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ABSTRACT:  In the realm of precision medicine, the intersection of state-of-the-art technology and disease identification has 

ushered in a new era of accuracy in healthcare diagnostics. This paper reviews a groundbreaking research endeavor aiming to 

enhance breast cancer detection in mammograms through the synergistic application of transfer learning, architectural modifications, 

and advanced optimization techniques. 

At the core of this research is the concept of transfer learning, leveraging insights gained from one domain to illuminate another. 

The study extends this paradigm to the Xception architecture, renowned for its proficiency in discerning intricate patterns within 

images. However, the novelty lies in the intelligent modification of Xception to be specifically attuned to breast cancer detection. 

By fine-tuning the network's final layers, the model's innate ability to understand features is harmonized with the complexities of 

mammographic images, ensuring sensitivity to nuanced markers of potential malignancy. 

A distinctive aspect of this research is the incorporation of a self-attention mechanism, mirroring human visual processing. This 

mechanism dynamically highlights crucial regions within mammograms, transforming the model into an active interpreter capable 

of identifying subtle textures, shapes, and edges indicative of breast cancer. This adaptive approach enhances the model's finesse in 

navigating diverse breast cancer cases effectively. 

Throughout the training phase, optimization is pivotal for steering the research towards success. The utilization of the Adam 

optimizer, known for its adaptability in learning rates and moment estimations, guides the process, ensuring precise gradient descent 

through complex patterns. The integration of the rectified linear unit (ReLU) activation function further empowers the model to 

capture intricate relationships within data, enhancing its ability to identify subtle cancer markers. This review comprehensively 

explores the innovative strides made in breast cancer detection, shedding light on the nuanced interplay of transfer learning, 

architectural adjustments, self-attention mechanisms, and advanced optimization techniques. The modified Xception model 

emerges as a promising tool in the pursuit of accurate and sensitive breast cancer diagnostics. 

Keywords: Breast Cancer Detection, Mammogram Analysis, Modified Xception, Transfer Learning, Self-Attention Mechanism, 

Optimization Techniques. 

 

I INTRODUCTION 

A. Background: Precision Medicine and Diagnostic 

Accuracy 

In the dynamic landscape of contemporary healthcare, the 

paradigm of precision medicine has emerged as a 

transformative approach, aiming to tailor medical 

interventions based on individual patient characteristics. At 

the heart of this transformative shift lies an unwavering 

commitment to diagnostic accuracy, propelled by the 

integration of cutting-edge technologies. Precision 

medicine, with its emphasis on personalized treatment 

plans, represents a departure from the traditional one-size-

fits-all medical strategies, paving the way for more 

effective and targeted healthcare interventions. 

 

B. Role of Deep Learning in Medical Image 

Interpretation 

Within the expansive realm of precision medicine, the role 

of deep learning stands out as a beacon of innovation and 

promise. Deep learning, a subfield of artificial intelligence, 

has manifested as a powerful computational tool capable 

of deciphering the intricate complexities embedded in 

medical images. Leveraging neural networks with multiple 

layers, deep learning models demonstrate a remarkable 

capacity to recognize subtle patterns and glean insights 

from vast datasets. This capability is particularly pivotal in 

the realm of medical image interpretation, where the 

nuances inherent in visual data necessitate sophisticated 

analytical approaches. 
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C. Significance of Breast Cancer Detection in 

Advanced Diagnostics 

Among the myriad applications of deep learning in medical 

diagnostics, the spotlight is unequivocally on breast cancer 

detection. Breast cancer, a prevalent and potentially life- 

threatening condition, demands early and accurate 

diagnosis for effective intervention. The significance of 

advanced diagnostics in breast cancer detection is 

underscored by the imperative to identify malignancies at 

their incipient stages, enabling timely and targeted 

therapeutic interventions. The integration of deep learning 

methodologies into breast cancer diagnostics not only 

augments the precision of identification but also holds the 

promise of revolutionizing the landscape of breast cancer 

care through informed decision-making. 

In the intricate interplay of precision medicine, deep 

learning, and breast cancer detection, the pursuit of 

heightened diagnostic accuracy becomes a noble endeavor 

with far-reaching implications. The following sections will 

unravel the intricate threads of this research, delving into 

the innovative fusion of transfer learning, architectural 

modifications, and advanced optimization techniques, all 

orchestrated to enhance the accuracy of breast cancer 

detection. 

