
 

1 
 

T.C.  

MARMARA UNIVERSITY 

 FACULTY of ENGINEERING 

 COMPUTER ENGINEERING DEPARTMENT 

CSE4197 Project Specification Document 

 

Title of the Project 

CANSEER AI FOR BREAST CANCER DETECTION 

 

Group Members 

İrem Kubalas 

Ömer Faruk Bulut 

Mert Efe Karaköse 

  

  

Supervised by 

Ali Fuat Alkaya 

  

  

  

 

   

 Date 

15.11.2024  

 

 

Copyright © Group members listed above, 2024. All rights reserved. 

Mobile User



 

2 
 

1. Statement of the Problem .................................................................................. 3 

2. Motivation and Problem Description................................................................... 3 

3. Main Goal and Objectives .................................................................................. 3 

4. Related Work .................................................................................................... 4 

5. Scope............................................................................................................... 7 

5.1 Constraints..................................................................................................... 8 

5.2 Assumptions .................................................................................................. 8 

6. Methodology and Technical Approach ................................................................ 9 

6.1 Data Collection and Preprocessing .................................................................. 9 

6.2 Model Selection ............................................................................................ 12 

6.3 Training Procedure ........................................................................................ 12 

6.4 Performance Assessment and Optimization ................................................... 13 

6.5 Analysis and Future Improvements ................................................................ 14 

7. Professional Considerations ............................................................................... 15 

7.1 Methodological considerations/engineering standards .................................... 15 

7.2 Realistic Constraints ..................................................................................... 15 

7.3. Legal Compliance ........................................................................................ 16 

8. Management Plan .............................................................................................. 17 

8.1. Task Phases: ................................................................................................ 17 

8.2.Distribution of Work: ..................................................................................... 18 

8.3. Timeline ...................................................................................................... 18 

9. Success Factors and Risk Management ............................................................... 19 

9.1 Key Success Factors ..................................................................................... 19 

9.2 Risk Management:......................................................................................... 20 

10. Benefits and Impact of the Project ..................................................................... 20 

10.1 Scientific Impact ......................................................................................... 21 

10.2 Economic/Commercial/Social Impact .......................................................... 21 

10.3 Potential Impact on New Projects ................................................................. 21 

10.4 Impact on National Security ......................................................................... 21 

References ............................................................................................................ 21 

 



 

3 
 

 

1. Statement of the Problem 

Breast cancer is the most often diagnosed cancer in women worldwide, with a 

significant death rate if not caught early [1]. This research aims to develop an artificial 

intelligence (AI) model specifically designed to analyze MRI images for breast cancer 

diagnosis. By decreasing human mistake, this AI-driven technique aims to enhance 

early detection and the possibility of timely treatment, thus saving lives. 

2. Motivation and Problem Description 

Accuracy and efficiency in breast cancer prediction are vital for premiere-affected 

person results [1]. Existing techniques depend on guide examination of MRI scans, 

which is elaborate, especially in early-stage cancers, and is hard work-intensive and 

susceptible to human errors. This assignment aims to create a synthetic intelligence 

model to automate breast MRI operations, so one can improve diagnosis accuracy 

and reduce evaluation time. Artificial intelligence can assist clinical specialists in 

identifying cancers that can be overlooked through traditional techniques.  

Moreover, AI affords a scalable answer that clinics can incorporate into their 

operations, improving performance and accuracy in most cancer analyses [2]. This 

scalability is vital in environments with confined radiological assets. This initiative 

seeks to decorate early detection fees, an important detail for effective remedy, via 

minimizing human error and expediting diagnosis. Moreover, an AI-pushed system is 

cost-effective, necessitating less supervision whilst delivering ongoing help.  

This study utilizes AI to improve breast cancer diagnosis, helping specialists and 

imparting fast, unique tools for greater patient care. 

