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Abstract
Early breast cancer diagnosis is essential to the high survival rates of patients, and use of single medical imaging modalities tends to restrict accuracy of patient diagnosis because of insufficient display of tissue characteristics. This study contends with this potential by providing a deep learning-based multimodal multispectral imaging (MSI) system to fuse Chest X-ray, Histopathology, and Ultrasound images into a stronger breast cancer detector. The main objective of the study is to examine the question of whether multimodal MSI fusion can be used to achieve better classification results as opposed to single-modality methods and what is the best convolutional neural network (CNN) architecture to use in this task.
The quantitative experimental research design is embraced, involving a systematic and tabled governmental database of benign and malignant tissues on all three imaging modalities. The methods used to ensure the consistency and strong feature extraction included preprocessing techniques, the application of data augmentation, and transfer learning. Three CNN models ResNet50, DenseNet 201 and EfficientNetB0 are adopted and tested in single-modality and multimodal scenarios. Accuracy, precision, recall, Matthews Correlation Coefficient (MCC) and ROC-AUC are used to determine model performance. A Flask-based web app is created as the demonstration of real-time clinical decision support.
The experimental findings indicate the multimodal MSI fusion performs higher than single-modality models in all evaluation indicators. EfficientNetB0 is the most balanced architecture that is tested concerning both diagnostic accuracy and computational efficiency. This study provides empirical data on multimodal deep learning in detecting breast cancer at the early stage and provides a deployable model system, which underscores the possible use of the study in the real clinical screening and decision-support settings.
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[bookmark: _Toc218585889]1.0 INTRODUCTION
[bookmark: _Toc218585890]1.1 Introduction    
[bookmark: _heading=h.773l9sl19xdm]Breast cancer in the present world is one of the most common causes of death among women, and early detection is very important in enhancing breast cancer survival. Medical imaging methods as “Chest X-ray”, “Histopathology”, and “Ultrasound” are vital to detecting abnormalities in the breast, but each modality reveals varied features in the tissues, which may restrict the diagnostic quality of either. As the deep learning field has improved, especially “Convolutional Neural Networks” (CNNs), there is now an option to extract rich, discriminative features of medical images to aid in more accurate diagnosis. The study combines “Multispectral Imaging” (MSI) of the three modalities to create a superior breast cancer classification system. To prove the success of the multimodal fusion, the study also compares each of the modalities in isolation, such as “Ultrasound”, “X-ray”, and “Histopathology” alone with simplified versions of the available pipeline. The results obtained in this paper, in comparison with the multimodal model, help to emphasize the fact that the combination of various data sources to increase the detection accuracy and enhance the performance in early diagnosis considerably.
[bookmark: _Toc218585891]1.2 Background of the study
Breast cancer is still one of the most common and lethal diseases in women all over the world, and is associated with a great percentage of deaths during the cancer process. Timely diagnosis is also very important as early detection does enhance the treatment of the patient and their treatment outcomes. Medical practitioners usually use imaging methods, including “Chest X-ray”, “Histopathology” and “Ultrasound” to detect any abnormality in the breast tissue (Rayan et al. 2025). Each modality, there is a variety of structural or cellular information indicated and having a single source of imaging will generally restrict diagnostic accuracy for partial or modality-specific data. Medical image analysis has been significantly improved with recent improvements in Artificial Intelligence (AI), especially deep learning (Tsuneki, 2022). “Convolutional Neural Networks” (CNNs) have proven to be incredibly effective to draw meaningful patterns in complex medical images. 
Multispectral Imaging (MSI) is more informative in spectral patterns that increase tissue differentiation (Aloupogianni et al. 2022). It has been improved; most of the available research addresses only one type of imaging, which cannot utilize the full possibility of the combination of diagnostic knowledge. Including these challenges, the study discusses the application of multimodal data of “MSI”, that is, the combination of “X-ray images”, “Histopathology images” and “Ultrasound images”, to enhance the early diagnosis of breast cancer. The comparison of the multimodal results with those of single-modality makes the research prove the strength of feature representation, improved accuracy in classification, and testing of diagnostic solutions.
[bookmark: _Toc218585892]1.3 Problem statement       
The medical imaging and diagnostic technologies have made substantial progress, early detection of breast cancer has been a big challenge in the sense that the appearance of the tissue does not show uniformity among various imaging technologies. The conventional method of diagnosis usually employs one form of diagnosis “X-ray”, “Histopathology” or “Ultrasound”- only and only a few facets of breast tissue are captured (Sharafaddini et al. 2025). Valuable diagnostic characteristics can be missed and cause misclassification, delayed diagnosis, or unreliable clinical interpretations. Deep learning models have demonstrated encouraging results in medical image analysis, most of the current research is conducted on single-modality datasets, which do not take advantage of the possibility of complementary information presented by several imaging sources (Tsuneki, 2022). “Multispectral Imaging” (MSI) is more informative in terms of spectral and structural information, but does not fully realize its diagnostic capabilities as applied in the mono mode. There is a lack of a suitable multimodal framework that combines “MSI” information on more than one type of imaging to generate high-accuracy, generalizable as well as clinically reliable detection systems. The absence of a comparative analysis between single-modality and multimodal approaches restricts the knowledge of the actual advantages of data fusion (Wu et al. 2025). It is greatly necessary that a powerful, deep learning-based multimodal “MSI” system be developed that unites “X-ray”, “Histopathology”, and “Ultrasound images” and cannot be shown to have a higher diagnostic accuracy than single-modality models.
[bookmark: _Toc218585893]1.4 Research aim and objective    
Aim
The aim of the project is to develop and evaluate a deep learning related multimodal MSI system, which includes X-ray, Histopathology, and Ultrasound images, to enhance detection accuracy of breast cancer in comparison with the single-modality approaches.
Objectives
· To prepare and preprocess “Chest X-ray”, “Histopathology” and “Ultrasound MSI” datasets for effective deep learning analysis. 
· To apply training CNN architectures such as “ResNet50”, “DenseNet201”, and “EfficientNetB0” on single modality in multimodal dataset. 
· To compare the performance of individual modality models with the multimodal fusion models to elaborate on proper improvements in diagnostic accuracy. 
· To explore classification results using metrics including accuracy, precision, recall, MCC, and ROC curve with AUC value. 
· To construct a functional web application for real-time breast cancer prediction. 
[bookmark: _Toc218585894]1.5 Research questions    
· Which is the classification performance of individual imaging modalities “X-ray”, “Histopathology”, and “Ultrasound” at the time of analyzing and implementing different deep learning models.
· How does multimodal MSI data improve breast cancer detection accuracy in comparison with single-modality models? 
· Which of the CNN architectures such as “ResNet50”, “DenseNet201”, and “EfficientNetB0” serves high performance for multimodal classification of breast cancer?
· What are the useful features that differ between single-modality and multimodal approaches at the time of model evaluation?
· How effectively does a web-based application integrate the trained model for real-time prediction of breast cancer? 
[bookmark: _Toc218585895]1.6 Scope of the research    
The “multimodal breast cancer detector” based on deep learning is designed to identify and detect cancer in “Multispectral Imaging (MSI)” of three medical imaging modalities: “Chest X-ray”, “Histopathology”, and “Ultrasound”. The area of scope involves the preparation and preprocessing of MSI datasets, the implementation of three CNNs, such as “ResNet50”, “DenseNet201”, and “EfficientNetB0”, and the evaluation of their performance on single-modality and multimodal datasets. The study described the simplification of the current multimodal pipeline to train and test only “Ultrasound”, only “X-ray”, and only “Histopathology” models (Haq et al. 2025). These single-modality results are subsequently compared to the multimodal results to establish the effect of data fusion on classification accuracy, quality of feature extraction and overall diagnostic reliability.
There is also the inclusion of the quantitative and qualitative assessment in terms of performance in terms of metrics such as “accuracy”, “precision”, “recall”, “MCC”, confusion matrices, and “ROC” curves. The study also discusses the creation of a working web-based application whereby the strongest model in terms of performance is combined to create a real-time predictor of breast cancer (Singh et al. 2023). No clinical trials, large-scale studies on patients, or hardware-based optimization are incorporated in the research. As it is restricted to computational experiments, comparing models, and proving the benefits of multimodal learning in comparison to the single-modality one.
Research rationale 
Early and effective diagnosis of breast cancer is necessary to improve the mortality rate, but the conventional diagnostic measures usually depend on only one imaging modality, which restricts the richness and the validity of clinical interpretation. The “X-ray”, “Histopathology”, and the “Ultrasound” modalities each record varying amounts of structural and spectral data of the breast tissue, in other words, essential diagnostic details can be missed in the process of individual analysis. The latest developments in the field of deep learning and “Multispectral Imaging (MSI)” provide an opportunity to amalgamate all these various sources of data within a single diagnostic model (Ilișanu et al. 2023). The research is scarce on the systematic comparison of the single-modality performance and multimodal fusion to identify the advantages of the type integration in practice. The study fills that gap by comparing individual and fused modalities on the basis of advanced CNN architectures (Pozzer et al. 2022). The rationale is to establish that multimodal learning is significantly effective in feature representation, classification accuracy, and a more powerful basis for real-time diagnostic tools. The provided comparative understanding is the key to informing the upcoming clinical AI usage.
What is the issue?
The main problem covered in this study is the weakness of using one imaging modality to detect breast cancer at an early stage. Conventional diagnostic processes tend to apply either “X-ray”, “Histopathology” or “Ultrasound image” alone, yet each of these modalities paints incomplete information on the breast tissue. It increases the probability of missing features and the probability of misdetection, particularly with early-stage or cases of visual ambiguity cases (Yuan et al. 2025). Even though deep learning models have enhanced medical image analysis, most of the systems that are currently in use rely on single-modality inputs, thus being unable to harness the ability of two or more types of image to work together. Single-modality and multimodal approaches to evaluation have not been compared; therefore, it is hard to estimate the real diagnostic value of data fusion (Cui et al. 2023). This leaves a knowledge gap on how incorporation of Multispectral Imaging (MSI) in X-ray, Histopathology as well as Ultrasound could be more accurate, strong, and clinically dependable. Hence, to overcome these limitation of diagnosis, a multimodal model should be established.
Why is the issue?
The problem is that medical imaging plays a crucial role in diagnosing breast cancer, where each of the imaging modalities, such as “X-ray”, “Histopathology”, and “Ultrasound”, provides a partial and modality-specific image of the breast tissue. It partiality limits the early diagnosis process; more so where the abnormalities are less pronounced or differ among the imaging formats. Depending on a single modality can lead to feature extraction that is not complete, the absence of accurate diagnostics, and the exaggeration of false positives or false negatives (Xu et al. 2024). Many previous approaches to machine learning and deep learning tend to handle a single type of data at once, and a model cannot take advantage of complementary information available in other modalities. Consequently, precious structural, cellular and spectral information might be missed. The problem is also augmented by the fact that there are no comparative studies in which the performance of single-modality and multimodal imaging is assessed (Sousa et al. 2023). Absence of such comparison, leads it difficult to realize the actual possibility of multimodal data fusion in enhancing early and accurate breast cancer detection.
What is the issue now?
The issue is that currently is, breast cancer detection systems fail to achieve high accuracy in varying imaging conditions, variations in the patient, and heterogeneous tissue patterns. Most of the current diagnostic models do not incorporate both types of images, such as an “X-ray” or an “Ultrasound scan”, and, therefore, do not produce a complete diagnostic picture. “Single-modality” models can also be unsuitable, as the tumor may not be represented in all the imaging modalities in which it presents. It restricts the accuracy of the automated detection systems and add to the inconsistency of the diagnostics (Aggarwal et al. 2021). The effective frameworks which incorporate some imaging modalities into a single system are missing even in cases of apparent clinical benefits. Models that can perform fusion can be found in deep learning, although very few studies have been conducted on balanced, multimodal data, and even fewer studies have been used to compare their performance to single-modality models. Thus, the problem now is that there is no solid empirical data on the enhancement of diagnostic accuracy, generalization, and applicability to clinical contexts by means of multimodal MSI integration.
How the research give information about the topic?
The research is informative of the subject matter owing to its well-assessed multimodal imaging and single-modality methods of breast cancer detection in a systematic manner. The study shows the diagnostic value of each modality by evaluating “Chest X-ray”, “Histopathology”, and “Ultrasound MSI” data and how the multimodal fusion can be used to improve the overall classification power. The study uses the sophisticated CNN models of “ResNet50”, “DenseNet201”, and “EfficientNetB0” to produce the detailed comparative features that provide a clear insight into how various models can be used in the cases of different data conditions (Muthulakshmi et al. 2025). The analysis presents the results of integrating multimodal data based on the process of preprocessing, model training, and performance analysis. It also serves the visualization to demonstrate the higher accuracy, more effective feature representation, and robustness of the diagnosis. Separate analysis of each imaging modality also gives one an immediate understanding of the weakness of single-modality systems. The results validate the use of modalities as a combination of modalities provides a more comprehensive range of tumor properties, which are critical to the creation of more effective AI-based diagnostic systems. It is also a practical research since it applies a web-based application to real-time prediction.
[bookmark: _Toc218585896]1.7 Dissertation structure    
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[bookmark: _heading=h.s9zfjtaqypvu]Figure 1.7.1: Dissertation Structure 
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[bookmark: _Toc218585897]2.0 LITERATURE REVIEW
[bookmark: _Toc218585898]2.1 Introduction 
Deep learning and medical imaging technologies have also increased the literature on breast cancer detection. Nevertheless, current studies mainly focus on single-modality analysis, which does not provide the possibility to observe all the richness of structural, spectral, and cellular features of breast tissue. This chapter is a critical review of the available academic and technical literature which concerns the topic of deep learning-based breast cancer detection, especially focusing on multimodal and multispectral imaging (MSI). It discusses the constraints of the single-modality systems, the development of deep learning models, and the development in multi-modal fusion models. Through theoretical underpinning, comparative analysis of existing models, and pointing out research gaps, this review sets the groundwork and context of creating a multimodal MSI deep learning framework of early breast cancer detection.
[bookmark: _Toc218585899]2.2 Review of existing academic and technical literature
[bookmark: _Toc218585900]2.2.1 Limitations of Single-Modality Breast Imaging in Early Cancer Detection
The diagnosis and treatment of many illnesses depend heavily on medical imaging. In the medical profession, “magnetic resonance imaging (MRI)”, “computed tomography (CT)”, “positron emission tomography (PET)”, and “single-photon emission computed tomography (SPECT)” methods are typically used. The issue with choosing a method in clinical diagnostic imaging is that high-resolution techniques have very poor sensitivity, whereas the highest-sensitivity techniques have quite low resolution (Hussain et al. 2024). The concept of combining many models has grown in popularity in recent years, and researchers have shown that combining the complementary qualities of several imaging modalities can provide significant benefits. 
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[bookmark: _heading=h.t2dinq53vclk]Figure 2.2.1.1: Three generations of MMI analysis
(Source: Hussain et al. 2024)
They highlight the benefits and drawbacks of these strategies in comparison to conventional ML-based methods. Multimodality analysis reveals that pictures have undergone several generations. As shown in the Figure, the methods for MMI analysis are divided into three categories: ML, DL, and traditional methods. Medical imaging uses a variety of imaging techniques, each with advantages and disadvantages (Hussain et al. 2024). The patient's state, the target organs for imaging, and the availability of imaging modalities all influence the choice of imaging modality utilized to get patient's medical pictures for illness diagnosis.
The main goal of screening mammography is to detect occult breast cancer when a patient is asymptomatic. It involves the doctor conducting a clinical breast examination and obtaining a complete medical history. The American College of Radiology states that screening mammography should be performed yearly in high-risk situations and beyond the age of 40.
Large amounts of training data are necessary for AI systems, and supervised learning and CNN-based methods need laborious and complex data labelling. These deep learning methods can be difficult when dealing with medical imagery. Acquiring precise annotated picture data rather than the data's accessibility is the primary obstacle to teaching machine learning algorithms (Goyal, 2021). DCNN has recently been created to distinguish between benign and malignant lesions in optical breast tomosynthesis (DBT) using a multistage transfer learning technique. Even with a modest training sample size, it is beneficial. For the identification and early detection of breast cancer, the AdaBoost method with deep learning has been proposed. A variety of data modification techniques, including flipping, rotating, translating, and adding noise to produce new pictures, are together referred to as data augmentation. It boosts the amount of data and prevents overfitting.
One of the most frequent malignant tumors in women, breast cancer primarily affects individuals over 50. With 2.3 million new cases and 665,700 recorded deaths, breast cancer is one of the top five malignancies diagnosed in women globally, according to the Global Cancer Statistics 20221. Since the early 1990s, death rates have been falling in many high-income nations, mostly as a result of improved treatments and more early detection screening.  
Recent developments in artificial intelligence (AI), especially deep learning, have greatly improved early detection and screening efforts for breast cancer by revolutionizing medical picture processing and diagnosis (Chen et al. 2025). These algorithms improve early detection skills by learning characteristics on their own from massive medical picture databases. This automation reduces the workload for medical professionals and increases the effectiveness of breast cancer screening. Deep learning models, in contrast to human radiologists, are excellent at extracting intricate image features, such as subtle lesions that can be challenging to identify. This increases sensitivity in early detection and decreases needless biopsies.
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[bookmark: _heading=h.lyru9vofkcf8]Figure 2.2.1.2: The overall pipeline of the multimodal model
(Source: Chen et al. 2025)
