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ABSTRACT:

Early cancer detection remains critical for improving patient survival, yet conventional screening methods face
limitations in sensitivity and specificity. This research develops a self-supervised multimodal learning framework
that integrates medical imaging and genomic data for early cancer detection without requiring extensive labeled
datasets. We collected data from 612 patients including individuals with early-stage cancers and high-risk
populations undergoing surveillance. The framework employs contrastive learning to align imaging features from
CT scans and MRI with genomic signatures from liquid biopsies and tissue samples. Our self-supervised
pretraining strategy learns robust representations from 4,850 unlabeled samples before fine-tuning on labeled
detection tasks. The model achieved 91% sensitivity and 88% specificity for detecting stage | cancers across
multiple tumor types, outperforming supervised baselines by 14 percentage points. Feature analysis revealed that
the self-supervised approach discovered clinically meaningful imaging-genomic associations including
radiological patterns correlating with specific mutation profiles and circulating tumor DNA levels. The framework
demonstrated particular strength in detecting cancers missed by single-modality approaches, identifying 34%
more early-stage tumors than imaging alone and 28% more than genomic screening alone. These results
demonstrate that self-supervised multimodal learning can overcome labeled data scarcity while improving early
cancer detection performance through complementary information fusion across imaging and genomic modalities.

Keywords: Self-Supervised Learning, Early Cancer Detection, Multimodal Learning, Medical Imaging,
Genomics, Contrastive Learning, Liquid Biopsy

INTRODUCTION

Early cancer detection fundamentally alters patient prognosis, with five-year survival rates exceeding 90% for
many cancers diagnosed at localized stages compared to below 30% for metastatic disease [Chen 2020]. Despite
this clear survival advantage, current screening approaches detect only a fraction of cancers at early stages.
Imaging-based screening programs for lung, breast, and colorectal cancers have demonstrated mortality benefits,
yet they suffer from high false-positive rates generating unnecessary anxiety and invasive procedures [Kumar
2021]. Genomic approaches including circulating tumor DNA detection offer complementary sensitivity but face
challenges with specificity and clinical interpretation [Martinez 2022].

The integration of imaging and genomic data promises to overcome limitations inherent to single-modality
screening. Radiological imaging visualizes structural and functional abnormalities while genomic profiling
detects molecular alterations underlying oncogenesis [Thompson 2021]. Combining these complementary
information sources should improve both sensitivity—detecting more true cancers—and specificity—reducing
false alarms. However, developing integrated models traditionally requires large labeled datasets with confirmed
cancer diagnoses, which are scarce for early-stage disease where screening populations vastly outnumber actual
cancer cases.

Self-supervised learning offers a paradigm shift by learning from unlabeled data, eliminating dependence on
expensive manual annotations [Williams 2022]. Rather than training models to predict specific labels, self-
supervised approaches learn general representations by solving pretext tasks constructed from the data itself. For
instance, contrastive learning trains models to recognize that different views of the same patient (imaging and
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genomics) should produce similar representations while different patients should yield dissimilar representations
[Harrison 2021]. This approach leverages vast quantities of unlabeled medical data—routine scans and blood
tests—to learn robust features before applying limited labeled data for specific detection tasks.

Despite promising results in computer vision and natural language processing, self-supervised learning remains
underexplored for multimodal medical data integration [Patel 2020]. Technical challenges include designing
pretext tasks appropriate for medical imaging and genomics, handling missing modalities when some patients lack
complete data, and ensuring learned representations capture clinically relevant patterns rather than spurious
correlations [Sullivan 2019]. Furthermore, validation requires demonstrating that self-supervised models achieve
meaningful performance improvements over supervised baselines despite not seeing labeled examples during
pretraining.

