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[bookmark: _heading=h.zfy5rhgyexgo][bookmark: _Toc211439224]INTRODUCTION 
[bookmark: _heading=h.toxr42jpb7na][bookmark: _Toc211439225]Overview of the problem area
Breast cancer has always been among the worst and most life-threatening diseases that women face in the world and it takes away a huge percentage of the cancer related deaths annually. Even with the current state of diagnostic imaging diagnostic technologies (mammography, ultrasound, histopathology), and the difficulty in the morphology of breast tissues and tumors that are heterogeneous and complex, challenges remain, with the aim of early and accurate detection [11]. The conventional single-mode imaging either does not provide full information on the molecules and structure of the desired area to be subject to the reliable diagnosis [14].
Mass Spectrometry Imaging (MSI) combined with other imaging tools, including ultrasound, histology, and X-ray, can help to address this limitation and provide a more comprehensive diagnostic model. The multimedia MSI information facilitates, concurrently, the study of the molecular, structural, and textural characteristics of breast tissue, the understanding of tumor behaviour and multidimensionality.
This paper aims at creating a multimodal framework based on deep learning with CNN architectures to strengthen early detection of breast cancer [12]. The proposed project will address the limitations of the current approaches by combining MSI with other imaging modalities, enhance the interpretability of these modalities by visualizing models, and advance the clinical translation of AI-based diagnostic systems to oncology.
[bookmark: _heading=h.rroh242bpe8v][bookmark: _Toc211439226]Importance of the project 
This project is significant because the detection of breast cancer in its early stages is improved with the help of the existing advanced deep learning and multimodal imaging in combination. Present diagnostic approaches mostly make use of single-modality data, which inherently makes them less accurate and inability to provide an accurate picture of cancerous tissue [20]. The result can support quicker and more informed clinical judgment, thereby lessening mortality rates and facilitating the further adoption of artificial intelligence in medical diagnosis and healthcare development.
[bookmark: _heading=h.l5a6jkb2gaeh][bookmark: _Toc211439227]LITERATURE REVIEW
[bookmark: _heading=h.xc3ra4ol3tq][bookmark: _Toc211439228]Review existing research
[bookmark: _heading=h.sd3mhij7sd4][bookmark: _Toc211439229]Deep Learning in Medical Imaging
The existing research over the last decade revealed that CNNs are much more successful than traditional image-processing and machine-learning methods. Research has been positive in diagnosing with high accuracy images obtained through mammography, histopathology, and ultrasound imaging of tumorous areas (Jiang et al. 2023).
[image: ]
Figure 1: Scheme diagram of the network with three-layer convolution
(Source: Jiang et al. 2023)
Smart networks like the ResNet, DenseNet, and EfficientNet have developed to be a trend in biomedical imaging with impressive capabilities of extracting features [11]. The proposed project applies these results to multimodal MSI data, which are more complex and more diverse.
[bookmark: _heading=h.btrgjfs958ou][bookmark: _Toc211439230]Multimodal Data Integration
Multimodal methods are used to combine supplementary sources of data so as to make a diagnosis better [2]. Integration of imaging techniques helps the models to measure different details like tissue texture, microstructure, and molecules to evaluate the patient tissue size and elucidate reductions in disease prognosis.
[image: ]
Figure 2: Multimodal models with genomic, radiological, and
histopathological data.
(Source: Boehm et al. 2023)
Lung and brain cancer research has shown that multimodal fusion could be more accurate and robust than single modality fusions. 
[bookmark: _heading=h.nkke9y91uilp][bookmark: _Toc211439231]Deep Learning for Unimodal Image Analysis
Recent literature firmly establishes that Deep Learning (DL), specifically Convolutional Neural Networks (CNNs), has revolutionized medical image analysis, often surpassing the performance of traditional Computer-Aided Diagnosis (CAD) systems in breast cancer detection and classification [17]. CNN architectures such as ResNet and VGG are highly used for their ability to automatically extract hierarchical, non-linear features (edges, textures, subtle calcifications) from diverse imaging modalities, including mammography (X-ray) and ultrasound.
Nonetheless, unimodal CNN models with high performance are also limited in nature. The heterogeneity of cells that can be detected in a mammography slide alone can escape such a model, and the molecular diversity of a tumor can be detected only by histopathology [18]. Its main limitation, as it has been pointed out numerous times in the recent reviews, is its incompetence to bind together orthogonal information the complementary information that different perspectives on the disease (structure, function, cellularity and chemistry) can offer.