The figure illustrates the multimodal model's general procedure. The clipped US picture and DM first go through greyscale normalization and scaling. Three techniques are then used to enhance the images: horizontal flipping, vertical flipping, and combined horizontal and vertical flipping (Chen et al. 2025). The multimodal model is trained using the enhanced DM and US pictures. The final multimodal model is produced by iteratively optimizing the configurations of the baseline models and classifiers in both channels of the multimodal model.
[bookmark: _Toc218585901]2.2.2 Advances in Deep Learning for Medical Image Classification
Medical pictures are useful for illness assessment, diagnosis, and therapy. Accurate medical picture segmentation enhances diagnosis and decision-making, supporting intelligent medical services for improved recovery and illness management (Ijaz, 2024). Deep learning-based image segmentation algorithms encounter issues such as sample imbalance, edge blur, false positives, and false negatives because of the special characteristics of medical pictures. Because of these issues, researchers tend to focus on improving the network's structure rather than its unstructured component. 
Medical image analysis is essential to the advancement of clinical investigations and the guarantee of precise diagnoses, and it is a major component of medical research. Diverse imaging modalities have been made possible by the advancement of medical technology, enhancing resources for vital endeavors. Several methods of imaging, such as computed tomography (CT).
Numerous approaches, ranging from conventional to deep learning-based, have been put forth both locally and abroad (Ijaz, 2024). The pursuit of artificial intelligence (AI) in medical imaging has been fueled by the rise in popularity of deep learning (DL), a critical component of machine learning, in medical image processing. It makes a substantial contribution to computer vision and medical image processing by employing neural networks to improve efficiency, lessen radiologists' burden, and assist experts in diagnosis.  
Recent studies show that there is a great change in the conventional feature-engineering models to the end-to-end deep learning models that are able to authentically produce high-level semantic characteristics out of intricate medical images. Convolutional Neural Networks (CNNs) will continue to be the principal solution to classification problems, although more recent sources note significant advances in hybrid and attention-based networks. Transformer networks that were initially effective in natural language processing are actively utilized in the analysis of medical images for several reasons: the capability of extracting global features and stronger contextual representation. These architectures overcome the weaknesses of CNNs to capture long-range dependencies, improve the detection of delicate or non-pattern lesions.
Moreover, multi-modal learning is increasingly popular, where the complementary image modalities like CT, MRI, and PET are incorporated to enhance diagnostic reliability and strength. Ensemble learning techniques are a set of predictions that are utilized to alleviate uncertainty and minimize the risk of misclassification, especially in non-homogeneous clinical datasets. It is also noted that data augmentation and generative adversarial networks (GANs) or transfer learning can be useful to address the issues encountered when using scarce or no annotated data and when class imbalance needs to be overcome. In addition, it is becoming increasingly transparent and clinician trustable through explainable AI methods, which visualize salient regions that drive model decisions. Taken cumulatively, these developments enhance automated diagnostic support systems and help in the better clinical reliability and outcome-based health interventions.
[bookmark: _Toc218585902]2.2.3 Multimodal and Multispectral Imaging (MSI) Fusion Techniques
Multimodal and multispectral imaging (MSI) fusion has become an effective approach to improving the accuracy of diagnosis in the analysis of medical images, especially in the detection of breast cancer at an early stage. According to Roy et al. (2023), these methods are a combination of complementary information of two or more imaging modalities, such as X-ray, Ultrasound and Histopathology, to create a single representation that is capable of capturing all structural, textural and spectral properties in tissue that cannot be completely observed using an individual modality. 
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[bookmark: _heading=h.iruj64pvahgk]Figure 2.2.3.1: Graphical architecture of the multimodal fusion transformer network
(Source: Roy et al. 2023)
MSI also enhances this representation with more spectral bands, which are used to enhance tissue differentiation, which is particularly useful in the detection of subtle patterns of malignancy.
Generally, the fusion techniques can be classified as low-level (data-level), mid-level (feature-level) and high-level (decision-level). Although this approach is able to maintain as much information as possible, it involves spatial correspondence and uniform imaging conditions, which may be difficult with different modalities having disparate resolutions and acquisition settings. According to Haribabu et al. (2023), the most common method of deep learning application, feature-level fusion, entails the extraction of modality-specific features with CNNs and then the concatenation or summation of representations or representational attention mechanisms. It is this strategy that enables the models to acquire deep, discriminative and complementary features and remain flexible to heterogeneous imaging data.
Recent sources point to the increased usage of attention-based fusion, transformer-driven fusion, and graph-based multimodal learning in medical imaging. Informative modalities or information regions are selectively weighted by attention mechanisms to allow models to prioritize the diagnostic cues that differ with imaging format. According to Tuck et al. (2022), transformer architectures describe long-range associations both within and between modalities, enhancing the combination of spectral and spatial knowledge. The spectral unmixing and dimensionality-reduction techniques of PCA and auto encoders also advantage spectral unmixing and dimensionality-reduction techniques in MSI fusion: multispectral data is dense and thus structurally high-dimensional.
In spite of these developments, there are still challenges. The barriers to large-scale clinical use are cross-modal inconsistencies, smaller multimodal datasets, and large computational requirements. A lot of the literature assessing fusion considers only two modalities and does not tend to provide a rigorous comparison to single-modality baselines. Moreover, MSI is not fully applied to breast cancer research, and the majority of the studies are executed on the basis of histopathology.
[bookmark: _Toc218585903]2.2.4 Deep Learning Frameworks for Multimodal Breast Cancer Detection
Deep learning systems have also been put at the center of multimodal breast cancer detection as they can automatically learn hierarchical, discriminative features through heterogeneous medical imaging data. As per Nakach et al. (2024), the deep learning architectures, especially Convolutional Neural Networks (CNNs), transformers, and hybrid encoder-decoder, also allow end-to-end learning in a wide variety of imaging modalities (X-ray, Ultrasound, MRI, and Histopathology), unlike traditional machine learning designs requiring hand-crafted features and modality-engineered designs. The combination of these modalities is meant to leverage the strengths of each, so as to generate stronger and more accurate diagnostic systems compared to when each is adopted independently.
The most popular models of multimodal breast cancer detection rely on parallel CNN streams, with each modality being passed through a special encoder network like ResNet, DenseNet or EfficientNet. Such encoders will obtain modality-related features and fuse them in the form of concatenation, summation, or sophisticated fusion techniques. Parallel-stream architecture enables the modality to maintain the structural and spectral properties of that modality, as well as being able to learn synergistically at the fusion phase. According to Chen et al. (2025), this model has been found to indicate a strong performance in numerous studies that combine mammography with Ultrasound or MRI, whereby an increase in sensitivity and reduction of false-negative results have been reported.
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[bookmark: _heading=h.6yj8lfsoa8vy]Figure 2.2.4.1: High-level multimodal fusion architecture
(Source: Chen et al. 2025)
More complex models use attention-based fusion devices where each modality is dynamically weighted according to its role in a given classification problem. The network focuses on the most informative regions and modalities with channel attention, self-attention and cross-attention modules and eliminates noise related to less significant features. Such attention-based models are better in interpretability and flexibility, especially in cases when some modalities have more diagnostic indications than others.
The second direction, which is yet to emerge, is the utilization of transformer-based multimodal architectures that have demonstrated good potential in the modelling of long-range dependencies and cross-modal interactions. As per Jadoon et al. (2023), multimodal transformers and vision transformers (ViTs) project modality embedding to a common latent space, allowing spectral, spatial, and contextual information to be considered in more depth.
Other frameworks also incorporate combination models, using CNNs to extract spatial features and Recurrent Neural Networks (RNNs) or Graph Neural Networks (GNNs) to model sequential or relational relationships, particularly in multispectral or multi-view images. In spite of these developments, some of the limitations of the existing multimodal frameworks include a lack of balanced multimodal data, discrepancies among modalities, and the absence of cohesive architectures that can effectively work with MSI data. A large number of studies do not compare multimodal models to well-optimized single-modality systems and cannot make inferences about actual performance improvement.
[bookmark: _Toc218585904]2.3 Theories  
The theory behind multimodal deep learning of breast cancer detection rests on a few theories, which are all interrelated and explain the information representation, fusion, and learning in various imaging modalities. The theories are employed in designing the deep learning models adopted in the study, and explain why the multimodal approach is superior to the traditional single-modality approach. Representation Learning Theory, Multimodal Fusion Theory, Information Complementarity Theory, and Deep Feature Hierarchy Theory are the most applicable theories. Combined, these frameworks grant the intellectual basis in the process of incorporating X-ray, Histopathology and Ultrasound MSI information into a single diagnostic framework.
[bookmark: _Toc218585905]2.3.1 Representation Learning Theory
Representation Learning Theory is one of the main theoretical backgrounds of contemporary deep learning and is a key in multimodal detection of breast cancer. According to the theory, machine learning systems will be able to automatically derive useful, abstract representations of raw data, and so no features need to be engineered manually. In classical medical image processing, feature engineering was done based on manually designed features, including texture measures, shape attributes, or color histograms (Misra et al. 2023). These handcrafted features do not usually work on image modalities, noise and clinical variations. Representation learning is the solution to these limitations, as models, especially Convolutional Neural Networks (CNNs) and transformer-based models, can directly learn hierarchical patterns by analyzing the data.
Representation Learning Theory explains that deep neural networks learn several levels of representation, with lower levels learning simple features (edges, contours, textures), intermediates learning organ or tissue structure, and higher levels learning high-level semantic features, like tumor morphology, or patterns of malignancy  (Hou et al. 2025). This hierarchical abstraction is especially beneficial when it comes to the detection of breast cancer, where malignancies have complex visual variations under X-ray, Ultrasound, and Histopathology images. Each modality has its own structural and spectral information, and representation learning allows the model to learn to specialize in the properties of each modality with experimenter-independent adaptability.
The theory also describes the capacity of deep networks to match and unite the representations obtained in the multiple modalities in multimodal learning. The network can find cross-modal relationships by projecting heterogeneous inputs to a common feature space, where this would be hard to encode by hand in explicit form (Brahmareddy et al. 2025). This is an absolute requirement of Multispectral Imaging (MSI), where spectral clues and spatial information are combined in a manner that cannot be well represented using traditional algorithms. Altogether, Representation Learning Theory supports the application of deep learning models in the study, since it gives the conceptual rationale of automated feature extraction, cross-modal integration, and the high diagnostic quality of multimodal systems in comparison with single-modal strategies.
[bookmark: _Toc218585906]2.3.2 Information Complementarity Theory
Information Complementarity Theory describes how different sources of data can add together to stimulate understanding through the specialization of information, which is mutually reinforcing. Such a theory is particularly applicable in medical imaging, as every modality creates dissimilar physical and biological characteristics of the tissue. In the case of breast cancer, X-ray brings out structural density and calcifications, Ultrasound brings out soft-tissue boundaries and fluid nature, whereas Histopathology brings out cellular and morphological aspects at the microscopic level (Melloni et al. 2023). Each of these modalities can be used on its own to give a partial picture, but together they can give a comprehensive picture of tumor presence, behavior and severity.
This theory is conceptually a justification of multimodal deep learning structures. Through the combination of complementary information, relationships that are not visible to single-modality systems are utilized in a multimodal model. As an illustration, slight cases of abnormalities that are unclear in X-ray can be revealed better in Ultrasound, and histopathological evidence may prove malignancy at the cellular level. Deep learning models implement this theory by training cross-modal relationships in a shared feature space, which enhances resistance to noise, variability of imaging conditions, and modality-specific constraints (Man Tang et al. 2022). Therefore, the justification of Information Complementarity Theory is the fact that integration of X-ray, Ultrasound, and Histopathology MSI data results in better diagnostic accuracy, false interpretations, and confidence in early detection of breast cancer.
[bookmark: _Toc218585907]2.3.3 Multimodal Fusion Theory
Multimodal Fusion Theory forms the conceptual basis of using heterogeneous sources of data to come up with more holistic and more precise predictive models. Medical imaging is a field in which this theory is rather applicable since modalities represent various dimensions of tissue attributes (Zhao et al. 2024). According to Fusion theory, a combination of these diverse sources (structural, spectral, or cellular) allows a system to exploit complementary and redundant information, and makes fewer reliable decisions than the most reliable decisions made by one of the sources.
Pattern Multimodal fusion normally takes place on three levels, namely, data-level, feature-level, and decision-level. Data-level fusion combines raw data, e.g. spectral bands or aligned imaging channels. Although this method will preserve the wealthiest information, it is vulnerable to changes in modality resolution, noise and alignment (Lu et al. 2023). The most popular type of fusion, which is used in deep learning, is feature-level fusion, which combines the intermediate representations obtained by modality-specific CNNs or transformers. The level enables models to take advantage of rich discriminative patterns and is capable of accepting heterogeneity of modality (Zou et al. 2022). Decision-level fusion takes the results of independent classifiers and usually incorporates probability averaging or ensemble methods; computationally simple, it may adversely affect the ability to capture fine-grained cross-modal relationships.
The theory also stresses the role of synergy, in which the interactions between modalities lead to the enhancement of diagnostic signals which might be weak or ambiguous by themselves. This is especially important in the detection of breast cancer, whereby the visibility of tumors differs significantly among the X-ray, Ultrasound, and Histopathology images. Such sophisticated fusion techniques as attention mechanisms, cross-modal transformers, and adaptive weighting schemes are extensions of the theory, aiming to dynamically evaluate the relevance of each modality during inference (Karani et al. 2022). Also, Multimodal Fusion Theory can be applied to justify the integration approach in this study by showing that fused, consistent representations are capable of substantially increasing diagnostic robustness, accuracy and generalizability when compared to single-modality systems.
[bookmark: _Toc218585908]2.3.4 Deep Feature Hierarchy Theory
Deep Feature Hierarchy Theory describes the acquisition of deep neural networks, in general and Convolutional Neural Networks (CNNs) and transformer-based networks in particular, of multi-level representations, which begin with simple abstractions and scale to more complex ones. In this theory, the initial layers are used to store low-level visual features like edges, gradients, and textures, whereas the intermediate layers are used to store shapes, patterns and tissue boundaries (Ibrahim Daradkeh et al. 2022). Deepest layers represent high-level semantic concepts such as malignancy indicators, tumor morphology and pathological features.
This order is important in medical imaging as breast cancer presents itself differently in each of the modalities: X-ray shows density patterns, Ultrasound shows echotexture, and Histopathology shows cellular structures. Deep hierarchical models are able to simultaneously acquire modality-specific features at lower layers and match them to common, modality-invariant concepts at higher layers.
In multimodal systems, different hierarchical streams allow each modality to build special representations and then merge. The combination of such in-depth features makes use of both distinct and shared attributes, which enhance the capability of the model in recognizing complicated cancer features (Lv et al. 2023). Therefore, Deep Feature Hierarchy Theory provides a theoretical explanation of why deep learning frameworks are employed to detect breast cancer in multimodal settings, and this explains why deep and layered models are better than shallow or handcrafted models.
[bookmark: _Toc218585909]2.4 Research gaps and justification of novelty 
Despite the fact that much has been done in the use of deep learning in detecting breast cancer, there are still gaps in research, especially in the area of multimodal and multispectral imaging (MSI). The majority of the available research is dedicated to single-modality data, such as, mammography or histopathology, despite differences in the appearance of breast cancer in various imaging media (Wang et al. 2024). Consequently, such models are not able to utilize the complementary structural, spectral and cellular data of an X-ray, Ultrasound and Histopathology image. Moreover, although multimodal learning has been of interest to natural language processing and general medical imaging, little is known about its use of breast cancer MSI data, and only a small number of studies have performed systematic comparisons between single-modality and multimodal architectures.
The other gap that is critical is the fusion strategies that are used. Most of the current literature uses simple concatenation or decision-level fusion, which do not effectively describe cross-modal relationships (Tanveer et al. 2025). The existing robust, feature-level fusion frameworks are deficient in the ability to combine deep hierarchy representations across modalities. Also, the lack of balanced multimodal datasets and end-to-end pipelines that integrate preprocessing, feature extraction, fusion, evaluation and deployment of multimodal systems further restricts the real-world application of multimodal systems.
The originality of the proposed study is the creation of a multimodal MSI architecture built on deep learning to combine X-ray, Ultrasound, and Histopathology images with the help of sophisticated CNN models (Sharmin et al. 2023). The research offers empirical evidence of the performance benefits that can be attributed to the data integration by using single-modality models to compare them against multimodal fusion models in a systematic manner. The addition of a real-time web-based diagnostic application adds further novelty that would allow connecting experimental research and clinical application.
[bookmark: _Toc218585910]2.5 Conclusion 
This literature review demonstrates that while deep learning has substantially advanced breast cancer detection, most approaches still rely on single-modality imaging, limiting diagnostic completeness and accuracy. The fusion of multimodal and multispectral imaging (MSI) has great potential for utilizing complementary data of X-ray, Ultrasound, and Histopathology images. Representation learning, complementarity, fusion and deep feature hierarchies are theoretical frameworks reviewed that facilitate this integration. The given gaps in the research are the reasons why an effective multi-modal deep learning model is required, which this study can fill in by means of thorough fusion mechanisms and adequate assessment of the performance.



