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Abstract 

Artificial Intelligence (AI) has revolutionized the healthcare industry by enabling automated and intelligent medical 

image analysis for disease detection and diagnosis. Deep learning techniques, particularly Convolutional Neural 

Networks (CNNs), Transfer Learning, U-Net architectures, and Generative Adversarial Networks (GANs), have 

significantly improved the accuracy and efficiency of medical image interpretation. This paper presents an AI-driven 

framework for automated disease detection using medical imaging modalities such as X-ray, MRI, CT scan, ultrasound, 

and retinal imaging. The proposed methodology integrates image preprocessing, segmentation, feature extraction, 

classification, and disease prediction using deep learning algorithms. Experimental analysis demonstrates improved 

diagnostic accuracy, precision, sensitivity, and specificity compared with conventional machine learning methods. The 

study further discusses recent advancements, challenges, ethical considerations, and future research directions in AI-

assisted medical imaging systems. The findings indicate that AI-based medical image analysis can enhance early disease 

diagnosis, reduce clinical workload, and improve healthcare accessibility. 
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1. Introduction 

Medical imaging has become an indispensable component of modern healthcare systems, playing a vital role in disease 

diagnosis, treatment planning, and patient monitoring. Advanced imaging modalities such as X-ray, Magnetic 

Resonance Imaging (MRI), Computed Tomography (CT), Positron Emission Tomography (PET), ultrasound, and retinal 

imaging enable physicians to visualize internal organs, tissues, and physiological structures with remarkable detail and 

accuracy. These imaging techniques assist clinicians in detecting abnormalities, identifying disease progression, and 

evaluating therapeutic outcomes. However, the rapid growth in the number of medical imaging procedures has generated 

enormous volumes of imaging data, significantly increasing the workload of radiologists and healthcare professionals. 

Manual interpretation of these complex images is time-consuming and prone to human error, which may lead to delayed 

diagnosis and inconsistent clinical decisions. 

In recent years, Artificial Intelligence (AI), particularly deep learning and computer vision technologies, has emerged 

as a revolutionary approach for automated medical image analysis and disease detection. AI-driven systems are capable 

of analyzing complex medical images with high precision and efficiency, enabling the identification of subtle 

abnormalities that may be difficult for human experts to detect. Deep learning algorithms, especially Convolutional 

Neural Networks (CNNs), have demonstrated exceptional performance in image classification, segmentation, feature 

https://ijsrem.com/


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

                       Volume: 10 Issue: 05 | May - 2026                            SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM64374                                         |        Page 2 
 

extraction, and disease prediction tasks. These advancements have transformed medical imaging into a more intelligent 

and automated diagnostic system. AI applications in healthcare have expanded rapidly across multiple medical domains. 

For instance, MRI-based AI models are extensively used for accurate brain tumor detection and segmentation, while 

chest X-ray analysis assists in identifying lung diseases such as pneumonia, tuberculosis, and COVID-19. Ultrasound 

imaging integrated with AI techniques has improved breast cancer screening by enabling early and reliable tumor 

detection. Similarly, retinal image analysis using deep learning supports automated diabetic retinopathy detection, 

reducing the risk of vision loss among diabetic patients. AI has also been successfully applied in cardiovascular disease 

analysis using CT scans to evaluate coronary artery conditions and detect potential cardiac abnormalities. 

The integration of AI into medical imaging offers several important advantages, including improved diagnostic accuracy, 

early disease detection, reduction in human errors, faster clinical decision-making, and efficient workflow automation. 

AI-assisted diagnostic systems can process large amounts of imaging data within a short period, thereby reducing the 

burden on radiologists and enhancing healthcare productivity. Furthermore, these intelligent systems support 

personalized medicine by providing precise and data-driven diagnostic insights. Despite these remarkable 

advancements, several challenges continue to hinder the widespread adoption of AI in healthcare. Issues related to 

patient data privacy, limited availability of annotated medical datasets, interpretability and transparency of AI models, 

and ethical and regulatory concerns remain significant barriers. In addition, deep learning models often require large 

computational resources and high-quality training data to achieve reliable performance. Therefore, continuous research 

and development are necessary to address these challenges and ensure the safe, ethical, and effective implementation of 

AI-driven medical image analysis systems in clinical practice. 

