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ABSTRACT 

Significant progress has been made in diagnosing Alzheimer's disease (AD) via MRI image processing, with deep learning 

methods being essential. In this work, we use the ADNI dataset to investigate novel approaches for MRI image-based AD 

detection and classification. Convolutional Neural Networks (CNN), ResNet, and InceptionV3 models have been shown to 

be effective in earlier studies; CNN achieved an astounding 96.7% accuracy rate. To improve performance even more, we 

present the Xception model for categorization, which achieves an impressive 99% accuracy rate. 

By utilizing Xception's capabilities, we are able to identify patterns associated with AD in MRI images with greater accuracy, 

improving diagnostic precision. Our results highlight the potential of using a variety of deep learning architectures for 

Alzheimer's identification, with Xception showing promise as a method for increasing MRI image classification accuracy. 

This study supports further attempts to create strong and trustworthy instruments for early intervention strategies for 

Alzheimer’s and dementia care. 
 

Keywords: Cognitive disorders, Alzheimer's disease, MRI assessment, image pattern detection,residual networks, Inception 

V3 structure, Xception model, layered neural models, medical scan interpretation, diagnostic imaging, brain scan 
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1. INTRODUCTION 

A major global health concern, Alzheimer’s disease (AD) involves a progressive impairment in cognitive performance 

faculties over a period of time, which mostly affects memory and day-to-day functioning. Since its first discovery by Alois 

Alzheimer in 1907, AD has emerged as a major focus of neurological study, along with a wide range of other neurologic 

disorders. Dementia comes in several forms, with each having unique characteristics and causes and diagnosing and treating 

each one presents unique difficulties. Considering that an estimated 44 million people around the world are affected by 

dementia and that the figure is projected to double by 2030 and triple by 2050, it is crucial that AD be addressed. Owing to 

its extensive prevalence, accurate diagnosis is rarely attained and prompt identification is an exceptional event. Strikingly, 

there is a greater number of undiagnosed patients which increases the strain on the individuals, caretakers, and medical 

frameworks. The shocking cost of AD is visible in the US as it quite literally affects millions of people while ripping families 

and localities apart. Therefore, there is a great need to come up with novel strategies to identify and categorize AD specially 

using modern imaging technology such as MRI in order to facilitate timely diagnosis and provide better outcomes for the 

patients. 

Alzheimer's disease (AD), a major contributor to the onset of dementia, results in irreversible memory and mental 

impairment. Since the disease was initially described by Alois Alzheimer in 1907, it has become a concern for neurologists. 

Now, it infects over 44 million people worldwide, and this number will double by the year 2030 and treble by 2050, placing 

immense burden on health care systems globally [5]. Conventional diagnostic methods are unable to identify AD in its initial 

stages, and the patient is treated late, which further aggravates the outcomes. New methods further utilize neuroimaging 

devices like MRI and fMRI, along with machine learning, to enhance diagnosis [4][6]. Despite this, most of the patients 

remain undiagnosed, and hence there is a need for improved diagnostic machines [1]. 
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This research suggests developing a deep learning-based pipeline from the ADNI dataset and models like ResNet50, 

InceptionV3, DenseNet201, and Xception for improving the accuracy of diagnostics. With the integration of medical imaging 

and AI, we aspire to facilitate earlier intervention and more personalized patient care. 

2. LITERATURE SURVEY 

Use of computing and imaging styles in the discovery of Alzheimer's has been one of the major focuses in recent times. 

Several studies have estimated different models and modalities to classify announcement, MCI, and healthy controls. 

Xiaohong et al.[1] developed a graph- kernel  star  element analysis with brain functional networks  deduced from  minimal 

gauging  trees that well distinguished announcement and MCI cases. Ashraf et al.[2] applied a Petri net modeling approach 

to  pretend  differences of neuronal pathways in announcement.  Diffusion MRI has also been considerably delved for 

individual bracket operation. Tijn et al.[3] showed the strength of  prolixity MRI in classifying announcement cases, while 

Vos et.( 4) conducted an  expansive analysis on resting- state fMRI  criteria . Big statistical data emphasize the need for 

better individual systems on a large scale. Thies and Bleiler[5] have  bandied epidemiological  substantiation for the  adding  

world burden of announcement, which further underlines the necessity for early  opinion. 