3. Main Goal and Objectives 

The primary goal of this study is to enhance the accuracy of breast cancer detection 

by methodically developing and refining a CNN-based model trained on MRI imaging 

data. Achieving this goal involves the following specific objectives: 
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3.1 Development of a Resilient Convolutional Neural Network Model for 

Breast Cancer Detection 

a. Executing comprehensive training of the CNN model utilizing a 

substantial MRI dataset to ensure high-quality pattern recognition. 

b. Conducting thorough validation and testing using varied datasets to 

assess the reliability and accuracy of the model’s diagnostic capabilities. 

3.2 Implementation of Analytical Techniques for Assessing Model 

Performance 

Applying sophisticated assessment techniques to identify potential 

vulnerabilities and error-prone areas within the model architecture, 

thereby enhancing diagnostic accuracy. 

3.3 Assessment of Model Sensitivity to Essential Imaging Characteristics 

Performing systematic analysis of the model’s responsiveness to critical 

imaging properties that are essential for precise cancer detection, 

facilitating targeted improvements. 

3.4 Integration of Fault-Tolerant Mechanisms to Augment Reliability 

Introducing advanced methodologies to boost the model's diagnostic 

reliability, ensuring consistent and accurate predictions with minimal 

error. 

Collectively, these objectives aim to fulfill the primary purpose of developing a high-

precision AI tool that significantly enhances the breast cancer diagnostic process, 

providing healthcare professionals with a reliable and efficient diagnostic resource. 

4. Related Work 

In the recent past, the breast cancer diagnosis system has improved greatly thanks to 

the use of computer-aided image analysis techniques such as machine learning, 

particularly Convolutional Neural Networks (CNNs) which are extremely efficient in the 

interpretation of MRI scans. Until able to achieve the desired level of improvement, 

scholars developed CNN-based models and applied them to breast cancer diagnostics 

and management. In this regard, a few authors set forth a number of research works 

focused on the artificial intelligence applications in the scope of breast cancer 

diagnosis deep learning methodology. 
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4.1 Zhang et al. (2019): Transfer Learning in MRI Breast Cancer Analysis 

Zhang et al. A herbal photograph dataset (ImageNet) pre-skilled convolutional 

neural network (CNN) version was used, and additional skills were gained on 

breast MRI records to come across forms of cancers. Their method proved to 

decorate the diagnostic level of the version while minimizing the over-use of 

categorized medical information. The model reviews accuracy of 85%, 

sensitivity at 82%; illustrated by the benefit of switch gaining knowledge of in 

scientific imaging, where categorized statistics is regularly sparse [3]. 

  

4.2 Ragab et al. (2020): Breast Cancer Diagnosis Enhanced by Multi-Modal 

CNN Ragab et al. Defined a multi-modal CNN that takes under consideration 

both MRI photographs and non-imaging statistics consisting of patient age and 

circle of relatives records for diagnosis functions. Their model integrating 

picture facts and medical attributes reached an accuracy of 90% and an F1-

rating of 87%, exceeding ordinary imaging strategies that make use of CNN 

most effective with photographs. This reinforces the idea of the use of multi-

modal networks in assisting with the analysis of breast cancer at the same time 

as considering factors of each image and text [4]. 

  

4.3 Saha et al. (2021): 3D CNN Model for Breast Cancer Detection Using 

MRI Saha & Co. Constructed 3DCNN and used it for studying the volumetric 

MRI. 3-D networks are thus tasked with moving through slices of records inside 

a described dataset while 2D networks start and end their operation at an 

unmarried plane inside that dataset. Their version carried out an accuracy of 

92% and specificity of 88%, pointing to the gain of the usage of 3D models in 

dense breast tissue evaluation wherein 2D fashions might no longer be able to 

expose designated capabilities [5]. 

 

4.4 Geras et al. (2018): DenseNet-Based Model for MRI-Based Breast 

Cancer Classification The researchers Geras et al. focused on a certain type 

of convolutional neural networks known as DenseNet, which facilitates 

connections within layers of the network, allowing for better usage of available 

resources and overcoming the problems of gradient depletion. This solution 
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reached an area under the curve equal to 93 % on a dataset containing 

numerous breast MRI scans. The model based on the DenseNet architecture 

is effective because it captures complex features with minimal parameters, 

which is ideal for the training on large medical databases [6]. 