 

2. Literature Review 

Artificial Intelligence (AI) has emerged as one of the most transformative technologies in the field of medical image 

analysis, particularly in automated disease detection, classification, segmentation, and prognostic prediction. Over the 

past five years, researchers have extensively explored the integration of deep learning, computer vision, and transfer 

learning techniques with medical imaging modalities such as MRI, CT scans, X-rays, ultrasound, PET scans, and retinal 

imaging. The rapid advancement of Convolutional Neural Networks (CNNs), U-Net architectures, transformer models, 

and Generative Adversarial Networks (GANs) has significantly enhanced the performance of AI-assisted diagnostic 

systems. These technologies have enabled accurate identification of abnormalities, improved segmentation of regions 

of interest, and supported faster clinical decision-making in healthcare applications. 

Bagri et al. [1] reviewed AI-powered medical image diagnosis systems and highlighted the growing importance of 

CNNs, U-Net architectures, GANs, and transformer-based models in automated disease detection. Their study 

emphasized the application of AI in MRI-based brain tumor diagnosis, chest X-ray analysis for lung diseases, retinal 

image analysis for diabetic retinopathy, and cardiovascular disease assessment. The authors further discussed the major 

challenges associated with AI implementation in healthcare, including interpretability issues, data bias, privacy 

concerns, and ethical limitations. Their findings demonstrated that AI-based systems can significantly reduce diagnostic 

errors and improve the efficiency of medical image interpretation. Similarly, Wang et al. [2] presented a comprehensive 

review of AI in medical image analysis and discussed the applications of deep learning techniques in image 

enhancement, segmentation, lesion detection, diagnosis, and prognostic prediction. The study demonstrated that AI-

assisted systems improve image quality, increase segmentation precision, and enhance disease classification accuracy. 

The authors also highlighted the role of CNNs, GANs, and Large Language Models (LLMs) in improving automated 

clinical diagnosis and healthcare workflow management. Their research revealed that AI-based image analysis systems 

can process large volumes of medical images efficiently while supporting intelligent healthcare decision-making. 

In the area of brain tumor detection, Rahman et al. [3] proposed an EfficientNetB2-based deep learning framework for 

enhanced MRI image analysis. Their model incorporated image equalization and homomorphic filtering techniques to 

improve image quality and feature extraction performance. Experimental results demonstrated superior classification 

accuracy and robustness compared with conventional CNN-based approaches. The study concluded that advanced 
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preprocessing techniques combined with optimized deep learning models significantly improve the accuracy of AI-

assisted brain tumor diagnosis. Mathivanan et al. [4] employed deep learning and transfer learning techniques for 

accurate brain tumor detection using MRI images. Their research demonstrated improved sensitivity, specificity, and 

overall classification accuracy compared with traditional machine learning algorithms. The use of pretrained transfer 

learning architectures reduced computational complexity and improved feature representation, thereby enhancing 

diagnostic reliability. Their findings emphasized the importance of transfer learning in medical imaging applications 

where limited annotated datasets are available. 

Image segmentation is another critical area in AI-assisted medical image analysis. Chen et al. [5] developed CNN-based 

image segmentation models for multimodal medical imaging applications. Their work focused on improving image 

segmentation and reconstruction performance using deep learning approaches. The proposed segmentation models 

effectively identified regions of interest and improved disease localization accuracy in complex medical images. Their 

study demonstrated that CNN-based segmentation methods outperform conventional image processing approaches in 

terms of accuracy and robustness. Further advancements in segmentation techniques were reported by Huang et al. [6], 

who proposed an advanced U-Net-based architecture for medical image segmentation. Their model achieved high Dice 

similarity coefficients for organ and lesion detection, thereby improving segmentation accuracy in complex biomedical 

imaging datasets. The study demonstrated that U-Net architectures are highly effective in extracting fine-grained image 

features and preserving spatial information, which is essential for accurate disease diagnosis and treatment planning. 

AI applications have also shown remarkable progress in breast cancer diagnosis. Park et al. [7] developed a portable AI-

assisted automated breast ultrasound system for breast cancer screening. Their system enabled real-time and cost-

effective tumor detection with improved screening efficiency. The integration of AI with ultrasound imaging 

significantly enhanced breast lesion localization and supported early-stage cancer diagnosis. The study highlighted the 

potential of AI-assisted imaging systems in improving healthcare accessibility and reducing clinical workload. Similarly, 

Penha et al. [8] investigated AI-based diabetic retinopathy screening using retinal images and embedded artificial 

intelligence systems. Their study demonstrated that AI-powered retinal image analysis can accurately detect diabetic 

retinopathy at an early stage, thereby reducing the risk of vision loss among diabetic patients. The research emphasized 

the importance of automated retinal image screening in remote and resource-limited healthcare environments. 