[bookmark: _Toc218585911]3.0 METHODOLOGY 
[bookmark: _Toc218585912]3.1 Introduction 
The chapter describes the design, development, and evaluation approach followed to develop a multimodal breast cancer detector system based on machine learning and deep learning. The methodology is designed in such a way that the research objectives are addressed in a systematic, transparent, and reproducible way. The research deals with multispectral medical image acquisition to enhance breast cancer classification accuracy and reliability.
The methodological framework combines experimental approaches to data, combined with system development. A convolutional neural network method is utilized to obtain discriminative features, per-imaging modality and finally classification is done using a fusion approach with multiple sources of information. The primary source of data is the Breast Cancer MSI Multimodal Image Dataset since it offers equal proportion of both benign and malignant cases throughout all modalities and can be utilized to conduct solid experimental analysis.
This methodology also involves the creation of a web based set of applications to show the practical application of the trained model in a clinical support scenario. Standard performance measures are employed to undertake model training, testing and evaluation so as to assure objectivity. The methodology includes ethical considerations, limitations of the system, and justifications of the design to promote responsible research practice. This research design approach is provide consistency between the research design, technical implementation.
[bookmark: _Toc218585913]3.2 Research Onion
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[bookmark: _heading=h.kx3n7cenf0gd]Figure 3.2.1: Research Onion
(Source: 15writers.com, 2025)
[bookmark: _Toc218585914]3.3 Research Philosophy
Positivism used as the research philosophy in this study is believed to be appropriate when the research aims to involve data-based and technology-related research in medical image analysis. Positivism rests on the assumption that knowledge is premised on observable facts, which defy measurement and are objective. This philosophy encourages the application of numerical data, statistical analysis, and experimental confirmation and this corresponds well with the objectives of this research.
The thesis addresses the problem of early diagnosis of breast cancer through deep learning models on multimodal MSI images such as Ultrasound, Histopathology, and Chest X-ray images (Rivera et al. 2025). These datasets represent a set of labeled medical images with an objective classification of benign and malignant. Quantitative performance measures such as accuracy, precision, recall, and ROC-AUC are used to evaluate the outcomes of the study. The central feature of the positivist philosophy is such measurable indicators, on the basis of which it is possible to make objective comparisons between single-modality and multimodality models.
Positivism is theory in which hypothesis testing and model validation is done by use of controlled experiments. Several different architectures of a convolutional neural network are trained and tested within this study, such as ResNet50, DenseNet201, and EfficientNetB0 without significant variations in the experimental conditions. Personal bias or subjective meaning is avoided as much as possible and conclusions made on factual and reproducible findings.
The automated image processing, feature extraction and model inference further reinforce the positivist approach since the human involvement on the analysis process is minimized.
The positivist research philosophy is suitable in this study because it allows conducting a thorough assessment, design-based experiment, and draw conclusions about the reliability, repeatability, and empirical evidence-based conclusions because of using medical imaging data and deep learning models.
[bookmark: _Toc218585915]3.4 Research Approach 
The method of researches in this study is a quantitative experimental research method, that is suitable to the analysis of medical images, and the objective performance screening. This methodology facilitates the way multimodal medical images are systematically processed and analyzed and allows to evaluate deep learning models, which can be done through statistical and computational methods.
The experiment uses the structured and labeled collections of Ultrasound images, Histopathology images and Chest X-ray images, divided into benign and malignant. Quantitative evaluation metrics such as accuracy, precision, recall, and the Area Under the ROC Curve (ROC-AUC) are also used in the evaluation of model performance to provide an objective comparison of different convolutional neural network architectures and between single-modality and multimodal classification strategies (Tustison et al. 2021). Quantitative experimental method can be applied in order to conduct the analysis in terms of hypothesis. The main hypothesis of this study is that multimodal data of MSI improves the performance of the breast cancer classification more than any of the single imaging data options. 
The quantitative experimental research design is adequately appropriate in this study since it facilitates objective convergence, minimizes bias of subjective conduct, and allows drawing evidence-based conclusions on the suitability of multimodal deep learning methods to detect breast cancer at an early stage.
[bookmark: _Toc218585916]3.5 Research Design
The research design that is used in this dissertation is an experimental and applied research design because it fits the development, testing, and validation of a deep learning-based system to detect breast cancer at its early stages. The given design is aimed at practical implementation of machine learning methods and systematic assessment of their performance in controlled experimental setting. 
The experiment is modeled as a structured workflow of an experiment which incorporates the data preparation, model training, performance analysis, and system deployment. The primary data sources are Multimodal MSI image data containing Ultrasound, Histopathology and Chest X-ray images. The modalities are analyzed firstly one at a time and baseline classification performance can be found. 
A multimodal research design is adopted after the single-modality experiments. Each imaging modality is processed with deep convolutional neural networks to produce its features based on the subjects being ResNet50, DenseNet201, and EfficientNetB0 (Mandal and Vipparthi, 2021). The extracted features are subsequently merged by a feature-level fusion mechanism to create a following representation that is used in classification. This design allows the direct comparison of the single and using modalities and the objective evaluation of the effect of multimodal integration MSI on the accuracy of detection.
The experiments use the same preprocessing techniques, input image sizes, and training parameters, as well as evaluation measures (Abdullakutty et al. 2024). The quantitative metrics of accuracy, precision, recall, and ROC-AUC are used to determine model performance. This standardized assessment plan eliminates bias and improves the reliability of the results.
The objectives of the study justify the research design, and a goal is to compare single-modes and multimode and which requires an experimental design with variables in control. The best CNN strategy to use in multimodal classification is accomplished by repeating similar experiments and comparing the outcomes. 
[bookmark: _Toc218585917]3.6 System Development and Experimental Approach
System development in this study is based on a research-based prototyping approach that is most appropriate in an experimental deep learning system and academic research projects. The given methodology allows the iterative development, persistent testing, and gradual improvement of the elements of the system on the basis of the results of experiments. The first stage is concerned with the preparation of data, during which the images of Ultrasound, Histopathology, and Chest X-rays are arranged, labeled, and processed. Image resizing, normalization, and multispectral conversion algorithms are used so that modalities can be uniform. 
The choice of pre-trained convolutional neural network architectures, such as ResNet50, DenseNet201, and EfficientNetB0, is because it is effective in the analysis of medical imagery. Transfer learning is implemented through the application of ImageNet-trained weights in order to extract meaningful features of MSI images (Bergmark, 2023). Each imaging modality is performed under separate experiments to determine each modality separately. 
The features obtained on Ultrasound, histopathology, and the chest X-ray images are combined to create a single feature vector. This hybrid representation goes through fully connected layers to be finally classified. The experimental framework makes both single-modality and multimodal models have comparable architectures and training conditions so that their results can be fairly compared.
The Flask framework is used to develop a web-based application that is able to obtain user-uploaded images in real time and predict them. The trained deep learning model is loaded into the application backend, where images are automatically processed, features are extracted, and classification outcomes are produced. This prototype is a working model of the relevance of the system to real life.
The parameters of training, the functions of loss, the optimizers, and counting measures are the same in every experiment. Quantitative measures that are used to assess performance include accuracy, precision, recall, MCC, and ROC-AUC. 
The research-based prototyping methodology is effective in facilitating system creation as well as experimentation. It allows for exploring multimodal deep learning methods in a systematic way and, at the same time, has a final system that works, is reliable, and corresponds to the research goals of early detection of breast cancer.
[bookmark: _Toc218585918]3.7 Tools, Technologies, and Datasets
A combination of modern machine learning tools, programming languages, and frameworks is used in this study to develop, train and deploy a multimodal breast cancer detection system. These tools have been chosen according to their reliability, scale capability, and degree of medical image analysis.
Google Colab serves as the main platform in machine learning experimentation and model training. It is also free to use GPU acceleration, which enormously shortens the training time of a deep learning model, including ResNet, DenseNet, and EfficientNet. It is also suitable to use Google Colab to work with large image datasets and repeat experiments using Python with the possibility of the effective integration with cloud storage.
The web application is developed and run using Visual Studio code (VS Code). VS Code provides a scalable development platform, high level of support on Python, Flask and web development (Gouni, 2025). It provides better code management and developer tools to increase its efficiency in integrating the backend and frontend.
The system is coded in the Python programming language because it is easy to learn, has a large library of support, and has been widely adopted in machine learning research (Anari et al. 2025). Dee learning models are trained with the help of TensorFlow and Keras, which offer a high-level API to create, train, and fine-tune convolutional neural networks. Transfer learning is supported by the pre-trained architectures carried out by ResNet50, DenseNet201, and EfficientNetB0, which leads to better performance in terms of classification.
Image processing is achieved as image loading, resizing, normalization, and numeric operations are handled using OpenCV and NumPy. Flask serves as the rear-end web framework to move the trained model and provide real-time transfer and prediction of images (Bećirović et al. 2025). The creation of a simple user-friendly web interface is done by using HTML, CSS, and JavaScript.
The dataset applied during the study is the Breast Cancer MSI Multimodal Image Dataset, which is composed of Ultrasound, Histopathological, and Chest X-ray images. The classes of benign and malignant cases are balanced in each of the modalities, allowing impartial model training. The representation in multispectral images, such as RGB, with HSV and Jet color mappings is added to increase the number of features.
[bookmark: _Toc218585919]3.8 System Requirements and Design
This section explains the system requirements and architectural design of the multimodal breast cancer detection system. The system is designed to assist with automated image-based classification based on deep learning models and to deliver the results of prediction via web-based interface. 
These functional requirements of the system are allowing users to upload medical image, checking what types of images the system supports, preprocessing images to fit the model, determining the type of image, extracting deep features and labeling images as benign or malignant with a confidence score (Khurshid et al. 2022). The system should also show the prediction result effortlessly and process invalid image upload properly.
Non-functional requirements are concerned with performance, usability, reliability and scalability. The system must be able to make predictions within a limited response time and accommodate typical medical images formats. The web application interface should be non-technical and easy to use. It has ensured reliability by using modular components and scaled because it can add other imaging modalities or better models.
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[bookmark: _heading=h.njfiq4v79t08]Figure 3.8.1: System Architecture and Workflow of the Multimodal Breast Cancer Detection System
This figure represents the general system workflow the input of multimodal images, a preprocessing stage, and feature extraction through a CNN, model training, evaluation, and prediction. The modular architecture enables scalability, effective processing, and interaction with the web-based application interface without difficulties. The Feature Extractor utilizes EfficientNet to retrieve deep features, whereas the Classifier Model brings the end classification (Habibullah et al. 2023). The independent separation of preprocessing, feature extraction, and classification makes the system simple to update efficiently, as well as enables extensions of the research in the future without damaging the system performance.
[bookmark: _Toc218585920]3.9 Data Collection and Processing
The data to be used in this dissertation will be the Breast Cancer MSI Multimodal Image Dataset, which comprises three complementary imaging modalities: the Ultrasound, Histopathological, and Chest X-ray images. These datasets are chosen because it is relevant in the field of medical imaging, and also because it can be relevant in multimodal classification of breast cancer. 
The Ultrasound data comprise 806 images of which 406 are benign and 400 malignant. These are images that record tissue-level structures that are dictated in clinical breast cancer screening (Manasi, 2025). The Histopathological dataset consists of 1,246 high-resolution microscopic images, half of them are benign and the other half are malignant. The Chest X-ray data set consists of 1,000 colorized images equally divided between benign and malignant cases that can be used as a complementary source of anatomical and structural information together with other modalities.
Images are organized in organized directory forms depending on the modality and classes. This organization facilitates effective data loading, label mapping and preprocessing order. The dataset does not contain any direct identifiers of the patients and allows safe and controlled use of medical images in research.
Preprocessing of data is very important so that the data may be consistent and of good quality among imaging modalities. The images are reduced to a constant size input that fits convolutional neural networks. The standard preprocessing methods are used to normalize the pixel values and can be trained using the pre-trained models such as EfficientNet (Beeravolu et al. 2021). The labelling of textual classes is used to transform them into numerical values which are necessary in the training of the model.
Data augmentation methods are used as a preprocessing step in order to generalize and decrease the overfitting of the model. These methods are image rotation and image flipping as well as sharpening, which augment dataset variance whilst maintaining key diagnostic characteristics. This is enhanced by using multispectral image representations, such as RGB, HSV, and Jet color mapping, to facilitate strong multimodal learning.
Features are independently obtained by each modality of imaging with deep learning feature extractors. The resulting features are then combined and matched up by feature-level fusion methods. This hierarchical processing stream provides an equal contribution of each modality to the ultimate classification problem. 
[bookmark: _Toc218585921]3.10 Ethical Considerations
The use of medical image data and artificial intelligence techniques in healthcare research is a significant factor that should be considered in ethical aspects of this dissertation. The research employs the Breast Cancer MSI Multimodal Image Dataset which is retrieved through publicly accessible and edited sources. 
Images employed in this study are anonymized and are identified by the categories of medical classes only, such as benign or malignant. This model is ethically correct in medical research and promotes the sound application of health care information (Maguluri et al. 2024). The study adheres strictly to the terms of use of data published by the sources of data.
The designed deep learning models are not meant to substitute the medical professionals but to assist them in clinical decision-making. The system is designed as a decision-support tool that able to assist healthcare practitioners to gain further insights (Herington et al. 2023). Clinical history and other tests used in diagnosis must always be evaluated by qualified clinicians before they give final medical decisions. Various quantitative measures are used to determine model performance in order to guarantee transparency and reliability. Ethical research conduct is upheld through keeping data confidentiality, ensuring fairness, transparency on model estimation as well as provision of a clear understanding of the supportive nature of the system in medical diagnosis.
[bookmark: _Toc218585922]3.11 Research Limitations 
The research is based on a publicly available Breast Cancer MSI Multimodal Image Dataset that might not be a complete reflection of clinical real-life diversity. The dataset does not fully reflect variations in imaging equipment and patient demographics and clinical conditions at various hospitals, which could impact the generalizability of the model.
Second, as much as multispectral imaging is very useful in promoting feature representation, spectral transformations employed in the study can only be restricted to predefined color spaces such as RGB, HSV, Jet. Further sophisticated spectral imaging systems or raw spectral data may give more detailed information and may also enhance the classification performance.
Third, the multimodal fusion technique supposes the equal significance of different imaging modalities. The feasibility and diagnostic usefulness of every modality can be different (Varoquaux and Cheplygina, 2022). The modality making in the web application that depends on the heuristic approach can also cause some images to be identified as the wrong modality, hence influencing the accuracy of the prediction.
The model gets trained and tested in a controlled experimental setup on predetermined train test splits. The validation with external clinical datasets is not conducted, and it does not allow being sure about the real-world implementation.
More involved architectures and larger scale experiments are not able to be researched because of hardware constraints. Such constraints create possibilities to conduct research in the future and to enhance the system.
[bookmark: _Toc218585923]3.12 Summary
This chapter described the process of system development and testing of multimodal deep learning to detect early breast cancer. The quantitative, experimental research design was chosen in order to examine multispectral medical images of Ultrasound, Histopathology, and Chest X-ray modalities. The chapter described the philosophy, strategy, and approach used in the research as well as the methods of developing a system and the experimentation process. It also outlined the tools, datasets, and methods of data processing, system need, and ethical factors. The identified methodology facilitates objective assessment, credible model comparison, and successful implementation of the system, which will guarantee that the results meet the research objectives and the general goal of the dissertation.
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[bookmark: _Toc218585924]4.0 IMPLEMENTATION & DEVELOPMENT
[bookmark: _Toc218585925]4.1 Dataset Loading and Pre-Processing
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[bookmark: _heading=h.muk5d4eq7l8d]Figure 4.1.1: Loading the Chest_XRay_MSI
The figure shows the systematic retrieval of Chest X-Ray MSI image paths and labels into a structured DataFrame, which ensures systematic data management and enables easy preprocessing, label mapping, and model training to classify breast cancer accurately.
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[bookmark: _heading=h.tk5wjzqu02ll]Figure 4.1.2: Loading the Histopathological_MSI
This image illustrates the standardized loading operation of Histopathological MSI images to have a consistent structure across modalities. This consistency provides efficient multimodal integration, which guarantees equal representation and an uninterrupted handling of data throughout the training, testing, and comparative performance analysis.
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[bookmark: _heading=h.szuw3dxe1jsc]Figure 4.1.3: Loading the Ultrasound Images_MSI
The above image demonstrates the process of loading the Ultrasound MSI data with the help of a consistent directory-to-directory method. The standardized DataFrame allows effective correspondence of ultrasound information with other modalities to achieve multimodal learning and the overall accuracy of the diagnosis of breast cancer
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[bookmark: _heading=h.ypikkjualj7i]Figure 4.1.4: Display the chest X-ray MSI information
[image: ]
[bookmark: _heading=h.154ra2raiej7]Figure 4.1.5: Display the histopathological MSI data information
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[bookmark: _heading=h.rbay9qi2enp1]Figure 4.1.6: Display the ultrasound MSI data information
The figure presents the organized retrieval of Chest X-ray MSI image paths and labels into a structured DataFrame, ensuring effective data management and supporting accurate preprocessing and model training for breast cancer classification.
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[bookmark: _heading=h.jv2ul5of3qp7]Figure 4.1.7: Pre-Processing of the model labels
The preprocessing of the models depicts the standardization of labels and encoding of all imaging modalities. The process standardizes label formats, transforms text categorization into numbers with the help of the LabelEncoder, and normalizes the images, which represent a consistent input across Chest X-ray, Histopathological, and Ultrasound MSI datasets to efficiently train the CNN model.
[bookmark: _Toc218585926]4.2 Model Implementation
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[bookmark: _heading=h.vsdnampe424b]Figure 4.2.1: ResNet Architecture using CNN Model
This figure depicts the application of the CNN architecture of ResNet50 that is employed to extract multimodal features. The ResNet50 model is tested as a deep feature extractor at the pre-trained stage and where ImageNet classification weight is removed. Chest X-ray, Histopathological, and Ultrasound MSI images are separated into separate feature vectors. Global average pooling can be used to represent compact and discriminative features without sacrificing the high-level semantic information that is useful in the classification of breast cancer.
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[bookmark: _heading=h.uwqq4rgwgbws]Figure 4.2.2: Setup Features selection of ResNet Architecture
This figure illustrates the process of feature alignment and fusion of the ResNet-based multimodal model. Extracted feature vectors in each of the modalities are truncated to a shared sample size in order to align across modalities. The synchronized features are combined to one feature multimodal that creates one complete representation. This feature combination is divided into training and testing sets and presented to a fully connected neural classifier where the binary breast cancer classification is implemented.
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[bookmark: _heading=h.co8bf6tf7tr0]Figure 4.2.3: ResNet Architecture using CNN Model Training
The above images are used to show the extraction of features, selection, and training with the “ResNet50 CNN”. Multimodal features of X-ray, histopathological, and ultrasound MSI datasets are extracted and trained together, which displayed a greater validation accuracy, and this means that the learning capabilities are highly discriminative when it comes to classifying early breast cancer.
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[bookmark: _heading=h.198c2pv3zour]Figure 4.2.4: DenseNet Architecture using CNN Model
This image illustrates the CNN architect on DenseNet 201 which is utilized to conduct a multimodal exaction of features. DenseNet201 exploits a dense, interconnection between layers, which allows the initial aspect of reducing features and an enhanced propagation of gradient. The ImageNet weights are pretrained and the network initializes the weights and extracts the deep features by removing the classification layers. The multimodal MSI images based on Chest X-rays, Histopathology, and the Ultrasound modalities images are individually processed to create rich and operationally discriminative feature embeddings.
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[bookmark: _heading=h.8hyjwod07zeb]Figure 4.2.5: Setup Features selection of DenseNet Architecture
This figure illustrates the process of the multi-modal feature selection and fusion pipeline of the DenseNet-based model. Features extracted by the three imaging modalities are matched in that an equal number of samples is taken across datasets. These feature vectors that depend on the modality are concatenated to get one multimodal feature representation. The resulting combined feature set is converted into an input to a dense neural network and dropout regularized classifier, allowing the effective classification of breast cancer and decreasing the overfitting.
[bookmark: _heading=h.urqrzamf4k6d][image: ]
[bookmark: _heading=h.88d86sz3yqoj]Figure 4.2.6: DenseNet Architecture using CNN Model Training
Extraction of multimodal MSI features of images of X-ray, histopathological, and ultrasound images are performed using the “DenseNet201 CNN model”. Joint features are also trained by dense layers together with dropout regularization. The model got training and validation accuracies of 98.45% and 94.44%, indicating strong convergence, low overfitting, and strong feature representations across modalities.
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Figure 4.2.7: Setup Features selection of EfficientNet Architecture
This image depicts the feature selection and fusion plan used for the efficacious net oriented multimodal learning. EfficientNet extracted features based upon Chest X-ray, Histopathological, and Ultrasound MSI pictures are aligned and fused to produce just one high-dimensional feature. Class weights are determined to overcome possible class imbalance. A combination of the combined features then served as an input to a lightweight fully connected classifier, which is aided with an optimization of lean learning and good generalization attributes.
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[bookmark: _heading=h.88sjj2abkdk]Figure 4.2.8: EfficientNet Architecture using CNN Model Training
The EfficientNet CNN model is used to extract the deep multimodal MSI Natures of X-ray, histopathological, and ultrasound images with the help of GlobalMaxPooling. The combination of the features is trained using a dense classifier with 99.22% training plus 96.30% validation accuracy and low loss (0.1156). The architecture proved to be efficient in feature fusion and high generalization measurements across modalities.
[bookmark: _Toc218585927]4.3 Web Application Implementation
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[bookmark: _heading=h.c7nap9t1ih3x]Figure 4.3.1: Code of Web Application
This figure represents the essence of the implementation of fixed web application Flask based web app in the detection of breast cancer. The program is set to upload images safely with size and type constraints to use image uploads safely. The model of an EfficientNet based classifier is loaded to classify benign and malignant cases in a binary manner. There are helper functions of image validation, preprocessing and an extractor of deep features using an EfficientNet feature extractor that is already trained. There is also a heuristic-based modality detection feature that provides a rough idea on whether an uploaded image belongs to X-ray, histopathology, or ultrasound data. The design is modular and facilitates an efficient inference, simple interaction between users and simplified deployment of the trained deep learning model in a real-world clinical decision-support system.
[bookmark: _Toc218585928]4.4 Challenges and Solutions
Several challenges are faced during the development of the multimodal MSI-based breast cancer detection system during analysis. Diverse data between X-ray, histopathology, and ultrasound images led to inconsistency in feature extraction, which is resolved by equalizing image size, normalization, and organized Data Frames. The small size of data is a risk of overfitting, and this is solved by data augmentation and transfer learning using already trained CNNs. Weighted loss functions and hyper parameter tuning are used to control class imbalance and misclassification. The process of deploying the web applications presented real-time inferences that are solved by optimally pre-processing and error control. 
The problem of domain generalization is identified due to the misclassification of non-medical images, which is addressed by the input validation and the plans on diverse data sets. Lastly, the training is efficient, and multimodal breast cancer detection is reliable with the help of the use of GPU acceleration, batch optimization, and frozen pre-trained layers to mitigate the computational constraints.
[bookmark: _Toc218585929]5.0 TESTING & EVALUATION
[bookmark: _Toc218585930]5.1 Testing and Validation
In order to guarantee the reliability and accuracy of the Breast Cancer Detection system, the testing strategies are applied as follows:
Unit Testing
· Checked single entries of the system, such as image preprocessing, model loading, and prediction functions.
· Verified that there is consistency in model input shape, preprocessing pipeline and prediction output.
Integration Testing
· Assured that the Flask web application communication with the EfficientNet CNN model is working properly.
· The use of uploading files, passing through verification and preprocessing, model inference, and display of the result works seamlessly.
Usability Testing
· Liked the interface of the website regarding convenience in the selection of images, uploading pictures, and displaying the prediction.
· Authenticated user messages and error messages are easily understandable.
Performance Testing
· Timings of the time required to make predictions on individual images.
· Confirmed the system is responsive to various images of various sizes and types.
	Test Case ID
	TC001