 

4.5 Shen et al. (2022): Attention Mechanism in CNN for Breast Cancer 

Detection Shen and co-authors proposed a convolutional neural network that 

employs an interest mechanism to perform a better prognosis of MRI scans by 

taking into account the best tumor regions. The interest module serves to assist 

the community give attention to the relevant components of the entered photo, 

as a result improving the diagnostic performance. Their attention-superior 

model was documented to have an accuracy of 89% and a sensitivity of 91%, 

similarly exemplifying how interest mechanisms can increase the interpretability 

of fashions and assist in inspecting particular tissues, inclusive of tumors, in 

MRI photographs [7]. 

 

4.6 Li et al. (2021): GAN-CNN Hybrid Model for MRI Breast Cancer 

Diagnosis Li and others created a unique architecture that makes use of both 

the additives of a CNN and a GAN. The principal contribution of the GAN, in 

this case, changed to provide greater breast MRI images, which broadened the 

education pattern for the CNN model for this reason improving its potential to 

generalize to unseen cases. The incorporated model of CNN and GAN received 

an accuracy of 88% and a sensitivity of 86%. This precise research affirms the 

usefulness of GANs in alleviating the trouble of statistics shortage in medical 

imaging by using producing greater schooling samples [8]. 

 

4.7 Kim et al. (2020): Deep Ensemble CNN for Robust Breast Cancer 

Detection In order to reinforce robustness, Kim and co-workers built an 

ensemble of CNNs that were trained on disparate MRI imaging sequences 

(e.G. T1-weighted, T2-weighted). The ensemble version demonstrated an 

accuracy of 91% and sensitivity of 89%, outperforming unmarried-series 

fashions. It permits the powerful usage of different imaging protocols to beautify 

diagnostics in complicated scientific scenarios, highlighting the benefits of an 

ensemble technique [9]. 



 

7 
 

 

These research articles highlight the success of using CNN architectures in the 

process of diagnosing breast cancer through MRI imaging. Transfer learning, multi 

modal approaches, 3D CNNS, DenseNets, attention mechanisms, GANs, and 

ensemble models each have their own unique medical imaging problem such as 

limited data, complexity of the images, and the demand for spatial positioning. 

Consequently, they help in the existing vast literature that seeks to enhance diagnostic 

precision and treatment effectiveness using advanced deep learning methods. 

 

The evaluation of the models within these studies shows accuracy between 85% and 

92% and sensitivity between 82% and 91%. Such disparities are due to the various 

model architectures, data augmentation techniques, and imaging methods used. The 

superior results were seen in multi-modal and ensemble models, indicating that the 

provision of more information than conventional MRI scanning may improve the 

diagnosis even more. We aim to achieve success rates similar to previous studies in 

our project. Approximately 90% success rate is our current goal. 

5. Scope  

This project aims to develop a CNN-based model to improve breast cancer detection 

accuracy through MRI image analysis. The model will categorize photos to detect 

possible malignancies, improving diagnostic accuracy and efficiency. The project 

scope encompasses the following essential components and limitations, considering 

the data and computational requirements.  

The scope of the project encompasses: 

• Data Collection and Preparation: The MRI dataset will be predominantly 

obtained via Kaggle, employing various high-quality breast cancer datasets that 

encompass a wide range of cases. This phase encompasses data verification 

to guarantee consistency in quality and resolution, facilitating dependable 

learning from standardized inputs. Only data that is consistent with our 

preprocessing procedure will be included, while incompatible photos will be 

converted or omitted as required. 

• Development and Training of the CNN Model: The CNN model will be trained 

on a comprehensive dataset of MRI images to accurately recognize and classify 
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breast tissue anomalies. The training process aims to achieve a high level of 

accuracy, essential for its potential application in diagnostic workflows. 

