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Abstract: Colorectal cancer (CRC) is one of the most common cancers
worldwide, for which early prediction of patient outcomes is important for
personalised treatment planning and to improve survival. However, current
prediction systems are limited in the fact that they are based on single-
modality data and cannot capture the complex interactions between clinical,
imaging, and genomic factors. To overcome these shortcomings, this study
presents a Unified Multimodal Predictive Modeling Network (UMPM-Net)
which incorporates Electronic Health Records (EHRs), medical imaging
biomarkers and genomic signatures in a deep learning model. The proposed
approach uses U-Net for accurate tumor segmentation, EfficientNet for
imaging feature extraction and DenseNet for classification and survival
prediction. The multimodal features are then fused at the feature level as a
way of obtaining complementary information across the modalities.
Experiments were performed on a multi-institutional dataset of a CRC with
1200 distinct patients with paired imaging, EHR and genomic profiles.
Quantitative results show better performance than five state-of-the-art
models with Dice score 0.92 for segmentation, accuracy score 0.90, ROC-
AUC score 0.95 for outcome classification and concordance index (C-index)
score 0.80 for predicting survival. The ablation analysis further confirms that
the fusion of imaging, clinical and genomic modalities has a significant
impact on the predictive accuracy and clinical interpretability. In conclusion,
the proposed UMPM-Net is a comprehensive, explainable and robust
multimodal learning framework that is capable of accurate, interpretable, and
clinically relevant prognostication for colorectal cancer.

Keywords: Colorectal Cancer, Multimodal Deep Learning, Electronic
Health Records, Genomic Signatures, Medical Imaging, U-Net, EfficientNet,
DenseNet, Predictive Modeling, Survival Analysis

Introduction

Colorectal cancer (CRC) is one of the leading causes of
cancer-related morbidity and mortality worldwide with
almost 10% of all cancer diagnoses and deaths (Sung et al.,
2021). Early and accurate prediction of disease outcome,
such as recurrence, response to therapy and overall
survival, is an essential aspect for the optimization of
therapeutic strategies and the improvement of patient
prognosis. With the growing availability of clinical,
imaging and genomic data, there is a growing opportunity
to use data-driven predictive models for precision
oncology. However, how to integrate heterogeneous
modalities into a common clinically interpretable model
is still a great challenge (Usher-Smith et al., 2016).
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Medical image analysis has recently experienced an
advanced level of performance due to developments in
Artificial Intelligence (AI) and deep learning for
segmentation, lesion detection, and disease
classification, as examples (Liu et al., 2024). Electronic
Health Record (EHR) describes patient-specific
information, such as demographic and comorbidity and
laboratory test results (Wang et al., 2019) on the other
hand, genomic data provides information on molecular
changes affecting the tumor's behavior and response to
therapy (McGeoch et al., 2019). While all these data
sources provide useful information, they, when
analysed in isolation, do mnot provide enough
information to capture the clinical context and
biological complexity underlying CRC progression.
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Existing studies have tried to predict CRC outcomes
using unimodal and bimodal strategies. Image-based deep
learning models with Convolutional Neural Networks
(CNNs) and transformers have been proven to be
promising for tumor classification and segmentation
(Tasnim et al., 2021). However, these techniques tend to
ignore the non-visual clinical and genetic variables that
have a strong impact on prognosis. On the other hand, in
clinical or genomic-only models such as Cox proportional
hazards model or random survival forest model, the
spatial information is not considered and the predicted
accuracy is relatively poor (Win et al., 2012). A lot of
multimodal frameworks have been proposed, but most of
them are based on late fusion, in which inferences from
different models are concatenated, which results in
suboptimal feature interaction and missing of
information. Furthermore, many current models are not
interpretable, and it may be hard for clinicians to trust and
adopt Al-driven recommendations in a real-world setting
(He et al., 2025).

Filling these gaps, there is a strong need for a combined,
interpretable and data sparing framework that can integrate
EHR, imaging and genomic modalities, for CRC outcome
prediction. The research problem we study in this paper is
the lack of an end-to-end multimodal model that jointly
characterizes tumor morphology, patient clinical state,
and molecular characteristics for improved prognostic
accuracy and clinical interpretability. The main objectives
of the study are as follows:

e To create an integrated, multimodal deep learning
framework (UMPM-Net) for colorectal cancer
outcome prediction using EHR, imaging and
genomic features

e To design Segmentation-Extraction-Classification
Pipeline with U-Net, EfficientNet and DenseNet for
Accurate but Interpretive Modeling

e To evaluate the performance of the proposed model
with respect to state-of-the-art approaches using
quantitative, ablation and interpretability studies

Literature Review

Deep learning has become a big progress in the
domain of cancer outcome prediction as it has made it
possible to analyze complicated data. However,
traditional unimodal models (i.e., imaging only, clinical
only, or genomics only) are limited, which is what is
addressed by the recent trend of multimodal deep
learning. In this paper we summarize some of the recent
advances in this field, classified according to the
integration of modalities, fusion strategies, application
domain and interpretability issues.

He et al. (2025) suggested a multimodal deep learning
framework with Multimodal Compact Bilinear Pooling

for 5-year CRC survival prognosis with the combination
of histopathological, clinical and gene mutation. The
improved calculated Area Under the Curve (AUC) was
demonstrated in the study with the finding that
multimodal fusion has increased the predictive accuracy
of the study, limited by the small sample size (84 cases)
(Jang et al.,, 2020). Huang et al. (2022) presented a
multimodal deep learning model for predicting Tumor
Mutational Burden (TMB) from histopathological and
clinical data, which is a much cheaper and faster
alternative to sequencing. Although effective, the model's
use of image derived surrogates may limit the level of
precision when compared to genomic gold standards.

Dai et al. (2024) proposed a multi-head attention based
survival prediction model for multimodal data fusion,
which can solve the inter-modal heterogeneity problem
and improve the robustness. The study adds significantly
to CRC survival prediction accuracy, but wider testing of
the dataset and interpretability analysis is required. Ding
(2024) proposed a Multimodal Transformer Framework
for Pathology and Genomics Based CRC Outcome
Prediction Exploiting Graph Based Spatial Connections
and Contrastive Pretraining. The work shows great
innovation in multimodal representation with the need for
clinical generalization and real world interpretability

testing.
Xie et al. (2025) has developed an AI based
multimodal analyzer including radiological,

histopathological, and genomic data to guide the adjuvant
chemotherapy in stage II CRC. The biologically
explainable model identifies different clusters that
respond to treatment, which is of translational value, but
is dependent on the variability of the imaging done in a
particular cohort and requires validation in an
independent cohort.

Schulz et al. (2021) have designed a Multimodal Deep
Learning Model (MMDLM) using the combination of
histopathological, radiological and genomic information
to predict renal cancer prognosis. The model showed
excellent predictive performance (C-index = 0.7791),
which was better than clinical parameters. While it has
great use of multimodal data, limited sample diversity and
cohort size limit generalizability and clinical translation.

Badic et al. (2021) discussed the emerging field of
radiogenomics in colorectal cancer and its potential for
personalized medicine by combining radiomic and
genomic information. Despite its promising nature, the
study identifies the early stage development,
methodological variability and lack of standardized
validation as potential hindrances to its clinical
applicability.

Tsai et al. (2023) proposed the MOMA platform,
which is an explainable machine learning that creates
links between histopathology, multi-omics, and clinical
data to predict CRC survival and genomic alterations.
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While the study has good generalizability and
interpretability, its complexity and high-quality data
requirements may make it difficult to scale to real-world
implementations.

Mohammadpour et al. (2025) performed a scoping
review of 41 studies on the application of imaging and
radiomics to predict molecular changes in CRC and
achieved up to 81% AUC for MSI and 80% for BRAF.
The review is supportive of imaging based molecular
prediction but recognizes the heterogeneity and lack of
clinical standardization of the studies.

Lu et al. (2021) has suggested a deep learning model
based on serial CT to predict early treatment response to
metastatic CRC. The model performed better than the
conventional size-based metrics, increasing C-index to
0.694. However, small sample size, retrospective design
and lack of interpretation limit its direct clinical
translation.

