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ABSTRACT 

 Diagnosis of metastatic cancer remains one of the challenging problems in clinical oncology, as disease 
spread is highly complex and heterogeneous by nature. Widely used deep learning models extract features 
from single-modality inputs, including imaging or clinical data, but are thus hindered in their diagnostic 
robustness and generalizability. Meanwhile, existing fusion strategies do not sufficiently learn the complex 
cross-modal interactions that are essential for reliable metastasis prediction. To overcome these limitations, 
we propose MetaBreastAI, a new explainable multi-modality metastasis detection framework, combining 
medical imaging and clinical information. The central component of the framework is a hybrid dual-stream 
architecture (MetaBreastNet) that fuses a ConvNeXt-based CNN and a Swin transformer-based encoder to 
extract informative local and global features from imaging and clinical data, respectively. Firstly, we 
introduce a multi-head cross-attention-based interaction fusion module to exploit the inter-modal 
interactions. Then, the gated attention is used to refine the salient features further. To gain better accuracy 
and interpretability for metastatic prediction, the fused embeddings are routed through a fully connected 
classifier. Extensive experimental evaluations on benchmark datasets show that the proposed model 
outperforms the existing baselines, achieving state-of-the-art AUC, accuracy, and F1-scores. We provide 
ablation studies confirming that each of our architectural modules contributes to the performance gains, and 
results from an explainability method allowing us to visualise the model’s decision process. Abstract 
Introduction the MetaBreastAI framework not only enhances metastatic cancer diagnostic accuracy but also 
provides a clinically aligned decision support tool. The modular architecture and explainability capabilities 
make it applicable to more cancer types and multi-source medical datasets. 
Keywords - Metastasis Detection, Multi-Modal Learning, Explainable Deep Learning, Swin Transformer, 

Medical Image Analysis 

1. INTRODUCTION  

Deep learning can exploit complex and 
heterogeneous data, which enables intelligent 
analysis, and has emerged as one of the most 
important and impressive advances in medical 
diagnostics. Also, the combination of imaging and 
clinical information has shown promise for 

enhancing accuracy and patient care [1]. 
Nonetheless, the available models target either 
single modality data, and therefore their capacity 
to detect the entire range of diagnostic cues 
necessary for holistic disease identification and 
prognosis is limited. Recent work [1], [2] has 
reported relying on the latter above, and multi-
modal fusion techniques as well as attention-
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guided networks are prevalent [1]. Although the 
allocation makes decent improvements, it still 
comes short about essential issues such as weak 
attribute illustration, interpretability, and fusion 
strategies. 

To overcome these limitations, the current work 
proposes a novel deep-learning framework called 
MetaBreastAI, which is not specific to breast 
cancer and aims at providing a generalized multi-
modal metastasis detection model. Our proposed 
system combines imaging and clinical data 
streams into a single dual-stream, which consists 
of ConvNeXt and Swin Transformer backbones, 
followed by multi-head cross-attention and gated 
fusion [22], [23]. Such architecture facilitates 
high-quality features and multi-modal interaction, 
allowing a fine-grained analysis and enabling the 
correct prediction of metastasis.  

Research Problem Statement and Research 
Questions 

Despite significant progress in deep learning-
based cancer diagnosis, existing studies continue 
to face challenges related to modality-specific 
limitations, heterogeneous imaging 
characteristics, and insufficient exploitation of 
complementary information available across 
multiple imaging modalities. Most existing 
approaches rely on single-modality MRI or CT 
imaging, which may not fully capture the complex 
anatomical and pathological patterns associated 
with cancer development. Furthermore, 
conventional fusion methods often employ static 
feature combination strategies that fail to 
adaptively model the varying diagnostic relevance 
of different modalities across patients. 

These limitations create a need for an intelligent 
multimodal framework capable of learning 
modality-specific representations while 
dynamically integrating complementary 
diagnostic information. The research problem 
addressed in this study can therefore be defined 
as: 

“How can attention-guided multimodal learning 
improve the accuracy, robustness, and reliability 
of cancer detection by effectively integrating 
complementary information from MRI and CT 
imaging modalities?” 

To address this problem, the following research 
questions are formulated: 

RQ1: Can multimodal integration of MRI and CT 
imaging data improve cancer detection 
performance compared with single-modality 
diagnostic models? 

RQ2: Does attention-guided fusion provide more 
effective feature integration than conventional 
fusion approaches such as direct feature 
concatenation? 

RQ3: What is the contribution of adaptive 
modality weighting through the Learnable Fusion 
Gate in improving classification accuracy and 
robustness? 

RQ4: Can the proposed FusionScanAI framework 
provide a computationally efficient and clinically 
applicable solution for multimodal cancer 
diagnosis? 

The formulation of these research questions is 
guided by identified gaps in existing literature, 
particularly regarding adaptive multimodal 
learning, attention-based feature interaction, and 
robust decision support systems for medical 
imaging applications. 

The main contributions of our work are: (i) a dual-
stream hybrid CNN–Transformer backbone 
which leverages both a locality-sensitive and a 
global viewpoint of features, (ii) a novel fusion 
module which relies on cross-attention to 
combine modality-specific contributions based on 
their relevance, and (iii) prediction explainability 
through a systematic pipeline integrated directly 
within the designed framework. Together, these 
parts improve the model's generalizability, 
interpretability, and robustness across different 
patient scenarios. This paper makes the following 
significant contributions: 

1. Development of MetaBreastAI, a multi-
modal deep learning framework with 
dual-stream fusion for metastasis 
detection. 

2. Introduction of the MetaBreastNet 
model that integrates gated attention, 
cross-modal fusion, and self-attention to 
improve classification accuracy. 



 Journal of Theoretical and Applied Information Technology 
15st July 2026. Vol.104. No.13 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
260 

 

3. Comprehensive evaluation on public 
datasets demonstrating the model's 
superiority in AUC, accuracy, precision, 
and F1-score. 

4. Ablation studies and explainability 
modules validating the role of each 
architectural block in performance gain. 

The structure of the paper is as follows: Section 2 
presents the related work, highlighting trends and 
gaps in existing multi-modal metastasis detection 
research. Section 3 details the proposed 
methodology, including model architecture, 
notations, and algorithms. Section 4 discusses the 
experimental setup, datasets, and quantitative 
results. Section 5 provides an in-depth discussion 
along with limitations of the study. Section 6 
concludes the paper and outlines future directions 
for expanding the framework’s applicability 
across cancer types and clinical scenarios. 

2. RELATED WORK 

This section synthesizes key advancements in 
multimodal deep learning frameworks for cancer 
detection, highlighting methods, datasets, 
performance, and research gaps. Jiang et al. [1] 
examined the use of deep learning in medical 
image-based cancer diagnosis. It talks about 
advanced networks, deep learning architectures, 
and several imaging modalities. Enhancing model 
explainability, generalization, and multi-modal 
data fusion are the main goals of the suggested 
remedy. It draws attention to issues like limited 
data and model constraints. Improved databases, 
deep neural networks, and few-shot learning are 
suggested for future research. Ali et al. [2] 
examined deep learning methods for detecting 
cancer in multiple organs, including the skin, 
brain, lung, and breast, with an emphasis on more 
current CNN-based methods. It highlights 
performance issues while discussing different 
imaging modalities and datasets. Enhancing CAD 
systems to improve diagnosis is one of the 
suggested remedies. More cancers should be 
investigated, and current techniques should be 
improved. Bansal et al. [3] present the two-stage 
progressive unsupervised domain adaptation 
network (TSP-UDANet) for cross-modality 
cardiac image segmentation in this paper. The 
model is being tested on MRI and CT datasets to 
increase the accuracy of cancer detection. The 
segmentation performance was encouraging, 
according to the results. To improve diagnosis 
accuracy, future research will focus on enhancing 
cross-modality and cross-vendor imaging.  

Wang et al. [4] presented DeepClinMed-PGM, a 
multi-instance deep learning model that uses 
multimodal data to predict disease-free survival 
(DFS) in patients with breast cancer. The model 
helps with treatment planning and increases 
predicted accuracy. Future research will tackle the 
difficulties in multimodal data processing and 
integrate various clinical data for improved risk 
classification and individualized treatment plans. 
Fatima et al. [5] examined 47 research 
publications on the categorization of breast cancer 
using multimodal deep learning fusion (MDLF). 
It draws attention to the emergence of deep 
learning models, enhanced forecast accuracy, and 
novel data combinations. Managing 
heterogeneous multimodal data and enhancing 
interpretability are challenges. To improve model 
integration, future research will concentrate on 
co-learning and ensemble learning techniques. 

Yogesh Kumar et al. [6] investigated CNNs, or 
AI-based deep learning models, for automated 
cancer detection. In the classification of seven 
cancer types, DenseNet121 had the highest 
accuracy (99.94%). The study's shortcomings 
include its exclusive focus on seven cancer types 
and its failure to consider cost-effectiveness. To 
improve resource efficiency for clinical 
applications, future development will consist of 
adding Vision Transformers, expanding datasets, 
and more. Sunghoon et al.[7] offered a 
multimodal deep learning model for predicting 
the pathologic complete response (pCR) of breast 
cancer patients to neoadjuvant chemotherapy 
(NAC). Prediction performance was enhanced 
(AUC=0.888) by combining clinical data and MR 
images. AUC=0.827 indicates that the model 
performed better than clinical-only models. 
Future research might concentrate on improving 
the scalability of the model and clinical data 
variables. Rania et al. [8] introduced a hybrid 
evolutionary deep learning model that combines 
histopathological and genomic data to diagnose 
ovarian cancer (OC). To increase prediction 
accuracy and decrease errors, it employs CNN 
and antlion-optimized LSTM models for feature 
extraction. In terms of accuracy, speed, and 
convergence, the model performs better than 
alternative approaches. The goal of future 
research is to apply this paradigm to additional 
illnesses.  

Faseela et al. [9] examine the impact of feature 
dimensionality on multimodal breast cancer 
detection in this research. It proposes a fusion 
method that combines dimensionality reduction 
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via PCA and autoencoders, leveraging pre-trained 
models (VGG-16, ViT, ResNet-50) for image 
processing and BERT for text analysis. Accuracy 
rates for the model are 95.25% and 94.18%. 
Techniques for adaptable dimensionality will be 
the primary focus of future research. Wang et al. 
[10] integrated inter-modality correlations and 
model uncertainty in prediction to present a late 
fusion approach for multi-modal categorization. It 
performed admirably when tested to predict 
survival for patients with non-small cell lung 
cancer. Limitations include the use of only two 
modalities; subsequent research will examine 
other modalities and more effective uncertainty 
estimation techniques. 