• Validation and Testing: Following training, the CNN model will undergo 

rigorous validation and testing on separate MRI datasets to verify its robustness 

and reliability. This phase is critical to ensuring that the model generalizes well 

to new data and produces consistent results. 

• Data Processing and Preprocessing: MRI images will be preprocessed to 

optimize model performance, involving steps such as resizing, normalization, 

and noise reduction. These preprocessing techniques are necessary to 

enhance the model’s sensitivity to subtle patterns in the images. 

• Performance Evaluation and Optimization: Continuous performance 

assessment will be conducted, with refinements to the model aimed at 

achieving target accuracy levels. Techniques to improve reliability, including 

hyperparameter tuning and model architecture optimization, will be applied as 

required. 

5.1 Constraints 

• The CNN model training will require a high-performance computational 

environment; attempting to train on standard hardware would considerably limit 

processing capabilities and could result in infeasible training durations or 

reduced accuracy. 

• MRI data must be formatted in a manner compatible with the preprocessing 

and model training pipeline. Images outside of this specification will need to be 

reformatted or excluded. 

• Due to the computational constraints, the model will primarily be developed and 

tested on GPU-enabled systems. Systems lacking adequate memory and 

processing power may be unable to support efficient model training and testing. 

5.2 Assumptions 

• The training dataset is expected to have a substantial quantity and variety of 

MRI images, equipping the model with a broad spectrum of examples for 

precise classification and generalization. Adequate time and resources will be 

allocated to optimize model accuracy and performance effectively. 
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• All MRI images utilized will adhere to consistent quality and resolution 

standards, enabling the model to learn from high-quality data inputs. 

• Any additional diagnostic variables incorporated into the model will be 

compatible with the CNN framework and will not require extensive feature 

engineering or external machine learning frameworks. 

This scope provides a structured approach to developing a robust and high-performing 

CNN model specifically tailored to breast cancer detection, supporting healthcare 

professionals in delivering accurate and timely diagnoses. 

6. Methodology and Technical Approach 

This section outlines the methodological and technological strategies employed during 

the training of our CNN-based AI model designed to enhance breast cancer diagnosis. 

The research seeks to improve diagnostic precision in early detection using the 

automated analysis of MRI data. Attaining this objective necessitates data 

preprocessing, model selection, and the training procedure. 

 

Figure 1 Flow Chart 
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According to Figure 1, the go with the flow diagram involves the gadget gaining 

knowledge of version improvement methods for MR photograph statistics coaching, 

version training, and evaluation steps. The chart outlines statistics preparation steps 

such as normalization and part enhancement. Options for choosing a model consist 

of architectures which includes VGG16 and ResNet50, and evaluation measures such 

as agility, F1 rating, and AUC. Recommended destiny improvements include 

integrating greater information kinds and the use of greater complicated architectures. 

6.1 Data Collection and Preprocessing 

6.1.1 Data Collection 

A large MRI dataset is essential for accurately training the model to detect breast 

cancer. Datasets such as INbreast or DDSM are particularly suitable for this project, 

as they offer a wide variety of MRI images for training and validation purposes. 

6.1.1 Adjusting the Dimensions of MRI Images 

To optimize our model's training, MRI images must be resized to a uniform dimension. 

The objective is to standardize all images to uniform pixel dimensions that correspond 

with the CNN input specifications. This uniform sizing allows the model to handle each 

image uniformly, ensuring it learns from data at a consistent scale and maintains 

dependability during training [10]. 

6.1.2 Normalization 

Normalization is the procedure of rescaling pixel values to a designated range, usually 

between 0 and 1 or -1 and 1. This is crucial as pixels in medical images, such as MRIs, 

possess intensity values based on grayscale, spanning from 0 to 255. To attain 

consistent outcomes during model training, this range must be normalized to 0-1. 