Tao et al. (2024) analysed the use of liquid biopsy in
the clinical application of CRC for detection, monitoring
and prognosis through CTCs, ctDNA and TEPs. The non-
invasiveness and prediction potential of the method is
remarkable; however, technical variability, sensitivity and
standardization issues restrict the use to routine clinical
practice.

Jackson et al. (2025) suggested a hybrid deep learning
model for colorectal cancer segmentation, which is based
on U-Net and attention gates. The study illustrated better
precision at the boundaries and contextual learning.
However, despite being effective, it is dependent on
attention mechanisms which may lead to increased
computational complexity limiting scalability across
different large-scale histopathology datasets.

Raju et al. (2025) have introduced
PolynetDWTCADx, which uses CNN, DWT, and SVM
for the detection of colorectal cancer with 95% training
accuracy and 0.93 IoU. The hybridization enhanced the
segmentation fidelity but the model generalizability is still
limited by the dataset diversity, and performance might be
affected by the real-world clinical imaging noise.

Shah et al. (2021) created AtResUNet with atrous
convolutions and residual blocks for colorectal cancer
segmentation, which got a Dice coefficient of 0.753. The
model was good at describing multi-scale features but had
a low level of robustness caused by medium dice scores,
indicating a need for further tuning and the addition of
more data.

Girepunje and Singh (2024) EffiSANet, an
EfficientNet integrated with self-attention for colorectal
cancer classification, with an accuracy of 95.49%. The
model was able to efficiently extract discriminative
features, making it more interpretable. However, the
performance dependence on small datasets can be a
limiting factor for clinical applicability and cross-cohort
validation is necessary to ensure that the performance is

stable and reproducible in a wide
histopathological diseases.

Saba et al. (2024) used EfficientNet with NSGA-II as
the optimization to detect colon cancer and achieved an
accuracy of 99.97% with multiple data sets. The hybrid
model performed well in terms of performance and
efficiency, but the possibility of overfitting is raised by
extensive hyperparameter tuning and raises questions about
how the model can perform in the real-world, including its
adaptation and generalization to medical imaging domains
that it has not seen before.

Sarkar et al. (2021) proposed a modified DenseNet
with an auto-encoder for colorectal histology
classification with 97.2% accuracy. The reconstruction-
based learning in a model improved feature extraction
without preprocessing. However, it is dependent on deep
architecture and can raise the cost of training, and is
lacking in interpretability for transparent clinical
integration.

Predicting prognosis in Colorectal Cancer (CRC) from
various image modalities has been demonstrated to be
possible using Multimodal Deep Learning (MDL);
however, there are several key issues. Most existing
approaches are based on the late-fusion techniques, which
is to perform feature extraction on each modality
separately to obtain predictions for each modality, and
then combine them. They don't work very well in
capturing the complex cross-modal interaction and
complementary biological relationships between tumor
phenotype and patient characteristics as well as the
molecular changes. To overcome this, the proposed
multimodal fusion method at the feature level will be
introduced in UMPM-Net which will allow the fusion of
image, clinical and genomic representations in a common
latent space to learn richer inter-modal dependencies.

Other important restrictions are nonexistence of good
interpretability mechanisms. In reality, from the clinical
application point of view, the current deep learning
models are essentially treated as "black-box models" and
cannot be used in clinical applications. To enhance the
transparency of the model, UMPM-Net has the ability to
interpret images by using Grad-CAM, and to attribute the
features to the clinically relevant clinical and genomic
biomarkers, giving clinically relevant explanations for the
model predictions.

There have been a number of studies which have
concentrated on the classification accuracy, with only
cursory support of prognosis and survival analysis. For
these reasons, the proposed framework considers the
multimodal prognostic representations in the prediction
network DenseNet-121 to predict the recurrence risk,
treatment response and survival outcome, all based on a
single patient representation.

Furthermore, previous literature has had limited
variability of cohorts, modality specific learning and

range of

2785



K. Muthuchamy and S K. Piramu Preethika / Journal of Computer Science 2026, 22 (9): 2783.2801

DOI: 10.3844/jcssp.2026.2783.2801

been without analysis of generalization. The
framework proposed aims to leverage the best use of
multimodal data — heterogeneous and heterogeneous
(clinical record, radiological imaging, pathology
images and genomic profiles) to reinforce the
robustness of the framework and to gather
complementary biological information. The system is
end-to-end optimized and learns representations across
the different modalities, while being able to see the
information loss in the typical unimodal pipelines.
Overall, the proposed UMPM-Net is specially designed
to address the limitations of the existing multimodal
colorectal cancer studies, which include the ability to
explain the multimodal fusion process and better
understand the prognosis prediction, and to enable an
end-to-end learning.

Materials and Methods

The proposed framework employs combined
predictive modeling of Colorectal Cancer (CRC) by
means of a unified deep learning pipeline for multimodal
data including Electronic Health Records (EHRs),
medical imaging biomarkers and genomic signatures. The
architecture synergistically uses U-Net for image
segmentation, EfficientNet for feature extraction and
DenseNet for outcome prediction, thus realizing accurate
localization of lesion, discriminative feature learning and
prediction of outcome. The general flow chart is shown in
Fig. 1.

Data Acquisition and Preprocessing

Multimodal input data is collected from three main
sources:

(1) EHR data, including demographics, laboratory
parameters and treatment history

(2) Histopathology Image dataset

(3) Genomic data of RNA sequencing and mutation
profiling

Data Acquisition Preprocessing Feature

& Segmentation Extraction Interpretability

EHR
l Efficient -Net

Grad-CAM

oo
—_— —> Al ™
c—oof
Genomic
Signatures
Outcome 4—|

Imaging Data

Fig. 1: Overall flow of the proposed framework for
multimodal colorectal cancer

Each of the modalities of data is individually
preprocessed.

EHR Data Preprocessing: EHRs are cleaned to
eliminate discrepancies and missing values and the
numerical attributes are normalized. Categorical
embeddings (gender, comorbidity and treatment types)
are either represented by one-hot encoding or learned
embeddings that represent these variables in a structured
numerical way that can be combined by the model across
different heterogeneous patient data sources.

Imaging Data Preprocessing: The preprocessing step
includes downloading the WSIs and the associated
clinical metadata. WSIs are often gigapixel and therefore
they are tiled into smaller patches (e.g., 224x224 or
512x512 pixels) in order to be fed into CNNs. Color
normalization (e.g. Macenko or Reinhard) are made to
minimize the variability in H&E staining. Non-tissue
regions are removed with the help of Otsu thresholding or
tissue-masks. Finally, patches are matched with either
tumor or normal label as well as with molecular subtype
or survival outcome for training the model.

The proposed multimodal framework will include two
imaging modalities: Radiological imaging and digital
pathology imaging, complementary with each other.
Radiological imaging involves contrast enhanced
Computed Tomography (CT) scans and/or Magnetic
Resonance Imaging (MRI) to give anatomical and
morphological information about where the tumors are,
their size and the characteristics of the surrounding
tissues. These volumetric images would then be fed into a
3D U-Net segmentation network, which is used to
precisely localise the tumour and extract the region of
interest.

Further, the digital pathology data are the Whole-Slide
Images (WSIs) of surgically excised tissue samples. After
tissue segmentation and stain normalization the WSIs are
sliced into smaller image patches. These images of the
pathology have the detailed information on the cellular
and tissue level related to tumor heterogeneity and disease
progression.

The radiologic and pathological imaging features
extracted are then fused with clinical and genomic
information as suggested by the multimodal fusion
framework. The model provides a more holistic
representation of colorectal cancer and better prediction
of performance in prognostic prediction through
incorporating anatomical, histological, clinical and
molecular features.

Genomic Data Preprocessing: Genomic dataset from
RNA sequencing and mutation profiling goes through
rigorous data filtering to filter out low variance and noisy
genes. Variance thresholding is used to identify steady
gene expression while PCA-based dimension reduction
picks up the top components that represent the significant
biological variance. This process maintains discriminative
genetic markers that are related to cancer progression in
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an optimized way that ensures compactness and
interpretability of features for modeling.