This research addresses these challenges by developing and validating a comprehensive self-supervised
multimodal learning framework for early cancer detection. We investigate whether contrastive learning can
discover meaningful imaging-genomic associations from unlabeled data, whether self-supervised pretraining
improves detection performance compared to supervised learning, and which architectural choices optimize
multimodal representation learning [Anderson 2021]. Our contributions include novel pretext task designs for
medical data, robust handling of missing modalities, and extensive validation demonstrating clinical utility for
early cancer detection.

LITERATURE REVIEW

Self-supervised learning emerged from computer vision research seeking to reduce annotation requirements for
image classification tasks. Early approaches employed pretext tasks like predicting image rotations, solving jigsaw
puzzles from image patches, and colorizing grayscale images [Gupta 2019]. While these methods learned useful
representations, they relied on task-specific heuristics that did not generalize well across domains. The field
advanced substantially with contrastive learning frameworks including SimCLR, MoCo, and BYOL that learn by
maximizing agreement between augmented views of the same image while minimizing similarity to different
images [Morrison 2020].

Medical imaging applications of self-supervised learning initially focused on single-modality representation
learning. Studies demonstrated that models pretrained using contrastive learning on large unlabeled chest X-ray
datasets then fine-tuned on smaller labeled sets achieved better pneumonia detection than purely supervised
approaches [Rahman 2020]. Similar benefits appeared for dermatology, pathology, and radiology applications.
The key insight—that self-supervised pretraining on abundant unlabeled data improves subsequent supervised
learning on scarce labeled data—proved particularly valuable for medical domains where expert annotations are
expensive.

Genomic data analysis also explored self-supervised approaches, though with different methodologies reflecting
sequence data characteristics. DNA and RNA sequences naturally suggest pretext tasks like masked token
prediction analogous to BERT's language modeling objective [Taylor 2021]. Models trained to predict masked
nucleotides or genes learned embeddings capturing functional relationships between genomic elements. Gene
expression data employed denoising autoencoders and variational approaches learning low-dimensional
representations of high-dimensional molecular profiles [Wilson 2020].

Multimodal learning in medical Al initially used supervised approaches requiring labels for joint training. Studies
combining chest X-rays with clinical text, or CT scans with pathology images, demonstrated that multimodal
models outperformed single-modality baselines when sufficient labeled data existed [Zhao 2022]. However, these
approaches struggled when labeled multimodal data was scarce—a common scenario for early cancer detection
where confirmed diagnoses are rare relative to screening populations. Self-supervised multimodal learning offered
potential solutions but remained largely unexplored for medical applications.

Recent computer vision research introduced cross-modal contrastive learning frameworks like CLIP that align
images and text by maximizing similarity between corresponding pairs [Harrison 2021]. These approaches learn
joint embedding spaces where related content from different modalities clusters together regardless of specific
task labels. Medical Al researchers began adapting these techniques, creating models that align radiology images
with corresponding reports, though most applications focused on retrieval tasks rather than disease detection.
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Liquid biopsy technologies for detecting circulating tumor DNA revolutionized cancer genomics by enabling non-
invasive molecular profiling. Studies demonstrated that ctDNA detection could identify cancers months before
clinical symptoms appeared, opening possibilities for truly early detection [Anderson 2021]. However, specificity
challenges remained—distinguishing true cancer signals from clonal hematopoiesis and other benign mutations
proved difficult. Integration with imaging data promised to address these limitations by providing anatomical
confirmation of suspected molecular abnormalities.

The radiogenomics literature established correlations between imaging phenotypes and genomic alterations,
demonstrating that CT texture patterns, MRI signal characteristics, and PET uptake values correlate with specific
mutations and expression signatures [Patel 2020]. These associations suggested that imaging and genomics
capture complementary information about tumor biology. However, most studies analyzed correlations
retrospectively rather than leveraging them prospectively for detection tasks, and they typically required labeled
data for model development.

Literature gaps motivate our research. First, no comprehensive framework exists for self-supervised learning
across medical imaging and genomics jointly. Second, limited validation demonstrates whether self-supervised
approaches improve early cancer detection versus supervised baselines. Third, understanding of what imaging-
genomic associations emerge from contrastive learning remains incomplete [Sullivan 2019]. Our research
addresses these gaps through systematic framework development and rigorous validation.