Normalization mitigates problems such as gradient explosion or vanishing and 

facilitates more rapid and efficient model convergence [11]. 
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6.1.3 Edge Enhancement 

Edge detection is a technique in image processing that emphasizes the boundaries 

between distinct regions within an image. In medical imaging, edges are essential as 

they signify abrupt variations in attributes such as intensity and hue. Identifying 

boundaries, particularly between neoplastic and healthy tissue, is essential for 

classification. A Sobel filter will be employed to increase tumor boundaries, enabling 

the CNN model to concentrate more on tissue borders throughout the learning process 

[12]. 

6.1.4 Data Augmentation 

Data augmentation is a method that enhances the model's generalization capacity and 

precision by augmenting the diversity of the dataset. It aids in preventing overfitting 

and improves learning ability, particularly when labeled data is scarce [13, 14]. 

Through the transformation and manipulation of original data, the model acquires 

resilience to input fluctuations, facilitating more precise predictions across many 

scenarios [15]. 

Methods for Data Augmentation 

6.1.4.1 Rotation and Reflection 

This approach improves the model's capacity to identify objects in diverse orientations, 

enabling it to detect elements like tumors from multiple perspectives and enhance 

generalization performance [16]. 

6.1.4.2 Scaling 

Adjusting the zoom level diminishes the model's sensitivity to size fluctuations, 

allowing it to concentrate on the structural attributes of objects, which is especially 

advantageous for detecting tumors or diseased tissues [17]. 

• 6.1.4.3 Color Perturbation Minor alterations in the color spectrum enhance the 

model's adaptability to color fluctuations, frequently employed in deep learning 

models for classification that involve color-based data [14]. 
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• 6.1.4.4 Adjustment of Brightness and Contrast 

Modifying brightness and contrast allows the model to identify items in diverse lighting 

circumstances, which is essential as medical images from various equipment may 

display contrast variations. Simulating these fluctuations enables the model to produce 

consistent findings across various imaging situations [15]. 

6.2 Model Selection 

In this undertaking, we goal to implement a Convolutional Neural Network (CNN)-

primarily based version, that is a powerful technique for image class responsibilities in 

medical imaging. Given the complexity of MRI pictures and the critical importance of 

precise function extraction, CNNs are especially well-proper because they can 

examine spatial hierarchies in images.    

Initially, we are able to experiment with famous architectures which include VGG16 

and ResNet50, utilizing switch getting to know to expedite schooling and achieve 

better accuracy with our restricted dataset. Transfer learning allows us to use pre-

trained weights from big image datasets, offering a strong foundation that can be nice-

tuned to conform the model specially to our MRI dataset.    

If these pre-educated models do not yield first-rate results, we may also layout a 

custom CNN architecture tailored to the capabilities of our dataset. Additionally, we 

will take into account models that contain 3-d convolutional layers, as those can seize 

volumetric information across MRI slices, doubtlessly improving our version’s potential 

to hit upon subtle patterns related to breast cancers. 

6.3 Training Procedure 

The schooling process will make use of the RSNA MRI dataset available on Kaggle, 

which includes approximately 4,000 photos of cancerous tissue and 4,000 photos of 

non-cancerous tissue. This balanced dataset might be divided into training, validation, 

and take a look at units to ensure that our model generalizes well and minimizes the 

danger of overfitting.   

The schooling will involve numerous key steps:    
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1. Data Augmentation: During schooling, strategies along with rotation, flipping, 

zooming, and brightness changes may be applied to the MRI photos. This technique 

will grow the range of the education dataset. Data augmentation mitigates overfitting 

and allows the model to generalize better to new pictures with the aid of simulating 

numerous imaging situations.   

2. Hyperparameter Tuning: The convolutional neural community (CNN) model will 

undergo hyperparameter tuning with the use of techniques along with grid seeks or 

random search. This tuning manner ambitions to optimize parameters like gaining 

knowledge of fee, batch length, a wide variety of layers, and filter out sizes. The aim 

is to become aware of the most fulfilling configuration that complements the version’s 

performance on the validation set.    