Ouyang et al.[6][7] delved  Independent element Analysis( ICA) to ameliorate MRI- grounded bracket using better signal 

separation and dimensionality reduction. These styles have been promising but tend to warrant generalizability across 

miscellaneous populations. Automatic towel bracket ways have also been suggested. Cocosco et al. Cocosco et al.[8] 

developed a stable brain MRI bracket  system that separates towel types for structural analysis. In the same tone, Wang and 

Chang[9] used ICA- grounded dimensionality reduction in hyperspectral imaging, which is also used in brain analysis.   

Lenzi et al.[10] estimated colorful cognitive features with fMRI, attributing definite functional alterations for single- sphere 

amnestic MCI. Despite these developments, utmost being systems calculate on bitsy datasets or are n't scalable and do not 

come with advanced deep models. That's the alleviation for the present work, where deep CNN models and the ADNI dataset 

are employed to enhance bracket delicacy as well as allow for early opinion. 

The entire proposed modelling and architecture of the current research paper should be presented in this section. This section 

gives the original contribution of the authors. This section should be written in Times New Roman font with size 10. Accepted 

manuscripts should be written by following this template. Once the manuscript is accepted authors should transfer the 

copyright form to the journal editorial office. Authors should write their manuscripts without any mistakes especially spelling 

and grammar.  

3. PROPOSED SYSTEM 

The proposed system offers an efficient and intelligent solution for AD diagnosis leverages the latest deep learning 

technologies techniques on MRI image processing. It aims to improve the flaws of existing diagnosis methods by applying 

various state-of-the-art CNN models—ResNet50, InceptionV3, DenseNet201, CNN, and Xception—in combination with 

ADNI as the training data. These models are chosen based on their established capabilities to perform in high-dimensional 

image classification, where the system is capable of picking out intricate features and identifying nuanced patterns in brain 

scans that characterize nascent-stage AD. The Xception model among them especially offers a notable improvement, 

reporting 99% classification accuracy and thereby outshining the performance of conventional CNN-based models. Through 

the use of robust AI-powered pattern recognition and a very scalable architecture, the system described here is a major step 

towards automation of AD detection, alleviation of diagnostic delay, enhancement of patient outcomes, and alleviation of 

emotional and economic burdens on caregivers and healthcare systems  Incorporation of such a system into clinical practice 

has the potential to retool the evaluation and care for neurodegenerative conditions like Alzheimer's in modern medicine. By 

utilizing strong AI-enabled pattern recognition and a highly scalable design, the system described herein is a significant step 

towards automation of AD detection, relief of diagnostic delay, improvement of patient outcomes, and relief of emotional 

and economic load on caregivers and health systems. Incorporation of such a system into clinical practice has the potential 

to transform the diagnosis and management of neurodegenerative diseases such as Alzheimer's in contemporary medicine. 

4. METHODOLOGY 

4.1 Proposed System Structure: 

The proposed system structure envisioned here is a complete pipeline for automatically diagnosing Alzheimer's disease via 

MRI scans. The procedure begins with the ADNI (Alzheimer's Disease Neuroimaging Initiative) Dataset, which provides a 

vast collection of MRI brain scans of healthy individuals and patients at various levels of Alzheimer's. 
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[Fig 4.1]: Proposed System Structure 

 The model takes this data as input. Once data collection is done, the second procedure is Image Processing in an effort to 

significantly prepare the raw first-time MRI scans to effectively go through analysis. Among such preprocessing, 

normalization, conversion to a known fixed size for the input (i.e., 224×224 pixels), greyscaling, noise removal, and skull 

cover removal come. Additional techniques including flipping, rotation, and zooming data may further be used with regard 

to data variance enhancement as well as increased generalizability for models. Once the images are preprocessed, several 

advanced deep learning models are employed during the Model Training Stage. 

These are a simple Convolutional Neural Network (CNN), employed as a baseline for spatial feature extraction; InceptionV3, 

employing parallel convolution steps to attain multi-scale features; DenseNet201, promoting feature reuse in densely 

connected layers; Xception, whose depthwise separable convolutions facilitate efficient learning; and ResNet50, whose 

residual connections have made it extremely popular for facilitating deeper network training. 

