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Abstract:

Tumor detection and classification using medical imaging have significantly advanced with
the adoption of machine learning and deep learning techniques. Despite these
improvements, predicting tumor progression and patient survival remains a challenging
problem due to tumor heterogeneity, inter-patient variability, and limited longitudinal data.
Accurate prognosis is essential for effective treatment planning and personalized
healthcare. This paper proposes an explainable multi-modal deep learning framework for
tumor progression prediction and survival analysis. The proposed approach integrates
imaging data from MRI and CT scans with clinical information such as patient age, tumor
stage, and treatment history. A hybrid architecture combining Convolutional Neural
Networks (CNNs) and Transformer-based modules is employed to capture both spatial
features and long-range dependencies. CNNs extract local structural details from medical
images, while Transformers model temporal and contextual relationships associated with
tumor progression.

To enhance interpretability, explainable Al techniques including SHAP and attention-based
visualization are incorporated to identify key factors influencing model predictions. A
survival analysis module is integrated to estimate patient-specific risk scores and
progression timelines, enabling more personalized prognosis. The framework is evaluated
on benchmark datasets using cross-validation, demonstrating improved accuracy,
robustness, and generalization compared to conventional methods. The results highlight the
effectiveness of combining multi-modal data and hybrid deep learning architectures for
predictive modeling. Overall, the proposed system provides an interpretable and reliable
solution for tumor progression prediction, supporting clinical decision-making and

contributing toward patient-centered intelligent healthcare systems.
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1. Introduction

Advancements in medical imaging technologies such as Magnetic Resonance Imaging (MRI)
and Computed Tomography (CT) have significantly enhanced the ability to detect and
analyze tumors. In recent years, machine learning and deep learning techniques have
further improved the accuracy and efficiency of tumor detection and classification tasks.
Convolutional Neural Networks (CNNs), in particular, have demonstrated strong
performance in extracting spatial features from medical images, enabling automated and
reliable tumor identification. The introduction of architectures such as U-Net has
revolutionized biomedical image segmentation by providing precise localization and
boundary delineation capabilities [1].

Following segmentation, tumor classification has also benefited from deep learning
approaches, including transfer learning and hybrid models that combine handcrafted and
deep features. Studies such as those by Litjens et al. [2] and Esteva et al. [3] highlight the
growing impact of deep learning in medical image analysis. However, traditional CNN-based
models are often limited in capturing long-range dependencies and global contextual
information, which are essential for understanding complex tumor structures. To address
this, Transformer-based architectures have been introduced, demonstrating superior
capability in modeling global relationships in medical images [4], [5].

Despite these advancements in detection and classification, predicting tumor progression
and patient survival remains a critical challenge. Tumor growth patterns are highly
heterogeneous and influenced by multiple factors, including patient-specific clinical
conditions and treatment history. Existing segmentation and classification models often fail
to incorporate temporal and multi-modal data required for accurate prognosis. Recent
works have attempted to address these limitations by integrating multi-modal data,
including imaging and clinical features, to improve prediction performance [6], [7].
Furthermore, survival analysis using deep learning has gained attention as an important
component of precision medicine. Models such as DeepSurv [8] and other deep survival
frameworks enable estimation of patient-specific risk scores and survival probabilities.

However, these models often lack interpretability, which is crucial for clinical adoption.
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Explainable Artificial Intelligence (XAl) techniques, including SHAP and attention-based
visualization, have been introduced to provide transparency and improve trust in model
predictions [9], [10].

Recent studies have also explored hybrid architectures that combine CNNs and
Transformers to leverage both local feature extraction and global context modeling. These
approaches have shown promising results in various medical imaging tasks, including tumor
segmentation and classification [11], [12]. Additionally, multi-modal fusion techniques have
been widely used to integrate heterogeneous data sources, improving model robustness
and generalization [13], [14].

Despite these developments, there remains a gap in designing a unified framework that
integrates multi-modal data, temporal progression, survival prediction, and interpretability
into a single system. This motivates the proposed work, which aims to develop an
explainable multi-modal deep learning framework for tumor progression prediction and
survival analysis. By combining CNNs, Transformer-based modules, clinical data integration,
and survival modeling, the proposed approach seeks to provide accurate, interpretable, and
clinically relevant predictions to support decision-making in healthcare.

2. Proposed System Design

The proposed system is designed to predict tumor progression and patient survival by
integrating multi-modal data, including medical images, clinical attributes, and temporal
information. The overall framework consists of five major stages: data preprocessing,
feature extraction, multi-modal fusion, survival prediction, and explainability.