3. Oss Function and Optimizer: Given the binary classification nature of our project, 

we will use binary pass-entropy because of the loss characteristic. We will choose 

optimizers including Adam or stochastic gradient descent (SGD), that are 

acknowledged for his or her efficiency in converging CNN models. These optimizers 

can be great-tuned to improve the speed and accuracy of the model's learning method.    

4. Early Stopping and Checkpoints: To save you from overfitting, we will enforce 

early prevention via monitoring the validation loss. Additionally, we will shop 

checkpoints at each epoch wherein the validation accuracy improves. This method 

allows us to revert to the first-class-appearing version while vital. 

 

6.4 Performance Assessment and Optimization 

The performance of our CNN version can be evaluated using general metrics, which 

include accuracy, precision, consideration, F1-score, and AUC (Area Under the 

Curve). These metrics offer a comprehensive view of the version's effectiveness, 

particularly in phrases of sensitivity (do not forget) and specificity (precision), that are 

critical for cancer detection.    

To further optimize performance, we are able to take the subsequent steps:    

1. Class Imbalance Handling: Although our dataset is balanced, we will use 

techniques such as class weighting to ensure that proper fantastic and genuine 

negative predictions are prioritized equally, especially if any imbalance troubles arise 

all through schooling.    
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2. Fine-tuning: If we apply transfer getting to know, first-rate-tuning the deeper layers 

of the version especially on our MRI information will help seize assignment-particular 

features, thereby enhancing the version's accuracy in detecting cancerous tissue.    

3. Cross-validation: We will behavior okay-fold pass-validation to verify the model's 

robustness and limit the threat of overfitting based on a single train-check break up. In 

instances where our initial version underperforms, we may discover ensemble 

methods by combining predictions from a couple of CNN models which can be. 

 

6.5 Analysis and Future Improvements 

After completing the training and assessment of the CNN model, we will conduct a 

thorough analysis of the misclassified cases to identify potential sources of error. This 

analysis will focus on understanding the patterns within false positives and false 

negatives, which can help guide adjustments to our model architecture and 

preprocessing steps. 

Future improvements for this project may include:  

1. Integration of Additional Data Modalities: Incorporating other imaging modalities, 

such as mammograms or ultrasound data, could provide a multi-modal approach that 

enhances the model’s diagnostic accuracy.  

2. Advanced Architectures: Exploring advanced architectures like Vision 

Transformers (ViTs) or attention-based CNNs may enable the model to capture more 

complex dependencies within MRI images, leading to increased diagnostic accuracy. 

3. Fine-Grained Localization: Developing mechanisms for tumor localization, such 

as Grad-CAM visualizations, could improve the model's interpretability, aiding 

radiologists in identifying the specific areas associated with positive cancer 

predictions.  

4. Real-World Testing and Validation: Further validation on external datasets from 

various medical sources would help confirm the model's robustness and adaptability, 

moving it closer to practical implementation in clinical settings. 

This work has successfully completed the fundamental steps of the model built for 

breast cancer diagnosis, and the results gained offer an ideal foundation for practical 
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applications. Essential enhancement measures to augment the model's accuracy and 

dependability were also recognized. 

7. Professional Considerations 

7.1 Methodological considerations/engineering standards 

We’ll use GitHub for version control and team coordination to streamline collaboration 

and ensure consistent code management. The project will be implemented in Python, 

given its widespread support and availability of essential libraries for image processing 

and neural networks. Initially, we’ll develop and test a basic CNN model on MRI 

images for cancer detection, with the option to incorporate ResNet for enhanced 

feature extraction and improved classification based on initial results. 

For training and evaluating these models, we’ll leverage Google Colab, which provides 

free access to GPU and TPU resources, making it feasible to train deep learning 

models on large medical image datasets efficiently. Google Colab’s cloud environment 

also allows us to run Python code directly in the browser, enabling collaboration and 

easy access to the computational power needed for deep learning. Additionally, we 

may employ Generative Adversarial Networks (GANs) to generate synthetic MRI 

images, helping to overcome data limitations and strengthen model robustness. 