 

II. TRANSFER LEARNING AND XCEPTION 

ARCHITECTURE 

A. Concept and Principles of Transfer Learning 

Transfer learning, a cornerstone in the realm of deep 

learning, encapsulates a fundamental concept wherein 

knowledge acquired in one domain is leveraged to enhance 

performance in a related but distinct domain. In the context 

of medical image interpretation, transfer learning 

facilitates the transfer of knowledge gleaned from 

extensive datasets and diverse domains to illuminate the 

nuances embedded in medical images. This approach is 

particularly pertinent in scenarios where labeled data for 

specific tasks is limited, as is often the case in medical 

imaging applications. The principles of transfer learning lie 

in the pre-training of neural network models on large 

datasets from a source domain, followed by fine-tuning or 

retraining on a target domain with a limited dataset. This 

strategic utilization of pre-existing knowledge enables the 

model to discern general features, patterns, and 

representations, enhancing its adaptability and 

effectiveness in a new context. 

 

Fig1: Principle of Transfer Learning [1] 

In essence, transfer learning serves as a conduit for 

knowledge transfer, allowing the model to glean insights 

from one domain and apply them discerningly to another 

[2]. 

 

B. Proficiency of Xception in Recognizing Intricate 

Patterns 

Xception, an evolution in convolutional neural network 

(CNN) architecture, demonstrates exceptional proficiency 

in recognizing intricate patterns within images. Introduced 

as an extension of the inception architecture, Xception 

departs from the conventional paradigm by embracing a 

depthwise separable convolutional approach. This novel 

architecture imparts an unparalleled capacity to capture 

detailed features and spatial hierarchies, making it 

particularly adept at discerning subtle patterns in complex 

datasets. 

Xception's architectural innovation lies in its ability to 

decouple cross-channel and spatial correlations, providing 

a more efficient and expressive feature learning 

mechanism. By disentangling these correlations, Xception 

mitigates information loss and enhances the model's 

discriminative power. The depth wise separable 

convolutions in Xception contribute to a more 

parameter-efficient architecture, fostering the extraction of 

intricate features critical for medical image analysis [3]. 

 

C. Extending Transfer Learning to the Xception 

Architecture 

Extending the principles of transfer learning to the 

Xception architecture represents a sophisticated 

integration of pre-existing knowledge with an advanced 

pattern recognition framework. The transferability of 

knowledge acquired from diverse datasets is harnessed to 

amplify Xception's innate proficiency in recognizing 

intricate patterns. This fusion allows the model to inherit 

foundational insights from broader domains, laying the 

groundwork for its specialization in the nuanced domain of 

breast cancer detection. 

In the context of this research, the extension of transfer 

learning to the Xception architecture involves the strategic 

adaptation of knowledge gleaned from general image 

recognition tasks to the specific intricacies of 

mammographic images. This meticulous process 

establishes a foundation upon which the Xception model is 

primed to discern the unique visual markers indicative of 

breast cancer. The subsequent sections will delve into the 

nuanced adjustments made to the Xception architecture, 

tailoring it to the demanding task of breast cancer 

detection. 
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Fig2: A Model on Transfer Learning to the Xception 

Architecture [4] 

 

III. FINE-TUNING FOR BREAST CANCER 

DETECTION 

A. Harmonizing Model's Inherent Features with 

Mammographic Complexities 

The crux of advancing breast cancer detection through 

deep learning lies in the meticulous fine- tuning of neural 

network models to harmonize their inherent features with 

the intricate complexities inherent in mammographic 

images. Mammograms, characterized by diverse textures, 

densities, and subtle anomalies, demand a model that is not 

merely proficient in recognizing patterns but is intricately 

attuned to the specific visual markers indicative of breast 

cancer. 

Fine-tuning involves a nuanced adjustment of parameters, 

weights, and filters within the pre- trained Xception 

architecture. This process ensures that the model, initially 

primed for general image recognition, acquires a refined 

understanding of the unique features embedded in 

mammographic data. The goal is to create a harmonious 

synergy between the model's innate capacity to discern 

patterns and the specific intricacies present in 

mammograms, thus laying the foundation for enhanced 

breast cancer detection accuracy. 