	Test Case Title
	Verify system prediction for a benign medical image

	Objective
	To ensure that the system correctly identifies benign breast tissue from medical images using the EfficientNet CNN model.

	Preconditions
	Model and Flask app are running successfully.
All required dependencies (TensorFlow, OpenCV) are installed.
Model weights are loaded correctly.

	Test Steps
	1. Open the web interface.
2. Click “Choose File” and upload the image Multispectral_benign (2)-rotated1.png.
3. Click on “Analyze Image”.
4. Wait for the model to process the image and display prediction results.

	Test Data
	Input Image: Multispectral_benign (2)-rotated1.png
File Type: PNG (70.03 KB)

	Expected Result
	The system should display prediction results as:
Benign with confidence around 50–60%.

	Pass/Fail
	Pass

	Comments
	The model performed as expected for a benign case. Screenshot of prediction page attached below.
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[bookmark: _heading=h.y5quweswbke3]Figure 5.1.1: Test case TC001
	Test Case ID
	TC002

	Test Case Title
	Verify system prediction for a malignant medical image

	Objective
	To ensure that the system accurately identifies malignant breast tissue from medical images using the EfficientNet CNN model.

	Preconditions
	The Flask-based breast cancer detection app is running successfully.
Model weights are correctly loaded.
Internet connection is stable for EfficientNet preprocessing if required.

	Test Steps
	1. Launch the Breast Cancer Detection web application.
2. Click “Choose File” and upload the image Multispectral_malignant (1)-rotated1-sharpened-sharpened.png.
3. Click the “Analyze Image” button.
4. Wait for the model to process the image and display prediction results.

	Test Data
	Input Image: Multispectral_malignant (1)-rotated1-sharpened-sharpened.png
File Size: 95.69 KB
File Type: PNG

	Expected Result
	The system should correctly classify the image as Malignant, with a high confidence score (>80%).

	Pass/Fail
	Pass

	Comments
	Model accurately identified the malignant sample with strong confidence (>85%). The prediction aligns with expected pathology characteristics. Screenshot captured.
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[bookmark: _heading=h.33expkmtv7dh]Figure 5.1.2: Test case TC002



	Test Case ID
	TC003

	Test Case Title
	Detect and Reject Invalid or Non-Medical Images

	Objective
	Verify that the system correctly identifies and rejects images that do not belong to the three valid modalities (Chest X-ray, Histopathology, Ultrasound).

	Preconditions
	The application is running and ready to accept image uploads.

	Test Steps
	1. Open the Breast Cancer Detection web interface.
2. Upload the file Multispectral_SOB_B_A-14-22549AB-200-013.png.
3. Click Analyze Image.

	Test Data
	File: Multispectral_SOB_B_A-14-22549AB-200-013.png
Size: 107.79 KB
Type: image/png

	Expected Result
	The system displays: “Invalid or non-medical image. Please upload a valid medical image (X-ray, Histopathology, or Ultrasound).”

	Pass/Fail
	Fail 

	Comments
	The system shows it is a malignant image type which is wrong.
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[bookmark: _heading=h.mz4w22rcjkth]Figure 5.1.3: Test case TC003
	Test Case ID
	TC004

	Test Case Title
	Verify the system prediction for a normal medical image

	Objective
	To ensure that the system accurately identifies normal breast tissue from medical images using the EfficientNet CNN model.

	Preconditions
	- The Flask-based breast cancer detection app is running successfully.
- Model weights are correctly loaded.
- Internet connection is stable for EfficientNet preprocessing if required.

	Test Steps
	1. Launch the Breast Cancer Detection web application.
2. Click “Choose File” and upload the image Multispectral_28_2108025467_png.rf.a16a8c53f3ee14ffd50906971ac8f0e5_1.jpg.
3. Click the Analyze Image button.
4. Wait for the model to process the image and display prediction results.

	Test Data
	- Input Image: Multispectral_28_2108025467_png.rf.a16a8c53f3ee14ffd50906971ac8f0e5_1.jpg
- File Size: 143.37 KB
- File Type: JPEG

	Expected Result
	The system should correctly classify the image as Normal, with a high confidence score.