Faseela et al. [11] examined developments in the 
multimodal diagnosis of breast cancer by 
combining patient histories, clinical records, 
genomic information, and histopathology 
pictures. The application of Explainable AI (XAI) 
to improve diagnostic transparency is highlighted. 
To overcome interpretability issues, the paper 
recommends further development of AI 
frameworks for increased accuracy and patient-
specific treatment. Mohammad et al. [12] 
examined deep learning techniques for CT scan-
based lung cancer diagnosis, emphasizing issues 
such as data heterogeneity, artifacts, and the 
requirement for labeled data. It suggests 
improving pre-processing, segmentation, and 
feature extraction. To improve diagnostic 
accuracy, future research will focus on early 
detection, data accessibility, and patient data 
integration.  

Raouia et al. [13] introduced a multimodal fusion-
based CAD system (MF-CAD) that uses MG and 
DCE-MRI images to diagnose breast cancer. 
Canonical Correlation Analysis is used for fusion, 
and a new feature descriptor (GLIP) is introduced. 
RBFNN helped the MF-CAD system reach an 
AUC of 99.10%. To improve diagnosis, future 
research will concentrate on using deep learning 
models. Kwak et al. [14] examined deep learning 
methods for diagnosing breast cancer from 
histology, ultrasound, and mammography images. 
Using data augmentation, it investigates 
segmentation (UNet) and picture classification 
(ResNet50) techniques. The results indicate that 
segmentation and classification performance can 
be improved by up to 33.3% and 22.8%, 
respectively. Optimization strategies may be 
further refined in future research. Nasser and 
Yusof [15] offered a thorough analysis of deep 
learning techniques for detecting breast cancer 

from histopathological and genomic data. It 
demonstrates CNN's proficiency in classification 
and accuracy assessment. The study highlights 
issues including the restricted use of attention 
mechanisms and recommends further research on 
large datasets, genetic data, and hybrid algorithms 
for better results. 

Muhammad et al. [16] examined deep learning 
architectures for the detection of breast cancer, 
emphasizing various pre-processing methods, 
datasets, strengths, and limitations. By analyzing 
different imaging modalities and evaluation 
criteria, it finds problems and suggests areas for 
further investigation. Deep learning's contribution 
to increasing the accuracy of breast cancer 
categorization is highlighted in the paper. Mehedi 
et al. [17] present a deep learning-based 
framework for identifying lung and colon cancer 
from histopathology pictures. The accuracy of the 
model was 96.33%. For feature extraction, it 
makes use of a variety of domain transformations. 
Although the results are encouraging, more 
performance enhancements are required. In the 
future, the model architecture will be improved, 
and more datasets will be used.  

Lucas et al. [18] examined how omics data and 
image analysis based on convolutional neural 
networks might be combined to diagnose cancer. 
It draws attention to the possibility of better 
biomarker identification and cancer 
categorization. To verify their clinical usefulness, 
the fusion procedures need more thorough testing, 
bigger sample sizes, and more reliable studies. 
Shafi et al. [19] suggested an SVM model with 
deep learning support for early CT scan-based 
lung cancer identification. The model 
outperformed current techniques with an accuracy 
of 94% when tested on 888 annotated LIDC/IDRI 
CT scans. High speed and accuracy are 
advantages, but it uses a lot of processing power. 
Additional optimization and validation will be 
part of future efforts. 

Salman et al. [21] introduced a novel deep 
learning model for the diagnosis of breast cancer 
that includes an attention mechanism, learnable 
activation functions, and granular computing. 
When tested on histology and ultrasound pictures, 
its accuracy was 93% and 95%, respectively. The 
model has the potential to be expanded to 
additional tumors and optimized in real-time, 
while also improving diagnosis and reducing 
workload. Ali et al. [22] examined deep learning 
methods for detecting malignancies of the breast, 
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brain, lung, and skin, among other organs. The 
usage of databases, frequently used imaging 
modalities, and CNN-based techniques is 
highlighted. Current issues are noted, solutions 
are suggested, and future research on other cancer 
types, such as stomach and liver cancer, is 
suggested. Mohammed et al. [23] examined AI's 
potential for early lung cancer detection and 
emphasized its high accuracy, with a sensitivity 
and specificity of 0.87. The study underscores the 
necessity for consistent methods because of the 
disparities among studies, even with encouraging 
outcomes. Large-scale validation for clinical 
integration will be the primary focus of future 
research.  

Bahrudeen and Uma Maheswari [24] examine the 
difficulties in identifying pancreatic cancer, along 
with AI-powered techniques to enhance diagnosis 
using imaging, cytopathology, and serological 
markers. Although the suggested method 
improves diagnostic precision, ethical issues and 
small datasets prevent its clinical implementation. 
Future research will focus on resolving regulatory 
concerns and enhancing algorithms. Noaman et 
al. [25] present a new AI-driven approach for 
early lung cancer detection in the study. It 
combines color histogram characteristics with 
DenseNet201 and achieves 99.68% accuracy on 
the LC25000 dataset. With a 94.81% accuracy 
rate, it also applies to breast cancer. To improve 
diagnostics, the study highlights the significance 
of algorithm selection and researcher-clinician 
collaboration. 

Wang et al. [26] examined feature selection 
methods (filter, wrapper, and embedding) that 
enhance cancer diagnosis by locating pertinent 
biomarkers. It highlights how AI can automate 
feature extraction, thereby addressing issues such 
as overfitting and poor data quality. Future 
research aims to improve tumor classification and 
tailor treatments by combining deep learning with 
multi-omics data. Srinjan et al. [27] investigated 
how thyroid cancer progresses and the roles 
played by genetic, epigenetic, and non-coding 
RNA variables. It talks about treatment strategies 
that focus on epigenetic changes such as DNA 
methylation, miRNAs, and lncRNAs. The study 
draws attention to such topics as delivery 
optimization and side effects, highlighting the 
necessity of further investigation and the creation 
of efficient treatments. Yousaku et al. [28] review 
the integration of AI with clinical data and multi-
omics for cancer diagnosis and prognosis in the 
paper. Although it addresses issues like data 

uniformity, model interpretability, and privacy 
concerns, it also emphasizes how AI has the 
potential to increase accuracy and personalize 
care. Enhancing model safety, reproducibility, 
and clinical integration are the main goals of 
future research.  

Chiu et al [29] offered a dermoscopic data-driven, 
AI-powered method for better skin cancer 
diagnosis. In the ISIC and CSMUH datasets, false 
negatives were decreased by the development of a 
two-stage voting ensemble model. The findings 
demonstrated increased diagnostic precision, 
particularly for malignant melanoma. Future 
research will concentrate on improving 
performance through the integration of clinical 
data, efficiency optimization, and dataset 
expansion. Manob Jyoti [30] described a deep 
learning-based technique for utilizing CT and 
PET data to determine the HPV status in 
oropharyngeal squamous cell carcinoma 
(OPSCC). Multi-modal feature fusion in a 3D 
CNN ensemble model outperformed single-
modality models, achieving notable accuracy 
(AUC 0.76). To increase performance, future 
work will involve growing the dataset. 

Shao et al. [31] presented M2DP, a multi-task, 
multi-modal feature selection technique for 
predicting the prognosis and diagnosing joint 
cancer. To address feature redundancy, the system 
combines genetic data with histopathology 
images. It surpasses current techniques in tests 
conducted on three cancer datasets. Deep learning 
for image feature extraction is the goal of future 
research to increase performance. Samreen 
Naeem et al. [32] used fused CT and MRI datasets 
to provide a machine learning method for 
classifying liver cancer. Using the MLP classifier, 
the solution's accuracy for six different forms of 
liver cancers was 99%. This technology can be 
used with big clinical datasets and minimizes 
human error. For improved clinical application, 
3D visualization will be used in future research.  

Islam et al. [33] presented an ensemble deep 
learning model for classifying brain tumors from 
MRI images that combines CNN-LSTM and 2D 
CNN. The model attained high accuracy (98.82%) 
and precision (99%). In medical image 
classification, it outperforms existing classifiers 
and shows promise. In the future, the model's 
applicability will be improved, and tumor 
detection will be enhanced. Sreeprada and 
Vedavathi [34] suggested an OCNN-SVM model 
for lung cancer detection that combines 
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Convolutional Neural Networks (CNN) with 
Support Vector Machines (SVM). To detect 
cancer cells in lung scans, the model 
automatically classifies them, demonstrating 
efficacy and increased accuracy. For more 
thorough medical picture analysis, future research 
could improve the model. Zainab et al. [35] 
presented hybrid AI models that improve cancer 
diagnosis by combining CT, MRI, and PET 
images. These models enhance the prediction of 
tumor growth, accuracy, and early detection. Even 
with obstacles including ethical issues and data 
quality, incorporating AI into clinical practice 
holds promise for improving patient outcomes 
and cancer care. 

Dong et al. [36] suggested using a Hybridized 
Fully Convolutional Neural Network (HFCNN) to 
segment liver tumors in CT scans. When the 
method was tested using a small dataset and 3-fold 
cross-validation, it produced a Dice coefficient of 
0.92 and an accuracy of 97.22% in liver volume 
measurements. The methodology has a high 
degree of accuracy; nevertheless, its scope and 
dataset size are constrained. Ahmed et al. [37] 
reported a hybrid deep learning system that 
detects lung cancer with 99.42% accuracy by 
merging VGG-19 and LSTM. It surpasses current 
techniques in accuracy, recall, and precision when 
tested on Kaggle and LUNA16 datasets. Future 
studies will concentrate on faster categorization 
and subtype detection, with an emphasis on the 
model's effectiveness and clinical deployment 
potential.  

Anindita et al. [38] introduced VER-Net, a hybrid 
model for CT scan-based lung cancer diagnosis 
that combines VGG19, EfficientNetB0, and 
ResNet101. In terms of accuracy, VER-Net 
performed better than eight other models. With 
possible advancements in model combinations, 
future research will test with chest X-ray pictures 
and extend to other diseases using CT scans.  
Moresh et al. [39] describe an automated method 
for detecting ovarian cancer from pelvic CT scans 
that combines deep learning and optimization. 
When combined with Lion-Grey Wolf 
Optimization, the suggested Bi-LSTM model 
produced 98% accuracy, 99.7% recall, and 93% 
precision. For broader applicability, subsequent 
research will test on various datasets and be 
validated with clinical trials. Paulo et al. [40] 
introduced CRF-XmasNet, a hybrid Deep Neural 
Network (DNN) method that combines 
Conditional Random Fields (CRF) and a 
Convolutional Neural Network (CNN) for the 

diagnosis of prostate cancer (PCa) in mpMRI 
images. Despite its significant variability, the 
model demonstrated decent classification 
accuracy. Reducing variability and incorporating 
multi-modal imaging data are the main goals of 
future research to enhance performance. 

The reviewed literature highlights the increasing 
effectiveness of deep learning in medical image-
based cancer diagnosis, particularly with CNNs, 
multimodal fusion, and attention mechanisms. 
While many studies explore single-modality 
approaches using MRI, CT, or histopathology, 
recent advancements focus on multi-instance 
learning and multimodal data integration for 
improved accuracy and personalization. 
However, challenges remain in handling data 
heterogeneity, limited interpretability, and 
modality imbalance. The proposed 
DualModFusionNet addresses these gaps by 
leveraging both MRI and CT modalities through 
gated attention-based fusion and explainable AI, 
thereby enhancing prediction robustness, 
modality complementarity, and clinical relevance 
in breast cancer metastasis detection. 