 

B. Adaptive Adjustment of Final Layers for Sensitivity 

to Cancer Markers 

A pivotal shift in this fine-tuning process revolves around 

the adaptive adjustment of the final layers of the Xception 

model. These layers, situated towards the end of the neural 

network, play a crucial role in consolidating high-level 

abstractions and representations. In the context of breast 

cancer detection, this adjustment aims to heighten the 

sensitivity of the model to subtle cancer markers, ensuring 

that it goes beyond generic visual features and captures the 

nuances inherent in mammographic images. 

The adaptive adjustment involves a careful recalibration of 

the model's learned representations to align with the 

specific characteristics of malignant breast tissues. This 

process is informed by domain-specific knowledge, 

ensuring that the model becomes responsive to the diverse 

manifestations of breast cancer across different cases. By 

tailoring the final layers, the model transforms into a 

specialized tool, finely tuned to discern the subtle visual 

cues indicative of potential malignancy, thereby elevating 

its diagnostic prowess. 

 

C. Optimization for Tailoring the Xception Model to 

Breast Cancer 

Optimization, a linchpin in the fine-tuning journey, serves 

as the guiding force in tailoring the Xception model to the 

realm of breast cancer detection. The Adam optimizer, 

known for its adaptive learning rate mechanisms and 

moment estimations [5], takes the reins in navigating the 

intricate patterns inherent in mammographic data. Through 

this optimization process, the model undergoes smooth 

gradient descent, ensuring that it converges towards a 

configuration finely attuned to the nuances of breast 

cancer. 

The incorporation of the rectified linear unit (ReLU) 

activation function further fortifies the optimization efforts 

[6]. ReLU introduces non-linearity into the model, 

empowering it to capture intricate relationships within the 

data. This non-linear activation function acts as a catalyst 

for the model to discern subtle variations in pixel 

intensities, enabling a more nuanced representation of 

mammographic features associated with breast cancer. 

In the ensuing sections, the paper will delve into another 

innovative aspect of this research – the incorporation of a 

self-attention mechanism – and its transformative role in 

dynamically highlighting crucial regions within 

mammograms, akin to the human visual processing 

system. This augmentation further enhances the 

adaptability and interpretative capabilities of the model in 

identifying subtle textures, shapes, and edges indicative of 

breast cancer. 

 

IV. SELF-ATTENTION MECHANISM 

INTEGRATION 

A. Mimicking Human Visual Processing 

In the pursuit of refining breast cancer detection 

methodologies, this research introduces a groundbreaking 

dimension by incorporating a self-attention mechanism. 

This innovative mechanism mirrors the intricate workings 

of human visual processing, transcending the conventional 

static focus of deep learning models. Inspired by the human 

ability to dynamically allocate attention to specific regions 

of interest, the self-attention mechanism represents a 

paradigm shift in how the model interprets mammographic 

images. 

The human visual system is inherently dynamic, 

selectively focusing on areas with heightened importance 

for effective comprehension. This dynamic allocation of 

attention enables humans to discern nuanced patterns and 

anomalies within complex visual scenes. By mimicking 
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this intrinsic human capability, the self-attention 

mechanism becomes a pivotal addition, endowing the 

model with the adaptability and context-aware 

interpretative prowess necessary for discerning subtle 

textures, shapes, and edges indicative of breast cancer. 

 

B. Dynamic Highlighting of Crucial Regions in 

Mammograms 

At the heart of the self-attention mechanism lies its ability 

to dynamically highlight crucial regions within 

mammograms. Unlike traditional convolutional neural 

networks (CNNs) that maintain a fixed focus throughout 

the analysis, the self-attention mechanism enables the 

model to flexibly allocate attention based on the inherent 

importance of different regions within the image. This 

dynamic highlighting is a game-changer in medical image 

analysis, particularly in the intricate landscape of 

mammography, where the significance of specific regions 

can vary significantly. 

The dynamic nature of attention allocation ensures that the 

model is not confined to a rigid, predefined focus but rather 

adapts to the intrinsic complexities of mammograms. 

