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Abstract— The ongoing global health crisis of breast cancer needs prompt and precise
diagnostic measures in order to improve outcomes. The routine practice of swiftly interpreting
clinical images manually involves considerable time and variability in diagnestic accuracy
owing to dissimilar observers. This work describes a fully integrated approach in which cancer
detection and diagnostic reporting are automatically performed by Al systems from MRI video
sequences. Our proposed system architecture includes client-side frame extraction, deep
learning-based classification, distributed backend processing with parallel Al inference, and
report generation in PDF format. The performance of our Al systems is clinically viable due to
the achievement of clinically high-performance metrics (i.e., accuracy, sensitivity, and
specificity). The same Al systems, linked with advanced Web technologies, present a highly
scalable, transparent, and, above all, executable system incorporating explainable Al principles.
The time taken to analyze data decreased markedly compared to manual interpretation while
preserving clinically acceptable diagnostic reliability. Hence, time efficiency and diagnostic
accuracy render the system clinically deployable.

Index Terms— Breast cancer detection, deep learning, MRI analysis, diagnostic automation,
clinical decision support, explainable Al report generation.

1. INTRODUCTION

Breast cancer is the most commonly diagnosed cancer in women around the world, posing a special problem to
global health. It is estimated that globally, there are approximately 2.3 million breast cancer cases that are
attributed each year. This takes up about 11diagnoses. The application of mammograms, ultrasounds, and MRIs
in identifying breast cancer at its initial stages has been established to lead to a significant increase in survival
rates as well as the success of the subsequent treatments. Regrettably, the time and skills that image
interpretation will necessitate on the part of the physicians, especially during periods of heavy waiting time, are
an extra challenge. The opportunities of artificial intelligence operating to conduct complex image recognition
tasks present unparalleled opportunities in the area of automated medical diagnostics. In some tasks, Al can
solve issues on the same level as radiologists and at times even better. Despite the fact that the published Al
research findings are rather encouraging, a number of challenges need to be addressed to put Al to practical use,
such as making sure that working processes are not interrupted, delivering the necessary paperwork that will be
required when Al is involved, and the healthcare system requires that it should be explainable. The paper
introduces an elaborate system that seeks to address the issues of breast cancer detection and the provision of
diagnostic reports.
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It has a convenient web interface that accepts MRI video inputs and processes the imaging data using state-of-
the-art deep learning models deployed on cloud infrastructure and automatically generates detailed diagnostic
reports that can be used in the clinic. The system is scale based, leverages parallel processing, and fits well with
existing clinical processes to facilitate seamless integration and transparency via explainable Al processes. The
main contributions of the work are as follows: (1) cloud-based architecture to improve the efficiency of
processing based on parallel frame analysis, (2) an automated workflow to produce diagnostic reports
transforming Al findings into real-world clinical records, (3) the critical assessment using standard metrics of
medical imaging performance, and (4) a practical implementation demonstrating the viability of clinical
implementation in the medical contexts.