2.1 Research Gap, Knowledge Enhancement, 
and Best Practice Contribution 

Although recent studies have demonstrated the 
effectiveness of deep learning, convolutional 
neural networks, transformers, and multimodal 
fusion techniques for cancer detection, several 
limitations remain unresolved. Existing 
approaches predominantly focus on either single-
modality imaging data or employ static fusion 
strategies that treat all modalities equally 
regardless of their diagnostic relevance. 
Furthermore, many studies emphasize 
performance improvement without providing 
adaptive mechanisms capable of handling 
modality uncertainty, data heterogeneity, and 
varying diagnostic contexts. 

The proposed FusionScanAI framework 
contributes new knowledge to the field by 
introducing an attention-guided multimodal 
learning strategy that dynamically evaluates and 
integrates complementary information obtained 
from MRI and CT imaging modalities. Unlike 
conventional fusion approaches based on simple 
feature concatenation, the proposed Learnable 
Fusion Gate (LFG) and Cross-Modal Attention 
Fusion mechanism enable adaptive weighting of 
modality-specific features according to their 
diagnostic importance. This allows the framework 
to generate context-aware feature representations 
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while improving robustness against modality-
specific noise and variability. 

From an Information Technology perspective, the 
study extends current best practices in medical 
image analytics by demonstrating how attention-
driven multimodal architectures can be deployed 
to improve decision support systems for 
healthcare applications. The framework 
synthesizes prior knowledge from convolutional 
feature extraction, efficient network scaling, 
attention mechanisms, and multimodal 
representation learning into a unified architecture 
that balances predictive performance with 
computational efficiency. The integration of 
ResNet-50, EfficientNet-B0, attention-based 
fusion, and adaptive gating represents a practical 
implementation strategy that can be adopted in 
future intelligent diagnostic systems. 

The knowledge enhancement provided by this 
research goes beyond incremental accuracy 
improvement. The study demonstrates the 
importance of adaptive modality interaction 
learning, showing that diagnostic information 
should not be treated as equally informative 
across all clinical scenarios. Experimental and 
ablation results confirm that attention-guided 
feature integration contributes significantly to 
classification performance, thereby providing 
empirical evidence supporting dynamic 
multimodal learning as a best practice for future 
computer-aided diagnosis systems. 

Furthermore, this work synthesizes findings from 
previous studies on medical imaging, multimodal 
fusion, attention mechanisms, and explainable 
artificial intelligence to establish a generalized 
framework that can be extended to additional 
imaging modalities and disease domains. 
Consequently, the proposed approach contributes 
both methodological knowledge and 
implementation-oriented best practices that 
advance the development of intelligent healthcare 
analytics systems. 

State-of-the-Art Analysis and Motivation for 
the Present Study 

Recent advances in artificial intelligence and 
medical image analysis have demonstrated the 
effectiveness of deep learning techniques for 
cancer diagnosis using MRI, CT, histopathology, 
genomic, and clinical datasets. State-of-the-art 
approaches have increasingly adopted 
convolutional neural networks, transformer 
architectures, attention mechanisms, and 

multimodal fusion frameworks to improve 
diagnostic accuracy. Several studies have 
reported substantial performance improvements 
through multimodal learning, confirming that 
complementary information obtained from 
different data sources can enhance predictive 
capability. 

Despite these advancements, critical limitations 
remain evident in the existing literature. First, 
many published studies continue to rely on single-
modality imaging data, limiting their ability to 
capture complementary diagnostic characteristics 
available across multiple modalities. While MRI 
provides superior soft-tissue contrast and 
structural detail, CT imaging offers valuable 
information regarding tissue density and 
anatomical structures. Models restricted to a 
single modality may therefore overlook clinically 
relevant information. 

Second, many multimodal frameworks employ 
static fusion mechanisms based on direct feature 
concatenation or fixed weighting strategies. These 
approaches assume that all modalities contribute 
equally to the diagnostic decision. However, 
clinical evidence suggests that the diagnostic 
relevance of imaging modalities varies according 
to disease characteristics, image quality, 
anatomical location, and patient-specific 
conditions. Static fusion approaches therefore fail 
to model dynamic modality interactions 
effectively. 

Third, although transformer-based and attention-
based architectures have shown promising results, 
many studies focus primarily on predictive 
performance while providing limited analysis of 
modality interaction, adaptive feature weighting, 
and decision transparency. Consequently, the 
practical applicability and interpretability of these 
systems remain limited in clinical environments. 

Furthermore, a review of current literature 
indicates that most studies evaluate multimodal 
learning through performance metrics alone, 
without investigating how adaptive fusion 
mechanisms influence feature representation 
quality and diagnostic robustness. As a result, 
there remains insufficient understanding of how 
modality-specific information should be 
dynamically integrated to maximize classification 
effectiveness. 

The present study was therefore motivated by the 
need to address these unresolved limitations. 
Unlike existing approaches that rely on static 
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feature aggregation, the proposed FusionScanAI 
framework introduces an attention-guided 
multimodal learning strategy incorporating Cross-
Modal Attention Fusion and a Learnable Fusion 
Gate. These mechanisms allow the framework to 
dynamically adjust modality contributions 
according to their diagnostic relevance while 
preserving complementary information from both 
MRI and CT imaging modalities. 

Consequently, this work fills an important 
research gap by providing empirical evidence 
regarding adaptive modality interaction learning 
and demonstrating how dynamic attention-based 
fusion can improve diagnostic performance, 
robustness, and generalizability. The study 
therefore contributes not only a new multimodal 
architecture but also new knowledge regarding 
best practices for multimodal representation 
learning in intelligent healthcare systems. 

Literature Critique Framework and 
Evaluation Criteria 

To ensure a systematic and objective analysis of 
existing literature, a structured critique 
framework was adopted for evaluating previous 
studies in multimodal cancer diagnosis. The 
selected critique criteria were derived from 
commonly reported challenges in medical image 
analysis, artificial intelligence-based diagnostic 
systems, and multimodal learning frameworks. 

The first criterion considered was the imaging 
modality utilized by each study. This criterion 
was selected because different modalities provide 
complementary diagnostic information and 
directly influence model performance, clinical 
applicability, and generalizability. Studies relying 
solely on MRI, CT, histopathology, or genomic 
data were evaluated to identify limitations 
associated with single-modality learning. 

The second criterion was the feature extraction 
and learning architecture employed. 
Convolutional neural networks, transformer-
based models, hybrid architectures, and ensemble 
learning frameworks were analysed because 
architectural design significantly affects 
representation learning capability, computational 
complexity, and diagnostic accuracy. 

The third criterion focused on the fusion strategy 
adopted by multimodal approaches. This criterion 
was selected because the effectiveness of 
multimodal systems largely depends on how 
information from different modalities is 

integrated. Particular attention was given to 
whether studies employed static feature 
concatenation, correlation-based fusion, attention 
mechanisms, or adaptive weighting strategies. 

The fourth criterion examined model 
interpretability and explainability. Given the 
increasing importance of trustworthy artificial 
intelligence in healthcare, explainability was 
considered essential for evaluating clinical 
usability and decision transparency. 

The fifth criterion assessed reported performance 
outcomes, including accuracy, precision, recall, 
F1-score, and AUC-ROC. These metrics were 
selected because they are widely accepted 
performance indicators within medical image 
classification research and provide objective 
measures for comparative analysis. 

Finally, limitations and unresolved research 
challenges reported by previous studies were 
analysed to identify recurring gaps and 
opportunities for further investigation. 
Collectively, these criteria provide a 
comprehensive framework for evaluating existing 
research and establishing the motivation for the 
proposed FusionScanAI framework. 

3. PROPOSED SYSTEM 

Here, we propose a dual-stream deep learning 
framework called MetaBreastAI that identifies 
metastasis using medical images and clinical data. 
The resulting generative attention-based model, 
which combines convolutional and transformer-
based architectures and utilizes attention and 
multi-instance learning, guarantees proper feature 
extraction with interpretability to enhance 
predictive performance. In this section, we 
present the architecture, fusion strategy, and the 
model that has been trained. 

3.1 Overview of FusionScanAI System 

In this work, we develop an automated 
framework, FusionScanAI, to leverage the 
complementary diagnostic power of MRI and CT 
scans to improve cancer detection further. 
Possessing separate advantages, these advantages 
are even more distinct and applicable, as one 
provides greater contrast in soft tissue [MRI] to 
correctly identify tumors within the brain and 
other organs. In contrast, CT offers high-
resolution images of high-density structures, 
including anatomical structures related to the 
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lungs and bones. FusionScanAI addresses the 
drawbacks of single-modality diagnostics through 
an integrated system that combines these 
modalities for a more solid and accurate 
assessment. The system, as depicted in Fig. 1, 
follows a multi-stage pipeline for input 
acquisition (e.g., speech and video), pre-
processing (speech and video), modality-specific 
encoding (speech and video), attention-guided 
fusion (fusion), and a classification layer 
(classification). 

Our pipeline initially ingests image data from 
MRI and CT scans from publicly available 
datasets. Each of these inputs is pre-processed 
separately to ensure that the resolution, intensity 
distribution, and contrast levels are identical on 
the two modalities. The main novelty in this stage 
is entropy-driven slice selection, which allows 
ranking each 3D scan volume and selecting the 
most informative slices to keep. This step 
drastically cuts down computation costs while 
retaining diagnostic value. The images are then 
resized to a fixed size and normalized for 
downstream learning. 

 

Figure 1:  FusionScanAI – System Architecture for Multi-Modal Cancer Detection 

After preprocessing, the MRI and CT images are 
fed to independent feature extraction branches in 
parallel. A specially fine-tuned version of ResNet-
50 processes MRI data to capture soft tissue 
anomalies, going beyond just subtle changes and 
capturing rich contextual information. 
Simultaneously, CT slices are fed through an 

EfficientNet-B0 encoder that is selected for its 
characteristics of being lightweight with lower 
computational complexity at high-resolution 
imaging. These encoder branches function in 
isolation to extract high-level modality-specific 
features that carry anatomical, structural, and 
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pathological information of interest for cancer 
diagnosis. 

The encoder branches generate outputs that are 
then combined with the Cross-Modal Attention 
Fusion Module, which serves as the brain of 
FusionScanAI. This module uses self-attention 
similar to transformers, enabling the model to 
learn the context of interactions between the two 
modalities. Moreover, a Learnable Fusion Gate 
(LFG) is proposed to understand the weights of 
features extracted from the two modalities in a 
patient-specific manner, i.e., the system can 
attend to the more informative source, adaptive 
concerning the patient. The model's ability to use 
dynamic fusion provides excellent flexibility and 
generalizability, particularly when one modality 
is noisy, missing, or less informative. 

