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Abstract
Breast cancer continues to be one of the top causes of death in women across the globe, and early detection can drastically increase survivor outcomes. This project presents a deep-learning based framework for early breast cancer detection by combining Multimodal Mass Spectrometry Imaging (MSI) data with typical imaging modalities like ultrasound, histopathology and x-ray. The research intends to design, train and test Convolutional Neural Networks (CNN) and transfer-learning models to accurately classify breast cancer cases. Using multimodal data, the research seeks to improve diagnostic reliability and generalizability over a single-modality approach. The quantitative, experimental design will consist of preprocessing MSI and imaging data, data fusion and evaluation of models through performance metrics such as accuracy, F1 score and ROC-AUC. The research is expected to lead to improved diagnostic accuracy and improved model interpretability with explainable AI tools. The project aims to contribute to improved clinical applicability of AI in oncology and to develop reliable multimodal decision-support systems.
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[bookmark: _glaeenejyaaj][bookmark: _Toc210662494]Introduction
Breast cancer is not an exception as it is one of the most widespread stressful diseases among women and an exist-threatening phenomenon in the world. It has been causing massive cancer and body cancer cases and deaths worldwide, as per the statistics of global health. Early detection of the disease has always been associated with improvement of survival and better treatment outcomes for the patient. Although different imaging and diagnostic technologies are always coming up with something new, early predictability of the disease can be termed as a serious consideration, as the tissue of breast cancer comes in various kinds and it is multi-dimensional. The World Health Organization (2024) reports that breast cancer develops around 2.3 million new cases every year, which corresponds to 11.7% percent of all malignancies globally. While imaging and diagnostic techniques have improved, early detection continues to be difficult due to tumor heterogeneity and varying image quality based on the imaging technique.
[bookmark: _b0sbz3zi14vd][bookmark: _Toc210662495]Background
Mammography, ultrasonography, and histopathology are the conventional ways of diagnosing breast cancer.  Although mammography is considered the gold standard in screening, it has a weakness of lower sensitivity, especially in young age groups, who were informed that they were not sensitive, or in patients with thick-textured breast tissues.
 Mass Spectrometry Imaging (MSI) is an analytical test that provides a map-like image of the cell structure by allocating metabolites (or distinct proteins and lipids) that are scattered about is across the cells.  Gradual acculturation of MSI and more traditional imaging modalities makes it possible to combine MSI with different modalities to obtain a multimodal representation of the tumor. 
Research Gap and Problem Statement 
While numerous studies have leveraged deep learning for mammography or histopathology alone, comparatively little work has incorporated public multimodal MSI datasets for breast cancer diagnosis. Single-modality studies frequently do not take into consideration the possible correlations between molecular and structural tissue information across modalities. This study addresses the research gap by proposing a CNN-based multimodal fusion framework that exploits multimodal MSI, ultrasound, histopathology, and X-ray data for improved early cancer classification and clinical interpretability.
[bookmark: _mvss1oi80m72][bookmark: _Toc210662496]Aim and Objectives
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.
Objectives
· 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.
Research Question
In what way will accuracy and interpretability of early breast cancer detection be improved through utilizing deep learning models with multimodal MSI imaging data, relative to results obtained through single modalities? 
Hypothesis
Integrating multimodal MSI imaging data with CNN based deep learning architectures will improve classification accuracy, reduce overfitting, and enhance clinical interpretability as compared to single modality models.
[bookmark: _csvze7vuftlx][bookmark: _Toc210662497]Rationale
The detection of breast cancer remains a pressing field of study, with the possibility of diagnostic accuracy having a direct effect on the outcome of the patient. It is plausible that by introducing deep learning into the diagnostic processes, the accuracy, consistency, and efficiency will increase. Nonetheless, the majority of the available studies have used the single-modality imaging data, such as mammography or histopathology. Although these studies are good, they are not able to promote the complementary information of multimodal data.
It is scientifically essential to explore data integration in multimodal imaging because when multiple modalities are utilized, one will be able to identify correlations between structural and molecular properties, otherwise nonexistent when using single-modality modalities (Yoon et al. 2023). It will ensure that this project also simultaneously promotes technical development in CNN-based models as well as offer a thematic understanding of how they apply to real-world problems, answer accuracy, interpretability, and generalizability in clinical settings.
Significance of the Research
The proposed research has both scientific significance and practical significance. Scientifically, the research advances the growing body of knowledge in multimodal deep learning by contributing insights into possible data fusion routines for cancer detection. Practically, this research will support the development of AI-supported diagnostic tools to increase the accuracies of radiologists’ and pathologists’ decisions. The research integrates technological innovation with clinical considerations and promotes diagnostic processes that are efficient, reproducible, and understandable, advancing the use of AI workflows in healthcare.
[bookmark: _ewldpoeyst0x][bookmark: _Toc210662498]Literature Review
[bookmark: _24negrlzl6gw][bookmark: _Toc210662499]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).
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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. Although they have had those successes, most of the research involves large single-modality datasets, thus making them difficult to generalize to small specialized medical datasets. The proposed project attempts to apply these results to multimodal MSI data, which are more complex and more diverse.
[bookmark: _u44ge6klobra][bookmark: _Toc210662500]Mass Spectrometry Imaging and Cancer Detection
MSI is a powerful imaging protocol that has become an important imaging procedure to visualize molecular compositions directly on tissue sections (Marinovich et al. 2023). It allows the space mapping of metabolites and peptides, and lipids that distinguish between benign and malignant samples. Applications of deep learning to MSI data are relatively new; however, studies have shown that MSI-based studies have identified metabolic changes in a range of cancers, such as breast cancer (Cui et al. 2023). Initial studies show that CNNs are capable of spectral-spatial association learning in MSI, but the problem of large annotated datasets is still an issue. In this project, the purpose is to overcome this by working on a balanced MSI multimodal dataset, which is to train the CNN models and evaluate them.