II. RELATED WORK

The latest advances in machine learning have proven to be the difference in the way we detect breast cancer. We
used to use manually engineered features and the traditional classifiers in the past, which were not always able to
generalize across different datasets. However, the introduction of deep convolutional networks has made it
possible to automatically learn features directly out of imaging data, and this has really changed the way medical
images are analyzed. Khater et al. [1] have developed an explainable AI model that is particularly used to
classify breast cancer and uses the Wisconsin Breast Cancer datasets. Their best performing model achieved an
impressive 97.7clinical tabular data. They also applied explainable AI methods to identify bare nuclei and area
features as the most significant ones in the identification of malignancy. The research was exceptionally focused
on model interpretability, employing such approaches as permutation importance, partial dependence plots, and
SHAP values. Nevertheless, it is notable that their study primarily focused on the structured clinical data, which
in part restricts its usage in the workflows involving image-based diagnostics. Nayak et al. [2] took a further
examination of the CNN based techniques of breast cancer detection by infrared imaging. Their model achieved
a whopping accuracy of 91a 75.3thermal imaging sensors. RFID patient information logging. They used the data
provided by the DDSM, TCGA, and UCI repositories and implemented the basic preprocessing methods such as
normalization, resizing, and augmentation. Although their results on infrared images were rather encouraging,
the study was unsatisfactory in the aspects of the explainability mechanisms and was limited by the variety of the
datasets. Another point is that Yang et al. [3] presented a deep learning approach that combines mammography
and ultrasound images to estimate malignancy in BI-RADS 4A lesions in women with dense breasts. Their
multi-modal fusion method demonstrated an improved diagnostic performance when compared to single
modality approaches. Nevertheless, the study was founded on one center, which may limit its applicability, and it
did not address automated report generation or the integration into clinical workflows. On the more
convolutional networks and recurrent archaeological front of MRI-based detection, researchers have been
exploring 3D networks and 3D convolutional networks. They are using volumetric data to model spatial
correlation and contrast enhancement patterns, which indicate malignancy. Transfer learning based on large-
scale data has proved to be rather beneficial, and it is possible to demonstrate a competitive performance even
with small amounts of medical imaging data. Although there has been some exciting research, there remains a
vast gap between what we are experimenting with and what we can actually use in clinics. Many of the methods
available are primarily interested in their classification capabilities, but fail to take into account other valuable
practical considerations, such as their efficiency in processing information, their integration with current clinical
processes, the necessity of automated documentation, and the ease of understanding the models. Also, a high
number of these systems require either special hardware or significant modifications to infrastructure. This study
will provide answers to those gaps by developing a system that is simple to access and scale, which can be
deployed with little disruption of clinical operations, and at the same time provide comprehensive diagnostic
support, such as automated and user-friendly report generation.

III. PROPOSED SYSTEM

Our designed system employs a distributed microservices architecture that assists in isolating various concerns to
distinct layers of services and maintaining the services together. The general design of the system and the flow of
data in the system are depicted in Figure 1.

A. Frontend Layer

The front end provides the radiologists with an easy-to-use web interface to interface with the system. It is
developed using the current JavaScript libraries, which give the possibility to upload MRI videos, track the
processing status in real-time, and access the generated reports. The client-side frame extraction is one of its
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outstanding features that divides video sequences into single frames and transmits them to the backend. Not only
does this reduce network bandwidth, but it is also possible to perform preprocessing via a browser without
straining the server and provide users with immediate visual feedback. Frame extraction uses the HTMLS5
Canvas API to decode video streams and capture frames at a given frequency. The frames captured are then
clustered into batches to transmit them efficiently, and the size of the batches is adjusted according to the
network conditions and the capabilities of the servers. This batching system assists in evenly distributing the load
and avoiding the server being overloaded during peak periods.
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Fig. 1. End-to-end system architecture showing the pipeline from MRI video upload to diagnostic report generation and storage

B. API Gateway Layer

The API gateway based on Node.js is the key point of all interactions in the system, which performs the
functions of authentication, routing of requests, load balancing, and aggregation of responses. The gateway
intelligently allocates the batched frames to a number of Al service instances when it receives batched frames
sent by the frontend, using intelligent load balancing algorithms, thus enabling it to be horizontally scaled.
Asynchronous processing patterns are also employed in this gateway in order to maximize throughput. It does
not wait until the entire frame analysis is complete and then sends a response, but maintains persistent
connections open, sending partial results to the frontend as they arrive. The perceived responsiveness with this
method is significantly improved and allows radiologists to view initial results even when the processing
continues.