In orthopedic diagnosis, Ahmed et al. [9] evaluated YOLOv10-based deep learning models for pediatric wrist fracture 

detection using medical imaging datasets. Their study reported improved object detection accuracy and reduced false-

positive rates, thereby highlighting the effectiveness of advanced object detection algorithms in automated fracture 

diagnosis. The findings demonstrated that real-time AI-based object detection systems can significantly support 

radiologists in clinical practice. Liu et al. [10] proposed a multimodal MRI-based spinal tumor classification framework 

using deep learning techniques. The model integrated multiple MRI sequences to improve spinal tumor classification 

accuracy and achieved superior diagnostic performance compared with conventional radiological assessment methods. 

Their study demonstrated that multimodal image fusion enhances feature extraction capability and improves disease 

classification accuracy in complex medical imaging applications. 

In prognostic prediction applications, Huang et al. [11] combined radiomics and CNN-based approaches for prognostic 

prediction in lung cancer patients using PET/CT imaging. Their AI-driven framework effectively predicted disease 

progression and overall patient survival, thereby supporting personalized treatment planning and precision medicine. 

The study highlighted the importance of integrating radiomics with deep learning techniques for advanced healthcare 

analytics. Transformer-based architectures have also gained significant attention in recent years. Zhang et al. [12] 

explored transformer-based medical image segmentation techniques and demonstrated that transformer models provide 

superior global feature extraction and segmentation performance compared with conventional CNN architectures. Their 

findings suggested that transformer-based models represent a promising direction for next-generation medical image 

analysis systems. In digital pathology applications, Wang et al. [13] proposed a deep learning framework for pathological 

image analysis and automated disease classification. Their study achieved high classification accuracy in 

histopathological image analysis and demonstrated the effectiveness of AI in supporting digital pathology workflows. 

The research highlighted the capability of deep learning systems in analyzing complex pathological tissue images with 

minimal human intervention. 
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Sharma et al. [14] discussed the role of computer vision techniques in automated disease detection using medical images 

such as X-rays and MRI scans. Their study emphasized the significance of AI in improving diagnostic efficiency, 

reducing manual interpretation workload, and enabling intelligent healthcare systems. The authors concluded that 

computer vision-based AI systems can revolutionize medical diagnosis through accurate and automated image 

interpretation. Cardiovascular disease analysis has also benefited from AI-assisted medical imaging systems. Narula et 

al. [15] investigated deep learning-based coronary plaque assessment using computed tomography angiography. Their 

AI-assisted framework enabled accurate coronary plaque characterization and improved cardiovascular disease analysis, 

thereby supporting early cardiac risk assessment and treatment planning. Overall, recent studies clearly indicate that 

deep learning-based medical image analysis systems outperform conventional image processing techniques in various 

healthcare applications, including image segmentation, disease classification, lesion detection, prognostic prediction, 

and medical image enhancement. The integration of AI with advanced medical imaging technologies continues to 

improve diagnostic accuracy, reduce human errors, support efficient clinical decision-making, and enhance the overall 

quality of healthcare services. 

 

3. Proposed Methodology 

The proposed AI-driven medical image analysis framework is designed to automate disease detection using advanced 

deep learning and computer vision techniques. The framework consists of five major stages, namely image acquisition, 

image preprocessing, image segmentation, feature extraction, and disease classification. These stages work together to 

improve the accuracy, efficiency, and reliability of automated medical diagnosis systems. The proposed methodology 

enables the analysis of different medical imaging modalities such as Magnetic Resonance Imaging (MRI), Computed 

Tomography (CT), X-ray, ultrasound, and retinal imaging for detecting various diseases and abnormalities. Initially, 

medical images are collected from healthcare imaging systems and publicly available medical datasets. These images 

serve as the input for the proposed AI framework. Since medical images often contain noise, intensity variations, and 

low contrast, preprocessing techniques are applied to enhance image quality before further analysis. Preprocessing plays 

a crucial role in improving the performance of segmentation and classification models. In this stage, Gaussian filtering 

is used for noise removal, contrast enhancement techniques are applied to improve visibility, histogram equalization is 

employed to balance image intensity distribution, and image normalization is performed to standardize pixel values. 