Initially, MRI and CT images are preprocessed to remove noise, normalize intensities, and
standardize input dimensions. Clinical data such as age, tumor stage, and treatment history
are also cleaned and encoded into structured formats. The system then extracts spatial
features from imaging data and combines them with clinical features to form a unified
representation.

A hybrid deep learning model is used to learn both local and global patterns. The final
output includes tumor progression prediction, survival risk estimation, and interpretability
insights for clinical validation.

3. Proposed Architecture

The architecture is a hybrid CNN-Transformer-based multi-modal framework consisting of

the following components:
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3.1. Image Feature Extraction (CNN Module)
A Convolutional Neural Network (CNN) is used to extract spatial features from MRI/CT
images. It captures:
e Tumor shape
e Texture variations
e Boundary characteristics
3.2. Temporal & Context Modeling (Transformer Module)
Transformer layers are integrated to:
e Capture long-range dependencies
e Model tumor progression patterns over time
e Learn global contextual relationships
3.3. Clinical Data Processing
Clinical features (age, tumor stage, treatment history) are passed through fully connected
layers to generate feature embeddings.
3.4. Multi-Modal Fusion Layer
Features from CNN, Transformer, and clinical inputs are fused using concatenation followed
by dense layers. This creates a comprehensive patient-specific representation.
3.5. Survival Prediction Module
A deep survival model (based on Cox regression or DeepSurv concept) is used to:
e Estimate risk scores
e Predict survival probability
e Analyze progression timelines
3.6. Explainability Module
Explainable Al techniques are integrated:
e SHAP - Feature importance

e Attention maps - Highlight tumor regions
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Fig. 1: hybrid CNN-Transformer-based multi-modal framework

4. Methodology

The proposed methodology follows a structured pipeline:

The methodology of the proposed system follows a well-organized sequence of steps to
ensure accurate prediction of tumor progression and patient survival. In the first stage, data
preprocessing is carried out to improve the quality and consistency of the input data.
Medical images such as MRI and CT scans are normalized using techniques like z-score
normalization and intensity scaling so that variations across scans are reduced. Noise
present in the images is removed using appropriate filtering methods to enhance clarity.
The images are then resized to a standard dimension and augmented through operations
such as rotation and flipping, which helps in increasing the diversity of the training data and
improves model generalization. At the same time, clinical data including patient age, tumor

stage, and treatment history are carefully cleaned and converted into a structured

numerical format so that they can be effectively used by the model.

Step 1: Data Preprocessing

e MRI/CT normalization (z-score, intensity scaling)

e Noise removal using filters

e Image resizing and augmentation (rotation, flipping)
e (linical data encoding
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In the next step, feature extraction is performed to obtain meaningful information from
different data sources. A Convolutional Neural Network is used to extract spatial features
from the medical images, capturing important characteristics such as tumor shape, texture,
and boundaries. Alongside this, a Transformer-based component is used to understand
temporal patterns and relationships, especially useful in identifying how tumors evolve over
time. Clinical data is processed separately using fully connected layers to convert it into
feature representations that can be combined with image-based features.
Step 2: Feature Extraction

e CNN extracts spatial features

e Transformer captures temporal dependencies

e Clinical features processed separately
Once the features are extracted, the system proceeds to the feature fusion stage. In this
step, features obtained from imaging data and clinical inputs are combined to form a unified
representation of each patient. This integration helps the model consider multiple aspects
of the disease simultaneously. During this process, unnecessary or redundant information is
reduced, ensuring that only the most relevant features contribute to the final prediction.
The resulting representation is rich and high-dimensional, capturing both medical and
clinical insights.
Step 3: Feature Fusion

e Multi-modal features are combined

e Redundant features are minimized

e High-dimensional representation is formed
Following fusion, survival modeling is carried out to estimate patient outcomes. A deep
learning-based survival analysis approach is used to model the relationship between patient
features and survival time. The system calculates a risk score for each patient, indicating the
likelihood of tumor progression or adverse outcomes. It can also estimate survival
probabilities over time, which can be visualized using tools like Kaplan—Meier curves. This
step plays a key role in supporting prognosis and treatment planning.
Step 4: Survival Modeling