C. Al Service Layer

Python-based Flask microservices, which host deep learning models, contain core analytical capabilities. The
instances of the service are independent instances and thus they can be scaled horizontally with respect to
demand. The AI service consists of three major modules: frame preprocessing, model inference, and result
aggregation. The preprocessing module normalizes the incoming frames, resizes, and augments them using a set
of operations that conform to the training data distributions. Such transformations make sure that the model is
fed with a consistent input regardless of the differences in the MRI equipment. Inference module loads the pre-
trained weights of a convolutional neural network and uses forward propagation to make classification
predictions and confidence values of each frame. Result aggregation aggregates the predictions of each frame
into patient diagnoses via a voting system, which considers the similarity of predictions across frames with their
associated confidence scores. This technique reduces the effect of false positives or negatives that may be a
result of motion artefact or quality variations within a single frame.

D. Data Management Layer

The Data Management Layer manages patient metadata and previous records in MongoDB. Such a structure
provides dynamic schema management and quick queries. Such sensitive information as patient demographics,
examination data, processing time, and links to reports is stored in the database. It is also easy to separate the
structured metadata and binary documents, and index and retrieve data more efficiently. The generated
diagnostic reports in PDF format are stored in the Azure Blob storage. The solution offers permanent and
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scalable, and affordable object storage. The integration with Blob storage also includes the versioning feature,
and it enables us to track the history of reports and access the previous versions of a report in case of need. Such
reports are limited to time-limited signed URLs, which are secure, but can be easily downloaded at the frontend.

E. E- Report Generation Module

Moving on to the Report Generation Module, we automate the creation of reports that turn Al outputs into
detailed clinical documents using the jsPDF library. Our report templates adhere to standardized radiological
guidelines, which guarantee consistency and thoroughness. Each report features patient information, examination
details, Al-finding, classification results with confidence metrics, and clinical recommendations based on any
abnormalities detected. The logic behind report generation is designed to adapt to document structure based on
the findings. If there’s a suspicion of malignancy, the reports will include extra sections that describe the
characteristics of the lesion, suggest follow-up procedures, and compare with prior examinations if available.
This flexible approach ensures that every report delivers relevant and actionable information tailored to the
specific case at hand.

IV. METHODOLOGY

A. Dataset and Preprocessing

The algorithm was developed based on a well-chosen collection of breast MRI examination cases that represent
a large diversity of cases, such as benign, malignant lesions of various stages, and normal studies. A sequence of
MRI sequence consists of a series of temporal phases, recorded during the administration of a contrast agent,
which gives invaluable dynamic improvement data needed in the description of lesions. Preprocessing operations
are used to normalize the imaging data in order to prepare the data for the model. The frames are resized to a
standardized resolution that is compatible with the input demands of the pre-trained network structure.
Additionally, the intensity normalization by z-score standardization makes sure that the ranges of the values are
similar.

I-p
Inormalized = e ( 1)

where I represent original intensity values, ¢ is mean intensity, and o is standard deviation computed across the
dataset.

Training is performed with the help of data augmentation techniques such as random rotations, translations, and
brightness adjustments to improve the robustness of a model and reduce overfitting. This method aids in
simulating the natural variation in patient position and the various acquisition parameters that are generally
observed in clinical practice.

B. Deep Learning Model

The detection model is based on transfer learning, which is based on the well-established CNN architectures that
have demonstrated impressive performance in image classification problems. The underlying network, which has
been trained on large datasets, provides very rich feature representations, which are well adapted to the medical
imaging domain. In the case of model adaptation, we replace the last fully connected layers with classification
heads that are specific to tasks. This new architecture has the capability of categorizing a variety of classes, such
as normal, benign, and malignant. The training process is in phases as follows: the first phase is the initial frozen
training phase, where the classification layers only are adjusted, and the second phase is the fine-tuning, where
all the layers are trained at a lower learning rate. Optimization aims at reducing the categorical cross-entropy.

L= =33, 35 Vi log(7o) @

where N is sample count, C is class count, y;. is true label indicator, and y";. is predicted probability for class ¢
and sample i. training employs adaptive optimizers with a learning rate scheduling and early stopping based on
validation performance to prevent overfitting.

