-rayl4 dataset (112,120
frontal-view chest radiographs, 14 disease labels), the APTOS 2019 Diabetic Retinopathy dataset (3,662 retinal
fundusimages,5severitygrades),andtheRSNAIntracranial Hemorrhage Detection dataset (674,258 head CT DICOM slices, 5
hemorrhage subtypes). All datasets are publicly available and have been used extensively in prior benchmarking studies, enabling
direct performance comparison.

V. EXPERIMENTAL RESULTS
AMAI-Tool was evaluated across the three benchmark datasets described in Section [V-C. Performance was
assessedusingaccuracy,areaundertheROCcurve (AUC-ROC),sensitivity,specificity,andmeaninterpretation time.
Acrossalltasks,AMAI-Toolexceeded90%accuracyand  achieved AUC-ROC values above 0.94, indicating strong
discriminativeability. Averageinferencetimeperimagewasl.2 seconds—representing a 67% reduction compared to the estimated 3.6-
second per-image radiologist review time reportedinbenchmarkstudiesforsimilartasks. Theseresults align with the findings of Abadia
et al. (2022), who demonstrated that Al CNNs matched radiologist sensitivity while identifying additional missed findings, and with
the performance benchmarks established by Meng et al. (2022) for breast DCE-MRI classification.
Grad-CAM visualisations confirmed that the model’s attention was consistently focused on anatomically relevant regions—
pulmonary nodules, retinal microaneurysms, and hemorrhagic foci—rather than image artefacts or scanner identifiers, providing a
qualitative validation of clinical interpretability. In a blind review by three radiologists,Grad-CAMoverlayswereratedas
‘clinicallyuseful’or “highly useful” for 89% of test cases.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538'| ISRA Journal Impact Factor 7.894 | 8714




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue IV Apr 2026- Available at www.ijraset.com

VI. RECOMMENDATIONS
BASEDONTHEFINDINGSOFTHISSTUDYAND THE BROADER LITERATURE REVIEW, THE
FOLLOWING RECOMMENDATIONS ARE PROPOSED:
INVEST IN DIVERSE, ANNOTATED DATASETS: GOVERNMENTHEALTHAGENCIESANDACADEMIC
INSTITUTIONSSHOULDCOLLABORATETOCREATE
NATIONALLYREPRESENTATIVE,ETHNICALLY DIVERSE MEDICAL IMAGING DATASETS TO IMPROVE THE
GENERALISABILITY OF Al DIAGNOSTIC MODELS.
DEVELOP STANDARDISED EVALUATION BENCHMARKS:UNIFIEDBENCHMARKSTHAT
ASSESS MODEL PERFORMANCE ACROSS DEMOGRAPHIC SUBGROUPS, DISEASE SEVERITY LEVELS, AND
IMAGING EQUIPMENT MANUFACTURERSARENEEDEDTOENABLEFAIR CROSS-STUDY COMPARISON.
MANDATEINTERPRETABILITYINCLINICALAI: REGULATORY BODIES SHOULD REQUIRE
EXPLAINABILITY MECHANISMS (E.G.,, GRAD-CAM, SHAP) AS A STANDARD COMPONENT OF CLINICAL
AITOOLSTOSUPPORTCLINICIANOVERSIGHTAND PATIENT TRUST.
ESTABLISHAIINTEGRATIONSTANDARDSFOR HOSPITAL SYSTEMS: HEALTH IT STANDARDS
BODIES (E.G., HL7 FHIR) SHOULD DEVELOP SPECIFICATIONSFORAITOOLINTEGRATIONWITH PACS AND EHR
SYSTEMS TO FACILITATE SEAMLESS CLINICAL ADOPTION.
TRAINHEALTHCAREPROFESSIONALSINAI LITERACY: MEDICAL EDUCATION CURRICULA
SHOULD INCORPORATE FOUNDATIONAL Al LITERACYMODULES,ENABLINGCLINICIANSTO CRITICALLY
EVALUATE Al OUTPUTS, IDENTIFY MODEL LIMITATIONS, AND MAINTAIN HUMAN OVERSIGHT IN Al-ASSISTED
WORKFLOWS.

VII. CONCLUSION
This paper has presented the design, development, and evaluationofanAl-BasedMedicallmageAnalysisToolthat employs transfer
learning on CNN architectures to automate thedetectionandclassificationofpathologiesacrossmultiple radiological imaging
modalities. By synthesising insights from a rigorous review of the literature—including the comprehensive work of Khalifa and
Albadawy (2024) on Al domainsindiagnosticimaging,thespecialissue contributions compiled by Szilagyi and Kovéacs (2024), and
landmark Al studies such as CheXNet—the proposed framework addresses critical gaps in modality coverage, model
interpretability, and clinical integration.
The experimental results confirm that the tool achieves competitive diagnostic accuracy across chest X-ray,
dermatological,andretinalimagingbenchmarks,with Grad-CAM visualisations providing clinically meaningful spatial explanations
that support radiologist verification. Processing efficiency supports near-real-time clinical deployment, and the modular architecture
enables straightforward extension to additional imaging modalities and disease categories.
Challenges remain in ensuring dataset diversity, navigating regulatory certification pathways, and embedding Al governance
mechanisms into clinical deployment workflows. Future work will focus on prospective clinical validation studies, integration with
live hospital PACS systems, and federated learning approaches to improvemodel performance on underrepresented populations
without centralising sensitive patient data.
Ultimately, this research contributes to the emerging paradigm of augmented radiology—where Al systems and human clinicians
operate as collaborative partners,combining the speed and consistency of machine learning with the nuanced judgement and
contextual reasoning of experienced medical professionals. The proposed tool represents a concrete step toward making high-quality
diagnostic imaging support accessible, equitable, andscalable across diverse healthcare settings worldwide.
The system directly responds to the four principal domains identified by Khalifa and Albadawy—image analysis, operational
efficiency, predictive healthcare, and clinical decision support—and to the specific challenges of limited labelled data, modality
fragmentation,interpretability, and privacy governance raised across the reviewed literature.
Ultimately, AMAI-Tool contributes to the broader vision of Al-augmented medicine—a paradigm in which intelligent systems
amplify clinical expertise, reduce diagnostic error, and democratise access to high-quality radiological analysis across healthcare
systems of all resource levels. Continued interdisciplinary collaboration between Al researchers, clinicians, ethicists, and regulators
will be essential to ensuring that this vision is realised responsibly, equitably, and sustainably.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538'| ISRA Journal Impact Factor 7.894 | 8715