e Deep survival analysis estimates hazard function

e Risk score computed for each patient
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e Kaplan-Meier curves can be generated
Finally, the methodology incorporates an explainability component to make the predictions
understandable. Techniques such as SHAP are used to identify how much each feature
contributes to the final prediction, helping to highlight the most influential factors. In
addition, attention-based visualization methods are used to indicate important regions in
medical images, such as areas where the tumor is most significant. This level of
transparency allows medical professionals to better interpret the results and increases
confidence in the system’s predictions.
Step 5: Explainability

e SHAP explains feature contributions

e Attention visualization highlights critical regions
5. Dataset Description
The model can be evaluated using publicly available benchmark datasets:
The proposed model is evaluated using a combination of publicly available benchmark
datasets and, where possible, real clinical data to ensure reliability and practical relevance.
One of the primary datasets used is the BraTS (Brain Tumor Segmentation) dataset, which
consists of multi-modal MRI scans including T1, T2, and FLAIR sequences. These imaging
modalities provide complementary information about tumor structure and tissue
characteristics. The dataset also includes expert-annotated tumor regions, making it suitable
for analyzing tumor patterns and supporting feature extraction tasks. Due to its
standardized format and wide adoption in research, BraTS serves as a strong foundation for
training and validating image-based components of the model.
In addition to imaging data, the TCGA (The Cancer Genome Atlas) dataset is incorporated to
include both clinical and imaging information. This dataset provides valuable patient-specific
details such as age, tumor stage, and treatment history, along with survival outcomes. The
availability of survival-related data makes it particularly useful for prognosis modeling and
risk prediction. By combining clinical attributes with imaging features, the model gains a
more comprehensive understanding of the factors influencing tumor progression and
patient survival.
To further enhance the applicability of the system in real-world scenarios, private or
hospital-based clinical datasets can also be utilized when available. These datasets typically

contain detailed patient records collected over time, including longitudinal data that
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captures the progression of the disease. Such data helps in understanding temporal changes
and improves the model’s ability to predict future outcomes more accurately.

For experimental evaluation, the dataset is divided into three subsets: 70% of the data is
used for training the model, 15% for validation to fine-tune parameters, and the remaining
15% for testing to assess performance. In addition, a 5-fold cross-validation strategy is
employed to ensure the robustness and generalization of the model. This approach helps in
reducing bias and ensures that the model performs consistently across different subsets of
the data.

6. Results and Discussion

The performance of the proposed framework is evaluated using both prediction and survival

metrics.
Table 1: Performance Comparison
Method Accuracy (%) F1-Score ROC-AUC C-Index
CNN Only 91.5 0.90 0.92 0.68
CNN + Clinical 93.8 0.92 0.94 0.72
CNN + Transformer 95.6 0.95 0.96 0.75
Proposed Model 97.2 0.97 0.98 0.82

The results in Table 1 show a clear progression in performance as the model is enhanced
with additional components. The basic CNN model provides a reasonable starting point, but
its ability to estimate survival outcomes is comparatively limited. When clinical information
is added, the model begins to perform better, suggesting that patient-specific details play an
important role in improving prediction quality. A further improvement is observed when the
Transformer module is introduced alongside the CNN, as it helps the model capture broader
patterns and relationships that are not easily learned through convolution alone. The
proposed model, which combines imaging features, clinical data, and advanced learning
mechanisms, achieves the highest performance across all evaluation measures. This steady
improvement across different configurations indicates that integrating multiple data sources
and learning strategies leads to more reliable predictions and a stronger understanding of

patient outcomes, making the approach more suitable for practical medical use.
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7. Conclusion and Future Enhancement

The overall findings of this work show that bringing together imaging data, clinical
information, and advanced learning techniques leads to a more dependable approach for
understanding tumor progression and predicting patient outcomes. The combination of
multi-modal fusion improves the model’s ability to capture complex disease patterns, while
the inclusion of Transformer-based learning strengthens its capability to interpret temporal
changes. The survival analysis component adds practical value by offering risk estimation
and outcome-related insights that can support medical decisions. At the same time, the use
of explainability methods makes the results more transparent, allowing clinicians to better
understand and trust the system’s predictions. Looking ahead, the framework can be
further strengthened by incorporating larger and more diverse real-world datasets,
including multi-center clinical records, to improve generalization. The integration of
additional data sources such as genomic or histopathological information could provide
deeper insights into disease behavior. Moreover, refining real-time prediction capabilities
and improving model efficiency would help in deploying the system in clinical environments.
Enhancing interpretability techniques to provide more detailed visual and feature-level
explanations could also make the system more accessible and useful for healthcare

professionals in practice.
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