These preprocessing operations significantly improve image clarity and enhance the efficiency of subsequent deep 

learning models. 

After preprocessing, the enhanced medical images are forwarded to the image segmentation stage, where the Region of 

Interest (ROI) is identified. Segmentation is an essential process in medical image analysis because it isolates abnormal 

regions such as tumors, lesions, or infected tissues from the surrounding healthy structures. In the proposed framework, 

the U-Net architecture is utilized for segmentation due to its superior performance in biomedical image analysis. U-Net 

provides high segmentation accuracy, efficient training capability, better feature localization, and reduced computational 

complexity. The skip connections and encoder-decoder structure of U-Net enable precise localization of disease-affected 

regions while preserving important spatial information from medical images. 

The overall workflow of the proposed AI-based medical image analysis system is illustrated in the following flowchart 

in figure 1. 
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Fig 1: AI-based medical image analysis system 

Following segmentation, feature extraction is performed using Convolutional Neural Networks (CNNs) and transfer 

learning models. CNN architectures automatically extract discriminative features such as texture patterns, shape 

characteristics, intensity variations, and spatial information from segmented medical images. Deep learning models 

including ResNet50, VGG16, and DenseNet121 are employed to improve feature representation and classification 

performance. Transfer learning significantly reduces training time and enhances model accuracy by utilizing pretrained 

deep learning weights obtained from large-scale image datasets. These extracted features provide meaningful 

representations that help in distinguishing normal and abnormal medical conditions. In the final stage, disease 

classification is carried out using a Softmax classifier integrated with deep learning architectures. The classifier 

categorizes the medical images into different diagnostic classes such as normal, benign, malignant, or disease-specific 

categories. The classification stage enables automated prediction and supports accurate clinical decision-making. The 

integration of preprocessing, segmentation, feature extraction, and classification into a unified AI-driven framework 

ensures improved diagnostic accuracy, reduced false-positive rates, and faster disease detection. 

 

 

4. Experimentation 

To evaluate the performance of the proposed AI-driven medical image analysis framework, extensive experiments were 

conducted on publicly available medical imaging datasets. The framework was implemented using deep learning models 

for segmentation, feature extraction, and classification. This section describes the datasets used, experimental setup, and 

performance metrics employed to assess the effectiveness of the proposed system. 

4.1 Dataset 

The experiments are performed using four publicly available medical imaging datasets representing different imaging 

modalities and disease categories. These datasets are widely used in medical image analysis research and provide diverse 

and comprehensive data for training and evaluation of deep learning models. 
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Table 4.1: Dataset of different Models 

Dataset Images Disease 

Brain MRI 3000 Brain Tumor 

Chest X-ray 5000 Pneumonia/COVID-19 

Retinal OCT 4000 Diabetic Retinopathy 

Breast Ultrasound 2500 Breast Cancer 

• Brain MRI Dataset: Consists of MRI scans of patients with and without brain tumors. 

• Chest X-ray Dataset: Contains chest X-ray images labeled as normal, pneumonia, or COVID-19. 

• Retinal OCT Dataset: Includes retinal optical coherence tomography images labeled for diabetic retinopathy severity. 

• Breast Ultrasound Images: Contains breast ultrasound images labeled as benign or malignant. 

4.2 Experimental Setup 

The proposed model is implemented using Python and deep learning libraries. The experimental configuration is 

summarized in Table 4.2. 

Table 4.2: Libraries of Python and Deep Learning 

Parameter Value 

Programming Language Python 

Framework TensorFlow/Keras 

GPU NVIDIA RTX 

Epochs 50 

Batch Size 32 

Optimizer Adam 

Learning Rate 0.001 

4.3 Performance Metrics 

The performance of the proposed model is evaluated using standard classification metrics. The following metrics are 

used to measure the effectiveness of the model. 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

Precision = TP / (TP + FP) 

Recall (Sensitivity) = TP / (TP + FN) 

F1-Score = (2 × Precision × Recall) / (Precision + Recall) 

Where: 

• TP = True Positive: The model correctly predicts a positive class. 

• TN = True Negative: The model correctly predicts a negative class. 