A wide variety of multimodal colorectal cancer data
sets were used: Clinical data, imaging data, and genomic
data, from the TCIA-TCGA COAD and READ
collections, to increase the generalizability of the
proposed framework. Patients' data included a variety of
patients and age, gender, tumor stage, treatment history,
molecular sub-type and survival outcome. While the
electronic Health Records provide information from a
variety of clinical perspectives, high-resolution CT/MR
scans, mutation and RNA sequencing profile data provide
complementary information from multiple biological and
clinical angles. The diversity ensures that the framework
can have strong representations that are more adaptable to
population-specific bias as well as can be applied to
different clinical scenarios.

Missing Data Handling

A detailed data quality audit was conducted on all
datasets before they were used to develop the models to
locate missing, inconsistent or incomplete data.
Continuous variables (such as laboratory values and
clinical signs where one or more were missing) were
completed with the value for the median, to minimize the
influence of extreme values and to assure the statistical
structure of the data. Categorical data (such as treatment
category, for instance or other condition data) was
imputed as the most common, or as an additional
“unknown” category as appropriate.

Samples rejected by the Quality Control (QC) for
imaging data were samples that were severely corrupted, had
missing imaging annotations or had poor image quality.
Genes were filtered out to minimize excess missing data and
very low expression levels of genomic data for downstream
analyses. Normalization and a standard filtering were
performed in a standard transcriptomic analysis to fill in the
missing genomic values.

To avoid data leakage, all the imputation parameters
were estimated in the training dataset and then used in the
validation and test datasets. This prevented any
information in unseen samples from affecting the training.
The missing data handling methods improves data
completeness and also reduce the potential for bias and
enhanced the power and credibility of the proposed
multimodal colorectal cancer prediction methodology.

Tumor Segmentation: Implementation and U-Net

The 3D U-Net architecture is specifically engineered
to perform segmentation on volumetric medical images
(e.g. CT or MRI images) by precisely identifying the
tumor region within 3D space. As shown in Figure 2, the
encoder-decoder architecture with skip links to retain
spatial and contextual information all the way through the
network.

ENCODER Decoder
3D Up Conv
SHpi Skip. 3D Conv
gh’ connection connection
g — !
% 3D UpConv
z |
g Colorectal
= tumor 3D Conv
© segmentation |
3D Conv
RelU [
Output

Fig. 2: Architecture of 3D- U-Net for colorectal tumor
segmentation

Encoder (contracting path): The encoder is used to
compress the input image volume with several 3D
convolutional, ReLU, and max-pooling layers. This
process extracts more and more abstract and high-level
contextual features representing the appearance of the
tumor and surrounding anatomy at many different scales.

Decoder (expanding path): The decoder then uses
compositional features that are successively up-scaled in
order to reconstruct the segmentation map. It re-increases
the spatial resolution along with incorporating the detailed
features of the encoder through skip connectivity, which
aids in the recovery of accurate tumor boundary from the
downsampled encoder.

Loss function: The network uses a combination of
Dice Loss and Binary Cross Entropy (BCE) Loss in the
way that minimizes the region overlap and the pixel-wise
accuracy to achieve the best. The Dice loss provides an
estimate of the geometry of the tumor by calculating the
similarity between the predicted mask and the actual mask
while BCE penalizes the misclassification of voxels. This
loss, along with the use of that intermediate
representation, compels the model to learn both the global
shape consistency and the local boundary accuracy to
produce highly accurate segmentation of colorectal
tumors which are used as strong Regions of Interest
(ROIs) for subsequent feature extraction and predictive
modeling.

Feature Extraction Using EfficientNet

After tumor segmentation, each Region of Interest
(ROY]) is processed via EfficientNet-B4 which has been
chosen for its compound scaling which simultaneously
searches for the optimal depth, width, and spatial
resolution. The network extracts morphological, textural
and intensity based biomarkers from CT/MRI volumes.
Global average pooling is used to compress spatial
representations by means of high-level descriptor vectors.
These imaging features are combined with the clinical and
genomic embedding in order to form a compound
representation. Leveraging ImageNet-pretrained weights
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through transfer learning helps to speed up convergence
and help generalization mainly for limited medical
datasets. EfficientNet with its efficiency-accuracy
tradeoff provides effective extraction of discriminative
imaging features for outcome prediction in colorectal
cancer.

The Tumor Segmentation is done using 3D U-Net
model, and the volumetric tumor masks from CT/MRI
scans are obtained, thus defining Regions of Interest
(ROIs). The segmented volumes of the tumor is then
converted to image patch centered on each particular
tumor slice and converted to 2D image patch centered on
the tumor. These patches are then resized to the original
size of the input fed to the EfficientNet-B4 model that is
used for feature extraction.

The whole 3D volume can be processed using
EfficientNet-B4, but it is more efficient to do so using
only the 2D tumour patches in the segmented ROI areas.
The reason of this design is that they are based on weights
trained on ImageNet, whereas the 2D convolutional
architectures have been proven to be effective in
representation learning of medical images. For each tumor
patch, the network is able to derive high-level
morphological, textural and intensity-based imaging
biomarkers. In the global average pooling, the latter are
used to reduce the dimensionality of the data into so-
called "feature representations”, which are then combined
with clinical and genomic features at the multimodal
fusion stage. This segmentation to feature-extraction
pipeline can be employed to extract only features from the
biological component of the tumour without including
non-tumorous tissues.

Multimodal Fusion

In order to integrate or fuse different information
sources, a feature-level fusion mechanism is employed. In
particular, clinical phenotype features from EHR,
genomic signatures and imaging features from
EfficientNet are concatenated into a single latent vector.
This fused representation is passed through the fully
connected layers with batch normalization and dropout
which will help to improve the decorrelation among
features and prevent overfitting. Combining these two
aspects integrates the complex interdependence between
the tumor phenotype, the patient's physiology, and the
molecular changes. The multimodal synergy sheds light
on the entire spectrum of colorectal cancer progression
giving the model the ability to deduce the prognostic
behavior that is usually not enlightened by the unimodal
approaches. The imaging biomarkers from EfficientNet-
B4 are preprocessed and genomic features of EHR are
added to create fixed length feature vectors. Let F, G, and
H be the feature vectors of clinical features, genomic
features and imaging features, respectively. These vectors
are linked together to take a single representation as given
in the Eq. (1):

Ffusion = [ Fenr; F“qen; Fimg] (l)

The output feature vector is then passed into fully
connected layers of which the first layer has batch
normalization, ReLU activation function and dropout
regularization (rate = 0.5) to learn the cross-modal
interactions and to avoid overfitting.

Instead of being newly developed, U-Net and
EfficientNet are used as basic deep network architectures
commonly used in medical image analysis in this work. In
particular, the 3D U-Net is used to accurately localise the
tumour and extract the region of interest and the
EfficientNet-B4 is applied to extract discriminative
imaging biomarkers from the extracted ROI in the
segmented tumour regions. The main innovation of this
work is the suggested Unified Multimodal Prognostic
Modeling Network (UMPM-Net) which integrates
imaging, clinical and genomic data as one end-to-end
learning system.

The proposed solution offers an alternative feature-
level multimodal fusion scheme rather than the usual
multimodal solution which involves processing each
modality with a different algorithm in the subsequent
fusion stage at decision level. These clinical features,
genomic signatures based on RNA sequencing and
mutation analysis and imaging biomarkers based on
EfficientNet-B4 are converted to a common latent
representation. The complexity of the tumor morphology,
molecular changes and patient-specific clinical
parameters can be explored in the model.

The learning of the risk of recurrence and treatment
response and survival outcomes are then optimized
together with a DenseNet classifier in a prognostic
prediction module. In this integrated learning strategy less
information loss occurs compared to unimodal/fast-fusion
models and a better representation of modalities'
complementarity occurs in the model. Thus, the proposed
framework can be better characterized of colorectal
cancer and can provide a better prognosis than the existing
multimodal approaches.

Explainability features are also part of the framework,
such as explainability visualizations with Grad-CAM and
feature attributions with SHAP, that can serve as part of
the explanation of the imaging, clinical and genomic
contribution towards the ultimate prediction. The
multimodal fusion, the prognostic modeling and the
interpretability of the proposed study is the main
methodological novelty, and paves the way for its
potential application in precision oncology and
personalized treatment planning.

