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Abstract:

Cancer is a leading global cause of mortality, with its
pathogenesis involving complex interactions across genetic,
molecular, and clinical dimensions. Early and accurate
risk prediction is thus pivotal for timely intervention and
improving patient survival rates. However, traditional
single-modal cancer risk models, which depend on a single
data type such as genomics or imaging, cannot capture
cancer’s inherent multi-dimensional and heterogeneous
characteristics. This shortcoming not only limits their
predictive accuracy but also restricts their practical utility
in clinical settings. Multimodal data fusion effectively
addresses this limitation by integrating complementary
genomic, proteomic, imaging, and clinical data to build
more comprehensive and reliable risk models. This
paper systematically analyzes the current landscape of
multimodal data-driven cancer risk models. It elaborates on
the four core data types and their unique roles in reflecting
disease attributes, classifies fusion methods into three
levels based on different data processing stages, explores
key clinical applications including early screening and
prognosis assessment, and discusses major challenges
such as data heterogeneity and privacy concerns along
with corresponding solutions. The study emphasizes the
significant value of multimodal fusion in enhancing model
performance and offers a theoretical and technical reference
to advance the development and clinical translation of
precision oncology.
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1. Introduction

cancer-related deaths worldwide in 2022 [1]. Late
detection often leads to high mortality because ad-
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mortality, and improving patients’ quality of life. Tradi-
tional risk prediction methods use single-modal data. For
example, the Tyrer-Cuzick model relies on clinical data
but lacks molecular or imaging insights. Genomic models
focus on gene mutations but ignore clinical information.
Imaging models detect structural abnormalities but miss
molecular tumor drivers. These approaches have one-sid-
ed information, leading to low accuracy in risk stratifi-
cation, subtype differentiation, and prognosis prediction.
Multimodal data fusion integrates genomic, proteomic,
imaging, and clinical data to form a comprehensive view
of cancer. It uses complementary information—for in-
stance, combining genomic data that identifies driver mu-
tations with imaging data that localizes tumors improves
risk assessment precision. Multimodal fusion enhances
model accuracy and supports clinical tasks such as early
screening, staging, and treatment monitoring. It also ad-
vances precision oncology, which tailors diagnosis and
treatment to individual patients. This paper reviews the
progress of multimodal data fusion in cancer risk models.
It explains data types and their roles, classifies fusion
methods with case studies, explores clinical applications,
discusses challenges and solutions, and provides insights
for research and clinical use.

2. Types of Multimodal Data

Multimodal data captures cancer characteristics across
molecular, cellular, tissue, and clinical levels. Each type
has unique advantages and complements others. The fol-
lowing sections elaborate on their definitions and roles.

2.1 Genomic Data

Genomic data is core to cancer research, analyzing patho-
genesis and risk at the molecular level. It includes DNA
sequence data, RNA sequencing data, gene mutation data,
and gene copy number variation data. Its value lies in
revealing genetic variation rules, providing a molecular
basis for early risk assessment, subtype differentiation,
and prognosis prediction. In subtype differentiation, gene
expression profiles distinguish cancer types—Ilung tissue
profiles, for example, can differentiate adenocarcinoma
from squamous cell carcinoma to guide treatment se-
lection. In prognosis, glioma IDH gene mutation status
predicts longer survival and lower recurrence risk, serving
as an independent prognosis indicator. In risk stratifica-
tion, BRCA1/2 mutation detection identifies high-risk
breast cancer populations; combining with other genetic
loci improves accuracy. The TCGA database integrates
genomic data from over 33 cancers, enabling identifica-
tion of driver mutations such as EGFR in lung cancer and
KRAS in colorectal cancer. These mutations are key mo-
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lecular events and targeted therapy targets. A glioblastoma
prognostic model using TCGA genomic data and clinical
information achieved a C-index over 0.74 [2].

2.2 Proteomic Data

Proteomic data focuses on protein expression, function,
and modification during cancer progression. It directly re-
flects cellular and pathological states, being closer to can-
cer phenotypes than genomic data. It supports diagnosis,
risk assessment, and treatment response prediction. It is
mainly used for biomarker discovery and disease monitor-
ing. Biomarkers such as carcinoembryonic antigen CEA
and carbohydrate antigen 125 CA125 rely on large-scale
proteomic screening. CEA is used for colorectal and lung
cancer diagnosis, while CA125 assesses ovarian cancer
[3]. In disease monitoring, TMT quantitative proteomics
links hepatocellular carcinoma PYCR2/ADHIA over-
expression to poor prognosis; monitoring these proteins
evaluates treatment effects and recurrence risk. Proteomic
data is acquired via mass spectrometry, with label-based
and label-free strategies. TMT-LC-MS/MS identified
CD66c¢ as a breast cancer stem cell marker. SWATH anal-
ysis of lung cancer plasma screened 8 diagnostic markers,
with LRG1, CRP, and C9 concentrations correlated with
tumor size [4].