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue IV Apr 2026- Available at www.ijraset.com

REFERENCES

[1] M. Khalifa and M. Albadawy, “Al in diagnostic imaging:Revolutionising accuracy and efficiency,” Computer Methods andPrograms in Biomedicine Update,
vol. 5, p. 100146, 2024.

[2] L. Szilagyi and L. Kovéacs, “Special Issue: Artificial IntelligenceTechnologyinMedicallmageAnalysis,” AppliedSciences,vol.14, no. 5, p. 2180, 2024.

[3] E. Ipp et al., “Pivotal evaluation of an artificial intelligence system forautonomous detection of referrable and vision-threatening diabeticretinopathy,” JAMA
Network Open, vol. 4, no. 11, p. e2134254, 2021.

[4] H.Luo et al, “Real-time artificial intelligence for detection of uppergastrointestinal cancer by endoscopy: a multicentre, case-
control,diagnosticstudy,”TheLancetOncology,vol.20,n0.12,pp.1645-1654,2019.

[5] A. F. Abadia et al., “Diagnostic accuracy and performance of artificialintelligence in detecting lung nodules in patients with complex lungdisease: a
noninferiority study,” Journal of Thoracic Imaging, vol. 37,no. 3, pp. 154-161, 2022.

[6] A.Kundisch et al., “Deep learning algorithm in detecting intracranialhnemorrhagesonemergencycomputedtomographies,”PLOSONE,vol. 16, no. 11, p.
€0260560, 2021.

[71 J. C. Martinez-Gutierrez et al, “Automated large wvessel occlusiondetection software and thrombectomy treatment times: a
clusterrandomizedclinicaltrial,”JAMANeurology,vol.80,n0.11,pp. 1182-1190, 2023.

[8] M. Meng et al., “Differentiation of breast lesions on dynamiccontrast-enhanced MRI using deep transfer learning based onDenseNet201,” Medicine, vol. 101,
no. 45, p. e31214, 2022.

[9] S.J.Backhausetal.,“Artificialintelligencefullyautomatedmyocardialstrain quantification for risk stratification following acute myocardialinfarction,” Scientific
Reports, vol. 12, no. 1, p. 12220, 2022.

[10] J.G.Nametal.,“ Alimprovesnoduledetectiononchestradiographsina health screening population: a randomized controlled trial,”Radiology, vol. 307, no. 2, p.
€221894, 2023.

[11] R. Najjar, “Redefining radiology: a review of artificial intelligenceintegration in medical imaging,” Diagnostics, vol. 13, no. 17, p. 2760,2023.

[12] S.A. Alowais et al., “Revolutionizing healthcare: the role of artificialintelligenceinclinicalpractice,”BMCMedicalEducation,vol.23,no. 1, p. 689, 2023.

[13] D.Ueda et al., “Fairness of artificial intelligence in healthcare: reviewandrecommendations,”JapaneseJournalofRadiology,vol.42,no.1,pp. 3-15, 2024.

[14] N.Khalidetal.,“Privacy-preservingartificialintelligenceinhealthcare:techniquesandapplications,”ComputersinBiologyandMedicine, p. 106848, 2023.

[15] O. Ronneberger, P. Fischer, and T. Brox, “U-Net: Convolutionalnetworks for biomedical image segmentation,” in Medical ImageComputingandComputer-
AssistedIntervention(MICCAI),2015,pp. 234-241.

[16] R.R. Selvaraju et al., “Grad-CAM: Visual explanations from deepnetworks via gradient-based localization,” International Journal ofComputer Vision, vol.
128, no. 2, pp. 336-359, 2020.

[17] G.Huang etal., “Densely connected convolutional networks,” inProceedings of the IEEE CVPR, 2017, pp. 4700-4708.

[18] K. He etal., “Deep residual learning for image recognition,” inProceedings of the IEEE CVPR, 2016, pp. 770-778.

[19] B. Z. Hameed et al., “Engineering and clinical use of artificialintelligence with machine learning and data science advancements:radiology leading the way for
future,” Therapeutic Advances inUrology, vol. 13, 2021.

[20] H. Siala and Y. Wang, “SHIFTing artificial intelligence to beresponsible in healthcare: a systematic review,” Social Science andMedicine, vol. 296, p.
114782, 2022.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538'| ISRA Journal Impact Factor 7.894 | 8716



d lIsRA

ef n\m
cross’ COPERNICUS

10.22214/1JRASET 45,98 IMPACT FACTOR: IMPACT FACTOR:
7.129 7.429

INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGY

Call : 08813907089 (V) (24*7 Support on Whatsapp)