Both of these models are learned to identify the fine patterns and structural irregularities within the brain, which are 

trademarks of Alzheimer's progression. These models' outputs are then redirected to the Performance Evaluation module 

where the models are compared against the parameters of accuracy, precision, recall, F1-score, and ROC. The best model of 

diagnosis can be determined by comparing them. The system proceeds to the last stage of Alzheimer's Disease Diagnosis 

and makes predictions which can be used by neurologists and medical doctors to help in early diagnosis and therapeutic 

decision-making. 

This end-to-end deep learning pipeline enhances the precision and effectiveness in detecting Alzheimer's, minimizing human 

error and enabling timely intervention by means of intelligent neuroimaging analysis.      

In conclusion, the architecture diagram is a deep learning technique of Alzheimer's disease diagnosis. It begins with the 

ADNI dataset, which contains brain MRI scans. The photos are preprocessed to enhance quality and extract significant 

elements. The preprocessed images are used to feed different deep learning models such as ResNet50, CNN, InceptionV3, 

DenseNet201, and Xception to train and classify. Upon completion of training, the model is tested for performance so that 

its efficiency and accuracy can be ascertained. The final product is an Alzheimer’s disease diagnosis, enabling early detection 

as well as medical examination. 

4.2 Algorithm used: 

This approach categorizes brain MRI data based on five robust deep learning frameworks (ResNet50, CNN, InceptionV3, 

DenseNet201, and Xception) in a bid to identify Alzheimer's disease. Since every one of these frameworks possesses one 

strength in image classification work—particularly in clinical imaging, where even subtle feature transformations can 

significantly affect the result—they were selected. 

 1. ResNet50, which is a 50-layer residual network 

The reason for its application: ResNet50's capacity to train very deep networks without facing vanishing gradient problems 

is well known. While backpropagating, residual connections or skip connections enable the network to learn identity 

mappings and improve smooth gradient flow. 

Deep hierarchical features' ability to be extracted from brain MRI images is one benefit of diagnosing Alzheimer's disease. 

It does a great job of distinguishing minute structural changes in the brain associated with the development of Alzheimer's 
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disease and shown capability to categorize issues related to medical imaging. 

2. CNN (Convolutional Neural Network, Custom or Baseline) 

Its use's objective: A simple CNN structure is a good baseline system to measure the performance of more complex systems. 

It is great for image processing because it applies convolutional layers to learn spatial hierarchies in data. 

Advantages in diagnosing Alzheimer's disease: 

o Easy and effective on binary or multiclass classification. 

o only applicable to the particular MRI data structure. 

o gives a good starting point to experiment with different setups (activation functions, layers, and filters). 

3. Inception V3 

Justification for its application: InceptionV3 is renowned for its multi-scale feature extraction through the use of Inception 

modules, which apply several filters of varying sizes in parallel within a single layer. As a result, it can efficiently collect 

both coarse and fine features. 

Benefits for the recognition of Alzheimer's disease: 

o detects multi-resolution patterns, such as multiple brain atrophy stages. 

o It is fast and robust due to its factorized convolutions, making it computationally friendly. 

o works well with data like brain MRIs with complex and dynamic structures. 

4. DenseNet201 (Convolutional Networks with Dense Connections) 

Why it is used: DenseNet201 makes feed-forward connections between all layers.  

The capacity to obtain high-resolution structural MRI scan features is one advantage towards detection of Alzheimer's 

disease. 

Benefits for the recognition of Alzheimer’s disease: 

o reduced overfitting, especially with medical imaging data being limited. 

o feature maps sharing makes it simpler to detect more complex and varied semantic features. 

5. Xception, or Extreme Inception 

The rationale for using: Xception surpasses Inception by replacing the normal Inception modules with depthwise separable 

convolutions, which separate cross-channel and spatial correlations. According to some, Xception performs better than 

InceptionV3 and frequently surpasses it. 

Advantages of Alzheimer's disease detection: 

o very efficient, needing less training and initialization time. 

o Excellent at seeing minute spatial changes in medical images. 