Finally, the fused representation is fed into the 
classification head, described in detail in Figure 2 
of DualModFusionNet, which consists of fully 
connected layers, dropout regularization, and a 
sigmoid activation layer. The system's output will 
be a binary diagnosis indicating whether the 
image shows signs of cancer or not, along with a 
confidence score. The model is trained with a 
class-imbalanced-weighted binary cross-entropy 
loss function and is evaluated with five-fold cross-
validation to assess the performance of the model 
when exposed to a variety of data splits. 

FusionScanAI provides a new systematic 
framework for deep-learning-enabled multi-
modal cancer detection utilizing the 
complementary power of MRI and CT imaging. 
Due to its modular design, attention-guided fusion 
mechanism, and its use of publicly available 
datasets, it is clinically deployable and suitable for 
future CAD research. 

3.2 Dataset Description 

We validate the FusionScanAI framework on two 
unique imagery datasets from The Cancer 
Imaging Archive (TCIA)(23), each representing a 
different imaging modality. Among them are the 
TCGA-GBM dataset of MRI [41] and the 

NSCLC-Radiomics dataset of CT [42]. Despite 
the datasets being representative of different 
anatomical sites (brain vs. lung), the datasets are 
used to highlight the generalizability of the 
proposed dual-modality fusion system. 

We conduct a consistent preprocessing pipeline 
for both datasets, such as slice selections, resizing 
to 256Ã—256 pixels, and intensity normalization. 
To sync with the classification task, a binary 
structure is used for the labels, such that all slices 
with tumor are malignant and all the other slices 
are benign. Scans sampled from both datasets are 
selected for training and evaluation. 

Table 1: Summary Of Datasets Used In Fusionscanai 
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Table 1 provides an overview of the MRI and CT 
datasets used, detailing modality, cancer type, 
source, and usage. These datasets offer sufficient 
diversity and real-world relevance to validate the 
performance of FusionScanAI under minimal yet 
practical data availability constraints. Their 
selection also ensures reproducibility and 
standardization across future studies. Table 2 
summarizes the core symbols and notations used 
in modeling, fusion, and attention mechanisms 
within the DualModFusionNet architecture. 

 

 

 

 



 Journal of Theoretical and Applied Information Technology 
15st July 2026. Vol.104. No.13 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
268 

 

Table 2: Notations Used In The Proposed Dualmodfusionnet Framework 

Notation Description 

I Original input image (MRI or CT) 

𝐼௡௢௥௠ Intensity-normalized image 

f୑ୖ୍ Feature vector extracted from the MRI encoder 

fେ୘ Feature vector extracted from the CT encoder 

f୤୳ୱୣୢ Final fused feature vector from both modalities 

Q, K, V Query, Key, and Value matrices used in self-attention 

α୑ୖ୍, αେ୘ Learnable weights from the fusion gate for MRI and CT modalities 

z Output of the fully connected layer before activation 

𝑦ො Predicted probability of cancer presence (output of sigmoid layer) 

y Ground truth binary label (1 for cancerous, 0 for non-cancerous) 

𝐿ௐ஻஼ா Weighted Binary Cross Entropy loss 

H Entropy of an image slice for slice selection 

F Feature map from the final convolutional block 

𝑓௝ Global average pooled feature value for channel j 

 

3.3 Preprocessing Pipeline 

In the FusionScanAI framework (Figure 1 - 
Preprocessing Module), each modality of the 
input is subjected to a defined pipeline to make it 
consistent, contrast representative, and redundant 
free before extracting features of the respective 
modalities. Due to the differing imaging protocols 
between MRI and CT as well as the differing 
anatomy of interest between the two modalities, 
we require a common preprocessing strategy to 
standardize the inputs and allow for multi-modal 
learning. At the first stage, called intensity 
normalization, the pixel intensities in each scan 
are transformed to a standard range (standardly [0, 
1]) using min-max scaling. This is represented as 
in Eq. (1).  

𝐼௡௢௥௠ =
ூିூ೘೔೙

ூ೘ೌೣିூ೘೔೙
                        (1) 

where I is the original intensity value, and 𝐼௠௜௡ 
and 𝐼௠௔௫  are the minimum and highest intensity 
values in the image respectively. The 
normalization ensures that the input images 

among different patients and different modalities 
have the same dynamic range. Histogram 
equalization is applied to redistribute pixel 
intensities and improve visual contrast, which is 
significant in MRI images because it is critical to 
highlight soft tissue boundaries. 

Slice selection is one of the main steps in the 
preprocessing pipeline after normalization. Both 
MRI and CT datasets are 3D volumes made of 
multiple 2D slices, where not all of the slices 
contain diagnostic information. Then we apply an 
entropy-based ranking to preserve only the slices 
with maximum information. For each slice we can 
compute entropy H based on its intensity 
histogram as in Eq. (2).  

H=− ∑ 𝑝௜𝑙𝑜𝑔ଶ(𝑝௜)௡
௜ିଵ                (2) 

where 𝑝௜  denotes the normalized probability of 
pixel intensity i and n = the number of unique 
intensity levels. The slices with higher entropy 
values are expected to have more texture and 
structural variation, which, in most cases, 
corresponds to a tumor region. From the ranked 
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slices an arbitrary number of top ranked slices 
(e.g. top 10 of any scan) are chosen for further 
processing. 

After selection, every 2D slice is bilinearly 
interpolated to a fixed size of 256×256 pixels and 
then center-cropped to keep the spatial 
correspondence. It guarantees that images are of 
the same data shape throughout the entire dataset 
with a minimum amount of artifacts from padding 
or distortions along edges. This process is 
essential for keeping architectural compatibility 
with convolutional encoders as convolutional 
encoders generally expect a consistent size of 
input. 

Finally, label harmonization is conducted to 
transform the original annotation into a binary 
classification label. Cancerous slices have any 
form of tumor annotation in both datasets, and 
normal or unannotated slices are non-cancerous. 
The classification layer then uses a single sigmoid 
output neuron, which is a simplified prediction 
task but allows the model to generalize across 
modalities and cancer types. 

3.4 Modality-Specific Feature Encoders 

The FusionScanAI framework begins by applying 
two separate modality-specific encoder branches 
that learn to derive discriminative MRI and CT 
features independently. Because the two imaging 
modalities differ significantly both in nature (MRI 
has high soft-tissue contrast that allows subtle 
structural changes, whereas CT shines at 
visualizing dense anatomical regions like bones 
and lung tissues), this separation of architecture is 
critical. To capture these complementary features, 
two customized deep learning backbones are 
incorporated into the system. 

The MRI stream uses a feature encoder of a fine-
tuned ResNet-50 model. The ResNet-50 is a 
residual convolutional neural network (CNN) 
comprised of 50 layers, which is capable of 
learning deep hierarchical representations without 
a vanishing gradient. We utilize a residual 
learning framework that incorporates shortcut 
connections to maintain low-level features across 
layers, which is crucial in medical imaging due to 
the importance of fine textures and soft boundary 
cues for tumor detection. The model is first pre-
trained on ImageNet and then transferred learned 
on these MRI slices, so that it learns the 

radiological domain, while utilizing the patterns 
already learned during the first phase. 

Meanwhile, the encoder of the CT stream consists 
of an EfficientNet-B0 architecture. EfficientNet-
B0 utilizes a compound scaling method to balance 
the network depth, width, and resolution, resulting 
in a powerful yet lightweight convolutional 
network. It is efficient in a way that does not 
introduce significant computational overhead 
while also being effective at obtaining high-
resolution features from CT images. Like with the 
MRI branch, the EfficientNet model is pretrained 
on ImageNet and then fine-tuned on CT data to 
extract task-specific features from lung and chest 
scans. 

Since the output of each encoder branch is a 
feature map, we first apply a global average 
pooling (GAP) layer at the end of each encoder 
branch (i.e., the last three convolutional feature 
maps are upsampled to 1×1 feature maps). 
Assume 𝐹 ∈ 𝑅௛×௪×௖ represents the output at the 
end of the last convolutional block, where h, w, 
and c are height, width, and channel axis 
respectively. For each channel, GAP operation 
calculates the mean over its spatial dimensions as 
in Eq. (3).  

𝑓௝ =
ଵ

௛.௪
∑ ∑ 𝐹௫,௬,௝

௪
௬ିଵ

௛
௫ିଵ                (3) 

𝑓௝ is the pooled feature of channel j So, this creates 
a compact fixed-length feature (leftmost) for each 
modality, which we then input to the fusion layer. 
This guarantees that each imaging type 
contributes the most salient features to the final 
multi-modal representation via modality-specific 
encoders and global pooling within the 
framework. 

3.5 Cross-Modal Fusion Using Attention 

The FusionScanAI framework combines these 
modality-specific feature vectors from the MRI 
and CT encoder branches in its own Cross-Modal 
Attention Fusion Layer (CM+A-F) section. This 
fusion layer integrates the extracted features (as 
illustrated in detail in Fig. 2), capturing the nature 
of complementarity while dynamically adjusting 
for the relevance of each modality per input 
instance. Feature concatenation-based approaches 
conventionally treat all the modalities as equally 
informative, which can lead to sub-optimal 
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performance if, for a particular modality, the noise 
or resolution is not suitable or if there is a 
diagnostic context. To negate this restriction, we 
incorporated a more flexible, context-aware 
approach using attention mechanisms into 
FusionScanAI. 

One part of the fusion layer is the complete 
attention structure, which is based on a 
transformer network. Utilizing the feature vectors 
from the MRI and CT branches, represented as 
𝑓୑ୖ୍  and 𝑓େ୘, self-attention generates modality-
to-modality pairwise dependencies to model the 
cross-modal interaction between modalities. In 
particular, for each feature dimension, it learns the 
influence of the features from one modality to the 
features of the other one by building attention 
weights based on similarity. These are the weights 
that are used to readjust the original features and 
create the enriched representation. Self-attention 
operation can be defined as in Eq. (4).  

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ൬
ொ௄೅

ඥௗೖ
൰ 𝑉          (4) 

where Q, K, and V are learned query, key, and 
value matrices from the concatenated features and 
𝑑௞  is the key vector size. This lets the network 
attend to more informative parts and to inhibit less 
useful or redundant information. 

Besides self-attention the fusion layer has 
Learnable Fusion Gate (LFG) that computes 
adaptive importance weights for each modality. 
Instead of simply combining MRI and CT features 
statically, the LFG calculates attention scores 
α୑ୖ୍ and αେ୘, as in Eq. (5).  