The proposed work is innovative and advances the benefits of these CNN-extracted imaging features and combines them with the complementary chemical and molecular information offered by Mass Spectrometry Imaging (MSI) in the context of a complex multimodal deep-learning system.
[bookmark: _heading=h.twa7knf0dgu4][bookmark: _Toc211439232]Feature Diversity and Limitations of Single-View Diagnosis
Conventional single-modality imaging generally does not enable the articulation of molecular and structural details required to make a reliable diagnosis because of the complicated and heterogenous character of breast tissue and tumor morphology. Although deep learning a single modality would have high accuracy on large-scale data, it implies poor generalization and has no additional information that would complement some modalities.
Thus, the main weakness is in the number of features that are learned: a single-modality CNN cannot learn features based on other categories, like structure and texture in that view. The present project will thus incorporate Mass Spectrometry Imaging (MSI) with complementary imaging techniques like ultrasound, histopathology, and X-ray surveys to allow simultaneous investigation of both molecular, structural, and textural features. The method will give a multidimensional insight into the tumor behavior, which is needed to improve the early detection of breast cancer.
[bookmark: _heading=h.szkdp0a8yu2h][bookmark: _Toc211439233]Comparing different approaches and justifying the project’s approach 
Traditional machine learning (ML) models, including Support Vector Machines (SVMs) and Random Forests, have demonstrated poor clinical performance on breast cancer. The main reason is that they are too dependent on hand-engineered features (radiomic features) and the internal ability to adjust themselves to the complex, high-dimensional form of medical images. They are often unable to recognize subtle or complicated trends that are indicative of malignancy when exposed to the variability of clinical data through these models.
The proposed research, thus, changes the paradigm and uses a multimodal deep learning (DL) approach. There is the possibility of a multi-modality approach being synergised using this strategy; that is, by combining imaging and Mass Spectrometry Imaging (MSI). DL models (Convolutional Neural Networks) learn rich complementary spatial and molecular features in an automatic way making it possible to characterize the tumor in a more holistic manner than by any individual technique. This combined strategy is bound to achieve higher diagnostic precision and offer better clinical explanatory power in the ultimate characterization of breast cancer.
[bookmark: _heading=h.c1au2ctii53][bookmark: _Toc211439234]Comparison table
	Approach
	Description
	Strengths
	Limitations
	Relevance to Current Study

	Traditional Machine Learning (SVM, Random Forest)
	Uses handcrafted features from medical images for classification
	Simple implementation, interpretable results
	Limited feature representation, poor scalability with high-dimensional data
	Serves as a baseline for performance comparison

	Single-Modality Deep Learning (e.g., CNN on mammography)
	Learns features automatically from one imaging type
	High accuracy on large datasets, end-to-end learning
	Limited generalization, lacks complementary modality information
	Highlights the need for multi-source feature learning

	Multimodal Deep Learning (Proposed)
	Combines multiple imaging modalities ( ultrasound, histopathology, X-ray) for joint learning
	Captures complementary information, improved robustness, and accuracy
	Requires complex preprocessing and alignment
	Forms the core of this study’s proposed method


Table 1: Comparison of Different Approaches in Breast Cancer Imaging
[bookmark: _heading=h.7huweypczn3g][bookmark: _Toc211439235]

RATIONALE AND RESEARCH GAP
[bookmark: _heading=h.iux403nvbcc3][bookmark: _Toc211439236]Rationale
The issue of breast cancer detection is still a very active area of research and the potential accuracy of the diagnosis could influence the patient directly. It is reasonable that with the introduction of deep learning into the process of diagnoses, the accuracy, consistency and efficiency of the process will improve.
It is scientifically essential to explore data integration in multimodal imaging because the synergistic analysis of multiple modalities enables the identification of correlations between structural, textural, and molecular properties that are otherwise lost when using single-modality models. Specifically, fusing deep-learned features from images (e.g., CNN-extracted mammography features) with Mass Spectrometry Imaging (MSI) data provides a novel, comprehensive tissue signature.
This project is further justified by its dual impact: it directly addresses the technical challenge of designing robust intermediate fusion architectures in deep learning and concurrently delivers a thematic understanding of their application to real-world problems [20]. The resulting models are expected to enhance diagnostic accuracy by reducing false positives/negatives, improve clinical interpretability through multi-view feature mapping, and demonstrate high generalizability across diverse patient cohorts, accelerating translation into clinical decision support systems.