• FP = False Positive: The model incorrectly predicts a positive class. 

• FN = False Negative: The model incorrectly predicts a negative class. 

 

5. Results and Discussion 

The experimental evaluation of the proposed AI-driven medical image analysis framework demonstrated significant 

improvements in automated disease detection compared with traditional machine learning approaches. The proposed 

deep learning model, which integrates Convolutional Neural Networks (CNNs), transfer learning, and advanced feature 
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extraction techniques, achieved superior classification performance across multiple medical imaging datasets, including 

Brain MRI, Chest X-ray, Retinal OCT, and Breast Ultrasound images. The experimental results indicate that deep 

learning architectures provide better feature representation, improved segmentation accuracy, and enhanced disease 

classification capability compared with conventional algorithms such as Support Vector Machine (SVM) and Random 

Forest classifiers. 

The proposed model achieved the highest overall classification accuracy of 97.5%, outperforming all baseline methods. 

Similarly, the proposed framework obtained a precision of 97.1%, recall of 96.8%, and F1-score of 96.9%, 

demonstrating its effectiveness in minimizing false-positive and false-negative predictions. The superior performance 

of the proposed model can be attributed to the integration of transfer learning, deep feature extraction, image 

preprocessing, and optimized CNN architectures. 

5.1 Performance Comparison 

The comparative performance analysis of different machine learning and deep learning models is presented in Table 5.1. 

Table 5.1: Performance Analysis of Different Models 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

SVM 84.5 83.2 82.1 82.6 

Random Forest 87.4 86.3 85.7 86.0 

CNN 94.8 94.1 93.9 94.0 

ResNet50 96.2 95.8 95.4 95.6 

Proposed Model 97.5 97.1 96.8 96.9 

 

The experimental results clearly show that traditional machine learning algorithms such as SVM and Random Forest 

achieved comparatively lower performance because of their limited capability in extracting complex spatial and texture 

features from medical images. In contrast, CNN-based deep learning models demonstrated substantial improvements in 

classification accuracy due to their ability to automatically learn hierarchical image features. Among the evaluated deep 

learning architectures, ResNet50 achieved high performance because of its residual learning mechanism, which 

improves feature propagation and reduces vanishing gradient issues during training. 

The proposed model outperformed the ResNet50 architecture by incorporating optimized preprocessing techniques, U-

Net-based segmentation, transfer learning, and deep feature fusion mechanisms. The combination of these approaches 

enabled more accurate extraction of disease-specific features and improved classification reliability across multiple 

imaging modalities. 
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5.2 Accuracy Comparison Graph 

The graphical representation of model accuracy comparison is shown below. 

 
Fig 2: Model accuracy comparison 

 

The graph clearly illustrates that the proposed AI-driven framework achieved the highest classification accuracy among 

all evaluated methods. The performance improvement demonstrates the effectiveness of combining deep learning, 

transfer learning, and advanced preprocessing strategies for automated disease detection. 

 

5.3 Comparative Performance Diagram 

                  

 

 

5.4 Discussion 

The proposed AI-driven medical image analysis framework demonstrated remarkable improvements in automated 

disease detection and classification performance. The integration of CNN-based deep learning models with transfer 

learning significantly enhanced feature extraction capability and enabled the system to identify complex disease patterns 

from medical images with high precision. One of the major strengths of the proposed framework is its ability to reduce 
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false-positive and false-negative predictions, thereby improving diagnostic reliability. The use of advanced 

preprocessing methods such as noise removal, contrast enhancement, and histogram equalization improved image 

quality and enabled more accurate segmentation and classification results. Furthermore, U-Net-based segmentation 

effectively identified the Region of Interest (ROI), which enhanced lesion localization and disease feature extraction. 

The incorporation of transfer learning models such as ResNet50, VGG16, and DenseNet121 improved feature learning 

efficiency by utilizing pretrained weights from large-scale datasets. These pretrained models extracted robust spatial and 

texture features from medical images while reducing training complexity and computational time. ResNet50 particularly 

demonstrated strong feature learning capability due to its residual connections, which improved gradient propagation 

during training. Another important observation is that data augmentation techniques significantly reduced overfitting 

problems and improved model generalization capability. By generating transformed versions of medical images through 

rotation, flipping, scaling, and intensity variations, the framework achieved improved robustness and classification 

consistency across different datasets. 