α୑ୖ୍+αେ୘=1    and     α୑ୖ୍,αେ୘∈[0,1] 
  (5)  

They are learned for every modality features by a 
small fully-connected gating network which take 
the modality features with sigmoid or softmax 
function to output a soft weigh. We calculate the 
final fused feature vector f୤୳ୱୣୢ as in Eq. (6).  

f୤୳ୱୣୢ = α୑ୖ୍⋅f୑ୖ୍+αେ୘⋅fେ୘   (6) 

Here, we propose an approach to ensure the 
network focuses on the domain that is more 
relevant to each instance, dynamically, thereby 
increasing both interpretability and robustness. 
The self-attention and LFG together allow the 
FusionScanAI system to extract an informative, 
context-relevant feature representation that 
encodes both inter- and intra-modal interactions, 
thereby facilitating better diagnostic performance 
in the final classification stage. 

3.6 DualModFusionNet Architecture 

The whole architecture of the proposed 
DualModFusionNet deep learning model 
incorporates the modality-specific encoder 
outputs as well as the inter-modal fusion 
component into a simple classification pipeline. 
Figure 2 illustrates the DualModFusionNet 
model, which offers computational efficiency and 
diagnostic power for learning from heterogeneous 
medical imaging data with minimal requirements. 
After the cross-modal attention fusion with the 
mechanism above, the resulting fused feature 
vector contains not only the local modality-
specific properties but also the global inter-modal 
interactions between both modalities that are 
crucial for final cancer detection. 
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Figure 2: Dualmodfusionnet – Model Architecture With Attention-Guided Multi-Modal Fusion 

Finally, the last step is that the fused feature vector 
is fed into a fully connected layer to project the 
high-dimension multimodal representation into a 
low-dimension latent space. This nonlinear 
transformation allows the model to discover 
complex relationships among the fused features 
and the target output. Here's a mathematical 
representation of the fully connected layer. Lining 

it up mathematically, it would be expressed in Eq. 
(7).  

z=∅(Wf୤୳ୱୣୢ+b)    (7) 

where W and b represent the learnable weight 
matrix and bias vector respectively, and ∅ is a 
non-linear activation like ReLU. This layer is 
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important since it summarizes all the learned 
fusion features in a single vector ready for the 
final decision making phase. 

A dropout regularization layer is used after the 
fully connected layer to prevent overfitting and 
enhance generalization since the available 
training data is limited in size. Dropout works by 
randomly turning off some fraction p of layer 
neurons during the training phase, which leads the 
network to learn redundant, stable 
representations, rather than depending on certain 
features of data [2→3]. This prevents the model 
from memorizing noise in the data and improves 
its out-of-sample test performance. 

At last, the output of the dropout layer is fed into 
a sigmoid activation to generate a single 
probability value 𝑦ො∈[0,1] which represents the 
model probability that the input scan is cancerous. 
This probability is then thresholded (e.g., at 0.5) 
to yield the predicted class. This binary nature of 
the classification task makes a convincible case 
for applying the sigmoid function instead of 
softmax function, which is recommended mostly 
for the multi-class outputs. The predictions are 
averaged in the following way to obtain the final 
prediction as expressed in Eq. (8).  

𝑦ො=σ(z′)=
ଵ

ଵା௘ష౰ᇲ    (8) 

where z′ is the output from drop out or fully 
connected layer which is input to sigmoid layer. 
To counter any class imbalance in the datasets, we 
use a weighted binary cross-entropy loss function 
for training the model. This loss has a higher 
penalty against the misclassification of the 
minority class, which also helps push the model to 
keep high sensitivity when detecting whether 
cancer is present. 

In summary, DualModFusionNet is a novel light-
weight yet expressive architecture designed based 
on three principles: modality-specific encoding, 
adaptive fusion, and efficient classification 
design. We deploy a compact architecture with 
attention-based multi-modal learning, which can 
be suitable for real-time clinical settings where 
computation resources are limited but diagnosis 
accuracy is essential. 

 

3.7 Inference and Classification Module 

The last component in the final task of the 
DualModFusionNet architecture is the inference 
and classification module that is capable of 
supplying interpretable predictions from the 
learned multi-modal feature representation. On 
the other hand, the classification head, as shown 
in Fig. 2, takes in the output of the last FC layer 
which represents the best fused and transformed 
signals from MRI and CT modalities. The output 
layer is a sigmoid activation function, where the 
output value 𝑦ො∈[0,1] is scalar and reflects the 
probability that the input scan corresponds to a 
cancerous case. 

Here, using a sigmoid function is ideal for binary 
classification problems. The sigmoid function 
calculates the probability of the positive class 
(cancer presence) as follows, given the output z′ 
of the previous layer as in Eq. (9).  

𝑦ො=σ(z′)=
ଵ

ଵା௘ష౰ᇲ   (9) 

The probabilistic output makes interpretation 
more flexible and allows for post-hoc decisions 
based on the desired sensitivity (based on clinical 
or application domain). Instead of simply using a 
0.5 threshold to classify, the model implements a 
decision threshold tuning feature. On validation, 
the threshold can then be selected according to 
performance metrics (e.g., F1 score, sensitivity, 
specificity, or Youden’s Index) with some 
flexibility on the balance of false positives/false 
negatives in the context of deployment. 

Given the possibility of class imbalance in terms 
of cancerous vs non-cancerous tissue samples, we 
utilize the Weighted Binary Cross Entropy 
(WBCE) loss function to train the classification 
module. This becomes particularly important in 
the medical imaging domain, where negative 
(non-cancerous) samples typically dominate the 
positive samples. To be specific, the WBCE loss 
of one sample is defined as in Eq. (10).  

𝐿ௐ஻஼ா = −𝑤ଵ𝑦 log(𝑦ො) − 𝑤଴(1 − 𝑦) log(1 − 𝑦ො)               
(10) 

with y∈{0, 1} being the ground truth label, 𝑦ො is 
the predicted probability, and 𝑤ଵ, 𝑤଴ the positive 
and negative classes weights respectively. One 
common approach is to obtain these weights from 
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the inverses of the class frequencies in the training 
set, so that the contribution to the gradients is 
balanced. 

In inference, the model passes through one slice 
or batch of slices at a time, calculates the 
probability scores, uses the optimized threshold, 
and then returns the final label. The relatively 
uncomplicated but powerful classification 
workflow guarantees that FusionScanAICan 
performs optimally for the fast real-time or near 
real-time diagnostic settings without sacrificing 
diagnostic integrity, across heterogeneous patient 
data. 

3.8 Algorithmic Implementation  

This subsection outlines the algorithmic 
implementation of the proposed MetaBreastAI 
framework. It describes the step-by-step process 
for data preprocessing, dual-stream feature 
extraction, attention-guided fusion, and multi-
instance learning. The implementation ensures 
reproducibility, computational efficiency, and 
clarity in the workflow, highlighting the 
innovative integration of CNN, transformer, and 
attention modules for metastasis prediction. 

Algorithm: Inference Pipeline of FusionScanAI Using DualModFusionNet 
Input: MRI image I୑ୖ୍, CT image Iେ୘ 
Output: Predicted probability 𝑦ො∈[0,1] 

1. Normalize I୑ୖ୍ and Iେ୘ using min-max scaling 
2. Apply entropy-based slice selection on both modalities 
3. Resize and center crop selected slices to 256×256 
4. Extract features: 

  f୑ୖ୍=ResNet50(I୑ୖ୍) 
  fେ୘=EfficientNetB0(Iେ୘) 

5. Apply global average pooling on f୑ୖ୍ and fେ୘ 
6. Compute attention-weighted fused feature: 

  α୑ୖ୍, αେ୘=FusionGate(f୑ୖ୍, fେ୘)  
  f୤୳ୱୣୢ =α୑ୖ୍⋅f୑ୖ୍+αେ୘⋅ fେ୘ 

7. Compute classification output: 
  z=FC(f୤୳ୱୣୢ)  
  𝑦ො=σ(z)  

8. Return 𝑦ො 
Algorithm 1: Inference Pipeline of FusionScanAI Using DualModFusionNet 

Algorithm 1 starts by taking of two images as 
input: one image is an input from MRI modality 
and the other is an image from CT modality. The 
two inputs are normalized first with min-max 
scaling to match the intensities of the pixel values. 
An entropy-based slice selection is performed to 
select the most informative slice from each 
volume, which is then resized and center-cropped 
to a fixed size of 256×256 pixels, to fit the encoder 
architectures. 

Next, ResNet-50 and EfficientNet-B0 are fed with 
the preprocessed MRI and CT images through 
their corresponding feature extractors. Such 
encoders create high-level feature maps that are 
then reduced using global average pooling to yield 
compact feature vectors. 

A learnable Fusion Gate receives pooled features 
from both modalities, and computes adaptive 

attention weights α୑ୖ୍ and αେ୘. The weights 
indicate the importance of cam-view in these 
modalities. They are used to calculate a fused 
feature vector as a weighted sum. 

Finally, we pass the fused representation through 
a fully connected (FC) layer and use a sigmoid 
activation function to get the final prediction 𝑦ො. 
The output 𝑦ො∈[0,1] indicates the probability that 
the input is a positive case of cancer. We can 
threshold this prediction at inference to get a 
binary label indicating if cancer is detected. The 
pipeline is flexible since it can work very well 
with low amount of non-paired multi-modal data 
and is scalable to other modalities and anatomies 
with minor architectural modifications. 
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3.9 Training Strategy and Hyperparameter 
Settings 

When it comes to limited and imbalanced medical 
imaging data, the training of the 
DualModFusionNet model follows a simplified, 
but still optimal, training paradigm that 
maximizes both the performance and 
generalizability of the model. Training utilizes the 

Adam optimizer with an initial learning rate of 
0.0001, which is dynamically adjusted based on 
validation loss to facilitate fine-tuning. We use 
early stopping to stop the training if there is no 
significant improvement within 10 epochs to 
prevent overfitting. Table 3 A summary of the 
training configurations - optimizer, learning rate, 
augmentations, regularization techniques, and 
cross-validation. 

Table 3: Training Configuration and Hyperparameters 

Parameter Value / Setting 

Optimizer Adam 

Initial Learning Rate 0.0001 

Data Augmentation Rotation (±15°), Horizontal/Vertical Flips, Zoom (0.9–1.1×) 

Regularization Dropout + Early Stopping 

Cross-Validation Strategy 5-Fold 

Loss Function Weighted Binary Cross-Entropy 

Epochs Up to 100 (with early stopping) 

Batch Size 16 

Real-time data augmentation of random rotations, 
flips, and zooms is applied to enrich the training 
data and increase robustness. These 
augmentations mimic variability in acquisition 
and anatomical positioning, inducing the model to 
learn CNS features that are more invariant and 
hence generalisable. For the model evaluation, 5-
fold cross validation is performed: The data is 
divided into five subsets and each of them is used 
once as a validation set. That way, it can measure 
both equally and create an optimal threshold 
tuning using this method. 

4. EXPERIMENTAL RESULTS 

The experimental evaluation of the proposed 
FusionScanAI framework is described in this 
section using publicly available MRI and CT 
datasets. We evaluate our model with quantitative 
metrics, modality-wise comparisons, and ablation 
studies. Attention-guided multi-modal fusion 
achieves significant gains in test accuracy for 
cancer detection while preserving computational 

efficiency, and the proposed framework is both 
robust and generalizable to unseen modalities. 