2.3 Imaging Data

Imaging data is visual data obtained non-invasively or
minimally invasively. It shows tissue structure and func-
tion, reflecting tumor location, size, shape, and spread. It
supports early screening, staging, and treatment monitor-
ing. Common types include X-ray, CT, MRI, PET, ultra-
sound, and pathological images. In screening, mammog-
raphy detects breast cancer calcifications; low-dose CT
finds small lung nodules. In staging, multi-sequence MRI
shows glioma core, edema, and invaded tissue for surgical
planning. In treatment monitoring, PET-CT tracks lung
cancer metabolic activity—reduced FDG uptake indicates
effective immunotherapy. Case examples: The MDFNet
model achieved 80.42% skin cancer accuracy [5]. BraTS
MRI data enabled 3D U-Net/TransBTS to segment brain
tumors with Dice coefficients over 0.85 [1]. Multiple In-
stance Learning aggregated pathological image patches to
predict breast cancer survival [6].

2.4 Clinical Data

Clinical data includes information collected during di-
agnosis and treatment, reflecting patient health, disease
history, and care processes. It supports risk assessment,
diagnosis verification, and prognosis judgment. Types
include demographics, habits, family history, symptoms,
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lab results, and treatment plans. In risk stratification, the
Tyrer-Cuzick model uses clinical data to calculate breast
cancer risk; adding lifestyle data improves accuracy by
5% [5]. +In diagnosis, integrating skin cancer clinical data
with images reduces misdiagnosis. In prognosis, colorec-
tal cancer TNM stage and chemotherapy plans predict
survival. The PAD-UFES-20 dataset found lesions over
6mm, skin cancer history, or head/neck location correlate
with malignancy [5]. A lung cancer model judges nodule
malignancy; adding occupational exposure history raises
early prediction AUC to 0.88 [7].

3. Methods and Applications of Multi-
modal Data Fusion

Multimodal fusion integrates complementary information
to address single-modal limitations, enhancing risk predic-
tion, diagnosis, and prognosis. Based on data processing,
methods are divided into three levels.

3.1 Classification of Multimodal Data Fusion
Methods

3.1.1 Data-Level Fusion

Data-level fusion integrates raw or simply preprocessed
data. It converts different modalities to a unified format,
forming a multimodal matrix via concatenation, ele-
ment-wise operations, or pixel stitching for model input.
For example, multi-sequence MRI is resized and stitched
into a multi-channel matrix. Advantages: Preserves raw
data details; simple to implement. Limitations: Requires
high data consistency—scale differencescause “modality
dominance”; high dimensionality increases computational
load. It is used for same-type data integration. BraTS MRI
sequences form 4-channel input for 3D U-Net segmenta-
tion. Adding standardization improves Dice coefficient by
3% [8].

3.1.2 Feature-Level Fusion

Feature-level fusion extracts features from each modality,
then integrates them via attention, concatenation, or GNN.
Modality-specific extractors which is CNN for images,
fully connected networks for clinical data unify feature di-
mensions. Advantages: Handles heterogeneity; highlights
key features; generalizes well. Limitations: Relies on ex-
tractors—untrained CNNss fail to capture pathological fea-
tures; complex models increase parameters. Widely used:
MDFNet achieves 80.42% accuracy and 9% higher than
data-level fusion [5]. A brain tumor model which is inclu-
deMIL and SNN and GAT predicts survival with C-index
over 0.78 [9].

3.1.3 Decision-Level Fusion

Decision-level fusion builds independent models for each
modality, then integrates results via voting, weighted av-
erage, or Bayesian fusion. Advantages is Flexible; robust
to missing data; It is interpretable. Limitation is Misses
fine-grained inter-modal links; performance depends on
single-modal quality. Used for multi-center/data-missing
scenarios: A lung nodule model which is include CNN
and logistic regression and SVM achieves AUC 0.92 [10].
A breast cancer model uses Bayesian fusion and C-index
is 0.76 [11].

3.2 Applications of Multimodal Data Fusion
3.2.1 Cancer Risk Prediction

For breast cancer, fusing BRCA1/2 mutations, breast den-
sity imaging, and clinical data via deep learning achieves
AUC 0.85 and 10% higher than traditional models [12].
Notably, this model maintains consistent performance
across diverse age and ethnic subgroups, demonstrating
strong clinical adaptability. For lung cancer, 3D CNN and
fully connected networks achieves 88% accuracy, with
particular strengths in distinguishing benign pulmonary
nodules from early malignant lesions that are easily mis-
classified [7]. For colorectal cancer, three single models
fused via decision-level methods reach AUC 0.82, as this
fusion strategy effectively leverages the complementary
insights from each standalone model to reduce misdiagno-
sis caused by single-modal limitations.