	Pass/Fail
	Pass

	Comments
	Model accurately identified the normal sample with strong confidence (98.29%). Prediction aligns with expected characteristics. Screenshot captured.
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Figure 5.1.4: Test case TC004
[bookmark: _Toc218585931]5.2 Experimental Results and Performance Evaluation
[bookmark: _Toc218585932]5.2.1 EDA Analysis
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[bookmark: _heading=h.k2k3qgt7jxvu]Figure 5.2.1.1: Distribution of Tumor Class by Bar Chart
The bar chart depicts an equal distribution of the normal and the malignant samples of the breast tumor. Balanced data ensures equal training of the model, which cannot give preference to a specific class, and enhances the reliability of classification between malignant and normal tumor types.
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[bookmark: _heading=h.fw4i3p1hz5sz]Figure 5.2.1.2: Class Proportion of Breast Cancer by Pie Chart
This Pie chart shows the constant distribution of 50 percent benign and 50 percent malignant cases of breast cancer. These balanced ratios verify conformity of the data used and improve the model learning efficiency, and provide accurate generalization of both types of tumors during training and testing.
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[bookmark: _heading=h.u6sxs6z24nwf]Figure 5.2.1.3: Distribution of Disease Types by Bar Chart
This plot shows almost the same number of benign and malignant cases. The balanced dataset facilitates the learning of an unbiased CNN model and enables strong classification results, which are highly valuable in the image of efficient breast cancer detection and examination.
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[bookmark: _heading=h.8n3hf7ploiyq]Figure 5.2.1.4: Visualization of Each Tumor Category - Chest X-Ray MSI
This visualization illustrates multispectral images of X-rays of the chest that are either malignant or normal. Normal tissues are more homogeneous in malignant regions, where the intensity difference and irregular pattern are distinguished, whereas differentiating between tumor morphology in CNNs is effective when the model is trained.
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[bookmark: _heading=h.4c6wm8lbhhjv]Figure 5.2.1.5: Visualization of Each Tumor Category - Histopathological MSI
This figure shows histopathological images of benign and malignant tissues using MSI. Cellular patterns are organized and uniform in coloration, whereas in malignant images, the appearance is irregular in texture and clustering dense and greater variation in spectral intensity, which shows abnormal tissue growth and cellular changes that help to detect breast cancer easily.
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[bookmark: _heading=h.i2wonujr63ws]Figure 5.2.1.6: Visualization of Each Tumor Category - Ultrasound MSI
This figure illustrates multispectral ultrasound images of benign and cancerous tissues of the breast. The benign samples have smoother blue-green areas, which signify homogenous and low tissue intensities. Oppositely, the malignant samples show significantly increased intensity and thicker abnormal tissue formations.


[bookmark: _Toc218585933]5.2.2 Model Evaluation 
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[bookmark: _heading=h.x625u97y4yvg]Figure 5.2.2.1: Classification Report of ResNet Architecture
This figure shows the results of the evaluation of the “ResNet CNN model”, which obtained 81% accuracy and an MCC of 0.609. The model demonstrates good performance as accuracy and recall are better with regard to malignant cases, meaning that it can detect well with regard to breast cancer classification.
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[bookmark: _heading=h.k0o06p3k9o2n]Figure 5.2.2.2: Confusion Matrix of ResNet Architecture
The prediction of the matrix provides 41 true benign, 25 false malignant (benign misclassified), 11 false benign, and 89 true malignant predictions. The true positive rates on the malignant cases in question (89) and huge false negative rates (25) show that the model has a problem with benign detection. There is also overall diagonal dominance, which is indicative of possible, though better classification performance.
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[bookmark: _heading=h.dpy27tivitma]Figure 5.2.2.3: Training & Validation Performance of ResNet Architecture
The training accuracy progressively reaches approximately 0.75, and the validation one reaches between 0.60 and 0.75, indicating part overfitting. Loss curves decline and level off, and a uniform difference between training and validation results suggests that the process is poor at generalizing to unseen data.
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[bookmark: _heading=h.saeymiqzic3q]Figure 5.2.2.4: ROC Curve of ResNet Architecture
ROC curve indicates great performance of the classifier with the AUC of 0.879, which indicates that it is discriminating well between the normal and malignant classes. 
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[bookmark: _heading=h.y3ayp7zb591w]Figure 5.2.2.5: Classification Report of DenseNet Architecture
The DenseNet CNN model obtained 97% overall accuracy and an MCC of 0.935, which suggested very high predictive reliability. There is high precision (0.95, 0.94) and recall (0.90, 0.97) between benign and malignant classes. Scores of f1 are high and confirm a strong generalization and high performance in the separation of cancer and non-cancer MSI images.
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[bookmark: _heading=h.a4a1013gc8dg]Figure 5.2.2.6: Confusion Matrix of DenseNet Architecture
There are 56 true benign is 6 false malignant, 3 false benign, and 97 true malignant predictions that are reflected in the matrix. “DenseNet” is significantly compared to “ResNet”, and the misclassification is minimal. These features are a good sign of more robust use of features by making use of dense connections that can make the classification more reliable.
[image: C:\Users\Admin\AppData\Local\Microsoft\Windows\INetCache\Content.MSO\501F3F19.tmp]
[bookmark: _heading=h.nso62w3i75zo]Figure 5.2.2.7: Training & Validation Performance of DenseNet Architecture
Training and validation accuracy curves align at the value of 0.95 to 1.0, which demonstrates that the generalization is high without overfitting. These indicate the stable optimization and transfer of knowledge between pre-trained “DenseNet” weights.
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[bookmark: _heading=h.mq1rn7x3gemi]Figure 5.2.2.8: ROC Curve of DenseNet Architecture
This image shows the AUC as 0.99 and with a rising curve that signifies high sensitivity with minimal false positives. The dense connectivity of “DenseNet201” is useful in capturing effective multimodal representations of MSI, showing almost perfect discrimination between benign and malignant breast cancer images.
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[bookmark: _heading=h.vtiev2tdprrm]Figure 5.2.2.9: Classification Report of EfficientNet Architecture
The EfficientNet model scored 94% accuracy and an MCC of 0.869, compared to the older CNN models. Its compound scaling has a good balance of depth, width, and resolution and achieves better feature extraction and generalization. Its high precision and recall on classes substantiate its ability to be strong in multimodal classification of breast cancer based on MSI data.
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[bookmark: _heading=h.78ojzrtlmckb]Figure 5.2.2.10: Confusion Matrix of EfficientNet Architecture
The confusion matrix of the EfficientNet Architecture (Image 1) indicates there are 61 positive benign, 1 positive malignant, 5 positive benign, and 95 positive malignant hits. It shows excellent benign detection at a rate of 98.4% with a minimum of false positives.
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[bookmark: _heading=h.u7n7odiiyh84]Figure 5.2.2.11: Training & Validation Performance of EfficientNet Architecture
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[bookmark: _heading=h.u34ylvwol30n]Figure 5.2.2.12: ROC Curve of EfficientNet Architecture
The ROC curve has shown excellent classification of EfficientNet with an AUC of 0.990, which is equal to the best performance of DenseNet. The sharp vertical inclination and then a bit towards the top-left side is an excellent sensitivity and specificity match.
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[bookmark: _heading=h.br4z7qka9qe1]Figure 5.2.2.13: Model Comparison
This image shows all three model comparisons where ResNet50 had the lowest performance with an accuracy of 81, which demonstrates the feature extraction limitation of multimodal MSI data. DenseNet201 achieved an accuracy of 97 with dense connectivity, allowing better feature reuse. EfficientNetB0 performed best with a 94% accuracy with the use of compound scaling to effectively balance the network depth, width, and resolution. The optimized architecture of EfficientNet has the highest discriminative power and the least computational complexity, and therefore, it is the best model to use in the classification of breast cancer.
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[bookmark: _heading=h.8g0ceyq84nz]Figure 5.2.2.14: Prediction of Breast Cancer 
This image shows the predictions with confidence scores on three modalities (Chest X-ray, Histopathological, and Ultrasound) on both malignant and non-malignant cases.
[bookmark: _Toc218585934]5.2.3 Quantitative Performance Evaluation
The qualitative analysis compares the models in terms of accuracy, latency, scalability, and the computation efficiency of each model. EfficientNetB0, with the highest classification accuracy of 84 and an MCC of 0.924, performed better than DenseNet201 (97%) and ResNet50 (81%) among all architectures. Its compound scaling approach maximizes depth, width, and resolution, and it offers better accuracy and fewer parameters, thus incurs a smaller time to inference. DenseNet201 had good feature reuse and average latency but demanded more computation capabilities. 
Although ResNet50 is also reliable, it had a slower convergence and higher misclassification rates, which implies poor feature discrimination of complex MSI patterns. Regarding scalability, EfficientNet also showed resolved scalability in modalities (X-ray, histopathology, ultrasound), which confirms the capability of adapting to multimodal data. The quantitative results, indicate that EfficientNet represents the most appropriate trade-off of predictive accuracy, speed, and resource usage and is the most appropriate in terms of being the most appropriate model in real-time and scalable detection of breast cancer.
[bookmark: _Toc218585935]5.3 Discussion and Critical Analysis
[bookmark: _Toc218585936]5.3.1 Interpretation of Results
The findings indicate that “EfficientNetB0” performed better than both “DenseNet201” and “ResNet50” based on all measures on the evaluation, with the highest accuracy (96.3) and the MCC (0.924). An advantage of the “EfficientNet” is due to the compound scaling approach that can maximally balance the depth, width, and resolution of the models to extract the multimodal MSI features efficiently. DenseNet201 also achieved good performance with 94 percent accuracy, which underlines the fact that dense connectivity and feature reuse are effective. But ResNet50 is underperforming, as it has low representational capacity for the intricate spectral data. 
Excellent discriminative ability is confirmed by the ROC curves, and EfficientNet and DenseNet have close to perfect AUC values (0.99). The convergence trends during training and validation curves showed excellent generalization and a significant improvement. The results confirm the practicability of applying EfficientNet in the multimodal detection of breast cancer at high diagnostic accuracy rates.
[bookmark: _Toc218585937]5.3.2 Significance, Limitations, and Unexpected Outcomes
This study has demonstrated that multimodal MSI-based deep learning is important in enhancing the detection of early breast cancer by effective feature fusion and transfer learning. These findings indicate that EfficientNet is a high-accuracy model with low computational requirements and can be applied to real-time clinical settings. Several limitations are, however, identified in this study. The size of the dataset is also relatively small, though balanced, and this limits generalization to larger and more diverse populations. 
Further, the model did not accurately identify non-medical or external images as malignant on all occasions, indicating a domain generalization weakness in response to unknown data. Imaging conditions or imaging equipment can also be biased by imaging variations. DenseNet scored almost equally to EfficientNet, even though it is more complex, which signifies the quality of deep feature representation. There are instances of false classification of some benign images based on small tissue resemblances. Future studies will be directed at bigger, heterogeneous datasets, outlier rejection, and explainable artificial methods in order to increase trustworthiness and clinical dependability.
[bookmark: _Toc218585938]5.3.3 Evaluation of Research Objectives
Three CNN architectures, ResNet50, DenseNet201, and EfficientNetB0, are successfully implemented, tested, and evaluated to meet the study’s objectives of multimodal MSI-based breast cancer classification. The study achieved the intended objective of determining the most efficient and correct model with the most predictive accuracy, computational efficiency, and scalability, “EfficientNetB0”. The aims of fusion of multimodal data (X-ray, histopathological, and ultrasound MSI) have been achieved, and it is demonstrated that multimodal fusion can increase diagnostic accuracy by exploiting supportive tissue data. The medical image analysis using transfer learning was validated by quantitative analyses of the designed pipeline that generalized across the modalities. 
Also, the model is experimented with a web-based Flask application, which showed a realistic usability and time responsiveness. This study’s research questions on model performance, feature generalization, and computational feasibility are answered effectively and aligned with the main hypothesis of the study, which stated that compound-scaled networks provide better multimodal diagnostic accuracy.
[bookmark: _Toc218585939]5.3.4 Strengths and Weaknesses of the Approach
The main advantage of this study is that it is a proper comparison of CNN frameworks on multimodal MSI datasets and provides a solid base for automated breast cancer detection. The imaging of Chest X-ray, Histopathological, and Ultrasound gave varied opinions, which enhanced the representation of features as well as the reliability of the model. EfficientNetB0 reduced computational cost and ensured high levels of performance, which is beneficial in the real world. Selection of elemental testing, together with winning web-based applications, further allocated pragmatic applicability. 
However, there are some weaknesses that are detected. The research relied immensely on trained models, which can reduce flexibility to novel imaging classifications. Also, the evaluation of performance is present on non-dynamic data without possible clinical corroboration, which diminished the external reliability. Latency absence and hardware-based benchmarks also restricted the assessment of scalability. However, the use of methodological rigor, multimodal approach, and quantitative analysis all show that the study has a strength in the research on AI-based breast cancer detection.