METHODOLOGY

3.1 Study Design and Patient Population

This prospective-retrospective cohort study enrolled 612 patients across four groups: newly diagnosed early-stage
cancer patients (n=178), high-risk individuals undergoing surveillance with eventual cancer diagnosis (n=94),
high-risk individuals remaining cancer-free (n=247), and healthy controls (n=93). Early-stage cancer included
stage I-11 solid tumors across lung (n=68), breast (n=52), colorectal (n=31), pancreatic (n=17), and other sites
(n=10). High-risk surveillance participants had family history, genetic predisposition, or prior precancerous
findings warranting intensified screening.

3.2 Data Collection and Preprocessing

Imaging Data: Patients underwent standardized imaging protocols including low-dose chest CT for lung
surveillance, mammography and breast MRI for breast surveillance, and abdominal CT/MRI for gastrointestinal
surveillance. Images underwent preprocessing including intensity normalization using histogram matching,
resampling to isotropic 1mm3 voxel spacing, and region-of-interest extraction focused on organs at risk. For the
self-supervised pretraining phase, we collected 4,850 imaging studies from routine clinical practice without
requiring cancer diagnosis labels.

Genomic Data: Blood samples provided cell-free DNA for circulating tumor DNA analysis using next-generation
sequencing panels covering 500+ cancer-associated genes. For tissue-based genomics, targeted sequencing or
whole exome sequencing identified somatic mutations. Gene expression profiling quantified RNA levels for
20,000+ genes. Preprocessing included quality filtering, normalization, and dimensionality reduction using
principal component analysis retaining 95% variance.

Table 1: Patient Cohort Characteristics and Multimodal Data Availability

Characteristic Early-Stage High-Risk Cancer | High-Risk Cancer- | Healthy
Cancer (n=178) | Developed (n=94) Free (n=247) Controls (n=93)

Age (mean £ SD) 64.2 £10.8 61.7+£12.3 58.4+11.6 52.3+14.2

Female (%) 52.8% 48.9% 54.3% 51.6%

CT Imaging 162 (91.0%) 87 (92.6%) 231 (93.5%) 78 (83.9%)

MRI Imaging 98 (55.1%) 52 (55.3%) 134 (54.3%) 41 (44.1%)

ctDNA Analysis 178 (100%) 94 (100%) 247 (100%) 93 (100%)

Tissue Genomics 142 (79.8%) 31 (33.0%) 18 (7.3%) 0 (0%)

Both Modalities | 137 (77.0%) 68 (72.3%) 178 (72.1%) 61 (65.6%)

Complete

3.3 Self-Supervised Learning Framework
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Our framework implements multimodal contrastive learning through three core components: modality-specific
encoders, cross-modal alignment, and robust handling of missing data.

Imaging Encoder Architecture: We employed a 3D ResNet-50 architecture processing volumetric CT and MRI
scans. The encoder maps raw imaging volumes X_img € R"(HxWxDxC) to feature representations h;,,) € R4
through multiple convolutional and pooling layers:

himg) = fo(X(img))
where fy represents the parameterized encoder with weights 0 optimized during training.

Genomic Encoder Architecture: For genomic data, we used transformer-based architectures processing
mutation profiles and gene expression as sequences. The genomic encoder maps input sequences X gen) €

R(E*Pem) 10 representations R(gen) € R%:

h(gen) = 9y(Xgen)
where g, represents the genomic encoder with parameters ¢.

Contrastive Learning Objective: The core self-supervised objective maximizes agreement between imaging and
genomic representations from the same patient while minimizing similarity to other patients. For a batch of N
patients, the contrastive loss is:

L.ontrast = —Z(i = 1DNlog [exp(sim(himg(i),hgen(i))/‘[)
/Z(j = 1)Nexp(sim(himg(i), hgen(j))/f)]

where sim(-,") computes cosine similarity, T is a temperature parameter controlling distribution sharpness, and the

summation aggregates over all patients in the batch. This InfoNCE loss encourages the model to identify matching
imaging-genomic pairs among N2 possible pairings.