Excellent generalization ability, specifically to distinguish between alike brain scan images of various types. 

CNN is a robust baseline model because it is simple and flexible. InceptionV3 employs multi-scale feature extraction, and 

hence it performs well in the detection of diverse structural changes in brain scans. DenseNet201 encourages feature reuse 

via densely connected layers, reducing overfitting for medical imaging tasks. Finally, there is Xception, constructed on 

depthwise separable convolutions, which is a lightweight but highly resilient technique for identifying subtle abnormalities 

and is best suited for identifying early-stage Alzheimer's. 

Table4.1: Comparison of algorithm used 

Model Key Feature Why It’s Useful for Alzheimer’s Detection 

ResNet50 Residual Connections Captures complex features, avoids vanishing 

gradients 

CNN Standard convolutional model Simple baseline, customizable 

Inception V3 Multi-scale feature extraction Efficient and effective in varying patterns 

DensetNet 201 Dense layer connectivity Promotes feature reuse, reduces overfitting 
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Xception Depthwise seperable 

convolutions 

Lightweight and powerful for subtle features. 

The following Table 4.1 illustrates major deep learning models applied in this research and indicates their significance for 

the detection of Alzheimer's. ResNet50, through its residual connections, enables the capture of intricate patterns within MRI 

data without the vanishing gradient issue. 

4.3 Performance Measurement: 

The AD diagnosis using MRI image analysis method follows a step-by-step process with data acquisition, preprocessing, 

model training, evaluation, and deployment. Preprocessing operations such as normalization, resizing, augmentation, and 

noise removal are performed on images to standardize and improve model performance. Normalization scales pixel values 

to the range of 0 to 1 in an attempt to normalize intensity levels. 

Resizing is done to have the images in the size of the input pixels of the specified (224 by 224) deep model. Data 

augmentation methods like rotation ((± 15^circ)), flip, brightness adjustment, and Gaussian noise addition are utilized in an 

attempt to avoid overfitting and introduce diversity to the sets. Further, skull stripping and Gaussian noise removal enhance 

image quality since only desired brain anatomy remains. For accurately classifying MRI images, employed models are deep 

learning architectures that consist of CNNs, ResNet50, InceptionV3, DenseNet201, and Xception. CNNs utilize spatial and 

structural characteristics of MRI scans, while ResNet50 utilizes residual connections to avoid vanishing gradient problems. 

InceptionV3 employs multi-scale convolutional kernels to maximize feature extraction, while DenseNet201 facilitates 

enhanced feature propagation through densely connected layers. Xception utilizes depthwise separable convolutions in that 

super-optimal deep model to perform more efficient computation and classification. 

Because medical image data sets are small, transfer learning takes advantage of pre-trained models on ImageNet by fine-

tuning them. Pre-trained models on ImageNet fine-tuning uses transfer learning because small medical imaging data sets are 

involved. 

Adam weight update optimizer with the initial learning rate of 0.001 has been used, and hyperparameters such as batch size 

(32), dropout rate (0.4), and epochs (50) are optimized to maximize performance. 

After training, model evaluation is conducted using key performance metrics to assess classification accuracy.  

True Positives (TP) are true instances of Alzheimer's, and True Negatives (TN) are true instances of non-Alzheimer's 

subjects. False Positives (FP) are the false labeling of non-AD cases as AD, and False Negatives (FN) are when actual AD 

cases are not labeled correctly. Confusion matrix is used to represent classification mistakes, and AUC-ROC score is 

computed to quantify the discrimination ability among different subject groups. Training is done computationally efficiently 

on an NVIDIA RTX 3090 GPU with 24GB VRAM, 32GB RAM, and a 500GB SSD.The programming language used is 

Python with TensorFlow and PyTorch frameworks, and supporting libraries like NumPy, Pandas, OpenCV, and Flask. After 

its peak model performance, it's deployed as a Flask web app to provide users with a facility to upload MRI images and attain 

real-time diagnosis prediction. Deployment infrastructure consists of a frontend coded in HTML, CSS, and JavaScript and a 

backend to perform deep learning inference with TensorFlow APIs.  MRI scans are stored using AWS S3 and FastAPI is 

used in making efficient real-time prediction. 