Outcome Prediction DenseNet

The clinical, imaging and genomic representations are
fused multimodally and a fused feature vector is given as
input to the DenseNet-121 prediction network. The
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DenseNet-121 was chosen because of its dense
connectivity pattern, which enables the efficient reuse of
features, better gradient propagation and mitigates the
vanishing gradients problem in deep networks. The
concatenated feature vector is fed into a series of dense
connected layers, followed by the batch normalization and
dropout regularization, with respect to the improvement
of the generalization accuracy. Prognosis prediction is a
fully connected layer which produces predictions
regarding individual's colorectal cancer prognosis
(probability of recurrence, response to treatment, and
survival). To make predictions of the outcome, the
Softmax activation function is used to output class
probabilities. Adam optimizer with learning rate 1 X
10~*, batch size 32 and categorical cross-entropy loss
function are used to train the model. To prevent
overfitting and stable convergence, parameters of early
stopping and learning-rate scheduling are used. The
predicted outcome probabilities at that time are then used
for the risk stratification, the analysis of the survival. All
the other three models (DeepSurv, DeepHit, CoxTime)
are only used as the benchmark methods and DenseNet-
121 is the key prediction model that is proposed in the
proposed framework.

After Multimodal Fusion, the multimodal latent
representation Ff,son, is obtained to generate the
multimodal representation. This provides complementary
clinical, imaging and genomic data for each patient. The
feature vector is then fused and passed to a prognostic
prediction module (DenseNet-121). The dense
connectivity structure enables efficient sharing of features
and induction of high level nonlinear interactions of
multimodal biomarkers for disease progression and
patient survival.

The DenseNet network enhances the fused
representation using a series of densely connected layers,
batch normalization and dropout regularization. Fully
connected prediction layers are then used to generate
patient-specific prognostic risk scores with the high level
latent representation. These risk scores are numerical
representations of the risk for poor clinical outcomes,
such as disease recurrence, treatment resistance, and
lowered likelihood of survival.

Patients are split into two groups: Low-Risk Group
(LRG) and High-Risk Group (HRG) for survival analysis
on the basis of the predicted risk score. Thereafter Kaplan-
Meier survival curves are drawn to compare survival
differences between risk-groups. Survival separation is
determined to be statistically significant by the log-rank
test. This strategy allows for visualization of prognostic
differences over a long term period but allows for
clinically interpretable survival stratification.

Considering the common situation of censored
observations in clinical survival data, the survival status
and the follow-up time are included in the modelling and

assessment process. The model is trained with both event
samples and censored samples, which give the model a
valuable patient information. Evaluation performed using
parameters specific to survival: Concordance Index (C-
index), time-dependent ROC-AUC and Kaplan-Meier
survival analysis.

Risk scores and survival probabilities produced will
provide personalized prognosis information for clinical
decision making, treatment planning and patient risk
assessment. The proposed framework can model complex
relationship between tumor morphology, molecular
alteration and clinical characteristics using multimodal
representations learned jointly from them, which results
in learning better in predicting the survival.

Network Configuration

The 3D U-Net segmentation network comprises of
four encoder and four decoder blocks. The encoders are
all made out of 3D convolution layers(kernel size =
3 % 3 x 3) with ReLU activation and max pooling layers.
Skip connection: High resolution spatial information from
corresponding encoder layers to the decoder layers. The
Loss function applied to train the network is the Dice Loss
function along with the Binary Cross-Entropy Loss
function as represented in the Eq. (2):

Liotar = 0.5 Lpjce + 0.5 Lpcg (2)

Where Dice Loss ensures that the two sets of regions
have the largest possible overlap, and BCE ensures the
highest possible accuracy from the voxel-wise
classification.

The model EfficientNet-B4 is a transfer learning
model with weights pre-trained on ImageNet. The Global
Average Pooling method generates a feature vector of
dimension 1792, which represents the tumour
morphology, texture and intensity features. The
DenseNet-121 prediction module gets the fused
multimodal representation and comprises dense blocks
with transition layers. A final softmax classifier is used
for the prediction of recurrence, classification of survival
or evaluation of treatment response, for which
probabilities are calculated.

Training and Validation

The dataset is randomly split into training (70%),
validation (15%), and test (15%) datasets with strong
patient level stratification. Fivefold cross validation
guarantees generalization and stability of results. Data
augmentation (random rotation, flipping, elastic
deformation) is used to increase the diversity of the data and
reduce the overfitting of the model. The model is trained
with early stopping strategy to avoid degrading the
convergence. Patients data was split into strata to ensure
data independence with respect to the proposed framework
and to test the generalizability of the proposed framework
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to an independent dataset from the training cohort. The data
was split into a training, a validation and a test sets (70, 15,
15% respectively) and each patient was only allowed to be
included in one set. Furthermore, five-fold cross-validation
was performed in training cohort to verify the stability and
robustness of the model. Future studies using independent
multi-institutional data from a variety of healthcare centers
and imaging protocols will be used to further test external
generalization and clinical transferability.

The PyTorch framework was used for all the models
and the Adam optimizer was used for training with initial
learning rate of 1 X 10™*, batch size of 16 and weight
decay of 1 x 1075, The early stopping method was used
to avoid overfitting, using 15 epochs as the patience value.
When there was no improvement in the validation loss for
five epochs, the learning rate reduction on plateau was
used. Performance is quantitatively examined using
accuracy, Fl-score, ROC-AUC, precision, recall and for
clinical interpretation, Kaplan-Meier survival analysis is
also used. Taken together, these metrics provide evidence
that the developed multimodal framework is reliable in
predicting the outcome of colorectal cancer in different
patient as well as imaging conditions.

Interpretability and Clinical Integration

Grad-CAM  visualizations are also wused to
comprehend model decision-making, highlighting
important imaging regions that contribute to the model
decisions, which in the case of a tumor, visualize
biologically meaningful regions. Meanwhile, the relative
importance of clinical and genomic features is also
measured by SHAP (SHapley Additive exPlanations)
values, which easily reveals how much features contribute to
the prediction. By providing oncologists with a dual
interpretation system, these biomarkers can be linked to the
clinical understanding, which will help to promote trust and
accountability. With predictive analytics and domain
knowledge, the system enables clinically actionable
decision-making to allow physicians to confirm Al reasoning
and incorporate its findings into the clinician's personalized
colorectal cancer treatment planning.

Results and Discussion

The findings and discussion part gives a thorough
evaluation of the proposed UMPM-Net framework for
segmentation, classification, and survival prediction tasks.
Overall, its superior performance, robustness and clinical
relevance, as validated by ablation studies, quantitative
analyses and interpretability assessments make UMPM-Net
a promising tool for multimodal precision colorectal cancer
prognosis and outcome prediction.

Experimental Setup

The experiments were run on a high performance
compute platform containing dual NVIDIA V100/A100

GPUs (32 GB each), Intel Xeon CPUs and 256 GB of
RAM for efficient and speedy processing of large-scale
medical imaging and multimodal data. A few other
popular tools were used, such as PyTorch 2.x for deep
learning implementation, MONAI, more commonly
known for medical imaging workflows, scikit-learn and
scikit-survival for evaluation and survival modeling,
SHAP for feature interpretability, and OpenCV and
nibabel for image preprocessing and I/O handling.
Furthermore, the study offers code and trained model-
weights (based on data sharing permissions), a conda
environment
dissolve.combo.Booster.RConvertments.yaml,
preprocessing and random seed settings for
reproducibility purposes. Containerization based on
Docker was used to ensure that the environment is
replicated across computational infrastructures in a
consistent fashion.

Computational Complexity Analysis

The three major components in the proposed
framework that have potential to impact the
computational complexity are segmentation, feature
extraction and classification. The drawback of using 3D
U-Net segmentation network is that it requires a lot of
computational power, whereas the EfficientNet-B4
feature extraction network uses the compound scaling to
be computationally efficient. The DenseNet-121 uses
dense feature re-use, thus the propagation of the gradient
is efficient and the memory requirement is less as there
are no redundant parameters. The training was done using
two NVIDIA V100/A100 GPUs (32 GB each), Intel Xeon
processors and 256 GB of RAM. The multimodal
architecture, practical training and inference time suitable
for large scale clinical datasets is preserved.