The proposed AI framework also contributed to reducing manual interpretation workload for radiologists and healthcare 

professionals. Automated disease detection systems can analyze large volumes of medical images rapidly and support 

clinicians in making faster and more accurate diagnostic decisions. This capability is especially beneficial in resource-

limited healthcare environments where expert radiologists may not always be available. Despite achieving high 

classification performance, several challenges were observed during experimentation. One of the major limitations is 

the requirement for large annotated medical imaging datasets to train deep learning models effectively. The annotation 

process is time-consuming and requires expert medical knowledge. Additionally, deep learning architectures involve 

high computational complexity and require powerful GPU resources for training and optimization. 

Another important challenge is the lack of interpretability in deep learning models. Although CNN-based systems 

provide highly accurate predictions, understanding the internal decision-making process of these models remains 

difficult. This limitation may reduce trust and acceptance among healthcare professionals. Furthermore, data privacy 

and security concerns associated with medical imaging datasets continue to pose significant challenges in AI-based 

healthcare applications. Overall, the experimental results demonstrate that the proposed AI-driven medical image 

analysis framework provides highly accurate, reliable, and efficient automated disease detection. The integration of deep 

learning, transfer learning, advanced preprocessing, and segmentation techniques significantly improves medical image 

classification performance and supports intelligent healthcare decision-making systems. 

 

6. Conclusion 

Artificial Intelligence (AI) has emerged as a transformative technology in the field of medical image analysis, enabling 

accurate, efficient, and automated disease detection across various healthcare applications. This study presented an AI-

driven medical image analysis framework that integrates image preprocessing, segmentation, feature extraction, and 

deep learning-based classification for automated diagnosis using medical imaging modalities such as MRI, CT scans, 

X-rays, retinal images, and ultrasound images. The proposed framework utilized advanced deep learning architectures 

including Convolutional Neural Networks (CNNs), transfer learning models, and U-Net segmentation techniques to 

improve disease detection performance and clinical decision-making.Experimental evaluation demonstrated that the 

proposed AI-based framework significantly outperformed traditional machine learning algorithms such as Support 

Vector Machine (SVM) and Random Forest classifiers. The proposed model achieved an overall classification accuracy 

of 97.5%, precision of 97.1%, recall of 96.8%, and F1-score of 96.9%, indicating its high reliability and effectiveness 

in automated disease prediction. The incorporation of advanced preprocessing techniques, transfer learning, and deep 

feature extraction improved segmentation accuracy, reduced false-positive predictions, and enhanced classification 

performance across multiple medical imaging datasets. 

The study also highlighted the importance of U-Net architectures in precise Region of Interest (ROI) segmentation and 

demonstrated the effectiveness of transfer learning models such as ResNet50, VGG16, and DenseNet121 in extracting 
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meaningful disease-specific features. Furthermore, data augmentation and image enhancement techniques contributed 

to reducing overfitting problems and improving model generalization capability. The proposed framework successfully 

reduced manual interpretation workload and supported faster diagnostic analysis, thereby improving the overall 

efficiency of healthcare systems. Despite these promising outcomes, several challenges remain in implementing AI-

driven medical image analysis systems in real-world clinical environments. Issues related to data privacy, limited 

annotated datasets, computational complexity, and explainability of deep learning models continue to be major concerns. 

Additionally, the requirement for large-scale high-quality medical imaging datasets and powerful computational 

resources may limit the widespread adoption of AI-based healthcare systems in resource-constrained environments. 

Future research can focus on developing explainable AI (XAI) models to improve the transparency and interpretability 

of deep learning systems. The integration of federated learning, cloud-based healthcare systems, Internet of Things 

(IoT)-enabled medical devices, and multimodal medical imaging techniques can further enhance disease diagnosis and 

personalized treatment planning. Moreover, real-time AI-assisted clinical decision support systems can revolutionize 

healthcare by enabling early disease detection, continuous patient monitoring, and intelligent healthcare management. 

In conclusion, the proposed AI-driven medical image analysis framework demonstrates significant potential for 

improving automated disease detection, enhancing diagnostic accuracy, reducing clinical workload, and supporting 

intelligent healthcare systems. The continuous advancement of AI and deep learning technologies is expected to play a 

crucial role in the development of next-generation precision medicine and smart healthcare applications. 
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