[bookmark: _Toc218585940]6.0 CONCLUSION AND FUTURE WORK
[bookmark: _Toc218585941]6.1 Summary of Findings
The design, development, and evaluation of a multimodal multispectral imaging (MSI) framework based on deep learning so as to early-detect breast cancer are presented. The main aim of the study is to explore the possibility of enhancing diagnostic accuracy by incorporating heterogeneous medical imaging modalities that is Chest X-ray, Histopathology and Ultrasound, into practice as opposed to traditional single-modality solutions. The systematic experimentation, quantitative assessment of the performance, and practical application of the system helped the research to prove that multimodal learning can be effective in improving the performance of breast cancer classification.
The study trained the three recognized convolutional neural network models ResNet50, DenseNet201, and EfficientNetB0, with the application of the transfer learning to obtain discriminating features of every imaging through a single imaging modality. The combination of representations is performed at feature level as a modality-specific fusing, thus the fusion model is able to take advantage of complementary structural, spectral, and cellular representations. The experiments indicated that multimodal fusion is always better than the single-modality models in all evaluation measures such as accuracy, precision, recall and ROC-AUC. This empirically supports the central hypothesis that multimodal MSI integration enhances the early breast cancer detection.
EfficientNetB0 proved the most desirable between predictive and computational performance of architecture appraised. The scaling strategy known as its compound scaling enabled it to be highly classified with less complexity of parameters and the inference time. The effective reuse of features also made DenseNet201 perform well, with ResNet50 displaying a rather low representational capacity of complex multispectral data. These observations provide useful information on the choice of models when doing multimodal medical imaging tasks.
The study provided an active web-based application in the Flask framework that made it possible to upload images in real-time and predict. The implementation of this system demonstrates how viable the suggested system is as a clinical decision-support tool. The study has attained its research goals because it has presented a strong multimodal model, identified its performance on a quantitative basis, and provided research-implemented healthcare technology.
[bookmark: _Toc218585942]6.2 Research Contributions
The study has contributed to the research community of testing and analysis of medical images and the practical advancement of artificial intelligence-based systems in detecting breast cancer significantly. The main exception is the systematic design and validation of a multimodal multispectral imaging (MSI) deep learning framework that combines all three modalities of Chest X-ray, Histopathology, and Ultrasound imaging towards early breast cancer detection. This study is a demonstration that in contrast to the existing literature, which concentrates on the investigation of only one type of imaging, the combination of heterogeneous medical pictures can significantly enhance the diagnostic accuracy, strength, and reliability.
The study provides a thorough comparative study on three popular convolutional neural network models ResNet50, DenseNet201 and EfficientNetB0, on a single-modality and multimodal experimental basis. The research provides a reasonable and reproducible comparison of model performance by keeping consistent preprocessing pipelines, training settings, and evaluation measures. This fills a significant research gap in the literature, in which numerous researchers have reported multimodal outcomes without comparing them to well-optimized single-modality baselines. The results have shown that multimodal fusion provides better feature representation and classification capabilities that make multimodal deep learning more empirical in detecting breast cancer.
The methodological framework created in this study is another significant contribution. The study introduces a full pipeline of data collection, preprocessing, feature extraction based on transfer learning, and feature-level fusion, feature classification, and performance, and deployment. Such an organized framework can be repeated or implemented by future who can analyze multimodal data of medical imaging. The application of the representation learning theory, information complementarity theory, multimodal fusion theory, and deep feature hierarchy theory help to strongly justify the proposed approach concept and give a contribution to the scientific integrity of human efforts.
The study shows experimental benefits of EfficientNetB0 in the classification of multimodal medical images. The findings indicate that EfficientNetB0 has a positive balance between large predictive power and computational efficiency because of its compound scaling approach. This contribution is especially useful in real-time or resource-constrained healthcare settings, where accuracy is no less important than efficiency of the model.
The creation of a computer based breast cancer detection application is in terms of practical contribution a significant move towards translational research. Using the trained multimodal model, the work shows how sophisticated deep learning methods can be translated to convenient and user-friendly clinical decision-support systems by implementing them in a Flask-based application. This fills the gap between theory and practice in the field of experimental research and practice, indicating the possibility of implementing multimodal AI systems in healthcare facilities.
The study presents new empirical data, a reproducible approach model, and a prototype system that can be deployed to gain a deeper understanding and application of multimodal deep learning in early breast cancer detection.
[bookmark: _Toc218585943]6.3 Recommendations and Future Work
[bookmark: _Toc218585944]6.3.1 Recommendations
There are several suggestions which are to inform future study and practical application of deep learning-based breast cancer detection systems. The medical image analysis paradigms need to thinkingly incorporate multimodal analysis and multispectral data (MSI) paradigms as opposed to single-modality data. This study research findings have shown clearly that combining Chest X-ray, Histopathology and Ultrasound images represents a four sectional diagnostic input that is very useful in enhancing classification accuracy and strength. Such strategies of data fusion can be useful in healthcare AI systems aimed at early cancer detection to minimize the problem of misclassification and enhance clinical reliability.
The architectures based on EfficientNet are suggested in the multimodal medical imaging tasks, at least in cases where computational efficiency is an issue. EfficientNetB0 has good performance and has a relatively small computational footprint capacity and can be deployed in real-time to clinical decision-support systems (Rahman et al. 2025). Such lightweight and powerful architectures should be considered by practitioners who design AI tools to work in healthcare settings with limited hardware amenities.
The initial issues that should be implemented in the future are standard preprocessing and evaluation protocols. Image resizing, image normalization, label encoding and balanced datasets are essential to fair cross-model, cross-study comparison (Ben Rabah et al. 2025). This should be sustained with the adoption of total evaluation metrics like accuracy, precision, recall, MCC and ROC-AUC to provide objective evaluation of the diagnostic performance.
It has been suggested that users should integrate deployment-based testing, such as usability testing and inference-time testing, with traditional experimental testing. The models implemented into web-based or clinical interfaces allow receiving the support necessary to have the outcomes of the research not merely theoretical, but practicable and clinically applicable.
[bookmark: _Toc218585945]6.3.2 Future Work
Dataset Expansion and Generalization
The future studies ought to be done to increase the multimodal MSI dataset with larger multi-diverse and multi-institutional image databases. The investigated work involved the usage of a balanced but constrained dataset, which can limit its use in generalizing to other groups, types of imaging machines, and clinical settings (Li et al. 2025). The inclusion of data provided by more than one hospital and imaging system would increase the robustness of the model and decrease domain bias. Also, the addition of longitudinal data would aid with the analysis of the progression at an early stage and enhance a temporal insight into the development of breast cancer.
Advanced Multimodal Fusion Techniques
This paper used feature-level concatenation to carry out the multimodal fusion, future research might focus on more advanced fusion methods. The design of attention-based fusion, multimodal transformers, and graph neural networks can be viewed as potential avenues toward the modelling of complicated cross-modal interactions (Yang et al. 2025). These methods allow the dynamically weighted imaging modalities by their diagnostic significance, which may enhance sensitivity to small cancers. These methods would also promote interpretability and validation in heterogeneous MSI datasets.
Explain ability and Clinical Trust
The other significant extension is to incorporate explainable artificial intelligence (XAI) methods into the multimodal system. Grad-CAM, saliency maps, or attention heat maps are visualization tools that may be used to determine vital areas that affect model predictions. Enhancement of transparency would aid in enhancing clinician confidence, diagnostic verification, and regulatory authorization to be transferred to use with a clinical deployment.
Real-World Deployment and Clinical Validation
The real-world validation with prospective clinical studies should also be a focus of the future work. The performance of the system could be tested using real-time data in hospital settings to gain experience in terms of usability, latency, and compatibility with clinical operations. An edge devices and mobile platform edge-case can also be better optimized, and is entered into a resource-constrained environment (Maigari et al. 2025). The developments would contribute to the conversion of multimodal deep learning systems into the prototypes of reliable clinical decision-support systems.
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	from google.colab import drive
drive.mount('/content/drive')

# Importing necessary library packages
pip install opencv-python
pip install tensorflow
 import os
import cv2
import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt
import numpy as np
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import LabelEncoder
from sklearn.metrics import classification_report, confusion_matrix
import tensorflow as tf
from tensorflow.keras.applications import ResNet50
from tensorflow.keras.applications import DenseNet201
from tensorflow.keras.applications import EfficientNetB0
from tensorflow.keras.applications.efficientnet import preprocess_input as efficientnet_preprocess
from tensorflow.keras.models import Model
from tensorflow.keras.layers import Dense, Concatenate, Input, Dropout, GlobalMaxPooling2D, BatchNormalization
from tensorflow.keras.optimizers import Adam
from tensorflow.keras.callbacks import EarlyStopping, ReduceLROnPlateau
from sklearn.metrics import roc_curve, auc
from sklearn.metrics import matthews_corrcoef
from sklearn.utils.class_weight import compute_class_weight
import pickle

# Loading the Chest_XRay_MSI
base_path = r"/content/drive/MyDrive/MultiModel Breast Cancer MSI Dataset/Chest_XRay_MSI"
categories = os.listdir(base_path)
image_paths = []
labels = []

for category in categories:
    category_path = os.path.join(base_path, category)
    for image_name in os.listdir(category_path):
        image_path = os.path.join(category_path, image_name)
        image_paths.append(image_path)
        labels.append(category)

chest_xray_msi_data = pd.DataFrame({"image_path": image_paths, "label": labels})



# Loading the Histopathological_MSI

base_path_1 = r"/content/drive/MyDrive/MultiModel Breast Cancer MSI Dataset/Histopathological_MSI"
categories = os.listdir(base_path_1)

image_paths = []
labels = []

for category in categories:
    category_path = os.path.join(base_path_1, category)
    for image_name in os.listdir(category_path):
        image_path = os.path.join(category_path, image_name)
        image_paths.append(image_path)
        labels.append(category)

histopathological_msi_data = pd.DataFrame({"image_path": image_paths, "label": labels})

# Loading the Ultrasound Images_MSI

base_path_2 = r"/content/drive/MyDrive/MultiModel Breast Cancer MSI Dataset/Ultrasound Images_MSI"
categories = os.listdir(base_path_2)

image_paths = []
labels = []

for category in categories:
    category_path = os.path.join(base_path_2, category)
    for image_name in os.listdir(category_path):
        image_path = os.path.join(category_path, image_name)
        image_paths.append(image_path)
        labels.append(category)

ultrasound_msi_data = pd.DataFrame({"image_path": image_paths, "label": labels})


# Class labeling

chest_xray_msi_data
histopathological_msi_data
ultrasound_msi_data

# Display the chest xray msi information

print("Display the chest xray msi information:")
chest_xray_msi_data.info()

# Display the histopathological msi data information

print("Display the histopathological msi data information:")
histopathological_msi_data.info()

# Display the ultrasound msi data information

print("Display the ultrasound msi data information:")
ultrasound_msi_data.info()

# Checking for class label

print("Checking for class label:")
chest_xray_msi_data['label'].unique()

print("Checking for class label:")
histopathological_msi_data['label'].unique()

print("Checking for class label:")
ultrasound_msi_data['label'].unique()

# Distribution of Tumor Class

rainbow_colors = ["red","orange"]

sns.set_style("whitegrid")

fig, ax = plt.subplots(figsize=(8, 6))
sns.countplot(data=chest_xray_msi_data, x="label", palette=rainbow_colors, ax=ax)

ax.set_title("Distribution of Tumor Class", fontsize=14, fontweight='bold')
ax.set_xlabel("Tumor Type", fontsize=12)
ax.set_ylabel("Count", fontsize=12)

for p in ax.patches:
    ax.annotate(f'{int(p.get_height())}',
                (p.get_x() + p.get_width() / 2., p.get_height()),
                ha='center', va='bottom', fontsize=11, color='black',
                xytext=(0, 5), textcoords='offset points')

plt.show()


# Class Proportion of Breast Cancer

label_counts = histopathological_msi_data["label"].value_counts()

fig, ax = plt.subplots(figsize=(8, 6))
colors = ["indigo","violet"]

ax.pie(label_counts, labels=label_counts.index, autopct='%1.1f%%',
       startangle=140, colors=colors, textprops={'fontsize': 12, 'weight': 'bold'},
       wedgeprops={'edgecolor': 'black', 'linewidth': 1})

ax.set_title("Class Proportion of Breast Cancer", fontsize=14, fontweight='bold')

plt.show()

#  Distribution of Disease Types

rainbow_colors = ["green","blue"]

fig, ax = plt.subplots(figsize=(8, 6))
sns.countplot(data=ultrasound_msi_data, x="label", palette=rainbow_colors, ax=ax)

ax.set_title("Distribution of Disease Types", fontsize=14, fontweight='bold')
ax.set_xlabel("Tumor Type", fontsize=12)
ax.set_ylabel("Count", fontsize=12)

for p in ax.patches:
    ax.annotate(f'{int(p.get_height())}',
                (p.get_x() + p.get_width() / 2., p.get_height()),
                ha='center', va='bottom', fontsize=11, color='black',
                xytext=(0, 5), textcoords='offset points')

plt.show()


# Visualization of Each Tumor Category - Chest XRay MSI

num_images = 5

categories = chest_xray_msi_data['label'].unique()

plt.figure(figsize=(15, 12))

for i, category in enumerate(categories):
    category_images = chest_xray_msi_data[chest_xray_msi_data['label'] == category]['image_path'].iloc[:num_images]

    for j, img_path in enumerate(category_images):

        img = cv2.imread(img_path)
        img = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)

        plt.subplot(len(categories), num_images, i * num_images + j + 1)
        plt.imshow(img)
        plt.axis('off')
        plt.title(category)

plt.suptitle("Visualization of Each Tumor Category - Chest X-Ray MSI",
             fontsize=22, fontweight='bold')
plt.tight_layout()
plt.show()


# Visualization of Each Tumor Category - Histopathological MSI

num_images = 5

categories = histopathological_msi_data['label'].unique()

plt.figure(figsize=(15, 12))

for i, category in enumerate(categories):
    category_images = histopathological_msi_data[histopathological_msi_data['label'] == category]['image_path'].iloc[:num_images]

    for j, img_path in enumerate(category_images):

        img = cv2.imread(img_path)
        img = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)

        plt.subplot(len(categories), num_images, i * num_images + j + 1)
        plt.imshow(img)
        plt.axis('off')
        plt.title(category)

plt.suptitle("Visualization of Each Tumor Category - Histopathological MSI",
             fontsize=22, fontweight='bold')
plt.tight_layout()
plt.show()


# Visualization of Each Tumor Category - Ultrasound MSI

categories = ultrasound_msi_data['label'].unique()

num_images = 5

plt.figure(figsize=(15, 12))

for i, category in enumerate(categories):
    category_images = ultrasound_msi_data[ultrasound_msi_data['label'] == category]['image_path'].iloc[:num_images]

    for j, img_path in enumerate(category_images):

        img = cv2.imread(img_path)
        img = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)

        plt.subplot(len(categories), num_images, i * num_images + j + 1)
        plt.imshow(img)
        plt.axis('off')
        plt.title(category)

plt.suptitle("Visualization of Each Tumor Category - Ultrasound MSI", fontsize=22, fontweight='bold')
plt.tight_layout()
plt.show()


# Pre-Process of the model labels

def standardize_labels(labels):
    label_map = {
        "Normal": "benign",
        "Malignant": "malignant",
        "benign": "benign",
        "malignant": "malignant"
    }
    return [label_map[label] for label in labels]

def preprocess_image(img_path, target_size=(224, 224)):
    img = cv2.imread(img_path)
    img = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)
    img = cv2.resize(img, target_size)
    img = img / 255.0
    return img

def load_images(chest_xray_msi_data, modality_name):
    images = []
    labels = []
    for _, row in chest_xray_msi_data.iterrows():
        img = preprocess_image(row['image_path'])
        images.append(img)
        labels.append(row['label'])
    labels = standardize_labels(labels)
    return np.array(images), np.array(labels)

xray_images, xray_labels = load_images(chest_xray_msi_data, "Chest X-ray")
histo_images, histo_labels = load_images(histopathological_msi_data, "Histopathological")
ultra_images, ultra_labels = load_images(ultrasound_msi_data , "Ultrasound")

le = LabelEncoder()
all_labels = np.concatenate([xray_labels, histo_labels, ultra_labels])
le.fit(all_labels)
xray_labels = le.transform(xray_labels)
histo_labels = le.transform(histo_labels)
ultra_labels = le.transform(ultra_labels)

print("Label classes:", le.classes_)

# ResNet Architechture using CNN Model

resnet_cnn_base_model = ResNet50(weights='imagenet', include_top=False, pooling='avg')

def extract_features(images, model):
    features = model.predict(images, batch_size=32, verbose=1)
    return features

xray_features = extract_features(xray_images, resnet_cnn_base_model)
histo_features = extract_features(histo_images, resnet_cnn_base_model)
ultra_features = extract_features(ultra_images, resnet_cnn_base_model)

print("X-ray features shape:", xray_features.shape)
print("Histopathological features shape:", histo_features.shape)
print("Ultrasound features shape:", ultra_features.shape)

# Setup Features selection of ResNet Architecture using CNN Model

num_resnet_cnn = min(len(xray_features), len(histo_features), len(ultra_features))
xray_features = xray_features[:num_resnet_cnn]
histo_features = histo_features[:num_resnet_cnn]
ultra_features = ultra_features[:num_resnet_cnn]
labels = xray_labels[:num_resnet_cnn]

combined_features = np.concatenate([xray_features, histo_features, ultra_features], axis=1)
print("Setup Features selection of ResNet Architecture using CNN Model:", combined_features.shape)

X_train, X_test, y_train, y_test = train_test_split(
    combined_features, labels, test_size=0.2, random_state=42, stratify=labels
)

input_shape = combined_features.shape[1]
input_layer = Input(shape=(input_shape,))
x = Dense(512, activation='relu')(input_layer)
x = Dropout(0.5)(x)
x = Dense(256, activation='relu')(x)
x = Dropout(0.3)(x)
output_layer = Dense(1, activation='sigmoid')(x)
model = Model(inputs=input_layer, outputs=output_layer)
model.compile(optimizer=Adam(learning_rate=1e-4), loss='binary_crossentropy', metrics=['accuracy'])


# ResNet Architecture using CNN Model Traing

early_stop = EarlyStopping(
    monitor='val_loss',
    patience=5,
    restore_best_weights=True
)

history = model.fit(
    X_train, y_train,
    validation_data=(X_test, y_test),
    epochs=20,
    batch_size=32,
    verbose=1
)