5.1 Experimental Setup 

All experiments were conducted on a workstation 
with an Intel Core i9-11900K CPU, 32 GB of 
RAM, and an NVIDIA RTX 3090 with 24 GB of 
dedicated VRAM, on an Ubuntu 20.04 LTS OS. 
We developed the FusionScanAI framework 
using PyTorch 2.0.1 with CUDA 11.8 for GPU 
acceleration. Other libraries used in conjunction 
included NumPy, OpenCV, scikit-learn, and 
matplotlib, for data preprocessing, augmentation, 
metric computation, and visualization, 
respectively. 

We trained the model using the Adam optimizer 
with a learning rate of 0.0001. This class 
imbalance was addressed by using a binary 
weighted cross-entropy loss function during the 
training procedure. A batch size of 16 was used, 
and training was conducted for up to 100 epochs. 
We applied early stopping with a patience of 10 
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epochs to prevent overfitting. If there is no 
improvement in validation for five epochs in a 
row, the learning rate is multiplied by 0.1 

How would you ensure an independent & reliable 
evaluation? A 5-fold cross-validation strategy was 
used to ensure we were not biased. The data were 
split into five equal segments, ensuring that each 
set was similarly distributed in terms of number of 
cases and controls. For every fold, four subsets 
were used for training, with the left-out one 
retained as the validation. This step was repeated 
five times, and the results for all folds were 
averaged and reported. We evaluated the best 
model from each fold during inference and saved 
it. This setup was selected to ensure consistency, 

reproducibility, and robustness for assessing the 
performance of the framework across a variety of 
multimodal imaging data. 

5.2 Exploratory Data Analysis 

In this subsection, I present the Exploratory Data 
Analysis I conducted on the TCGA-BRCA 
dataset. I show its key statistical properties, the 
class distributions, the behaviour of missing data, 
and the specific behaviour of modalities. This 
analysis enables informed decisions on 
preprocessing and validating data quality, 
ensuring that training is conducted on well-
understood and reliable input. 

 

Figure 3: Sample MRI Slices From The TCGA-GBM Dataset Showing Glioblastoma Tumor Regions 

Axial MR slices of glioblastoma patients from the 
TCGA-GBM dataset are shown in Figure 3. Sub-
image A–D identifies specific tumor features of 
irregular mass morphology, contrast 
enhancement, and edema. Such variations 

highlight the significant heterogeneity in brain 
tumor presentation, thus emphasizing the need for 
reliable multi-modal feature extraction in terms of 
accurate classification in the FusionScanAI 
pipeline. 
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Patient.002 Patient.004 Patient.018 

Figure 4: CT Scan Samples from the NSCLC-Radiomics Dataset with Tumor Segmentations 

Figure 4 presents axial CT slices from the 
NSCLC-Radiomics dataset for three patients, 
with tumor regions highlighted in green. These 
annotated scans demonstrate the variability in 
tumor size, shape, and location across lung cancer 

cases. Such high-resolution segmentation aids in 
extracting modality-specific features, 
contributing to the robust performance of the 
FusionScanAI framework. 

 

Figure 5: Intensity Histograms of MRI and CT Images from TCGA-GBM and NSCLC-Radiomics Datasets 

Figure 5 illustrates pixel intensity distributions for 
MRI (left) and CT (right) slices. MRI images 
show a broader spread due to soft tissue variation, 
while CT images exhibit multiple sharp peaks 

corresponding to tissue density differences. These 
histograms justify normalization strategies and 
support the need for modality-specific encoders in 
the FusionScanAI framework. 

 

Figure 6: Entropy Maps and t-SNE Projection of Multi-Modal Features 

As presented in Figure 6, subfigures (A) and (B) 
show entropy maps of MRI and CT slices, 
highlighting regions of high structural complexity 

and information density. Subfigure (C) illustrates 
the t-SNE projection of fused features, 
demonstrating clear class separation between 
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cancerous and non-cancerous samples. These 
insights validate entropy-guided preprocessing and 
the discriminative power of attention-based fusion 
in FusionScanAI. 

5.3 Performance on Individual Modalities 

To assess the standalone diagnostic capability of 
each imaging modality, two separate baseline 
models were trained independently using only MRI 
and CT inputs. These experiments were conducted 
under the same experimental setup described 
earlier, with the fusion and attention mechanisms 
excluded to isolate the performance of individual 
modality encoders. 

For the MRI-only branch, a fine-tuned ResNet-50 
model was trained on T2-weighted or FLAIR slices 
from the TCGA-GBM dataset. The model 
effectively captured soft tissue variations and 
tumor-related abnormalities, achieving a 
classification accuracy of 86.3%. The precision and 
recall were 84.7% and 88.1% respectively, with an 
F1-score of 86.4% and an area under the ROC curve 
(AUC-ROC) of 0.91, indicating a strong balance 
between sensitivity and specificity. 

Likewise, an independent EfficientNet-B0 model 
was employed in the CT-only pipeline with images 
from the NSCLC-Radiomics dataset only. The 
model was able to identify the high-density tumor 
areas on different lung CT slices. With an accuracy 
of 83.2%, precision of 81.5%, recall of 84.6%, F1-
score of 83.0%, and AUC-ROC of 0.89, it hit the 
mark. Results are summarized in Table 4. 

Table 4: Performance Comparison of Individual 
Modality Models 

Metric MRI-only 
(ResNet-50) 

CT-only 
(EfficientNet-
B0) 

Accuracy 86.3% 83.2% 

Precision 84.7% 81.5% 

Recall 88.1% 84.6% 

F1-Score 86.4% 83.0% 

AUC-
ROC 

0.91 0.89 

Although both models yielded impressive results on 
single-modality tasks, the results highlight crucial 
disadvantages of single-modality learning, notably 

its vulnerability to noise or low contrast from a 
single modality. Such observations provide an 
additional motivation for using a fusion-based 
approach such as FusionScanAI, where 
complementary image features from both MRI and 
CT scans can be combined to provide improved 
robustness as well as overall diagnostic accuracy. 

 

Figure 7: Performance Comparison Between MRI-Only 
and CT-Only Models 

This figure 7 shows performance comparisons of 
ResNet-50 and EfficientNet-B0 on MRI data and 
CT data, respectively, in the 5 main classification 
metrics. In all performance measures, the MRI-only 
model consistently outperforms the CT-only model, 
particularly in recall and AUC-ROC, underscoring 
the superior diagnostic modality of MRI over CT 
for soft-tissue cancer detection in the FusionScanAI 
framework. 

5.4 Performance of FusionScanAI (MRI + CT) 

In this sub-section, we assessed the performance of 
the FusionScanAI model when multiparametric 
MRI and CT modalities are combined. Table 5: Key 
metrics are reported for the classification 
effectiveness, including accuracy, precision, recall, 
F1-score, and AUC. The results show significant 
improvements over unimodal models, confirming 
the benefit of multi-modal fusion for enhanced 
diagnostic accuracy and robustness in clinical 
imaging scenarios. S 

 

 

Table 5: Performance Comparison Across Individual 
and Fused Modalities 
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Metri
c 

MRI-
only 
(ResN
et-50) 

CT-only 
(Efficient
Net-B0) 

FusionScanAI 
(DualModFusi
onNet) 

Accur
acy 

86.3% 83.2% 91.4% 

Precisi
on 

84.7% 81.5% 90.2% 

Recall 88.1% 84.6% 92.6% 

F1-
Score 

86.4% 83.0% 91.4% 

AUC-
ROC 

0.91 0.89 0.96 

Table 5 Summary of MRI-only, CT-only, and fused 
DualModFusionNet scan classification 
performance. FusionScanAI scores the highest 
among all metrics and shows marked improvements 
in accuracy, recall, and AUC. This affirms the 
added value of MRI-CT integration by 
demonstrating improved diagnostic accuracy and 
reliability over single-modality baselines in cancer 
detection tasks. 

 

Figure 8: Comparative Performance Across MRI-only, 
CT-only, and FusionScanAI Models 

Figure 8 Local point-wise comparison of 
classification performance among ResNet-50 based 
MRI-only (MRI-res), EfficientNet-B0 based CT-

only (CT-res), and output of FusionScanAI 
(Fusion) based on the DualModFusionNet 
architecture (Full-res). The subplots are in two 
rows, showing the accuracy, precision, recall, F1-
score, and AUC-ROC values obtained for each 
model, with FusionScanAI always performing best. 

The FusionScanAI model shows the best accuracy 
(91.4%) among the different classifiers (Plot (A). 
This exceeds both the MRI-only and CT-only 
models, which are 86.3% and 83.2%, respectively. 
FusionScanAI also achieves the highest precision, 
with 90.2% as shown in Subplot (B). This indicates 
a greater percentage of cancerous cases correctly 
predicted among all optimistic predictions, which is 
especially important to prevent false positives. 

The recall, or sensitivity, is plotted in (C), where 
FusionScanAI at 92.6% significantly outperforms 
the MRI-only model (88.1%) and CT-only model 
(84.6%). This indicates that the fused model excels 
at identifying actual cancer-positive cases, thereby 
reducing the likelihood of false pessimistic 
predictions. Turning to subplot (D), the F1-score—
providing a balance between precision (21) and 
recall (22)—is 91.4% for FusionScanAI, 
representing another instance where the score of 
each modality model is less than the ensemble. This 
implies a stable and reliable classification 
performance against various samples. 

Lastly, (E) AUC-ROC with value of FusionScanAI 
model = 0.96, indicating good separability of 
classes across decision threshold values. This is also 
higher than the MRI-only and CT-only AUCs of 
0.91 and 0.89, respectively, validating that the fused 
multi-modal model provides better discriminatory 
capacity. 

The comparative visualizations further confirm that 
FusionScanAI utilizes the complementary 
characteristics of MRI and CT data, resulting in 
significant improvements for all key performance 
metrics. These results highlight the advantage of 
guiding multi-modal integration with attention to 
enhance the robustness and accuracy of models for 
cancer detection. 
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Figure 9: ROC Curve For Dualmodfusionnet 

The ROC curve of the DualModFusionNet model 
with input from MRI and CT is shown in Figure 9. 
With an AUC of 0.96, the model demonstrates a 
good capacity to classify cancer versus normal. The 
robust discrimination of the curve validates the 
feasibility of using the proposed multi-modal fusion 
strategy to increase the diagnostic performance. 

 

Figure 10: Prediction Probability Distribution – 
Dualmodfusionnet 

Figure 10 shows the distribution of probabilities 
from the DualModFusionNet model on the 
prediction scale of both cancer and non-cancer 
classes. In the violin plots below, the two groups are 
separated as cases of cancer, denoted by probability 
values on the x-axis, are concentrated toward higher 
probabilities. These high-confidence distributions 
demonstrate that the model is making robust and 

consistent predictions across both pathways, which 
translates to improved certainty in classification. 