[bookmark: _heading=h.jfz13yil28rt][bookmark: _Toc211439237]Research Gap
Although recent progress made in the manner of detecting breast cancer through deep learning has been achieved, the majority of studies carried out are based on single imaging data through mammography or histopathology. This restricts the capacity of the models to achieve mobile diagnostic data in various types of imaging [12]. It still follows that there is a gap in investigating effective strategies in the fusion and CNN-based architectures in multimodal medical image classification.
This gap centers on the challenge of feature-level heterogeneity. Existing fusion strategies often fail to effectively combine high-dimensional image features extracted by Convolutional Neural Networks (CNNs) with orthogonal molecular data, such as Mass Spectrometry Imaging (MSI). A specialized intermediate fusion architecture is critically needed to overcome modality imbalance and develop a robust predictive model, a strategy that remains largely unexplored in a clinical context.
[bookmark: _heading=h.86z4rld85bdp][bookmark: _Toc211439238]PROBLEM STATEMENT
Detecting breast cancers at an early stage has been a problem in terms of the single-modality imaging of the breast, as it will not be able to give supplementary information about the mass which is in terms of molecular and structural characteristics. It is required that there are potent deep learning models, which can combine multimodal MSI to enhance diagnostic accuracy, reliability, and clinical applicability in the detection of breast cancer.
[bookmark: _heading=h.uk2nt2mr7vca][bookmark: _Toc211439239]RESEARCH AIM AND OBJECTIVES
[bookmark: _heading=h.w7cof5rp926e][bookmark: _Toc211439240]Highlight the research aim
The project aims to design, implement, and evaluate CNN models for early breast cancer detection using multimodal MSI imaging data, focusing on model accuracy, dataset challenges, and clinical applicability.
[bookmark: _heading=h.a87ke82j7bk7][bookmark: _Toc211439241]List the main and specific objectives of the project. 
· To critically examine deep learning and CNN-based approaches for multimodal breast cancer detection.
· To preprocess and integrate MSI ultrasound, histopathology, and X-ray datasets for model development.
· To design, train, and optimize CNN and transfer-learning models for accurate cancer classification.
· To evaluate model performance using multiple metrics and assess clinical applicability and limitations.
[bookmark: _heading=h.fxluvu7lh4us][bookmark: _Toc211439242]SCOPE AND LIMITATIONS
[bookmark: _heading=h.1d9t7ix41gzf][bookmark: _Toc211439243]Project Scope
The proposed project will deal with the development and validation of a convolutional neural net (CNN) on early detection of breast cancer using multi-modal (MSI) images (ultrasound, histopathology, and chest X-ray) of breast cancer [11]. It addresses preprocessing of datasets, training models, transfer learning, and fusion approaches to improve the performance of the classification and clinical applicability. Once the machine learning model has been successfully implemented, a prototype or application that uses X-ray pictures to predict breast cancer will be developed.
[bookmark: _heading=h.5efg4kc63tgi][bookmark: _Toc211439244]Project Limitations
Weaknesses such as dependency on the available multimodal datasets can be used; these are not comprehensive enough to represent the variability in the real world. The size of data and the balance of classes may restrict the actual performance of a model [3]. Clinical translation lacks a lot of routines specific to hospitals in imaging, and the outlining of Deep learning models is an issue to be able to fully adopt in the medical practice.
[bookmark: _heading=h.ogsbrwu3cwi2][bookmark: _Toc211439245]METHODOLOGY 
[bookmark: _heading=h.xn7zte8hs5e0][bookmark: _Toc211439246]System Development Approach 
The project will be based on the Waterfall methodology, with all the requirements, implementation, testing, and deployment proceeding in stages. This will be done in each order, with clear instructions one after another, after completion of one stage, to others [4]. This methodology fits the experimental research on deep learning, because the process of developing models, processing data, and evaluation is systematic and problematic to repeat.
[bookmark: _heading=h.s4zhoqtxlgto][bookmark: _Toc211439247]Tools & Technologies 
[bookmark: _heading=h.tnqtt7j4za5n]Python will be the main programming platform, which will be accessed via Google Colab to conduct the development of the CNN model through the support of Python-based development frameworks, such as CNN and PyTorch. Image preprocessing will be implemented using OpenCV and scikit-image, whereas data movement will be supported by NumPy and Pandas [5]. Matplotlib and Seaborn will be adopted for the visualization.