Regions bearing potential indicators of breast cancer, 

whether manifested as subtle anomalies or irregular 

patterns, receive heightened attention. This adaptability 

empowers the model to act as an active interpreter, 

discerning the varying importance of different areas within 

the mammographic landscape. 

 

C. Empowering the Model as an Active Interpreter 

The integration of the self-attention mechanism transforms 

the model from a passive observer into an active 

interpreter, capable of discerning intricate patterns and 

anomalies in a context- aware manner. By empowering the 

model to dynamically allocate attention, it becomes 

attuned to the varying importance of different visual 

cues. In the context of breast cancer detection. 

where anomalies may present in diverse forms and at 

varying scales, this active interpretative capacity is 

indispensable. 

This mechanism facilitates the identification of subtle 

markers that might escape conventional static analysis. 

The adaptability to different cases, varying breast 

densities, and manifestations of cancerous tissues positions 

the model as an intelligent interpreter of mammograms. 

The ensuing sections will shed light on the synergy 

between the self-attention mechanism, fine-tuned 

Xception architecture, and advanced optimization 

techniques, unraveling their collective impact on the 

accuracy and sensitivity of breast cancer detection. 

 

V. ADAPTIVE APPROACH FOR DIVERSE 

BREAST CANCER CASES 

A. Responsive Elements and Sensitivity to Nuanced 

Markers 

In the intricate landscape of breast cancer detection, the 

adaptive approach introduced in this research signifies a 

paradigm shift, emphasizing the need for a model with 

responsive elements finely attuned to the nuanced markers 

indicative of potential malignancy [7]. Breast cancer cases 

exhibit significant diversity, encompassing variations in 

tissue density, lesion types, and subtle anomalies. An 

adaptive model is indispensable for navigating this 

complexity, ensuring that it doesn't succumb to a one-size-

fits-all paradigm but rather responds adeptly to the unique 

characteristics of each case. 

Responsive elements, integrated through the combination 

of transfer learning, fine-tuning, and the self-attention 

mechanism, act as the model's sensory apparatus. These 

elements dynamically adjust their responses based on the 

specific visual cues present in diverse mammographic 

images. Whether it be micro calcifications, irregular 

shapes, or varying tissue densities, the adaptive approach 

ensures that the model remains sensitive to the nuanced 

markers that might signify potential breast cancer cases. 

 

B. Navigating the Complexity of Breast Cancer Cases 

Breast cancer cases, with their spectrum of presentations 

and complexities, necessitate an intelligent model capable 

of navigating this diversity with finesse [8]. The adaptive 

approach encompasses the model's ability to discern 

patterns not only at a macroscopic level but also at a 

granular scale. This granular sensitivity is paramount in the 

identification of subtle anomalies, irregularities, or unique 

markers specific to certain types of breast cancers. 

The adaptive navigation through complexity involves 

leveraging the learned insights from diverse datasets 

during the transfer learning phase and fine-tuning the 

model's architecture for specificity in breast cancer 

detection. The self-attention mechanism further enhances 

this adaptability, dynamically allocating attention to 

regions crucial for differentiating between benign and 

malignant cases. By embracing this adaptability, the model 

transforms into a versatile diagnostic tool capable of 

handling the intricacies presented by a diverse array of 

breast cancer cases. 

 

C. Fostering Model Finesse in Diagnostic Effectiveness 

Finesse in breast cancer diagnostics goes beyond mere 

accuracy; it entails a nuanced understanding of the context, 

sensitivity to subtle variations, and adaptability to diverse 

manifestations [9]. The adaptive approach fosters model 

finesse by instilling a level of sophistication in its 

interpretative capabilities. This finesse is evident in the 

model's capacity to identify anomalies, irregularities, and 

potential markers of malignancy with a heightened level of 

accuracy. 

The collective impact of responsive elements, adaptability, 

and the model's finesse culminates in enhanced diagnostic 

effectiveness. Breast cancer detection, traditionally fraught 

with challenges due to the variability in presentations, 

benefits significantly from a model that can finesse 

through complexity. The subsequent sections will delve 

into the technological underpinnings of this finesse, 
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including state-of-the-art technologies and practices, 

comparative analysis, and real- world case studies 

showcasing the adaptive approach's tangible impact on 

diagnostic outcomes. 