C. Parallel Processing Strategy

The processing of MRI videos is efficient, which implies that hundreds of frames may need to be sifted through
to process an exam. To address this, the system employs multi-level parallel processing to maintain the latency
to a minimum. It spreads frames batches among multiple cloud-based Al service instances, where each instance
can process the frames assigned to it. With the aid of GPU acceleration, such instances can execute several
frames simultaneously using batch inference. The aggregation results strategy considers the necessity of
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temporal coherence. It achieves this by using smoothing filters on the predictions at the frame level, which
would help reduce flickering that may be caused by one frame to another, and eventually help in more stable
measurements of patients. The ultimate diagnosis is made based on:

D =arg mcaleizl Wr * Dre &)

where D is predicted diagnosis, F is total frames, wy is weight assigned to frame f based on quality and
confidence, and py. is predicted probability for class ¢ in frame f.

D. Explainable Al Integration

The system is based on explainable Al to build trust and clarify things in clinical settings. In predictions, the
model provides attention maps, which are pictorial and which depict what parts of the images contributed
significantly to the process of making the classification. This level of transparency will allow the radiologists to
confirm that the Al is rational in a way that is consistent with their clinical experience, which will raise their
confidence in automated judgments and help to detect inaccuracies.

V. RESULTS AND EVALUATION

The proposed model demonstrated high diagnostic accuracy across multiple categories. Receiver Operating
Characteristic (ROC) analysis yielded a high Area Under the Curve (AUC), confirming the model’s ability to
differentiate between normal, benign, and malignant cases. These findings indicate that the system can be
reliably used in clinical decision-making.

A. Classification Performance

In regard to classification performance, our model has proven to be remarkably accurate when compared with
several diagnostic categories. The metrics are specific and sensitive, and this is relevant in the clinical setting
where false negatives (underdiagnosed cancers) and false positives (unnecessary procedures) can be harmful. We
also conducted receiver operating characteristic analysis, which gave a high area under the curve, which
represents the high ability of the model to differentiate between normal, benign, and malignant cases. In the
Table I, These findings indicate that the model can be relied on when making clinical decisions.

B. Efficiency Metrics

Processing speed plays a vital role on the efficiency front in terms of publicity of the system in a clinical setting.
We have now gone far beyond our system compared with the old manual interpretation methods. The duration of
time which is spent on a full MRI running analysis and uploading to the report generation is around 45-60
seconds, a radical contrast to the 15-20 minutes it normally takes to have a radiologist conduct a manual review.
In addition, the parallel processing architecture can be expanded to accommodate more instances of services.
Our distributed architecture has been demonstrated to be able to cope with more clinical workloads effectively,
with almost linear performance increase with the addition of computational resources, and load testing has
confirmed that our architecture has the capacity to meet its performance targets.

TABLE I. PERFORMANCE METRICS OF THE PROPOSED MODEL

Metrics Value (%)
Accuracy 94.6
Sensitivity 93.2
Specificity 95.8
Precision 92.7
F1 Score 93.0
AUC(ROC) 0.96

C. Report Quality Assessment

In our quality assessment of reports, the experienced radiologists were closely examining the reports that were
generated with the aim of determining their completeness, accuracy, and usefulness in clinical settings. The
responses that we got indicated that the reports contained all the necessary information, which was arranged in a
manner that can be considered to comply with professional standards. The automated recommendations provided
useful advice that aligned with clinical protocols most of the time, which showed that the system can be used in
the actual clinical setting.
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V1. DISCUSSION