# Classification Report of ResNet Architecture using CNN Model

test_loss, test_accuracy = model.evaluate(X_test, y_test, verbose=0)
print(f"Accuracy of ResNet Architecture using CNN Model: {test_accuracy:.2f}")

y_pred = (model.predict(X_test) > 0.5).astype(int)
print("\nClassification Report of ResNet Architecture using CNN Model:")
print(classification_report(y_test, y_pred, target_names=le.classes_))

mcc = matthews_corrcoef(y_test, y_pred)
print(f"\nMCC of ResNet Architecture using CNN Model: {mcc:.3f}")


# Confusion Matrix of ResNet Architecture using CNN Model

cm = confusion_matrix(y_test, y_pred)
plt.figure(figsize=(7, 6))
sns.heatmap(cm, annot=True, fmt='d', cmap="Blues", linewidths=.5,
            xticklabels=le.classes_, yticklabels=le.classes_)

plt.title("Confusion Matrix of ResNet Architecture using CNN Model", fontsize=16, fontweight='bold')
plt.xlabel("Predicted Label", fontsize=12)
plt.ylabel("True Label", fontsize=12)
plt.show()


# Training & Validation Performance of ResNet Architecture using CNN Model

plt.figure(figsize=(12, 4))

plt.suptitle("Training & Validation Performance of ResNet Architecture using CNN Model", fontsize=18, fontweight='bold')

plt.subplot(1, 2, 1)
plt.plot(history.history['accuracy'], label='Train Accuracy')
plt.plot(history.history['val_accuracy'], label='Validation Accuracy')
plt.title('Model Accuracy')
plt.xlabel('Epoch')
plt.ylabel('Accuracy')
plt.legend()

plt.subplot(1, 2, 2)
plt.plot(history.history['loss'], label='Train Loss')
plt.plot(history.history['val_loss'], label='Validation Loss')
plt.title('Model Loss')
plt.xlabel('Epoch')
plt.ylabel('Loss')
plt.legend()

plt.tight_layout()
plt.show()


# ROC Curve of ResNet Architecture using CNN Model

y_pred_prob = model.predict(X_test).ravel()

fpr, tpr, _ = roc_curve(y_test, y_pred_prob)
roc_auc = auc(fpr, tpr)

plt.figure(figsize=(7,6))
plt.plot(fpr, tpr, label=f"AUC = {roc_auc:.3f}", linewidth=2)
plt.plot([0,1],[0,1],'--')

plt.title("ROC Curve of ResNet Architecture using CNN Model", fontsize=16, fontweight='bold')
plt.xlabel("False Positive Rate", fontsize=12)
plt.ylabel("True Positive Rate", fontsize=12)
plt.legend(loc="lower right")
plt.grid(True)
plt.show()


# DenseNet Architechture using CNN Model

densenet_cnn_base_model  = DenseNet201(weights='imagenet', include_top=False, pooling='avg')

def extract_features(images, model):
    features = model.predict(images, batch_size=32, verbose=1)
    return features

xray_features = extract_features(xray_images, densenet_cnn_base_model )
histo_features = extract_features(histo_images, densenet_cnn_base_model )
ultra_features = extract_features(ultra_images, densenet_cnn_base_model )

print("X-ray features shape:", xray_features.shape)
print("Histopathological features shape:", histo_features.shape)
print("Ultrasound features shape:", ultra_features.shape)

# Setup Features selection of DenseNet Architecture using CNN Model

num_densenet_cnn = min(len(xray_features), len(histo_features), len(ultra_features))
xray_features = xray_features[:num_densenet_cnn]
histo_features = histo_features[:num_densenet_cnn]
ultra_features = ultra_features[:num_densenet_cnn]
labels = xray_labels[:num_densenet_cnn]

combined_features = np.concatenate([xray_features, histo_features, ultra_features], axis=1)
print("Setup Features selection of DenseNet Architecture using CNN Model:", combined_features.shape)

X_train, X_test, y_train, y_test = train_test_split(
    combined_features, labels, test_size=0.2, random_state=42, stratify=labels
)

input_shape = combined_features.shape[1]
input_layer = Input(shape=(input_shape,))
x = Dense(512, activation='relu')(input_layer)
x = Dropout(0.5)(x)
x = Dense(256, activation='relu')(x)
x = Dropout(0.3)(x)
output_layer = Dense(1, activation='sigmoid')(x)
model = Model(inputs=input_layer, outputs=output_layer)
model.compile(optimizer=Adam(learning_rate=1e-4), loss='binary_crossentropy', metrics=['accuracy'])


# DenseNet Architecture using CNN Model Traing

early_stop = EarlyStopping(
    monitor='val_loss',
    patience=5,
    restore_best_weights=True
)

history = model.fit(
    X_train, y_train,
    validation_data=(X_test, y_test),
    epochs=20,
    batch_size=32,
    verbose=1
)

# Classification Report of DenseNet Architecture using CNN Model

test_loss, test_accuracy = model.evaluate(X_test, y_test, verbose=0)
print(f"Accuracy of DenseNet Architecture using CNN Model: {test_accuracy:.2f}")

y_pred = (model.predict(X_test) > 0.5).astype(int)
print("\nClassification Report of DenseNet Architecture using CNN Model:")
print(classification_report(y_test, y_pred, target_names=le.classes_))

mcc = matthews_corrcoef(y_test, y_pred)
print(f"\nMCC of DenseNet Architecture using CNN Model: {mcc:.3f}")


# Confusion Matrix of DenseNet Architecture using CNN Model

cm = confusion_matrix(y_test, y_pred)
plt.figure(figsize=(7, 6))
sns.heatmap(cm, annot=True, fmt='d', cmap="Greens", linewidths=.5,
            xticklabels=le.classes_, yticklabels=le.classes_)

plt.title("Confusion Matrix of DenseNet Architecture using CNN Model", fontsize=16, fontweight='bold')
plt.xlabel("Predicted Label", fontsize=12)
plt.ylabel("True Label", fontsize=12)
plt.show()


# Training & Validation Performance of DenseNet Architecture using CNN Model

plt.figure(figsize=(12, 4))

plt.suptitle("Training & Validation Performance of DenseNet Architecture using CNN Model", fontsize=18, fontweight='bold')

plt.subplot(1, 2, 1)
plt.plot(history.history['accuracy'], label='Train Accuracy')
plt.plot(history.history['val_accuracy'], label='Validation Accuracy')
plt.title('Model Accuracy')
plt.xlabel('Epoch')
plt.ylabel('Accuracy')
plt.legend()

plt.subplot(1, 2, 2)
plt.plot(history.history['loss'], label='Train Loss')
plt.plot(history.history['val_loss'], label='Validation Loss')
plt.title('Model Loss')
plt.xlabel('Epoch')
plt.ylabel('Loss')
plt.legend()

plt.tight_layout()
plt.show()


# ROC Curve of DenseNet Architecture using CNN Model

y_pred_prob = model.predict(X_test).ravel()

fpr, tpr, _ = roc_curve(y_test, y_pred_prob)
roc_auc = auc(fpr, tpr)

plt.figure(figsize=(7,6))
plt.plot(fpr, tpr, label=f"AUC = {roc_auc:.3f}", linewidth=2)
plt.plot([0,1],[0,1],'--')

plt.title("ROC Curve of DenseNet Architecture using CNN Model", fontsize=16, fontweight='bold')
plt.xlabel("False Positive Rate", fontsize=12)
plt.ylabel("True Positive Rate", fontsize=12)
plt.legend(loc="lower right")
plt.grid(True)
plt.show()


# Setup Features selection of EfficientNet Architecture using CNN Model

# Feature alignment and concatenation
num_efficientnet_cnn = min(len(xray_features), len(histo_features), len(ultra_features))
xray_features = xray_features[:num_efficientnet_cnn]
histo_features = histo_features[:num_efficientnet_cnn]
ultra_features = ultra_features[:num_efficientnet_cnn]
labels = xray_labels[:num_efficientnet_cnn]

combined_features = np.concatenate([xray_features, histo_features, ultra_features], axis=1)
print("Combined EfficientNet feature shape:", combined_features.shape)

# Train-test split
X_train, X_test, y_train, y_test = train_test_split(
    combined_features, labels, test_size=0.2, random_state=42, stratify=labels
)

# Calculate class weights
class_weights_array = compute_class_weight('balanced', classes=np.unique(y_train), y=y_train)
class_weights = {i: weight for i, weight in enumerate(class_weights_array)}

# Define classifier network
input_shape = combined_features.shape[1]
input_layer = Input(shape=(input_shape,))
x = Dense(256, activation='relu')(input_layer)
x = Dropout(0.3)(x)
output_layer = Dense(1, activation='sigmoid')(x)

model = Model(inputs=input_layer, outputs=output_layer)
model.compile(optimizer=Adam(learning_rate=1e-4),
              loss='binary_crossentropy',
              metrics=['accuracy'])
model.summary()

# EfficientNet Architecture using CNN Model Training

early_stop = EarlyStopping(
    monitor='val_loss',
    patience=5,
    restore_best_weights=True
)

history = model.fit(
    X_train, y_train,
    validation_data=(X_test, y_test),
    epochs=20,
    batch_size=32,
    class_weight=class_weights,
    verbose=1
)

# Classification Report of EfficientNet Architecture using CNN Model

# Evaluate model
test_loss, test_accuracy = model.evaluate(X_test, y_test, verbose=0)
print(f"\nAccuracy of EfficientNet Architecture using CNN Model: {test_accuracy:.2f}")

# Classification report
y_pred = (model.predict(X_test) > 0.5).astype(int)
print("\nClassification Report of EfficientNet Architecture using CNN Model:")
print(classification_report(y_test, y_pred, target_names=le.classes_))

mcc = matthews_corrcoef(y_test, y_pred)
print(f"\nMCC of EfficientNet Architecture using CNN Model: {mcc:.3f}")

# Store EfficientNet results
efficientnet_acc = test_accuracy
efficientnet_mcc = mcc
efficientnet_pred = y_pred
efficientnet_y_test = y_test


# Confusion Matrix of EfficientNet Architecture using CNN Model

# Confusion matrix
cm = confusion_matrix(y_test, y_pred)
plt.figure(figsize=(7, 6))
sns.heatmap(cm, annot=True, fmt='d', cmap="Purples", linewidths=.5,
            xticklabels=le.classes_, yticklabels=le.classes_)
plt.title("Confusion Matrix of EfficientNet Architecture using CNN Model", fontsize=16, fontweight='bold')
plt.xlabel("Predicted Label", fontsize=12)
plt.ylabel("True Label", fontsize=12)
plt.show()

# Training & Validation Performance of EfficientNet Architecture using CNN Model

# Training & validation performance visualization
plt.figure(figsize=(12, 4))
plt.suptitle("Training & Validation Performance of EfficientNet Architecture using CNN Model",
             fontsize=18, fontweight='bold')
plt.subplot(1, 2, 1)
plt.plot(history.history['accuracy'], label='Train Accuracy')
plt.plot(history.history['val_accuracy'], label='Validation Accuracy')
plt.title('Model Accuracy')
plt.xlabel('Epoch')
plt.ylabel('Accuracy')
plt.legend()
plt.subplot(1, 2, 2)
plt.plot(history.history['loss'], label='Train Loss')
plt.plot(history.history['val_loss'], label='Validation Loss')
plt.title('Model Loss')
plt.xlabel('Epoch')
plt.ylabel('Loss')
plt.legend()
plt.tight_layout()
plt.show()

# ROC Curve of EfficientNet Architecture using CNN Model

# ROC Curve
y_pred_prob = model.predict(X_test).ravel()
fpr, tpr, _ = roc_curve(y_test, y_pred_prob)
roc_auc = auc(fpr, tpr)
plt.figure(figsize=(7,6))
plt.plot(fpr, tpr, label=f"AUC = {roc_auc:.3f}", linewidth=2)
plt.plot([0,1],[0,1],'--')
plt.title("ROC Curve of EfficientNet Architecture using CNN Model", fontsize=16, fontweight='bold')
plt.xlabel("False Positive Rate", fontsize=12)
plt.ylabel("True Positive Rate", fontsize=12)
plt.legend(loc="lower right")
plt.grid(True)
plt.show()

# Model Saving

import pickle

os.makedirs("saved_models", exist_ok=True)

def save_model_as_pkl(model, history, model_name, test_accuracy, mcc):
    """
    Save Keras model and key results in .pkl format
    """
    model_path = f"saved_models/{model_name}.h5"
    pkl_path = f"saved_models/{model_name}.pkl"

    # Save the full Keras model in .h5
    model.save(model_path)

    # Prepare metadata dictionary for .pkl
    model_data = {
        "model_name": model_name,
        "model_path": model_path,
        "test_accuracy": float(test_accuracy),
        "mcc": float(mcc),
        "history": {
            "accuracy": history.history.get('accuracy', []),
            "val_accuracy": history.history.get('val_accuracy', []),
            "loss": history.history.get('loss', []),
            "val_loss": history.history.get('val_loss', [])
        }
    }

    # Save metadata as .pkl
    with open(pkl_path, 'wb') as file:
        pickle.dump(model_data, file)

    print(f"\n {model_name} model saved successfully as:")
    print(f" {model_path}")
    print(f" {pkl_path}\n")


# For ResNet
save_model_as_pkl(model, history, "ResNet_CNN_Model", test_accuracy, mcc)

# For DenseNet
save_model_as_pkl(model, history, "DenseNet_CNN_Model", test_accuracy, mcc)

# For EfficientNet
save_model_as_pkl(model, history, "EfficientNet_CNN_Model", test_accuracy, mcc)


# Model Comparison

resnet_acc = 0.81
densenet_acc = 0.97
efficientnet_acc = 0.94

model_comparison = {
    'ResNet50': resnet_acc,
    'DenseNet201': densenet_acc,
    'EfficientNetB0': efficientnet_acc
}

comparison_df = pd.DataFrame(list(model_comparison.items()), columns=['Model', 'Accuracy'])

plt.figure(figsize=(8,6))
sns.barplot(x='Model', y='Accuracy', data=comparison_df,
            palette=['#FF6F61','#6B5B95','#88B04B'])

plt.title('Model Comparison by Accuracy', fontsize=16, fontweight='bold')
plt.ylabel('Accuracy', fontsize=12)
plt.xlabel('CNN Architecture', fontsize=12)

for i, val in enumerate(comparison_df['Accuracy']):
    plt.text(i, val + 0.005, f'{val:.2f}', ha='center', fontsize=11, fontweight='bold')

plt.ylim(0, 1)
plt.show()


# Prediction


# CONFIGURATION

num_images = 3
title_fontsize = 10
main_title = (
    "Visualization of Tumor Categories across MSI Modalities "
    "with Predicted Labels and Confidence Scores"
)


# DEFINE DATASETS

datasets = [
    ("Chest X-Ray MSI", chest_xray_msi_data),
    ("Histopathological MSI", histopathological_msi_data),
    ("Ultrasound MSI", ultrasound_msi_data)
]

# COMPUTE SUBPLOTS

total_rows = len(datasets)
categories = [ds[1]['label'].unique() for ds in datasets]
max_categories = max(len(c) for c in categories)
total_cols = num_images * max_categories

fig, axes = plt.subplots(total_rows, total_cols, figsize=(22, 12))
axes = np.array(axes).reshape(total_rows, total_cols)


for row_idx, (modality_title, dataset) in enumerate(datasets):
    category_list = dataset['label'].unique()
    col_idx = 0

    for category in category_list:
        # Take few sample images for each category
        subset = dataset[dataset['label'] == category].iloc[:num_images]

        for _, row in subset.iterrows():
            if col_idx >= total_cols:
                break

            img_path = row['image_path']
            img = cv2.imread(img_path)
            img = cv2.cvtColor(img, cv2.COLOR_BGR2RGB)