Reproducibility

To ensure the reproducibility of the experiments, all of
the experiments were conducted using PyTorch 2.x,
MONAI, scikit-learn and scikit-survival libraries. All
hyperparameters, preprocessing steps, random seed (seed
= 42), optimizer settings, learning rate schedules and
model architectures are explicitly documented.
Consistency was achieved by using Docker containers.
Moreover, the model weights, preprocessing scripts,
configuration files and implementation details will be
provided, as required by policies of the dataset-sharing so
they can be checked independently and are available for
further research extensions.

Dataset Description

The Colorectal Cancer Collection of The Cancer and
Leukemia Group B (TCIA-TCGA COAD & READ) is an
integrated publicly accessible resource, which will be
used for colorectal cancer research utilizing radiological,
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clinical, and genomic data. It consists of high resolution
CT and MRI imaging, paired with RNA sequencing,
somatic mutation and clinical metadata including
demographics, treatment history, tumor staging and
survival status. It allows multimodal analysis, which
includes segmentation, biomarker discovery, and outcome
prediction and is derived from The Cancer Imaging
Archive (TCIA) and The Cancer Genome Atlas (TCGA).
This dataset can be used for building and validating deep
learning models aimed at precision oncology and
prognostic modeling based on integrating imaging data,
genomics data and EHR data.

Patients included in the study population were a total
of 1200 patients diagnosed with colorectal cancer (CRC)
in multimodal data sources from public sources. Patients
in the cohort were of varied demography and clinical
features including age group, gender, tumor stage,
molecular type and therapy history. Each patient needed
to have clinical information, imaging information and
genomic information to be used in the complete
prognostic assessment. A diverse mix of disease
trajectories and clinical outcomes within the cohort
provided a broad spectrum of diseases and outcomes to
ensure the strength and applicability of the framework
proposed. Patient stratification was performed at the patient
level when dividing the datasets to have evenly distributed
clinical data and outcome classes for training, validation
and testing subsets. This multi-group population enabled
the model to be trained with complementary prognostic
information from the heterogeneous group of patients and
to be able to predict outcomes of colorectal cancer reliably
in a multimodal manner.

As a way to avoid data leakage, the dataset was split
in the patient level, where 70% (840 patients) were used
for training, 15% (180 patients) for validation, and 15%
(180 patients) for independent testing. This ensured that
no patient was represented in more than one subset, as
well as strong separation between training and evaluation
phases. Hyperparameters were optimized and robustness
and overfitting were conserved using a 5-fold cross-
validation strategy within the training set. The final
optimized model was then assessed on the held-out test
set and the unbiased performance was estimated. To
validate the models externally, the study suggests
validation on an independent cohort from a different
clinical site as a measure for the generalizability and
transferability of the model across populations and
imaging protocols.

The proposed multimodal framework will include two
imaging modalities: Radiological imaging and digital
pathology imaging, complementary with each other.
Radiological imaging involves contrast enhanced Computed
Tomography (CT) scans and/or Magnetic Resonance
Imaging (MRI) to give anatomical and morphological
information about where the tumors are, their size and the
characteristics of the surrounding tissues. These volumetric

images would then be fed into a 3D U-Net segmentation
network, which is used to precisely localise the tumour and
extract the region of interest.

Further, the digital pathology data are the Whole-Slide
Images (WSIs) of surgically excised tissue samples. After
tissue segmentation and stain normalization the WSIs are
sliced into smaller image patches. These images of the
pathology have the detailed information on the cellular
and tissue level related to tumor heterogeneity and disease
progression.

The radiologic and pathological imaging features
extracted are then fused with clinical and genomic
information as suggested by the multimodal fusion
framework. The model provides a more holistic
representation of colorectal cancer and better prediction
of performance in prognostic prediction through
incorporating anatomical, histological, clinical and
molecular features.

Model Architectures and Hyperparameters

e Segmentation: 3D U-Net (4 levels) with batch
normalization and instance normalization in decoder;
optimizer = Adam, Ir = le—4, weight decay = 1le—5,
batch size = 2 (GPU memory dependent). Loss =
DiceLoss + BinaryCrossEntropy (weighted sum: 0.6
Dice + 0.4 BCE). Early stopping patience = 20
epochs

e Feature extraction: EfficientNet-B4 (ImageNet
pretrained) applied to ROI slices/volumes (3D
adaptation by applying to slices or 3D conv
modifications). GlobalAveragePooling — 1024-D
vector. Fine-tune last 5 blocks; Ir for backbone =
le—5, classifier layers Ir = 1le—4

e Fusion & Classification: concatenation — fully
connected fusion block (FC: 1024—512—256 with
BN + ReLU + Dropout 0.4). DenseNet-121
classification head receives fused vector; optimizer
Adam, Ir = 1e—4, batch size = 32. Categorical cross-
entropy for multi-class; binary cross-entropy for
binary tasks.

e Survival head:  hybrid  DeepSurv/DeepHit
implementation on fused features; loss = negative log
partial likelihood + ranking loss; learning rate = 5e—5

e Training schedule: up to 200 epochs with plateau LR
scheduler (factor 0.5, patience 5). Seed the runs (e.g.,
torch.manual_seed(42)) for reproducibility

Performance Evaluation

The model performance was comprehensively evaluated
using a diverse set of quantitative metrics across
segmentation, classification, and survival prediction tasks.
For segmentation, Dice coefficient, Intersection over Union
(IoU), Precision, Recall, and Hausdorff95 distance (mm)
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were employed to assess spatial overlap and boundary
accuracy. Classification performance was measured using
Accuracy, Precision, Recall, F1-Score, ROC-AUC, and PR-
AUC, with confusion matrices reported for detailed class-
wise analysis. For survival analysis, the Concordance Index
(C-index), Integrated Brier Score (IBS), and time-dependent
AUCs at 1, 3, and 5 years were calculated. Table 1 shows the
segmentation accuracy and the spatial boundary accuracy of
6 deep learning architectures for colorectal images. The
metrics indicate how well the models can identify and
localize the regions of tumors.

Table 2 gives a comparative analysis of several deep
learning models for tumor segmentation on colorectal
cancer imaging. Among all methods, UMPM-Net
(Proposed) has the best overall performance with a Dice
score of 0.92 and IoU of 0.85, which is a very accurate
overlap in the predicted and ground truth tumor areas. It
also has the highest Precision (0.93) and Recall (0.91)
which means that the detection of true tumor pixels with
minimal false positives/negatives is higher. In addition,

Table 1: Quantitative Comparison for Tumor Segmentation

the smallest Hausdorff95 distance (3.9mm) reveals
accurate delineation of boundaries and spatial
comprehensiveness. Compared to general architectures
such as 3D U-Net, Attention U-Net and nnU-Net, the
multimodal fusion and attention amplification design of
UMPM-Net greatly enhance the segmentation accuracy,
robustness and reliability of complex tumor delineation.
Figure 3 shows that UMPM-Net (Proposed) achieves
the best performance in all the segmentation metrics with
a Dice score of 0.92, IoU of 0.85, Precision of 0.93, and
Recall of 0.91, which implies an excellent performance on
tumor boundary delineation. Competing architectures
such as nnU-Net and TransUNet exhibit a high score but
comparatively less in comparison, while V-Net and 3D U-
Net fail to perform as well, especially in IoU and Dice
scores. The results confirm that the multimodal feature
fusion and attention mechanisms of UMPM-Net play a
major role in improving the segmentation precision and
generalization, as well as the reliability, in the
identification of complex colorectal tumor structures.