5.5 Ablation Study 

To assess the contribution of each architectural 
component in DualModFusionNet, we conducted a 
series of ablation experiments. First, the attention 
mechanism was removed from the fusion layer, 
resulting in a notable decrease in classification 
performance, particularly in sensitivity and AUC. 
This confirms the importance of modeling inter-
modality interactions. Next, we excluded the 
Learnable Fusion Gate (LFG), which led to a 
further drop in accuracy, showing that adaptive 
weighting of modality-specific features is essential 
for optimal performance. 

Table 6: Ablation Study: Performance Comparison Of 
Fusion Strategies And Model Components 

Configurat
ion 

Accu
racy 
(%) 

Preci
sion 
(%) 

Rec
all 
(%
) 

F1
-
Sc
ore 
(%
) 

A
U
C 

Full 
DualModF
usionNet 
(Proposed) 

94.2 95.0 93.
3 

94.
1 

0.9
6 

Without 
Attention 
Mechanism 

90.7 91.2 89.
5 

90.
3 

0.9
1 

Without 
Fusion Gate 

89.8 90.1 88.
0 

89.
0 

0.9
0 

Concatenati
on-Based 
Fusion 

88.6 89.5 86.
4 

87.
9 

0.8
9 

We also evaluated a baseline fusion strategy using 
simple feature concatenation instead of attention-
based fusion. While concatenation provides basic 
integration, it fails to model cross-modal 
dependencies effectively, leading to inferior 
performance across all metrics. These findings 
validate the role of attention-driven fusion and the 
LFG in enhancing discriminative power. The 
performance comparison of all configurations is 
presented in Table 6. 
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Figure 11: Performance Comparison Across Ablation 
Settings 

Figure 11 illustrates the impact of key architectural 
components on the classification performance of 
the proposed DualModFusionNet across five 
metrics: (a) Accuracy, (b) Precision, (c) Recall, (d) 
F1-Score, and (e) AUC. The complete model 
achieves the highest scores consistently, with 
94.2% accuracy, 95.0% precision, 93.3% recall, 
94.1% F1-score, and an AUC of 0.96. Removing 
the attention mechanism leads to noticeable 
performance degradation—particularly a 4.7% drop 
in accuracy and a decline in AUC to 0.91—
indicating that the model struggles to capture inter-
modality dependencies without contextual 
interactions. Excluding the Learnable Fusion Gate 
(LFG) further reduces performance, suggesting its 
critical role in adaptively balancing MRI and CT 
contributions. Replacing the attention mechanism 
with a naive concatenation strategy results in the 
lowest performance across all metrics, confirming 
that simple fusion lacks the sophistication to model 
modality-specific relevance. Overall, this ablation 
study demonstrates that both the attention 
mechanism and LFG are indispensable for 
maximizing the model’s generalization and 
predictive power in multi-modal cancer detection. 

 

 

 

 

Table 7. Comparative Analysis of FusionScanAI with 
Existing Literature 

Study Meth
odolo
gy 

Modal
ity 

Acc
ura
cy 
(%) 

A
U
C 

Key 
Limit
ation 

Joo et 
al. [7] 

Multi
modal 
Deep 
Learni
ng 

MRI + 
Clinic
al Data 

– 0.
88
8 

Limite
d 
cross-
modal 
interac
tion 
model
ing 

Mokn
i et al. 
[13] 

MF-
CAD 
with 
CCA 
Fusio
n 

MRI + 
Mam
mogra
phy 

– 0.
99
1 

Static 
fusion 
strateg
y 

Naee
m et 
al. 
[32] 

Hybri
d ML 
with 
MRI–
CT 
Fusio
n 

MRI + 
CT 

99 – Handc
rafted 
featur
e 
depen
dency 

Saikia 
et al. 
[30] 

Multi-
Moda
l 
Ense
mble 
Learni
ng 

CT + 
PET 

– 0.
76 

Limite
d 
fusion 
interpr
etabili
ty 

Wang 
et al. 
[10] 

Uncer
tainty
-
Based 
Fusio
n 

Multi-
Modal 
Lung 
Cancer 
Data 

– – High 
compu
tationa
l 
compl
exity 

Propo
sed 
Fusio
nScan
AI 

Cross
-
Moda
l 
Attent
ion + 
Learn
able 
Fusio
n Gate 

MRI + 
CT 

91.4 0.
96 

Dyna
mic 
modal
ity 
weight
ing 
addres
sed 

Comparative Analysis with Existing Studies 

Table 7 compares the proposed FusionScanAI 
framework with representative studies from the 
recent literature. Existing research has 
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demonstrated the effectiveness of multimodal 
learning for cancer diagnosis through combinations 
of imaging, clinical, and molecular data. However, 
most studies employ either static feature fusion 
mechanisms or modality-specific architectures that 
do not explicitly model the dynamic contribution of 
each modality to the final diagnostic decision. 

For example, Joo et al. [7] demonstrated the value 
of combining MRI and clinical information for 
breast cancer treatment response prediction, while 
Mokni et al. [13] achieved strong diagnostic 
performance through multimodal breast cancer 
fusion using canonical correlation analysis. 
Similarly, Naeem et al. [32] explored MRI-CT 
fusion for liver cancer classification, demonstrating 
the effectiveness of multimodal integration. 
However, these approaches primarily rely on fixed 
fusion strategies and provide limited capability for 
adaptive modality interaction learning. 

The proposed FusionScanAI framework differs 
from previous studies by introducing a Cross-
Modal Attention Fusion mechanism combined with 
a Learnable Fusion Gate. This enables the model to 
dynamically determine the relative importance of 
modality-specific features during inference. 
Experimental results demonstrate that this adaptive 
fusion strategy improves diagnostic robustness and 
classification performance compared with 
individual modality models. 

Beyond predictive performance, the study 
contributes additional methodological knowledge 
by providing empirical evidence regarding dynamic 
modality weighting and attention-guided 
multimodal representation learning. These 
contributions extend existing literature by moving 
beyond static feature aggregation toward context-
aware multimodal fusion strategies that are 
potentially more suitable for real-world intelligent 
healthcare systems. 

5.6 Validity of the Study 

The validity of the proposed FusionScanAI 
framework was carefully considered throughout 
dataset selection, model development, experimental 
design, and performance evaluation. Multiple 
strategies were adopted to ensure that the reported 
findings are reliable, reproducible, and 
scientifically meaningful. 

Internal Validity 

Internal validity refers to the degree to which the 
observed performance improvements can be 

attributed to the proposed methodology rather than 
external factors. To strengthen internal validity, all 
comparative experiments were conducted under 
identical training conditions, including optimizer 
settings, learning rate, batch size, augmentation 
strategy, and evaluation metrics. Furthermore, 
ablation studies were performed to isolate the 
contribution of individual architectural 
components, including the attention mechanism and 
Learnable Fusion Gate. The consistent performance 
degradation observed after removing these 
components confirms their contribution to the 
overall effectiveness of the framework. 

Construct Validity 

Construct validity concerns whether the selected 
evaluation metrics appropriately measure the 
intended research objectives. In this study, 
Accuracy, Precision, Recall, F1-Score, and AUC-
ROC were selected because they are widely 
accepted performance indicators in medical image 
classification research. These metrics collectively 
evaluate classification correctness, sensitivity to 
cancer detection, false-positive behaviour, and 
discriminative capability, thereby providing a 
comprehensive assessment of model performance. 

External Validity 

External validity relates to the generalizability of 
the findings beyond the experimental environment. 
To improve generalization, publicly available 
datasets obtained from The Cancer Imaging 
Archive (TCIA) were utilized. The use of 
heterogeneous MRI and CT imaging data exposes 
the model to diverse imaging characteristics and 
clinical variations. In addition, five-fold cross-
validation was employed to evaluate model 
performance across multiple data partitions, 
reducing the risk of dataset-specific bias and 
increasing confidence in the robustness of the 
results. 

Statistical Validity 

Statistical validity was enhanced through repeated 
evaluation using five-fold cross-validation, where 
each subset of data served as a validation set exactly 
once. The reported results represent aggregated 
performance across all folds, minimizing the 
influence of random sampling variations. The use 
of weighted binary cross-entropy further addressed 
class imbalance, ensuring that minority cancer 
cases contributed appropriately during model 
training. 
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Limitations Affecting Validity 

Despite the encouraging results, certain limitations 
should be acknowledged. The MRI and CT datasets 
originate from different cancer domains and patient 
cohorts, which may limit direct clinical 
interpretation of multimodal interactions. 
Furthermore, the study relies on publicly available 
datasets and retrospective analysis rather than 
prospective clinical validation. Future research 
should evaluate the framework on larger paired 
multimodal datasets collected from the same patient 
populations and across multiple healthcare 
institutions. 

Overall, the combination of standardized 
experimental procedures, cross-validation, ablation 
analysis, accepted evaluation metrics, and publicly 
available datasets supports the validity and 
reliability of the proposed FusionScanAI 
framework while identifying opportunities for 
further validation in real-world clinical 
environments. 

5.7 Contribution to the Body of Knowledge 

The existing body of knowledge in medical image 
analysis has established that deep learning models 
can effectively support cancer detection using 
individual imaging modalities such as MRI or CT 
scans. Previous studies have also demonstrated the 
potential benefits of multimodal learning, attention 
mechanisms, and feature fusion strategies for 
improving diagnostic performance. However, many 
existing approaches rely on static fusion techniques 
that assume equal importance across modalities and 
often fail to adapt to varying diagnostic contexts. 

The present study extends this body of knowledge 
by demonstrating the effectiveness of attention-
guided multimodal learning through the proposed 
FusionScanAI framework. The integration of 
modality-specific feature extraction, cross-modal 
attention, and adaptive fusion gating provides new 
evidence that dynamic modality interaction can 
improve diagnostic performance compared with 
conventional single-modality and static fusion 
approaches. 

The study contributes methodological knowledge 
by introducing a unified architecture that combines 
complementary imaging information while 
dynamically adjusting modality importance 
according to the diagnostic characteristics of each 
case. This contribution advances current 
understanding of how multimodal information can 

be represented, weighted, and integrated within 
deep learning systems for medical decision support. 

In addition to methodological contributions, the 
study provides practical knowledge regarding the 
design of computationally efficient multimodal 
diagnostic frameworks. The experimental findings 
and ablation studies demonstrate that attention-
based fusion and adaptive gating mechanisms 
significantly influence classification performance, 
thereby identifying best practices that can guide 
future development of intelligent healthcare 
analytics systems. 

The additional knowledge generated by this 
research represents an improvement over existing 
approaches because it moves beyond simple feature 
aggregation and demonstrates the value of adaptive 
modality interaction learning. Rather than focusing 
solely on incremental performance gains, the study 
contributes new insights into how heterogeneous 
medical imaging information can be effectively 
combined to improve diagnostic robustness, 
interpretability, and generalizability. Consequently, 
the proposed framework advances both theoretical 
understanding and practical implementation of 
multimodal artificial intelligence in healthcare 
applications. 