            # Retrieve prediction label & score
            predicted_label = row.get('predicted_label', None)
            pred_score = row.get('pred_score', row.get('prediction', None))

            # Build display text for top of image
            if predicted_label is not None and pred_score is not None:
                display_text = f"Pred: {predicted_label} ({pred_score*100:.1f}%)"
            elif pred_score is not None:
                display_text = f"Score: {pred_score*100:.1f}%"
            else:
                display_text = category  # fallback

            # Title color (red for malignant, green for benign)
            text_color = 'darkred' if 'malig' in display_text.lower() else 'darkgreen'

            # Plot image
            ax = axes[row_idx, col_idx]
            ax.imshow(img)
            ax.axis('off')

            # Title ABOVE image
            ax.set_title(
                display_text,
                fontsize=title_fontsize,
                fontweight='bold',
                color=text_color,
                pad=10,
                loc='center'
            )

            col_idx += 1

    # Adding left-side label for modality
    axes[row_idx, 0].text(
        -0.8, 0.5, modality_title,
        rotation=90,
        fontsize=13,
        fontweight='bold',
        va='center',
        ha='center',
        transform=axes[row_idx, 0].transAxes,
        color='navy'
    )

# FINAL LAYOUT

plt.suptitle(main_title, fontsize=20, fontweight='bold', y=1.02)
plt.tight_layout()
plt.show()
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<class *pandas. core. frame.DataFrane’>
RangeIndex: 896 entries, @ to 805

Data colums (total 2 columns):

# Colum  MNon-Null Count Dtype

© image path 896 non-null  object

1 label 86 non-null  object.
dtypes: object(2)

memory usage: 12.7+ KB
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Pre-Process of the model labels 1

def standardize labels(labels):
Tabel_nap - (
“Normal": benign’,
“Malignant®: "malignant",
“benign™: "benign’,
“azlignant”: "nalignant”

)
Feturn [1abel_aplabel] for label in labels]

def preprocess_inage(ing_path, target_size-(224, 224)]
img - cv2.inrea(ing_path)
ing = cv2.cvtColor(ing, cv2.COLOR_BGR2AGE)
ing - cv2.resize(ing, target_size)
ing - ing / 255.0
return dng.

ef 1030_inages (chest _xray_nsi_data, modality_name
images - (]

Tabels - 1]

For _, row in chest_xray_asi_data.iterrous(;
‘ing - preprocess_inage(rou| ‘inage_path'])
inages. zppend (ing)

Labels append(row] 13be1'1)

Labels - standardize_labels(labels)

return np.array(inages), np.array(labels)

xray_inages, xray_labels - load_inages(chest xray_msi_data, "Chest X-ray’)
histo_inages, histo_labels - load_inages(histopathological_usi data, “Histopathological”)
ultra_inages, ultra_labels - load_inages(ultrasound msi_data , "Ultrasound’)

1e - LabelEncoder()
11 labels - mp.concatenate([xray_labels, histo_labels, ultra labels])
Le.Fit (a1l labels)

ray_labels - le.transfors(xray_labels)
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ResNet Architechture using CNN Model

resnet_cnn_base_model - ResNet5@(weights-'inagenct’, include_top-ralse, pooling-'ave’)

def extract_features(inages, model):
features - model.predict(images, batch size-32, verbose-1)
return features

xray_features - extract_features(xray_inages, resnet_cnn_base_model)
histo_features - extract_features(histo_inages, resnet_cnn_base_model)
ultra_features - extract_features(ultra_inages, resnet_cnn_base_model)

print("X-ray features shape:", xray_features.shape)
print("Histopathological features shape:”, histo_features.shape)
print("Ultrasound features shape:", ultra_features.shape)

32/32 —————————— 475 1s/step
39/39 555 1s/step

26/26 395 1s/step

X-ray features shape: (1000, 2048)
Histopathological features shape: (1246, 2045)
Ultrasound features shape: (806, 2048)
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Setup Features selection of ResNet Architecture using CNN Model T

num_resnet_cnn - nin(1en(xray_features), 1en(histo_features), 1o (ultra_features))

combined_features - np.concatenate([xray_features, histo features, ultra features], axis-1)
print("Setup Features selection of ResNet Architecture using CNN Model:", combined_features.shape)

X train, X test, y_train, y_test - train test split(
combinedfeatures, labels, test_size-d.2, random_state-42, stratify-labels
)

input_shape - combined_features.shape[1]

input_layer - Input(shape-(input_shape,))

X - Dense(512, activation-'relu’)(input_layer)

Dropout(2.5) (x)

Dense(256, activation-'relu’)(x)

Dropout(2.3) (x)

output_layer - Dense(1, activation-'sigmoid’)(x)

model - Hodel(inputs-input layer, outputs-output_layer)

model. conpile(optinizer-Adan(learning rate-le-4), loss='binary_crossentropy’, metrics-['accuracy’])

Setup Features selection of ResNet Architecture using CNN Model: (306, 6144)
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ResNet Architecture using CNN Model Traing

T
monitor- el loss",
patience-<,
restore_best velghts-True

)

history - model.i5(
X_train, y_train,
validation data-(X_test, y_test),
‘epochs-2:,
baten size- 2,
verbose- 1

Epoch 1/20

Epoch 2720

Epoch 3/20

Epoch 4120

Epoch 5120

Epoch /20

Epoch 7720

Epoch /20

Epoch 9/20

tiggEgyy





image20.png
DenseNet Architechture using CNN Model

densenet_cnn_base_model - DenseNet201(weights-'imagenct’, include top-False, pooling-'ave’)

def extract featurcs(images, model):
features - model.predict (images, batch_size-32, verbose-1)
return features.

xray_features - extract_features(xray_images, densenet_cnn_base_model )
histo_features - extract_features(histo_images, densenet_cnn_base_model )
ultra_features - extract_features(ultra_images, densenet_cnn_base_model )

print("X-ray features shape:", xray_features.shape)
print("Histopathological features shape:", histo_features.shape)
print("Ultrasound features shape:", ultra features.shape)

32/32 ————————————— 975 3s/step
39/39 ————————————— 1065 3s/step
26/26 —————————————— 585 2s/step

X-ray features shape: (1000, 1920)
Histopathological features shape: (1246, 1920)
Ultrasound features shape: (806, 1920)
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Setup Features selection of DenseNet Architecture using CNN Mod

num_densenet_cnn - rin(1n(xray_features), len(histo_features), 1<n(ultra_features))

combined_features - np.concatenate([xray_features, histo features, ultra features], axis-1)
print("Setup Features selection of Denseliet Architecture using CUN Model:", combined features.shape)

X train, X test, y_train, y_test - train test split(
combined_features, labels, test_size-9.2, random state-42, stratify-labels
)

input_shape - combined_features.shape[1]

input_layer - Input(shape-(input_shape,))

Dense(512, activation-'relu’) (input_layer)

Dropout(2.5) (x)

Dense(256, activation-'relu’)(x)

Dropout(2.3) (x)

output_layer - Dense(1, activation-'sigmoid’)(x)

model ~ Hodel(inputs-input layer, outputs-output_layer)

model. conpile(optinizer-Adan(learning rate-le-4), loss='binary_crossentropy’, metrics-['accuracy’])

Setup Features selection of Densellet Architecture using CUN Model: (306, 5760)
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DenseNet Architecture using CNN Model Traing

T
monitor- el loss",
patience-<,
restore_best velghts-True

)

history - model.i5(
X_train, y_train,
validation data-(X_test, y_test),
epochs-22,
bateh size-2,
verbose

)

Epoch 1/20
22 2 Ies/step - sccuracy: 0.5575
Epoch 2720

2 15 27es/step - sccuracy: 0.703
Epoch 3/20
22 15 2ems/step - sccuracy: 07671
Epoch 4120
22 15 Mms/step - sccuracy: 07873
Epoch 5120

22
Epoch 6120
221 15 3es/step - sccuracy: 0.8385
Epoch 7720
221 15 3es/step - sccuracy: 0.8898
Epoch /20
22 15 Jes/step - sccuracy: 0.8948
Epoch 9720
2421 15 3ims/step - accuracy: 8.9006

- valloss:

FFETREEOL S
FEEEERED ]
sEEREEREGRGE
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Setup Features selection of EfficientNet Architecture using CNN Mod

num_efFicientnet cnn - nin(1er (xray_features), 1er (histo_features), 1er(ultra features))

combined_features -

. concatenate([xray_features, histo_features, ultra_features], axis-1)
print("Combined Efficientliet feature shape:”, combined_features. shape)

X train, X test, y_train, y_test - train test split(

)

combined_features, labels, test_size-9.2, random state-42, stratify-labels

class_weights_array

Class_weights -

compute_class_weight(balanced’, classes-np.unique(y_train), y-y_train)
weight for i, weight in cnunerate(class_weights_array)}

input_shape - combined_features.shape[1]

input_layer - Input(shape-(input_shape,))
Dense(256, activation-'relu’)(input_layer)

Dropout(9.3) (x)

output_layer - Dense(1, activation-'sigmoid’)(x)

model - Model(inputs-input_layer, outputs-output_layer)
model. conpi 1 (optimizer-Adan(learning_rate-1e-4),
1oss="binary_crossentropy’,
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EfficientNet Architecture using CNN Model Training

early_stop - EarlyStopping(

monitor-"val loss',

patience-5,

restore_best_weights-Truc

)

history - model. Fit(
X_train, y_train,

validation_data-(X_test, y_test),

Class_weight class_veights,

verbose-1

)

Epoch
21/21
Epoch
21/21
Epoch
21/21
Epoch
21/21
Epoch
21/21

1/20

2/20

3/20

a/20

s/20

I R

27ms/step
15ms/step
15ms/step
16ms/step

15ms/step

accuracy:

accuracy:

accuracy:

accuracy:

accuracy:

0.6460

0.7919

0.3463

0.3680

0.9084

loss:

loss:

loss:

loss:

Joss:

0.6230

0.4651

0.3583

0.3202

0.2639

val_accuracy: 0.791
val_accuracy: 0.8395
val_accuracy: 0.8025
val_accuracy: 0.8827

val accuracy: ©.8765

val_loss: 0.4791
val_loss: 0.4079
val_loss: 0.4333
val_loss: 0.2024

val loss: @.2939
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Trom werkzeug.utils import secure_rllename
import basesd

# Flask App Configuration
app = Flask(_name_)

app. config[ 'UPLOAD_FOLDER"] = *static/uploads’

app. config[ "MAX_CONTENT_LENGTH'] = 16 * 1624 * 1024 # 16M8 max
os.makedirs(app.config[ 'UPLOAD_FOLDER"], exist_ok=True)

ALLOWED_EXTENSIONS = {'png’, "jpg’,
IG_SIZE - (224, 228)

“jpeg’, bmp’, "tiff'}

print("\n" + "="*70)
print("Loading Breast Cancer Detection Model”)
print("="*70)

# Model configuration
MODEL_NAME = "EfficientNet_CNN_Model”
input_shape = 3840

def build_classifier_model(input_shape-3840):
"""Build the classifier model architecture
input_layer = Input(shape=(input_shape,))

ense(256, activation='relu’)(input_layer)

X = Dropout(e.3) (x)

output_layer = Dense(1, activation="signoid’)(x)

model = Model (inputs=input_layer, outputs=output layer)
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# Helper Functions
def allowed_file(filename):
return *.* in filename and filename.rsplit(’.’, 1)[1].lower() in ALLOWED_EXTENSTONS

def preprocess_inage (ing_path):
"""Load and preprocess image for EfficientNe
ing - image.load_ing(img_path, target size=IMG_SIZE)
img_array = image.ing_to_array(ing)
ing_array = np.expand_dims(ing_array, axis-0)
ing_array = preprocess_input(img_array)
return img_array

def extract_features (ing_path):
"""Extract features using EfficientNetBo™
ing_array = preprocess_image(img_path)
features - feature_extractor.predict(img_array, verbose=0)
return features

def guess_modality(img):
“""Heuristic to guess image modality”
gray = cv2.cvtColor(img, cv2.COLOR_RGB2GRAY)
std_intensity = np.std(gray)
colorfulness = np.mean(np.abs(img[..., @] - img[.

2 11) + np.mean(np-abs (ingl ..., 2] - ingl..., 11))

if colorfulness < 15:
return "X-ray”
elif std_intensity > 46 and colorfulness > 40:
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Breast Cancer Detection
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Breast Cancer Detection
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Class Proportion of Breast Cancer
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Visualization of Each Tumor Category - Chest X-Ray MSI
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Visualization of Each Tumor Category - Histopathological MSI
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Visualization of Each Tumor Category - Ultrasound MSI
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Classification Report of ResNet Architecture using CNN Model

test_loss, test_accuracy - model.cvaluate(X_test, y_test, verbose-0)
print(f"Accuracy of ResNet Architecture using CNN Model: {test_accuracy:.2f}")

y_pred - (model.predict(X_test) > 0.5).astype(int)
print("\nClassification Report of ResNet Architecture using CNN Model:")

print(classification_report(y_test, y_pred, target names-le.classes ))

mcc - matthews_corrcoef(y_test, y_pred)
Print(F'\nHCC of ResNet Architecture using CNN Model: {mcc:.3f}")

Accuracy of ResNet Architecture using CNN Model: 0.81
6/6 ————————————— @s 1ins/step

Classification Report of ResNet Architecture using CNN Model:

precision  recall fl-score support
benign 0.90 0.58 0.71 6
malignant 0.79 0.96 0.36 100
accuracy. 0.51 162
macro avg 0.3 0.77 0.79 162
weighted avg 0.53 0.81 0.30 162

MCC of ResNet Architecture using CNN Model: 0.609




image38.png
Confusion Matrix of ResNet Architecture using CNN Model
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Classification Report of DenseNet Architecture using CNN Model

test_loss, test_accuracy - model.cvaluate(X_test, y_test, verbose-2)
print(£"Accuracy of DenseNet Architecture using CNN Model: {test accuracy:.2f}")

y_pred - (model.predict(X_test) > 0.5).astype(int)
print("\nClassification Report of Densellet Architecture using CNN Mode!
print(classification report(y_test, y_pred, target_names-le.classes ))

mcc - matthews_corrcoef(y_test, y_pred)
Print(F\MHCC of DenseNet Architecture using CNN Model: {mcc:.3f}")

Accuracy of Denseliet Architecture using CNN Model: 0.57
6/6 ———————————— @5 17ns/step

Cuassification Report of Denseliet Architecture using Qi Model:
precision  recall fl-score support

benign 0.95 097 0.9 62
malignant 098 097 097 100
accuracy 0.97 162
macro ave 0.97 097 @97 162
weighted avg 097 097 69 162

MCC of DenseMet Architecture using CNN Model: .935
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Confusion Matrix of DenseNet Architecture using CNN Model
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Classification Report of EfficientNet Architecture using CNN Model

test_loss, test_accuracy - model.evaluste(K_test, y_test, verbose-2)
pran(£"\nhccuracy of EFficientiet Architacture using M Model: (test_accuracy:.26)°)

y_pred = (modelpradict(X_test) > 6.5).astype(i11)
print("\nClassification Report of EFFicientiet Architecture using O Hodel:")
i (classification_report(y_test, y_pred, target_nanes-le.classes )

mcc - matthous_corrcoef(y_test, y_pred)
Prn(E\WACC of EFficienthet Architecture using CIN Model: [mccs.3f)")

efficientnet_acc - test_accuracy.
efficientnet_ncc - mec

efficientnet_y_test - y_test

Accuracy of EFficienthet Architecture using CIN Model: 0.94
/6~ os tens/step

Classification Report of EFficientliet Architecture using OIN Hode)
precision recall fi-score  support
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Confusion Matrix of EfficientNet Architecture using CNN Model
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Training & Validation Performance of EfficientNet Architecture using CNN Model
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