This approach provides a well-structured and reliable method through the application of deep learning in Alzheimer's Disease 

diagnosis methods for high diagnostic precision. The inclusion of Xception along with other superior models remarkably 

enhances the classification outcome, promoting early diagnosis and early medical treatment. 

5. RESULTS AND DISCUSSION 

Model Performance Analysis   

MRI images of the ADNI database were used to train and assess algorithms that would be able to identify Alzheimer's 

disease. The models' predictive performance was assessed using metrics such as accuracy, recall, precision, and F1-score. 

The CNN model outperformed the others, classifying 96.7% of the input images correctly and identifying patterns more 

effectively. The performance metrics were used to contrast and measure the models against each other based on the 

performance of each model for this medical image task. 

- CNN Model: This model correctly identified 96.7% of cases, showcasing its strong pattern recognition skills in MRI images. 

- Xception Model: It achieved an impressive 99% accuracy, demonstrating its knack for detecting subtle features while also 

enhancing classification performance. 

- ResNet50, InceptionV3, DenseNet201: Although all these models resulted in similar values, they lagged behind the 

efficiency of the Xception model. 

These results identify that deep learning models, most notably Xception, can immensely improve the precision of AD 
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diagnosis by revealing sophisticated patterns in MRI images that old-fashioned techniques could not possibly achieve. 

 

[Fig 5.1] Training and Validation Performance of the Xception Model 

Comparative Analysis with Existing Methods 

Unlike traditional diagnostic procedures, where MRI scans are interpreted manually, deep learning models provide a more 

streamlined, uniform, and highly accurate way. The existing research using CNN and ResNet models put forward accuracy 

levels in the range of 95%, but our study employed Xception for greater accuracy. 

Also, while previous research employed feature extraction techniques with human interference, deep learning algorithms 

automatically extract features, reducing the possibility of human error. This leads to improved efficiency in the diagnosis of 

AD and underscores the clinical usefulness of AI-based systems for diagnosis. 

 

[Fig 5.2]: Performance evaluation metrics 

5.3   Challenges and Limitations   

Despite the promising results, the research also had some limitations and challenges that must be addressed in order to 

maximize its applicability value in the real world. One of the main limitations is the data availability and diversity—while 

the ADNI dataset is of acceptable quality with MRI images, supplementing with additional datasets using different 

populations is necessary to generalize the model and ensure unbiased performance on other population groups. Another issue 

is the computational complexity of deep learning models since training these networks is a computationally expensive 

process that demands a significant amount of processing power, and real-time deployment is difficult without optimized 

hardware or cloud computing. Additionally, the interpretability of AI models is still a fundamental issue in medical 

diagnostics. Although highly accurate, deep learning models are "black boxes" and therefore difficult for healthcare 

practitioners to completely trust and embrace AI-based diagnoses without additional validation and explainability 

mechanisms. Class imbalance in datasets—where some AD severity stages might be underrepresented—can also affect 

prediction accuracy. Resolving this problem by utilizing data augmentation strategies or re-weighted loss functions can 

enhance the robustness and reliability of the model to perform more balanced and efficient classification in all phases of 

Alzheimer's Disease. 

 Implications for Diagnosis and Treatment 

Findings from this research reveal the importance of AI-driven early detection systems for AD diagnosis. Early detection is 

important because it allows interventions to be conducted in a timely manner, which may delay disease progression and 
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improve outcomes for patients. In practical use, the system can be integrated into hospital radiology departments, assisting 

radiologists by providing computer-aided pre-diagnosis assessment, which can then be authenticated by healthcare providers. 

The deployment of cloud-based AI services may also enable the availability of such software to those hospitals and clinics 

with limited computational capacity.  Also, the use of deep learning models combined with longitudinal patient data may 

facilitate real-time monitoring of disease progression to result in more tailored treatment regimens. 

5.4 Output Screenshots:   

A) Enter your login information to register for the application and log in. 

 

Fig5.3: Registration page 

B)  You can click on the classification link to access the classification page after registering, which will send you to 

the dashboard page. On this page, you will be provided with the means to upload an MRI image that will be 

classified and analyzed. 