 

VI. OPTIMIZATION TECHNIQUES IN TRAINING 

PHASE 

A. Critical Role of Optimization in Steering Research 

Success 

The optimization phase of the training process plays a 

pivotal role in steering the success of the research 

endeavor. While the model's architecture and adaptability 

are crucial, optimization techniques serve as the compass 

guiding the model through complex patterns and diverse 

data landscapes [10]. Optimization is not merely a 

computational process; it is a strategic endeavor to ensure 

that the model converges towards a configuration finely 

attuned to the nuances of breast cancer detection. Its 

critical role lies in enhancing the model's efficiency, 

convergence speed, and overall performance. 

Optimization addresses challenges inherent in the vast 

parameter space of deep neural networks, facilitating 

smoother convergence and preventing issues such as 

vanishing or exploding gradients. The success of the 

research is intrinsically tied to the optimization strategies 

employed, ensuring the model's ability to navigate intricate 

patterns and extract meaningful representations from 

mammographic data. 

 

B. Guiding the Process with Adam Optimizer 

At the forefront of the optimization arsenal is the Adam 

optimizer, renowned for its adaptive learning rates and 

moment estimations [11]. Adam acts as a guiding force 

during the training phase, dynamically adjusting the 

learning rates based on the gradients of individual 

parameters. This adaptability ensures efficient 

convergence, particularly in scenarios where the dataset 

exhibits variations in scale, density, and complexity. 

 

Fig3: Flow of ADAM Optimizer [12]  

The adaptive nature of the Adam optimizer mitigates 

challenges associated with fixed learning rates, enabling 

the model to navigate through the intricate landscapes of 

mammographic images with precision. Its role in steering 

the training process is instrumental in achieving not only 

accuracy but also efficiency in terms of computational 

resources and time. 

 

C. Incorporating Rectified Linear Unit (ReLU) for 

Enhanced Learning 

Complementing the optimization strategy is the 

incorporation of the rectified linear unit (ReLU) activation 

function [13]. ReLU introduces non-linearity into the 

model, empowering it to capture intricate relationships 

within the data. This non-linear activation function is 

fundamental in preventing the vanishing gradient problem 

and enhancing the model's ability to discern subtle 

variations in pixel intensities, crucial for identifying 

nuanced features in mammograms. 

The enhanced learning facilitated by ReLU contributes to 

the overall effectiveness of the optimization process. It 

ensures that the model not only converges efficiently but 

also captures 

the intricate patterns within the data, fostering a more 

nuanced representation of mammographic features 

associated with breast cancer. In the subsequent sections, 

the paper will delve into the culmination of optimization 

efforts and technological underpinnings, including the 

integration of advanced technologies such as Cloud Access 

Security Brokers (CASBs), Multi-Factor Authentication 

(MFA), and continuous monitoring practices, each 

contributing to the robust security of cloud-based 

healthcare systems. 

 

VIICOMPREHENSIVE EXPLORATION OF 

INNOVATIONS 

A. Reviewing the Synergy of Modified Xception 

Components 

A comprehensive exploration of innovations in breast 

cancer diagnostics necessitates a thorough examination of 

the synergy achieved through modifying Xception 

components. The Xception architecture, known for its 

proficiency in recognizing intricate patterns, serves as the 

foundational canvas upon which innovative components 

are meticulously integrated. This section delves into the 

nuanced adjustments applied to Xception, including 

transfer learning, architectural modifications, and 

optimization techniques, collectively contributing to the 

model's enhanced sensitivity and accuracy in breast cancer 

detection [14]. 

The modified Xception components represent a 

harmonious fusion of domain-specific knowledge and 

cutting-edge deep learning methodologies. This synthesis 

empowers the model to transcend the limitations of generic 

image recognition and delve into the specific visual 

markers indicative of breast cancer. By reviewing the 
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interplay of these components, the paper illuminates the 

transformative potential of modified Xception as a 

diagnostic tool. 

 

B. Nuanced Interplay of Transfer Learning, 

Architectural Adjustments, and Optimization  

The innovation lies in the nuanced interplay of transfer 

learning, architectural adjustments, and optimization 

techniques within the modified Xception framework. 