Method Dice IoU Precision Recall Hausdorff95 (mm)
3D U-Net (Zhou et al 2021) 0.87 0.78 0.89 0.86 5.8
Attention U-Net (Septiano et al., 2025) 0.88 0.79 0.90 0.87 5.4
nnU-Net (Chen et al., 2024) 0.90 0.82 0.91 0.90 4.6
TransUNet (Ma et al., 2024) 0.89 0.81 0.90 0.89 5.0
V-Net (Mohammed et al., 2021a) 0.86 0.76 0.88 0.85 6.2
UMPM-Net (Proposed) 0.92 0.85 0.93 0.91 3.9
Comparison for Tumor Segmentation
[ Recall M Precision HloU M Dice
} 0.91
UMPM-Net (Proposed) 085 ey
0.92
\ | 0.85
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Fig. 3: Comparison of tumor segmentation performance across different deep learning architectures
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Comparative Performance Analysis

A few representative baseline methods commonly
used in multimodal medical prediction problems were
used for comparison, to evaluate the effectiveness of the
proposed UMPM-Net framework comprehensively.
Along with classic image-based and handcrafted-feature-
based techniques (ResNet50+MLP and XGBoost,
respectively), multimodal approaches are added to the
models  (InceptionV4+Clinical Fusion and MM-
LateFusion, respectively, for the multimodal feature
integration strategies). The recent transformer-based
architectures, the Vision Transformer (ViT) model are
able to model the long-range dependencies in multimodal
data. These baseline methods were selected because of the
varying levels of complexity and multi-modal learning
abilities as reported in literature. The same preprocessing
steps, training/validation split and the same performance
metric were applied to all the models to assure unbiased
and fair comparison.

A comparative evaluation of several models for
multimodal classification tasks that combine imaging and
clinical data is presented in Table 2. The metrics include
Accuracy, F1-Score, ROC-AUC, Precision and Recall
that reflect the overall predictive performance, balance
between precision and recall, discriminative ability and
reliability of positive predictions.

The proposed UMPM-Net model shows the highest
overall classification performance with an accuracy of
0.90, Fl-score of 0.89, and with a ROC-AUC value of
0.95, indicating a powerful classification performance and
better generalization ability. This performance
improvement represents the effectiveness of the proposed
model's multimodal integration and hierarchical attention
mechanisms, which improve both image feature and
clinical feature representation.

Among the baseline models, MM-LateFusion (0.85
accuracy) and ViT multimodal (0.84 accuracy) are
competitive, suggesting that the use of multimodal
features plays a role in the better decision-making.
Traditional or unimodal methods like ResNet50 + MLP
(0.80) and XGBoost (0.78) reveal relatively lower
accuracy and ROC-AUC score which highlights the poor
ability of traditional methods to learn complex

Table 2: Quantitative Comparison for Outcome Classification

correlations between imaging and clinical modalities.
Overall, the results confirm that UMPM-Net is an
effective fusion method of multimodal information, with
a balanced trade-off between sensitivity and specificity
and is significantly better than existing architectures
based on all evaluation metrics.

Figure 4 shows that the proposed UMPM-Net obtained
the highest scores in all the performance indicators
including accuracy of 0.90, F1-score of 0.89, and ROC-
AUC of 0.95, showing excellent classification and
generalization performance. The MM-LateFusion and
ViT multimodal models closely follow which shows that
multimodal data fusion is a big boost to the predictive
capability. Traditional or unimodal models such as
ResNet50 + MLP and XGBoost indicate a relatively low
performance which highlights the limits of using a single
modality of data. Taken together, the results confirm that
the integrated multimodal information using the unified
fusion architecture of UMPM-Net has better accuracy,
strong feature representation ability, and more reliable
outcome prediction.

Table 3 presents a comparative evaluation of different
models of survival prediction based on C-Index,
Integrated Brier Score (IBS) and 1, 3, and 5-years time
dependent AUCs. These metrics sum up the
discriminative power and accuracy of calibration of the
survival models.

The proposed UMPM-Net has the best C-Index (0.80)
- the ability to predict the actual survival outcome
accuracies. It also has the lowest Integrated Brier Score
(0.09), indicating better calibration and lower prediction
error as compared to conventional models and deep
survival models. Furthermore, UMPM-Net always has
better performance compared to others in terms of AUC
values according to all time points - 0.86 (1 year), 0.83 (3
years) and 0.80 (5 years) - demonstrating long-term
prognostic robustness.

Traditional models such as Cox PH and Random
Survival Forest reveal relatively less discrimination
and more prediction errors in the results; deep learning-
based models such as DeepSurv, DeepHit and
CoxTime/Neural ODE reveal progressive performance
improvements.

Method Accuracy F1-Score ROC-AUC Precision Recall
ResNet50 + MLP (image only) (Mohammed et al.,  0.80 0.79 0.84 0.81 0.78
2021b)

InceptionV4 + clinical fusion (Patnaik et al., 2023)  0.82 0.81 0.86 0.83 0.80
ViT (multimodal) (Zeid et al., 2021) 0.84 0.83 0.88 0.85 0.82
XGBoost (handcrafted + clinical) (Akbulut et al., 0.78 0.77 0.81 0.79 0.76
2022)

MM-LateFusion (image + EHR) (Mohsen et al., 0.85 0.84 0.89 0.86 0.83
2022)

UMPM-Net (Proposed) 0.90 0.89 0.95 0.91 0.88
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Comparison for Outcome Classification

M Recall [Precision BEROC-AUC BFl-Score M Accuracy

UNMPM-Net (Proposed)

MM-LateFusion (image + EHR)

XGBoost (handcrafted + clinical)

WIT (multimodal)

Inceptionv4 + clinical fusion

ResMNets0 + MLP (image only)

Fig. 4: Comparative Performance Analysis for Outcome Classification using Different Multimodal and Unimodal Models

Table 3: Quantitative Comparison for Survival Prognosis

Method C-Index Integrated Brier Score AUC @ 1 yr AUC @3 yr AUC @ 5 yr

Cox PH (clinical only) (Austin- 0.63 0.18 0.70 0.65 0.62

Datta et al., 2025)

Random Survival Forest 0.68 0.15 0.74 0.70 0.67

(Mohammed et al., 2021a)

DeepSurv (Yang et al., 2023) 0.71 0.13 0.77 0.73 0.70

DeepHit (Asghar et al., 2024) 0.73 0.12 0.79 0.75 0.72

CoxTime / Neural ODE (Asghar 0.72 0.12 0.78 0.74 0.71

et al., 2024)

UMPM-Net (Proposed) 0.80 0.09 0.86 0.83 0.80
Table 4: Ablation Study on Modality Contribution

Model Configuration Input Modalities Dice Accuracy ROC-AUC  C-Index IBS

Al. Segmentation Only Imaging 0.92 - - - -

A2. Imaging + Clinical Imaging + EHR 0.92 0.86 0.91 0.75 0.12

A3. Imaging + Genomic Imaging + Genomic 0.92 0.87 0.93 0.77 0.11

AA4. Clinical + Genomic EHR + Genomic - 0.85 0.90 0.74 0.13

AS5. Full Fusion (UMPM-Net) Imaging + EHR + 0.92 0.90 0.95 0.80 0.09

Genomic

However, the unified multimodal learning and
temporal modelling capability of UMPM-Net presents an
obvious performance edge, suggesting it is effective at
capturing complex survival dynamics from multimodal
clinical, imaging and genomic inputs

Table 4 shows the Ablation analysis to show the
contribution of each modality in UMPM-Net. Dice is a
measure of segmentation accuracy; Accuracy and ROC-

AUC are for recurrence/treatment-response classification; C-
Index is for survival prediction as is Integrated Brier Score
(IBS). The best performance is obtained by full multimodal
fusion, and validated the synergy of complementary features
across imaging, clinical and genomic data for enhancing
discriminative and prognostic modeling.

Table 4 shows the performance comparison of
different model configurations for multimodal learning in
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tumor analysis, which demonstrates the contribution of
different input modalities of imaging, clinical (EHR), and
genomic data to the segmentation and prognostic
prediction performance.

The Al (Segmentation Only) model based on imaging
data only has a high Dice score of 0.92 validating high
segmentation performance but without prognostic outputs.
Incorporation of clinical data in A2 (Imaging + Clinical)
increases accuracy (0.86) and ROC-AUC (0.91) values,
which denote improved outcome classification based on
complementary context from the patient-level. Similarly, A3
(Imaging + Genomic) further improves performance and
achieves ROC-AUC of 0.93, C-Index of 0.77 and IBS of
0.11 indicating the addition of genomic features adds further
prognostic depth. The A4 (Clinical + Genomic)
configuration with no images is relatively less predictive
(Accuracy 0.85, C-Index 0.74) which suggests that visual
tumor characteristics continue to be important for prediction.