[bookmark: _b44n36yf5i0g][bookmark: _Toc210662501]Multimodal Data Integration
Multimodal methods are used to combine supplementary sources of data so as to make a diagnosis better (Boehm et al. 2023). 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.
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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. However, the use of multimodal MSI datasets is very uncommon in breast cancer research because of the challenges of matching image formats that are of varied types. This proposed study will examine both the feature-level and the decision-level fusion strategies in an attempt to examine their efficiency in the classification of breast cancer.
Critical Synthesis
while all studies reviewed support the feasibility of CNNs and multimodal fusion, most studies use large publicly available datasets that lack clinical variability. Only a few studies have focused on explainability and transferability to smaller MSI datasets. Furthermore, most multimodal studies focus solely on radiology–genomic fusion as opposed to incorporating MSI. Thus, this project expands the existing literature by integrating MSI with additional imaging modalities using explainable CNN modeling, and adding novel evidence contributing to the clinical feasibility of imaging and MSI.
[bookmark: _a8tjyad17z3y][bookmark: _Toc210662502]Challenges and Gaps in Clinical Applicability
Even with great advances, there are still some challenges that are yet to be unaddressed. The lack of data, class imbalance, and imaging conditions often lead to over fitting. Moreover, predictive models that have been trained using research datasets are not necessarily ways to predict the actual hospital data in the real world. The issue of explain ability is also quite urgent because at present, clinicians have to know why AI predictions have been offered, and only on this basis, they are going to accept it and incorporate it into practice. Not many researchers have used both strong evaluation and explain ability and critical reflection (Nassif et al. 2022). The suggested study fills these gaps by utilizing the tools of stratified cross-validation, performance measures including ROC-AUC and MCC, and visual interpretability (like Grad-CAM).
[bookmark: _mz6mwta2o72e][bookmark: _Toc210662503]Dataset Summary
The study will utilize a Multispectral Breast Cancer Image Dataset comprising three imaging modalities: ultrasound, histopathological, and chest X-ray. Each dataset contains balanced benign and malignant classes and has undergone spectral conversions such as RGB, HSV, and Jet to facilitate multispectral analysis.
· Ultrasound Dataset: 806 images (406 benign, 400 malignant) enhanced through rotation and sharpening.
· Histopathological Dataset: 1,246 high-resolution microscopic images (623 benign, 623 malignant).
· Chest X-Ray Dataset: 1,000 colorized X-ray images (500 benign, 500 malignant).
The dataset provides a balanced and multimodal foundation suitable for CNN-based analysis and fusion experiments. Its size, though moderate, is sufficient for transfer learning and cross-validation approaches that mitigate overfitting risks.
[bookmark: _dh2031m5u6c][bookmark: _Toc210662504]Proposed Project Methodology
The given study relates to positivist philosophy, stating the possibility of acquiring knowledge with the help of observable and measurable phenomena. This is suitable since the research is based on empirical data of imaging and other performance metrics of the model, including its accuracy, F1-score, ROC-AUC, and Matthews Correlation Coefficient. The study is directed by a deductive approach based on already known theories and results in the field of deep learning and medical imaging and testing them with a set of thorough experiments based on convolutional neural network (CNN) architectures on multimodal MSI data. The research design is a quantitative, experimental research that provides the opportunity to partly manipulate the variables under study, model architecture, preprocessing methods, and fusion strategies under comparison of their effects on the classification performance are measured. Preprocessing of datasets involves resizing, normalization and augmentation of datasets to improve the strength of these models and avert overfitting. CNN baseline models and transfer-learning models, such as ResNet, DenseNet, and EfficientNet, will be trained and tested on ultrasound, histopathology, and chest X-ray images, single models, and as multimodal fused models.
Ethical Considerations
This research solely employs publicly available and anonymized datasets, which follow GDPR data protection regulations. Ethical approval is not required since there are no human participants directly involved in the study. There is an ethical concern in of the use of AI, but we will still adhere to good practices such as, bias detection and mitigation, model interpretability and transparency, and contribute to responsibly reporting the results.
Research Limitations
The major limitations involve the dataset size; there may not be any clinical Diversity to affect generalizability. There may be limitations on model overfitting and computational limitation for performance scalability. These limitations will be addressed using data augmentation, transfer learning, and cross validation.
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Figure 3: Gantt chart
[bookmark: _ykywdblbslxs][bookmark: _Toc210662506]Significance and Contribution
The project is going to be a positive technical and academic input in the work.  It will establish the standard of CNN work protocols on the assessment of the multimodal MSI breast cancer dataset with regard to transfer learning and fusion mechanism on an analytical scale.  It will also demonstrate how easy this balanced data can be trained to come up with reliable models (Díaz et al. 2024).  Other than technical advancements, the study will record the problems of clinical implementation, and that something can be translated, limit the dataset, and provide a realistic view of the path between the research success and practice.
The greater importance of recent developments is seen in the progression of knowledge regarding the possibility of AI improving the accuracy of the diagnosis in the case of breast cancer using collateral information, as the basis of future multimodal clinical decision-support methods.
[bookmark: _c6rr9780k48u][bookmark: _Toc210662507]Summary
The current paper proposes research that will be conducted to design CNN-based early breast cancer detection models through multimodal MSI imaging signals. The project will incorporate stringent preprocessing, transfer learning, and fusion approaches towards testing the performance of the techniques in ultrasound, histopathology, and chest x-ray modalities. 
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Dataset link: https://www.kaggle.com/datasets/zoya77/breast-cancer-msi-multimodal-image-dataset 
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