3.2.2 Early Cancer Diagnosis

The MDFNet model achieves 80.42% skin cancer ac-
curacy; adding dermoscopic texture raises melanoma
sensitivity to 82% [5]. Notably, this model shows strong
robustness when handling skin lesions with uneven pig-
mentation [5]. A glioma model that combines MRI and
genomic data reaches 85% accuracy, which excels at
distinguishing between different glioma grades that often
present similar MRI features [13]. A lung cancer model in-
tegrating low-dose CT and biomarkers uses decision-level
fusion for diagnosis, and this approach effectively reduces
missed diagnoses while maintaining the advantage of low
radiation exposure.

3.2.3 Cancer Prognosis Prediction

CA breast cancer model which includes WSI, gene ex-
pression and clinical data achieves C-index 0.78; adding
treatment response data raises it to 0.81 [12]. This im-
provement notably enhances its ability to stratify patients
into distinct prognostic groups for personalized care [12].
A colorectal cancer liver metastasis model achieves AUC
0.86, and it demonstrates particular utility in identifying
high-risk patients who may benefit from early intervention
strategies [14]. A NSCLC immunotherapy response mod-



el reaches 83% accuracy, as this model helps clinicians
avoid unnecessary immunotherapy administration and
associated side effects [13].

4. Discussion

4.1 Data Quality Issues

In multimodal data fusion, data quality is a foundational
factor that exerts a direct and significant impact on the
performance of fusion models. Data quality issues, which
are prevalent in multimodal research scenarios, can be
categorized into three main types. The first type is data
missing, the second is data heterogeneity, and the third is
data noise. These issues disrupt the consistency and com-
pleteness of input information, thereby interfering with the
feature learning process of fusion models and ultimately
leading to suboptimal prediction results’.

4.1.1 Data Missing Issues

Causes: Incomplete clinical collection, high detection
costs, privacy restrictions. For incomplete clinical col-
lection, medical staff may miss recording patients’past
medication history or family disease history during peak
diagnosis and treatment periods due to heavy workload.
High detection costs, such as the cost of whole-genome
sequencing and often thousands of dollars per sample,
make it difficult for primary medical institutions with
limited funds to carry out full-modal detection. Privacy
restrictions mean some patients refuse to provide sensitive
information like genetic history for fear of information
leakage. About 43% of TCGA samples lack at least one
modality [1]. Solutions are imputation which is GAN
generates missing MRI, and the generated MRI sequences
usually have a structural similarity index of more than 0.8,
ensuring consistency with real data; KNN fills gene data
by calculating gene expression similarity between samples
and selecting top-K similar samples for supplementation;
non-imputation is dynamic masking temporarily shields
missing modal features during model training to avoid
interference; knowledge distillation transfers knowledge
from models trained on complete modal data to models
for incomplete modal data [14].

4.1.2 Data Heterogeneity Issues

Differences in dimension, scale, distribution, and se-
mantics. In terms of dimension, 3D MRI data exists in
the form of 3D tensors with dimensions ranging from
hundreds to thousands, while clinical features like age
and gender are mostly 1D numerical values. In terms of
scale, the expression level of some genes can range from
0 to 10000, while the body mass index of patients usually
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ranges from 18 to 30. Solutions: Cross-modal alignment
is improving skin cancer accuracy by 6% by mapping
image features and clinical features to a unified feature
space through contrastive learning to reduce distribution
differences between modalities; knowledge decomposition
is achieving 84% glioma grading accuracy by separating
shared tumor pathological features between modalities
and unique features of each modality, such as edema
signals in MRI); data standardization is using Z-score
for clinical data with normal distribution and Min-Max
scaling for genomic data, increasing model convergence
speed by 30% [8].

4.1.3 Data Noise Issues

Causes are collection artifacts, annotation disagreements,
entry errors. Collection artifacts often occur—for ex-
ample, patient breathing during CT scanning can lead
to image artifacts, which blur the boundary of lesions.
Annotation disagreements may happen when different pa-
thologists judge the proportion of tumor cells in the same
pathological section, with an error of 10%-15%. Entry
errors include manual input mistakes like confusing tumor
size units when recording clinical data. Solutions: Noise
filtering mainly adopts Gaussian filtering. This method
raises MRI SNR by 20%, and it also controls the size of
the filter kernel. Controlling the filter kernel size helps
reduce blurring of tumor edge details while smoothing
noise; robust models can use attention-ResNet50. This
model focuses on lesion areas in images through attention
mechanism, which reduces the impact of background
noise on model judgment [15].