[bookmark: _heading=h.wdjbd9cgglmq][bookmark: _Toc211439248]Requirements Analysis 
Basic functions requirements can be illustrated as dataset preprocessing, CNN model training, multimodal data fusion, and evaluation of functions through performance metrics such as accuracy, F1-score, ROC-AUC, and MCC. Among the non-functional requirements, there are such concepts as system reliability, reproducibility of experiments, computational efficiency, and the ability to scale models to process multimodal data. Processing will also be secured, and data integrity will be implemented [6].
[bookmark: _heading=h.kt2chkneswn2][bookmark: _Toc211439249]System Architecture 
The system is modular with the following components:  Dataset preprocessing with modules resizing, normalization, and augmentation;  CNN and Transfer-learning, where network training and feature learning take place;  Fusion, where the module translates between features and decisions; Performance metrics calculated in Evaluation;  Visualization with a module where interpretability is achieved. The flow ensures clear separation of responsibilities and scalable experimentation.
[image: ]
Figure 4: CNN Model Flowchart
[bookmark: _heading=h.hbo4k092gnt4][bookmark: _Toc211439250]Data Collection Method
Data will be sourced from publicly available multimodal MSI breast cancer datasets, including ultrasound, histopathology, and chest X-ray images. Images are pre-labeled as benign or malignant. This constitutes secondary quantitative data, as the datasets have already been collected and provide measurable features for analysis [8]. The data will be processed through augmentation and normalization to improve model generalizability. No human participants are directly involved, ensuring ethical compliance and eliminating privacy concerns.
[bookmark: _heading=h.9kdlre6h72dq][bookmark: _Toc211439251]System Architecture: Feature Extraction and Intermediate Fusion
The architecture of the project uses an Intermediate Fusion plan, which is a technical shift over handier Early or Late fusion plans used in unimodal models [13]. The Transfer Learning is realized by dedicated Deep Learning (DL) backbones (ResNet-50) to extract detailed spatial features of imaging modalities (X-ray, Ultrasound, Histopathology) [14]. At the same time, the individual Mass Spectrometry Imaging (MSI) data are processed (through 1D CNN feature reduction) to produce an equalizing molecular vector. Such modality-specific feature vectors are of a high level and are then concatenated in a novel fusion module [19]. The design is essential because it builds on the power of feature learning that is inherent to DL and solves the heterogeneity problem, which is unique to multimodal data.
[bookmark: _heading=h.oulrlp2po7ul][bookmark: _Toc211439252]Model Differentiation and Robust Evaluation
The contribution is considered to be the possibility of the fusion module to synthesize structural and molecular characteristics, and it fills an important research gap. This conjoined feature vector is then presented over an ultimate possible classifier (fully connected layer with Softmax) to make the final diagnosis [15]. In order to achieve clinical viability, model regularity will be applied by implementing 5-fold cross-validation and careful hyperparameter optimization ( learning rate) to improve generalization [16]. Clinically relevant measures beyond simple accuracy, such as Sensitivity, Specificity, and the Area Under the Curve (AUC) will be used to evaluate the performance, meaning to prove the strengths of the model in measurements and strengthening against the bias of data.





[bookmark: _heading=h.hyccxmuk3cc2][bookmark: _Toc211439253]EXPECTED OUTCOMES & IMPACT 
[bookmark: _heading=h.ebywk0cnzn5k][bookmark: _Toc211439254]Expected Deliverable 
Basic functions requirements may be depicted in the form of dataset preprocessing, training a CNN model, multimodal data fusion, and function evaluation using the performance metrics like accuracy, F1-score, ROC-AUC, and MCC. Some of the non-functional requirements include such concepts as the reliability of the system, the reproducibility of the experiments, computational performance, and the scaling of the models to process multimodal data. Processing will also be threatened, and data integrity will be put into place [6].
[bookmark: _heading=h.gts4m3segruq][bookmark: _Toc211439255]Impact and Potential Applications of the Project. 
The system will be modular with the following parts: Dataset preprocessing, which consists of modules such as resizing, normalization, and augmentation; CNN and Transfer-learning, in which network training and learning features occur; Fusion, where feature-to-decision translation occurs; Performance metrics calculated in Evaluation; Visualization, where the feature-to-decision translation is realized. The flow provides separation of responsibilities as well as scaling experimentation.
[bookmark: _heading=h.p63974356zgw][bookmark: _Toc211439256]PROJECT TIMELINE 
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Figure 4: Gantt Chart
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