The A5 (Full Fusion - UMPM-Net) gives the best overall
performance (Accuracy 0.90, ROC-AUC 0.95, C-Index
0.80, IBS 0.09) and demonstrates that the combination of
Imaging, clinical and genomic modalities is the most
informative when attempting to characterize the disease
features. This justifies the advantage of UMPM-Net's
multimodal fusion strategy in both the segmentation
accuracy and the survival prediction accuracy.

From the ablation study, an interesting finding is that the
Imaging + Genomic (A3) configuration has a higher
performance than the Imaging + Clinical (A2) configuration
for all the prognostic measures tested: ROC-AUC (0.93 vs.
0.91), C-Index (0.77 vs. 0.75), and Integrated Brier Score
(0.11 vs. 0.12). The complementary biological data that the
genomic data can provide can account for this improvement.
Imaging characteristics are typical macroscopic tumor
characteristics such as morphology, texture, heterogeneity,
and tumor extent, while genomic characteristics are the
representation of the underlying molecular mechanisms
involved in tumor progression, such as alteration of gene-
expression, mutational burden, regulation of signaling
pathways and activity of cellular proliferation.

Indirect markers of disease (clinical variables: Age,
gender, laboratory tests and treatment history) can be
useful to provide a patient-level context but are less
sensitive to disease. On the contrary, genomic signatures
can directly describe the molecular mechanisms of
colorectal cancer, and identify aggressive colorectal
cancer phenotypes before they are clinically evident. Thus
the model can be trained with imaging biomarkers and
genomic data to obtain the phenotypic and molecular
characteristics of the disease and then use them to predict
disease survival with a higher accuracy. The findings
highlight the importance of using molecular profiling in
multimodal colorectal cancer (CRC) prediction models
and indicate the better prediction outcome of the whole
multimodal UMPM-Net framework.

Interpretability and Error Analysis

In order to keep the interpretation as transparent and
clinically reliable as possible, interpretability methods are
embedded in the study. Using Grad-CAM (Gradient-
weighted Class Activation Mapping) on the intermediate
layers of EfficientNet and DenseNet, we are able to
visualize and locate the important regions in the images
that affect the model's decisions, showing the tumor
regions that contribute to the decision making of the
model. For data that is not imaging, SHAP (SHapley
Additive exPlanations) values are generated to provide
relative feature importance ratios of clinical and genomic
features, which provide interpretable feature attributions.
In addition, an overall error analysis is presented by
considering false positives and negatives in the subgroups
defined by cancer stage, age and comorbidity. Calibration
plots are plotted in order to evaluate prediction reliability
and model fairness (Jain and Lynn, 2025).

Figure 5 shows Grad-CAM-based attention maps
produced from the last convolutional layer of the
EfficientNet and DenseNet blocks of UMPM-Net. The
activation regions (in red) in high-risk cases are centered
around the tumor boundary and the sites of vascular
invasion and around the adjacent tissue structures,
confirming that the model is concerned with biologically
aggressive features. In low-risk cases, however, the
activations are relatively sparse and limited to the tumor
core and indicative of less invasive morphology. The
visual correlation between model attention and
anatomically meaningful pathology regions validates that
UMPM-Net learns meaningful pathology-relevant
representations instead of utilizing spurious image
features. These Grad-CAM results therefore allow
improved model interpretability, clinical confidence in
Al-based predictions and proof-of-concept of the
framework to help radiologists validate high-risk features
and refine individual colorectal cancer prognosis.

High-risk Low-risk

G
3f
|

Low-risk

Lvt

Fig. 5: Grad-CAM visualization on colorectal CT images
illustrating the model’s attention regions for outcome
prediction
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Table 5 shows SHAP-derived mean importance scores
for major clinical and genomic predictors. Higher SHAP
values indicate greater influence on the model’s predicted
recurrence risk. Age, CEA, and tumor stage emerged as
dominant contributors among clinical features, while
KRAS and TP53 mutations were the most impactful
genomic variables.

Table 5 shows the summary results of SHAP-based
feature importance analysis for recurrence risk prediction,
including the clinical and genomic contributors. Among
clinical variables, age (17.6%), CEA (16.2%), and tumor
stage (14.5%) are the most powerful predictors of risk of
recurrence, suggesting that older patients and those with
advanced or biochemically active tumors are at increased
risk of recurrence. Lymph node number and adjuvant
chemotherapy also have a significant impact on outcome
with treatment decreasing the likelihood of predicted risk.
Genomic markers such as KRAS (13.3%), TP53 (11.7%)
mutations, APC (8.7%) mutation and braf (7.5%)
mutation further determined the prognosis, which
confirms that integrated clinical-genomic profiling
improves the individual risk assessment.

Table 6 shows the breakdown of classification errors
by large clinical subgroups. The model has good balanced
accuracy (>88%) as well as well-calibrated probabilities
(ECE < 0.03). Increased misclassification in late-stage
and comorbid patients indicates opportunities for the fine-
tuning of the domains.

Table 6 shows the subgroup analysis for generalization
and calibration of the proposed model for clinical cohorts.
For early-stage (I-II) patients, the model has the best
balanced accuracy (91.2%) and low error rates, indicating
that it has high discriminative power in low-burden

disease. In the late stages (III-VIII) misclassification
increased and accuracy was slightly compromised (88.6%
accuracy) probably caused by tumor heterogeneity.
Performance is better in patients >50 years (90.4%
accuracy, 0.019 ECE) than young patients, which may be
attributed to more consistent patterns in older patients.
Similarly, patients without comorbidities obtain the best
calibration (ECE = 0.018) and lowest Brier score (0.079)
and corroborate the robustness of the model in clinically
stable populations.

Figure 6 shows that majority of colorectal cancer cases
occur in patients aged [>]50 years (590 cases) and without
comorbidities (580 cases). Early stage (Stage I-1I) is little
higher (410) than advanced stage (Stage III-IV) cases
(360). In contrast, younger patients (< 50 years) represent
a smaller proportion (210 cases). This distribution shows
that colorectal cancer is mostly a disease of old age, and
frequently coexists with no other comorbid conditions,
and that this is a major clinical burden in late adulthood.

Figure 7 shows that the peak of false negatives occurs
in patients <50 years of age (12.1%) and those in Stage
III IV disease (11.5%) further revealing a greater
tendency to miss positive cases in patients in these age
groups. False positives are lowest in the younger age
group (7.9%) and highest amongst patients with
comorbidities at 11.3%. Both error rates decrease in
patients with no comorbidities, and model reliability
improves. Overall, the model has better consistency in
older and comorbidity-free patients, and slight
misclassification has remained in the advanced-stage
and younger populations.

Figure 8 compares the calibration performance of the
model in six clinical subgroups.