 

Fig5.4: Dashboard 

C) Upload an MRI image by clicking "Choose File", then click "Upload" to receive the classification result for 

Alzheimer's disease. 

 

Fig5.5: Upload image for diagnosis 

D) The prediction result for Alzheimer's disease based on the uploaded MRI image is displayed below. 
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Fig5.6: Prediction 

6. CONCLUSION & FUTURE SCOPE 

In conclusion, this research demonstrates the great potential of applying advanced deep learning architectures in the clinical 

diagnosis of Alzheimer's Disease (AD) using MRI brain scans. By applying models such as ResNet50, InceptionV3, 

DenseNet201, and Xception on the standard ADNI (Alzheimer's Disease Neuroimaging Initiative) dataset, we achieved very 

encouraging results that highlight the capability of deep learning to identify neurodegenerative changes. 

Among the models tested, the baseline Convolutional Neural Network (CNN) fared extremely well with a very high accuracy 

of 96.7%, indicating that it succeeded in extracting crucial spatial features from MRI scans. Yet, the Xception model was the 

top-performing architecture since it outperformed CNN and other models in terms of accuracy and computational expense 

with a staggering accuracy rate of 99%.This not only highlights Xception's capability to extract high-level complex features 

using depthwise separable convolutions but also emphasizes the importance of exploring and comparing a range of deep 

learning models while developing diagnostic systems for AD. 

The power of the suggested system is that it can effectively detect faint and early-stage patterns of brain structure of 

Alzheimer's Disease, which in general are challenging to detect via routine clinical inspection. Early and stable detection of 

AD is extremely important since it enables timely treatment, may hinder the progression of disease, and enhances the well-

being of patients. 

Additionally, our system enables cost-efficient and scalable diagnostic procedures, lowering the cost to healthcare systems 

and relieving patients and caregivers from emotional and economic pressure. The results not only hold relevance for use in 

clinical settings but also open the door for the implementation of AI-based tools in the real-world healthcare environment. 

For the future, our research provides a strong foundation for future deep learning-based neurological diagnostic studies. It 

calls for further incorporation of different data modalities such as PET scans, cognitive scores, and genetic markers towards 

improving diagnostic accuracy. In addition, using explainability models such as Grad-CAM can help in the visualization of 

which brain regions influence model predictions, thereby establishing trust and transparency for physicians. 

Finally, our findings necessitate the implementation of smart imaging systems in clinical diagnosis, illustrating how deep 

learning is capable of redesigning the traditional process of medicine. With further research, development, and clinician-

research collaboration, these systems hold great potential to mature as diagnostic tools that promote early diagnosis, 

treatment-planning-informed decision-making, and enhanced patient outcomes in Alzheimer's Disease-related conditions. 

Future research in this paper includes some possible directions to improve the precision and real-world applicability of 

Alzheimer’s disease diagnosis to be implemented in actual clinical practice: 

Model Optimization and Ensemble Learning: 

Hyperparameter tuning of deep learning models and model ensemble construction have the ability to stabilize classification 

and decrease false positives in clinical practice. 

Multi-Modal Data Fusion: 

Combining MRI data with other diagnosis data such as PET scans, genetic markers, and medical histories can lead to 

improved and more sophisticated diagnosis systems. 

Longitudinal Analysis and Real-Time Monitoring: 

The integration of longitudinal imaging information with real-time patient monitoring is expected to give early warning 

forecasts on disease onset and detection before symptoms appear. 

Cooperation and Clinical Verification 

Scaling up to clinics and neurologists will enable practice translation and testing in the real world. 
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Dataset Expansion and Heterogeneity:  

Model generalizability to broad patient populations and robustness will be enhanced by expanding to large datasets with 

diverse ethnicities and geographic sites. 

Integration with Healthcare Systems: 

Integration of these models into hospital systems or telehealth platforms in easy-to-use applications can expand early 

diagnosis availability and affordability. 

Subsequent releases of this system may include treatment recommendation engines, which would provide user-specific 

treatment recommendations based on patient-specific imaging and diagnostic information. 
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