The experimental results demonstrate that the proposed Al-enabled and deep learning-based integrated system is
capable of delivering reliable and clinically meaningful breast cancer detection from MRI video sequences. The
achieved classification performance, with an accuracy of 94.6%, sensitivity of 93.2%, and specificity of 95.8%,
indicates that the system effectively balances the trade-off between false positives and false negatives, which is
critical in clinical diagnostic settings. High sensitivity ensures that malignant cases are rarely missed, while
strong specificity minimizes unnecessary follow-up procedures for benign cases. When compared with existing
deep learning-based breast cancer detection approaches reported in the literature, the proposed system exhibits
competitive or superior performance while addressing several practical limitations of prior works. Many existing
studies focus primarily on classification accuracy using static images or single modalities and often neglect real-
time deployment considerations, automated documentation, and clinical workflow integration. In contrast, the
proposed framework emphasizes an end-to-end pipeline that not only performs accurate classification but also
supports scalable cloud-based deployment, parallel processing of MRI frames, and automated generation of
structured diagnostic reports. This holistic design significantly enhances the applicability of the system in real
clinical environments. The adoption of a distributed microservices architecture and parallel frame-level inference
plays a crucial role in improving system efficiency. The reduction in total analysis time from approximately 15—
20 minutes in manual interpretation to 45—-60 seconds using the proposed system demonstrates its potential to
reduce radiologist workload and increase patient throughput. Such time efficiency is particularly valuable in
high-volume diagnostic centers, where delays in image interpretation can adversely affect patient outcomes.
Moreover, the near-linear scalability observed during load testing suggests that the system can accommodate
increasing clinical demand with minimal architectural changes. Another notable aspect of the proposed approach
is the integration of explainable Al mechanisms. By providing attention maps that highlight diagnostically
relevant regions in MRI frames, the system enhances transparency and fosters trust among clinicians.
Explainability is a key requirement for clinical adoption of Al systems, as it allows radiologists to verify model
decisions and align Al-driven insights with their domain expertise. This interpretability also supports error
analysis and model refinement, contributing to safer deployment in medical settings. Despite its strengths, the
proposed system has certain limitations that should be acknowledged. The current implementation is primarily
validated on breast MRI data, which may limit generalizability across other imaging modalities such as
mammography or ultrasound. Additionally, while the dataset used includes a diverse range of cases, further
validation on multi-center and larger-scale datasets is necessary to ensure robustness across different scanners,
acquisition protocols, and patient populations. The system also relies on pre-trained deep learning models,
which, although effective, may benefit from further customization using institution-specific data. Overall, the
discussion of results indicates that the proposed system successfully bridges the gap between Al research and
practical clinical deployment. By combining high diagnostic performance, efficient processing, automated
reporting, and explainability, the framework presents a balanced and clinically relevant solution for early breast
cancer detection. These characteristics position the system as a promising decision-support tool that can assist
radiologists in improving diagnostic accuracy, efficiency, and consistency in routine clinical practice.

VII. CONCLUSION

This paper presented a detailed system that was designed to support Al-based breast cancer detection and the
generation of diagnostic reports based on the MRI video sequences. The cloud-based architecture is a good
combination of state of the-art web technologies and deep learning, which creates a practical and scalable
solution that can be used in clinics. The results of the evaluation present impressive performance in classification
with high accuracy, sensitivity, and specificity of the different diagnostic categories. The system addresses the
major issues of closing the gap between Al research and clinical practice since it is able to provide continuous
automation, starting with image acquisition and up to detailed report generation. The parallel processing
architecture ensures that the throughput is efficient, whereas the automated report generation ensures that the
documentation is of the clinical standards. With explainable AI, we are able to improve transparency and
establish trust in the clinical setting. All these features make the system a valuable resource in the optimization
of radiological processes and diagnostic performance. There are several improvements that we are going to work
on in the future. To improve the clinical utility of the system, we may incorporate state-of-the-art explainability
techniques that indicate some areas in the system that are of interest to facilitate the process of training. Other
imaging modalities including mammography and ultrasound, will be added to its applicability. Moreover, the
history of the patients and the tracking options will also be included, and this will allow for the full risk
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assessment and monitoring of the treatment. Further validation in other clinical environments will give the
required feedback, which can be fine-tuned. By collaborating with the healthcare institutions, we will be able to
ensure that the system will be developed as per the clinical and regulatory requirements. It is anticipated that the
long-term goal is to transform Al-aided diagnostic systems into a mainstream aspect of contemporary radiology
practice, improving patient outcomes because of their earlier identification and higher quality of diagnostic
outcomes.
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