Threats to Validity 

Although the proposed FusionScanAI framework 
demonstrates promising performance, several 
threats to validity should be considered when 
interpreting the results. 

Internal Validity Threats 

Internal validity may be affected by dataset 
characteristics, preprocessing choices, and 
hyperparameter selection. To mitigate these risks, 
all experiments were conducted using identical 
training conditions, standardized preprocessing 
procedures, and cross-validation-based evaluation. 
Ablation studies were also performed to verify the 
contribution of individual architectural 
components. 

 

External Validity Threats 

The primary threat to external validity arises from 
the use of publicly available datasets collected from 
specific institutions and patient populations. While 
these datasets provide diversity and reproducibility, 
model performance may vary when applied to 
different clinical environments, imaging protocols, 
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or demographic populations. Future multi-
institutional validation studies are therefore 
required. 

Construct Validity Threats 

Construct validity concerns whether the selected 
evaluation metrics adequately represent diagnostic 
effectiveness. To address this issue, multiple 
complementary metrics including Accuracy, 
Precision, Recall, F1-Score, and AUC-ROC were 
employed. These metrics collectively provide a 
comprehensive assessment of classification 
performance. 

Statistical Conclusion Validity Threats 

Statistical validity may be influenced by dataset 
size, class imbalance, and sampling variability. To 
reduce these risks, weighted binary cross-entropy 
loss and five-fold cross-validation were employed. 
Performance results were aggregated across 
validation folds to improve reliability and reduce 
dependence on individual data partitions. 

Dataset-Related Limitations 

An important limitation of the present study is that 
MRI and CT datasets were obtained from 
independent public repositories representing 
different cancer domains and patient cohorts. 
Consequently, the reported multimodal evaluation 
should be interpreted as a proof-of-concept 
investigation of adaptive multimodal learning 
rather than direct patient-level multimodal fusion. 
Future work should validate the framework using 
paired multimodal datasets acquired from the same 
patients. 

Despite these limitations, the combination of cross-
validation, standardized experimental protocols, 
ablation analysis, and publicly available datasets 
provides reasonable confidence in the validity and 
reproducibility of the reported findings. 

5.8 Summary of Results 

Some of the key insights from the experimental 
evaluation of FusionScanAI are as follows. Across 
all the evaluation metrics, the proposed 
DualModFusionNet model outperformed single-
modality baselines. Although the MRI-only branch 
with ResNet-50 had good performance and the CT-
only branch with EfficientNet-B0 also presented 
acceptable structural information, they were limited 
to derive overall diagnostic clues through the 
individual modality6257 6258 6259 6260 On the 
other hand, the integration of MRI and CT 

modalities via the attention-guided 
DualModFusionNet provided a notable 
enhancement in performance, achieving a 
maximum of 94.2% in accuracy and 0.96 in AUC. 
That proves the hypothesis that cross-modal 
integration enriches features, leading to better 
identification of cancer. 

Ablation study results also confirmed the 
significance of the attention mechanism and the 
Learnable Fusion Gate (LFG), leading to context-
aware and optimal feature fusion. Degrading these 
features resulted in a significant performance 
degradation in both the recall and F1-score, which 
suggests that these components help in keeping the 
false negatives low, a primary concern for medical-
related cases. 

Not only was the model highly generalizable under 
5-fold cross-validation, but it also retained low 
variance across folds. Being a lightweight 
architecture combined with an efficient training 
pipeline, DualModFusionNet was able to attain 
high accuracy while not being computationally too 
expensive. This efficiency allows clinical 
deployment of the framework in resource-limited 
settings with access to both MRI and CT data. In 
summary, within the Model-based SANNism 
FusionScanAI, we offer an interpretable and 
practical approach for multi-modal cancer 
detection. 

6. DISCUSSION 

Timely and reliable detection of cancer metastasis 
is still a significant challenge in the field of medical 
diagnosis, as it plays a crucial role in making the 
right treatment decisions and optimal prognoses. 
Current diagnostic methods are primarily single-
modality or use handcrafted features, which in turn 
constrain diagnosis due to inadequate feature 
representation and lack of generalizability across 
heterogeneous patient profiles. While accuracy has 
improved with new deep learning methods, 
modality fusion, explainability, and generalizability 
in real-world clinical use remain challenges with 
these techniques. 

The current work overcomes these limitations in the 
form of DualModFusionNet, a multimodal deep 
learning framework that utilizes an attention-guided 
fusion mechanism to fuse MRI-CT imaging data. 
Unlike the existing techniques, which either treat all 
modalities equally or use a simple concatenate 
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operation, our model proposes a fusion gate to 
modulate the representation according to different 
modalities. The bi-directional dual-stream 
architecture allows richer representation learning, 
and attention mechanism guarantees that attention 
dynamically focuses on the most informative 
regions across modalities. 

We demonstrate the effectiveness of the proposed 
model through extensive experimental evaluation, 
showing that it significantly outperforms unimodal 
and baseline fusion methods on multiple 
performance metrics such as accuracy, F1-score, 
and AUC-ROC. By examining the saliency 
mapping and prediction probability distribution, 
visualization results confirm that the model can be 
interpreted, which is essential for its clinical 
applicability. The boost in performance validates 
the necessity of the attention unit and the fusion gate 
as represented in the ablation study. 

Based on the issues identified in previous studies 
(e.g., lack of adaptive fusion, an interpretability 
component, and limited multimodal learning), this 
work provides a clinically relevant and strong 
technical solution for predicting cancer metastasis 
from a diverse set of clinical imaging data. 
Consequently, the proposed framework has 
interesting implications for AI-aided diagnosis 
where MRI and CT modalities are widely 
accessible and will motivate future research for 
generalizing the approach to other imaging 
modality combinations and cancers. Section 7.1 
further discusses the limitations of the present 
study. 
 
7.1 Limitations of the Study 
Although the results in this study are promising, 
there are limitations to the study. This study has 
some drawbacks; firstly, the model is assessed 
based on a limited number of available public 
datasets, which might limit its extrapolation to a 
broader clinical environment. Next, there are no 
clinical metadata (for example, patient history and 
genomic profiles) to help our model get proper 
context regarding why the metastasis happened or 
not. Third, we tested the fusion framework with 
only MRI and CT modalities; adding additional 
imaging types such as PET or histopathology may 
provide complementary information. Improving 
those limitations is, of course, a potential area for 
future work, which can make the proposed system 
more robust and hence more applicable to practice. 
 
 

7. CONCLUSION 

This study addressed the research problem of 
improving cancer detection through the effective 
integration of complementary information obtained 
from multiple medical imaging modalities. Existing 
literature has demonstrated the potential of deep 
learning, convolutional neural networks, and 
multimodal learning for medical diagnosis; 
however, many previously reported approaches rely 
on single-modality analysis or static fusion 
mechanisms that do not adequately capture the 
varying diagnostic importance of different 
modalities. These limitations motivated the 
development of the proposed FusionScanAI 
framework. 

To address this gap, a novel attention-guided 
multimodal architecture was developed that 
combines modality-specific feature extraction with 
adaptive cross-modal fusion and dynamic feature 
weighting. The proposed framework integrates 
ResNet-50 and EfficientNet-B0 encoders with a 
Cross-Modal Attention Fusion mechanism and a 
Learnable Fusion Gate to construct a unified 
representation from MRI and CT imaging data. 
Experimental evaluation demonstrated that the 
proposed approach consistently outperformed 
individual modality models across multiple 
performance metrics, confirming the effectiveness 
of adaptive multimodal learning for cancer 
detection. 

Beyond performance improvements, the primary 
contribution of this study lies in advancing current 
understanding of multimodal representation 
learning within medical image analysis. The 
findings demonstrate that diagnostic information 
from different modalities should not be treated 
equally under all circumstances and that adaptive 
modality interaction can significantly improve 
classification robustness and predictive reliability. 
This extends existing knowledge on multimodal 
deep learning by providing empirical evidence 
supporting attention-guided fusion as a more 
effective alternative to conventional feature 
concatenation approaches. 

The study also contributes practical knowledge to 
the broader fields of Artificial Intelligence, Medical 
Informatics, and Intelligent Healthcare Systems. By 
synthesizing concepts from convolutional neural 
networks, efficient deep architectures, attention 
mechanisms, and multimodal learning, the 
proposed framework establishes a reusable design 
strategy for future computer-aided diagnostic 
systems. The ablation studies further identify 
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adaptive attention and fusion gating as critical 
architectural components, providing guidance for 
future research and development in multimodal 
healthcare analytics. 

Although the proposed framework demonstrated 
promising performance, several limitations remain. 
The datasets were obtained from independent 
public repositories and represent different cancer 
domains. Future research should therefore 
investigate the framework using larger paired 
multimodal datasets, multi-institutional clinical 
cohorts, and additional imaging modalities. Further 
integration of explainable artificial intelligence 
techniques may also improve clinical 
interpretability and support real-world deployment. 

Overall, this research contributes both 
methodological and practical advancements to the 
growing body of knowledge in multimodal medical 
image analysis. The study demonstrates that 
attention-guided adaptive fusion can improve the 
effectiveness of intelligent diagnostic systems and 
provides a foundation for future research into 
robust, scalable, and clinically applicable 
multimodal artificial intelligence solutions. 

The validity of the proposed framework is 
supported through controlled experiments, cross-
validation, comprehensive performance metrics, 
and ablation studies. While the results demonstrate 
strong predictive capability, future work will focus 
on external clinical validation using larger multi-
institutional datasets and paired multimodal patient 
cohorts to further strengthen generalizability and 
clinical applicability. 

From a broader Information Technology and 
Artificial Intelligence perspective, this study 
contributes new knowledge regarding adaptive 
multimodal learning for medical decision support 
systems. The findings demonstrate that attention-
guided fusion and dynamic modality weighting 
provide a more effective strategy than conventional 
static fusion approaches. By integrating established 
concepts from deep learning, feature representation 
learning, and multimodal analytics into a unified 
framework, the proposed FusionScanAI model 
offers both theoretical and practical insights that 
can guide future development of intelligent 
healthcare applications. The study therefore 
contributes not only improved predictive 
performance but also a reusable best-practice 
architecture for multimodal medical image analysis. 

8. FUTURE WORK  

Future work will focus on incorporating multi-
source clinical information, including 
histopathology and genomic data, to support more 
personalized and comprehensive diagnosis. 
Furthermore, extending the model to a federated 
learning setting could enable privacy-preserving 
training across institutions, enhancing its real-world 
deployment potential. Integration with clinical 
decision support systems (CDSS) and prospective 
validation in clinical workflows remains a 
promising direction to ensure the scalability and 
clinical impact of FusionScanAI. 
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