4.2 Computational Complexity Issues

The computational complexity of multimodal fusion mod-
els is a critical challenge that hinders their widespread
deployment, and it primarily stems from three main sourc-
es. The first source is high-dimensional data inherent in
different modalities, such as the large pixel dimensions of
imaging data and the vast number of loci in genomic data.
The second source is complex model structures, including
intricate fusion modules and multi-model combinations
that require extensive parameter calculations. The third
source is large-scale training data, as multimodal models
often rely on massive sample sizes to ensure prediction
robustness. These interrelated issues not only increase the
demand for computing resources but also limit the clinical
application of fusion models, especially in settings with
limited hardware conditions.

4.2.1 Computational Pressure from High-Dimensional

Multi-sequence MRI with 3.5x10° pixels and genomic
data involving more than 2x10* loci increase the load.
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Multi-sequence MRI, such as brain tumor MRI combin-
ing T1, T2, and FLAIR sequences, has a large number of
pixels per sample, which increases data storage and com-
puting pressure. Genomic data contains more than 20000
gene loci, and some loci have no obvious difference be-
tween normal and tumor tissues, leading to information
redundancy. Solutions: Dimensionality reduction can be
achieved through PCA, which compresses genomic data
to a lower dimension while retaining 90% of genomic
information and reducing data redundancy; efficient ex-
traction can be implemented via MobileNetV2, which
uses depthwise separable convolution instead of tradi-
tional convolution and reduces the computational load by
80% compared with ResNet50 [15].

4.2.2 Computational Requirements from Complex
Model Structures

Attention, GNN, and multi-model fusion increase load.
The computational load of cross-attention increases with
the square of the number of modalities and feature dimen-
sions—for example, fusing 3 modalities with 1024-dimen-
sional features will make the computational load much
higher than that of single-modal models. Fusing ResNet50
and DenseNet121 will lead to a large number of model
parameters, which is not conducive to training. Solutions:
Compression can be achieved through channel pruning,
which evaluates the contribution of each channel in MD-
FNet, removes redundant channels, and cuts the number
of parameters by 50%; distributed computing can rely on
the Horovod framework, which realizes parallel training
across multiple GPUs and reduces the original 72-hour
training time to 8 hours [16].

4.2.3 Processing Costs from Large-Scale Training Data

TCGA has more than 20,000 samples, and a single WSI
is larger than 1GB. The TCGA database covers 33 types
of cancer, with a large total number of samples, and each
sample includes multiple types of data, such as clinical,
imaging, and genomic data, which requires a lot of stor-
age space. A single WSI has a large file size because of
its high resolution, which brings difficulties to data trans-
mission and processing. Solutions: Sampling can adopt
stratified sampling and active learning. Stratified sampling
retains the distribution of the original data, and selecting
1500 skin cancer samples for training shortens the training
time by 30%; active learning selects the most informative
samples to reduce the amount of data; compression can
use JPEG 2000, which uses wavelet transform to com-
press WSI, has a compression ratio of 20:1, and ensures
the key information of lesions is not lost [16].

5. Conclusion

This paper systematically analyzes the research status and
application practice of cancer risk models driven by mul-
timodal data fusion. It elaborates on the unique roles of
four core data types—genomic, proteomic, imaging, and
clinical data—in characterizing cancer from molecular to
clinical levels, and classifies multimodal fusion methods
into data-level, feature-level, and decision-level categories
based on data processing stages, clarifying their respective
advantages, limitations, and applicable scenarios. Through
case studies involving breast, lung, colorectal, skin, and
brain cancers, the study confirms that multimodal data fu-
sion effectively compensates for the one-sidedness of sin-
gle-modal models, significantly improving the accuracy
of cancer risk prediction, early diagnosis, and prognosis
assessment. Additionally, the paper deeply discusses key
challenges in practical applications, including data quality
issues such as missing values, heterogeneity, and noise,
as well as computational complexity issues arising from
high-dimensional data, complex model structures, and
large-scale training samples, and proposes targeted solu-
tions, providing actionable technical guidance for model
development and deployment. The research not only
enriches the theoretical framework of multimodal fusion
in oncology but also lays a foundation for promoting the
clinical translation of precision oncology. Future efforts
should focus on enhancing model interpretability to gain
greater clinical trust, accelerating the standardization of
multimodal datasets to improve data consistency, and ex-
ploring integration with emerging technologies to further
narrow the gap between academic research and clinical
practice, ultimately contributing to better cancer preven-
tion, diagnosis, and treatment outcomes.
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