Transfer learning acts as the catalyst, enabling the model 

to leverage insights gained from diverse datasets, while 

architectural adjustments fine-tune the Xception model to 

the complexities of mammographic images. This intricate 

dance between domain-specific adaptations and model 

refinements ensures that the modified Xception becomes 

not only proficient in pattern recognition but also highly 

specialized in breast cancer diagnostics [15]. 

Optimization techniques play a crucial role in orchestrating 

this interplay, guiding the model through the training phase 

with finesse. The Adam optimizer's adaptive learning rates 

and the incorporation of the rectified linear unit (ReLU) 

activation function synergize to enhance the 

model's learning capabilities. This synergy is a testament 

to the comprehensive approach undertaken to optimize the 

modified Xception components for the specific challenges 

posed by breast cancer detection. 

 

C. Modified Xception as a Promising Tool in Breast 

Cancer Diagnostics 

The culmination of these innovations positions the 

modified Xception as a promising tool in breast cancer 

diagnostics. Its adaptability, nuanced understanding of 

mammographic intricacies, and capacity to dynamically 

allocate attention to crucial regions within images make it 

a potent ally in the quest for accurate and early detection of 

breast cancer. By reviewing the modifications made to 

Xception and their collective impact, this section 

underscores the potential transformative role of this 

modified architecture in revolutionizing breast cancer 

diagnostics. In the subsequent sections, the paper will 

unfold a comparative analysis of different breast cancer 

detection solutions, accompanied by real-world case 

studies illustrating the tangible impact of these innovations 

on diagnostic outcomes. 

 

VIII CONCLUSION 

In the ever-evolving landscape of breast cancer 

diagnostics, this review paper embarked on a journey to 

explore and enhance the capabilities of deep learning 

models, with a particular focus on the modified Xception 

architecture. The key findings of this comprehensive 

exploration illuminate the transformative potential of 

innovative components, synergistically integrated to 

address the nuances of mammographic images and propel 

the accuracy of breast cancer detection. The recapitulation 

of key findings unveils the critical role played by transfer 

learning, architectural adjustments, and optimization 

techniques in modifying the Xception architecture. The 

adaptive approach, incorporating responsive elements, 

sensitivity to nuanced markers, and finesse in diagnostic 

effectiveness, underscores the importance of model 

adaptability in navigating the diverse landscape of breast 

cancer cases. 

 

IX IMPLICATIONS FOR FUTURE RESEARCH AND 

PRACTICES 

The implications of this review extend beyond the current 

state of breast cancer diagnostics, signaling avenues for 

future research and best practices in the field. The 

modified Xception 

architecture, with its ability to dynamically allocate 

attention, represents a paradigm shift in the interpretative 

capabilities of deep learning models. The findings pave the 

way for continued exploration into advanced technologies, 

optimization strategies, and innovative components that 

can further refine and elevate the accuracy of breast cancer 

detection. 

As the field of medical imaging continues to advance, the 

reviewed innovations emphasize the need for a holistic 

approach, considering not only the model architecture but 

also the interplay of transfer learning, architectural 

adjustments, and optimization during the training phase. 

Future research endeavors could delve into refining these 

components, exploring novel architectures, and embracing 

emerging technologies to further push the boundaries of 

diagnostic accuracy. 

In the practical realm, the insights garnered from this 

review paper hold significant implications for healthcare 

practitioners, radiologists, and technology developers. The 

modified Xception architecture, equipped with an adaptive 

approach, stands as a promising tool for integration into 

clinical workflows, augmenting the capabilities of 

professionals in the early and accurate detection of breast 

cancer. The findings encourage a collaborative effort 

between the medical and technological communities to 

translate these advancements into real-world applications, 

ultimately benefiting patients and improving healthcare 

outcomes. 

In conclusion, this review paper sheds light on the dynamic 

landscape of breast cancer diagnostics, emphasizing the 

potential of modified Xception and innovative 

components. The journey undertaken in this exploration 

not only contributes to the current understanding of deep 

learning applications in medical imaging but also sets the 

stage for continuous advancements, collaborations, and 

transformative breakthroughs in the ongoing fight against 

breast cancer. 
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