7.2 Realistic Constraints 

7.2.1 Economic 

Deep learning models for medical use can be resource-intensive, often leading to 

higher costs for computing and maintenance. This project aims to control these 

expenses by improving model accuracy and reducing error rates, thus minimizing 

retraining needs and additional development costs. As a research-focused initiative, 

this project is not designed with profit generation in mind. 

7.2.2 Environmental 

This project has no environmental impact, as it involves only computational work and 

does not directly affect the environment. 
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7.2.3 Sustainability 

CNN-based diagnostic tools offer potential for long-term use in healthcare, supporting 

sustainable improvements in cancer detection. However, given the rapid evolution in 

AI, newer and more efficient methods could emerge, limiting the long-term 

sustainability of the current model unless it is consistently updated. 

7.2.4 Ethical 

The project prioritizes data privacy and security, relying exclusively on open-source, 

anonymized datasets. No proprietary or patented materials will be used without 

permission, ensuring full compliance with ethical standards in both healthcare and 

research. 

7.2.5. Health and Safety 

As a software-based diagnostic aid, this project does not present any direct health 

risks, as it does not involve physical patient interaction. It is designed to support 

healthcare professionals in diagnostic processes, rather than serving as a direct 

diagnostic tool for end-users. 

7.2.6 Social 

The project has no intended social impact, as its purpose is solely to advance medical 

technology in cancer diagnostics, with no influence on social, racial, or gender issues. 

7.3. Legal Compliance 

The project adheres to relevant legal and regulatory requirements, ensuring 

compliance across all phases: 

• Data Licensing — All MRI datasets are sourced from public or appropriately 

licensed datasets, legally and properly obtained, in accordance with data-

sharing agreements for this type of research. 

• Software Licensing — The software libraries and tools used in the 

development process are either open-source or properly licensed, ensuring 

legal compliance throughout the project. 
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• Regulatory Compliance — As the model approaches the stage of potential 

clinical application, further regulatory evaluations are necessary to comply with 

healthcare-specific regulations, such as HIPAA (in the U.S.) or GDPR (in the 

EU). 

8. Management Plan 

8.1 Task Phases: 

Phase 1: Define project goals and problem statement, clearly outlining the main 

objectives, the problem's significance, anticipated outcomes, and potential challenges. 

Phase 2: Conduct a literature review, focusing on previous research and solutions 

related to the project, to inform the approach. 

Phase 3: Create a Project Specification Document (PSD) to establish the project’s 

objectives, methodology, and criteria for success. 

Phase 4: Collect and preprocess the dataset, ensuring data quality and compatibility 

with the model by applying necessary preprocessing steps. 

Phase 5: Conduct initial algorithm testing to explore different configurations, guiding 

the selection of the most suitable approach for the project. 

Phase 6: Develop an Architecture Design Document (ADD) to outline the model’s 

structure, key components, and planned implementation steps. 

Phase 7: Train and evaluate the initial model on the prepared dataset, using key 

metrics to assess its effectiveness. 

Phase 8: Fine-tune model parameters to optimize performance and address any 

issues, such as overfitting. 

Phase 9: Test and validate the final model on a separate dataset to confirm its 

reliability and accuracy. 

Phase 10: Document the full project in a final report, including methodology, results, 

and conclusions, and prepare a presentation to communicate findings. 
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8.2. Distribution of Work: 

As a group of 3 people, we tried to share the responsibilities equally in general. The 

distribution of work given at figure 2. 

 
Figure 2 Distribution of Work 

8.3. Timeline  

Our project timeline and milestones are specified at Figure-3. We defined milestones 

as: 

Dataset Preparation: Completing all necessary steps to finalize the dataset, ensuring 

it’s fully prepared and ready for model training. 