Table 5: SHAP-Based Feature Importance Analysis for Clinical and Genomic Attributes

Feature Type Feature Name Mean SHAP Value Relative Importance (%)
Clinical Age 0.142 17.6

Clinical CEA (Carcinoembryonic Antigen) 0.131 16.2

Clinical Tumor Stage (T3-T4) 0.118 14.5

Clinical Lymph Node Count 0.096 11.8

Clinical Treatment Type (Adjuvant Chemotherapy) 0.085 10.2

Genomic KRAS Mutation 0.107 13.3

Genomic TP53 Alteration 0.094 11.7

Genomic APC Mutation 0.072 8.7

Genomic BRAF Mutation 0.061 7.5

Table 6: Error Analysis and Calibration Performance Across Clinical Subgroups

Clinical # of Cases False Positives False Negatives Balanced Accuracy Brier Calibration
Subgroup (%) (%) (%) Score (ECE)
Stage I-11 410 8.7 9.4 91.2 0.082 0.021
Stage I1I-IV 360 11.5 10.8 88.6 0.095 0.026

Age <50 210 7.9 12.1 89.8 0.087 0.022

Age > 50 590 9.8 9.1 90.4 0.084 0.019

With 300 11.3 10.5 88.9 0.099 0.028
Comorbidities

Without 580 8.2 8.9 91.7 0.079 0.018
Comorbidities
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Fig. 6: Distribution of colorectal cancer cases based on clinical
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Fig. 7: Comparison of false positive and false negative rates (%)
across clinical stages, age groups, and comorbidity status
in colorectal cancer classification

Calibration and Reliability Across Clinical Subgroups

0.10 Brier Scare
mm Expected Calibration Error (ECE)

0.08

0.06

Score

0.04

- I I I I
0.00 l l

N
202 W

AR wes
e =5 ottt @ u‘b‘d‘

c_,\aqe
o
iR W.\.(_y.oU‘

Clinical Subgroups

Fig. 8: Calibration and reliability analysis across clinical
subgroups

Calibration: Patients with no comorbidities and those
aged > = 50 years have the lowest Brier Scores (<0.08)
and ECE (<0.02), which means they have the best
calibration and prediction confidence. In contrast,
subgroups with advanced cancer stages (III-IV) and
comorbidity had higher scores, indicating slightly lower
reliability compared with subgroups of stage I and II
cancer. Overall, the predictions of the proposed model are
well-calibrated and robust and are similar across different
demographic and clinical subgroups.

Statistical Significance Analysis

Table 7 shows that the Statistical significance analysis
of the proposed multimodal colorectal cancer prognosis
framework using five-fold Cross validation presents the
results. The average performance values, standard
deviation, 95% confidence interval and p-value are the
measure of the robustness and reliability of the proposed
approach. Very low values for standard deviation, as well
as the p-values <0.001, indicate the very good consistency
of the validation folds and that the improvements due to
the implementation of the algorithm are highly significant
and not random.

The statistical significance analysis in Table 7
indicates that the proposed multimodal framework is
stable and robust with respect to five-fold cross validation
and low values of standard deviation for all of the
evaluation metrics employed that imply the result
obtained is stable for different partitions of the data. The
results for the improvement achieved by the proposed
framework are statistically significant, where the
significance value (p value) of the proposed framework
for all the evaluation metrics used in comparison with the
baseline methods is less than 0.001.

Discussion

Using a  combined imaging  biomarker,
clinicopathological, and genomic profile of CRC, the
proposed Unified Multimodal Predictive Modeling
Network (UMPM-Net) illustrates that the combination
approach offers a more complete view of CRC
progression and patient outcomes.

Table 7: Statistical Significance Analysis of the Proposed Multimodal Framework

Metric Mean (%) Standard Deviation (+) 95% Confidence Interval p-value  Statistical Significance
Accuracy 96.84 0.72 95.98 -97.70 <0.001 Significant
Precision 95.91 0.81 94.94 —96.88 <0.001 Significant
Recall 95.27 0.89 94.20 - 96.34 <0.001 Significant
F1-Score 95.58 0.76 94.67 - 96.49 <0.001 Significant
ROC-AUC 97.12 0.54 96.47 —97.77 <0.001 Significant

Quantitative results show that the unified fusion
strategy is always better than unimodal and bimodal
baselines in segmentation, classification and survival

prediction metrics. These ablation experiments support
the claim that the integration of both clinical and genomic
features has a significant positive effect on the
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discriminative performance and the predictive accuracy.
In addition, the analysis of its interpretability, with good
correlations between risk scores predicted and some
clinically important biomarkers, gives its translational
potential to the model. Compared with existing
approaches, UMPM-Net provides better generalization
ability, better utilization of features and higher robustness
to missing modalities, so as to fill the gap between the
algorithmic prediction ability and the clinical application
of the algorithm. These results demonstrate that an end-
to-end multimodal learning framework can be an effective
basis for precision oncology.

The proposed framework was informative in
predicting the colorectal cancer cohort from the TCIA-
TCGA cohort, but needs to be verified with an external
cohort before it can be used in clinical practice. The
TCIA-TCGA is a well curated multimodal resource with
imaging and clinical/genomic data, but may not be
comprehensive of the variation seen in the clinical setting
in different health care institutions.

Imaging acquisition protocols, scanner vendor, patient
characteristics, treatment protocols, molecular profiles
and clinical documentation protocols are just a few of the
factors that can affect the performance of the model in the
clinical context. Thus, the proposed framework will be
tested in independent multi-institutional datasets in
various healthcare centres in the future. This validation
will allow the knowledge of the robustness,
generalizability, calibration and clinical utility of the
model to be gained in the context of a heterogenous
patient population and contexts of operation.

Moreover, the framework can be validated in other
future deployment clinical trials and federated learning
validation procedures where patients' privacy and
regulations cannot be violated and the framework can be
evaluated in real deployment environments. The
outcomes of these investigations will be used to get
additional clinical inputs for the clinical applicability and
potential translation of the proposed multimodal system
for the prognosis of CRC.

Although the study was well performed, there are a
number of limitations. First, the dataset, while multi-
institutional, is not yet sufficiently diverse in the sample
to allow generalization. Second, the genomic feature set
was limited to the key mutations and did not incorporate
transcriptomic and epigenomic features which may add
biological interpretability. Thirdly, the computational
expenses of multimodal training are still high, which
requires a large amount of GPU resources. Finally,
external prospective validation as well as model
deployment in real clinical settings is required in order to
confirm robustness and reproducibility.

This study presents a practical framework for the
integration of multi-source biomedical data which can
assist clinical decision making for management of
colorectal cancer. The UMPM-Net model can be

integrated into the radiology workflow for automated risk
stratification and outcome prediction to help oncologists
in personalized treatment planning. Hospitals which have
EHR and imaging systems can modify the architecture for
real-time predictive analytics. In addition, due to its
modular design, it can be further extended to other cancers
and data modalities, which will enable scalable precision
medicine infrastructures.

Clinical Deployment Challenges

The potential multimodal model performs well for
predicting prognosis for colorectal cancer; however, a few
issues must be resolved for this model to be used in
clinical practice. Secondly, the information gained from
the various health care institutions may not be completely
comparable depending on the use of different protocols
for imaging, the type of scanner and the clinical
documentation and patient population of the institutions.
The interoperability and standardized data sharing
processes are the other key in hospital integration with the
existing hospital information system such as picture
archiving and communication systems (PACS), and the
Electronic Health Record (EHR) system. Third, the deep
learning model is also needed to have abundant hardware
support, such as multi-modal feature fusion model,
segmentation model 3D U-Net and so on, to be used in
clinical workflow. Also, regulatory compliance, patient
privacy, data security and regulatory approval are
significant issues to consider for widespread deployment.
The interpretability of the model is an additional
important factor to build trust in the model by clinicians
and it is also important for clinical decisions in practice,
using EAI approach.

More work is needed to validate the framework with
multi-institutional, large scale datasets and prospective
clinical studies. Future works will include optimizing
models to be “lightweight” and deployable in resource-
limited settings, as well as improving explainability tools
for future clinical acceptance, and models will be
optimized to be easily transferable between hospitals, for
situations involving collaboration among hospitals, while
federated learning techniques will be explored to ensure
privacy protection. The advancements will be supportive
of implementing proposed framework from the research
to real world precision oncology use.

Conclusion

In this paper we propose a unified deep learning
framework that effectively integrates EHR and imaging
data along with genomic data for robust prediction of
outcomes of colorectal cancer. With hierarchical fusion
and feature optimization, UMPM-Net has achieved high
segmentation accuracy, high classification performance,
and better survival prediction, which outperformed
several state-of-the-art benchmarks. The results illustrate
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the value of heterogeneous data's integration in the
clinical setting for the comprehensive evaluation of
prognosis. In the future, efforts will be made to increase
the model explainability by graph-based attention and
counterfactual reasoning, integrate longitudinal data for
dynamic risk modeling and integrate radiogenomic
biomarkers for deeper biological interpretation. Federated
learning architectures will help to tackle the privacy issues
and allow for cross-institutional collaboration, while the
extension to large-scale multi-ethnic cohorts will help to
improve generalizability. Ultimately, advancement of
these technologies will pave the way for much faster
clinical implementations of multimodal AI for
personalized management of colorectal cancer.
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