Model Training: Running the model training process and verifying that the resulting 

performance meets set standards for accuracy and reliability. 

Final Report and Poster Preparation: Completing all project documentation and 

visual presentation materials, including the final report and poster, for a 

comprehensive presentation.    
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    Figure 3 Gantt Chart with phases 

 

9. Success Factors and Risk Management 

9.1 Key Success Factors 

9.1.1 Accuracy Threshold: For our project to be dependable as a clinical diagnostic 

tool, achieving an accuracy rate of at least 90% is critical. This target is established 

not only for reliability but also to ensure our model can hold its ground against existing 

studies and minimize diagnostic errors. As a benchmark, the work by Ragab et al. 

achieved an accuracy of 90%, which we aim to match or exceed. 

9.1.2 Clinical Relevance: Achieving high sensitivity and specificity is vital for cancer 

diagnosis, as these metrics contribute significantly to the model's overall credibility. 

Striking a balance between false positives and false negatives is essential to enhance 

reliability. For example, Shen et al.'s attention-based model achieved an 89% 

accuracy rate with a sensitivity of 91%, which serves as a model of balanced 

diagnostic performance. We aim for our model to reach similar standards. 

9.1.3 Generalization and Scalability: Strong performance across various MRI 

datasets is essential to demonstrate the model’s generalizability and suitability for 

diverse clinical settings. We expect our model to adapt effectively across different data 

sources, ensuring broad usability and relevance in multiple clinical environments. 

9.1.4 Computational Efficiency: Fast processing time and low computational load 

are essential for integrating the model into clinical workflows, enabling it to handle 

large imaging volumes without delays. 
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9.2 Risk Management: 

9.2.1 Data Problems and Restrictions 

Risk: Insufficiently varied MRI datasets could significantly reduce model accuracy and 

its ability to generalize effectively. 

Solution: Employ data augmentation techniques like rotation, scaling, and flipping to 

diversify the dataset. Where feasible, additional publicly available datasets will be 

included to improve robustness. 

9.2.2 Overfitting 

Risk: Overfitting can occur, where the model learns specific patterns from training data 

that may not apply to new, unseen data. 

Mitigation: Methods like dropout layers, L2 regularization, early stopping, and cross-

validation will be applied to prevent overfitting and improve the model’s 

generalizability. 

 

9.2.3 Resource Control in Computational Power 

Risk: Training the model on large MRI datasets could require significant computational 

power, potentially hindering project progress. 

Mitigation: The model’s architecture will be optimized to balance depth without 

sacrificing accuracy. If local resources fall short, cloud-based GPU solutions will be 

explored to speed up training and testing. 

10. Benefits and Impact of the Project 

This project aims to enhance the accuracy and speed of breast cancer diagnosis using 

MRI images, allowing for more reliable and early detection. By automating analysis 

with AI, the model can reduce diagnostic errors, cut healthcare costs, and improve 

patient outcomes. Additionally, this project supports standardization in diagnostics and 

contributes to ongoing research in AI for medical imaging, potentially setting the stage 

for broader applications in other cancer types and imaging techniques. 
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10.1 Scientific Impact 

This project contributes to the use of CNNs in medical imaging for breast cancer 

detection, with the potential to enhance diagnostic accuracy. Its findings could guide 

future research in AI-assisted diagnostics. 

10.2 Economic/Commercial/Social Impact 

Economically, the project aims to reduce healthcare costs by supporting faster and 

more accurate diagnostics. Socially, AI-assisted early detection can improve patient 

outcomes and quality of life. While there is no immediate commercial impact, this 

research may pave the way for future AI-driven healthcare tools. 

10.3 Potential Impact on New Projects 

The findings from this project may encourage additional research in medical 

diagnostics, expanding the application of CNNs and GANs to other diseases and 

promoting interdisciplinary collaboration in AI and healthcare. 

10.4 Impact on National Security 

The project has no implications for national security, as it is solely focused on 

healthcare diagnostics.  
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