Augmentation Strategies: To create multiple views of the same patient for contrastive learning, we applied data
augmentation separately to each modality:
e Imaging augmentations: random rotations (£15°), elastic deformations, Gaussian noise addition,
intensity shifts, and random cropping
e Genomic augmentations: feature masking (randomly dropping 10-20% of mutations), expression value
perturbation with Gaussian noise, and random feature dropout

Missing Modality Handling: Many patients lacked complete imaging or genomic data. We addressed this
through three strategies:
1. Unimodal Contrastive Learning: When only one modality available, we applied contrastive learning
within that modality by maximizing similarity between different augmented views of the same sample:

L,ni = —log |exp(sim(ht, hz)/‘r)/z exp(sim(h', h;)/7)
j
where h: and h2 are representations from different augmentations of the same sample.
2. Modality Imputation: For missing modalities, we trained a conditional generator G producing plausible
representations:

(imputed) __
higeny = G(Rimg))

enabling cross-modal contrastive learning even when genomic data was unavailable.
3. Loss Reweighting: We dynamically weighted loss contributions based on data availability, assigning
higher weights to complete multimodal samples.
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Figure 1: Self-Supervised Multimodal Contrastive Learning Architecture
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EXPERIMENTAL SETUP

4.1 Training Protocol and Hyperparameters

Pretraining Phase: Self-supervised pretraining used the 4,850 unlabeled imaging and genomic samples over 200
epochs with batch size 64. We employed the AdamW optimizer with initial learning rate 3x107#, decaying via
cosine annealing to 3x107¢. The temperature parameter t was set to 0.07 based on validation performance. Training
took approximately 72 hours on 4 NVIDIA V100 GPUs.

Fine-tuning Phase: After pretraining, we fine-tuned the model on labeled cancer detection tasks using the 612
fully-characterized patients. We evaluated two fine-tuning strategies:

1. Full Fine-Tuning: All encoder weights updated during supervised training with learning rate 1x107°

2. Linear Probing: Encoder weights frozen, only training a linear classifier head with learning rate 1x10-2
Fine-tuning proceeded for 50 epochs with batch size 32, using 70-15-15 train-validation-test splits stratified by
cancer status and type.

4.2 Baseline Comparisons
We compared the self-supervised approach against multiple baselines:
e Supervised from Scratch: Training the same architecture using only labeled data without pretraining
o ImageNet Initialization: Initializing imaging encoders with ImageNet-pretrained weights, a common
transfer learning approach
e Single Modality Models: Separate models using only imaging or only genomics
e Simple Concatenation: Concatenating imaging and genomic features without contrastive alignment

Table 2: Training Configuration and Hyperparameter Settings

Component Specification Rationale

Pretraining

Unlabeled Samples | 4,850 patients Maximum available unlabeled data
Training Epochs 200 Convergence of contrastive loss
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Batch Size 64 Balance between stability and efficiency

Learning Rate 3x10™* — 3x10°° Cosine decay for stable convergence

Temperature 1 0.07 Optimal discrimination in similarity space
Fine-tuning

Labeled Samples 612 patients All available labeled cases

Training Epochs 50 Sufficient for convergence without overfitting

Batch Size 32 Smaller for limited labeled data

Learning Rate 1x107° (full) / 1x1072 (linear) | Prevent catastrophic forgetting of pretrained features
Data Split 70-15-15 Standard validation and testing protocols

4.3 Evaluation Metrics and Validation

Detection performance was assessed using sensitivity (true positive rate), specificity (true negative rate), positive
predictive value, negative predictive value, and area under ROC curve. Given the clinical importance of early
detection, we emphasized sensitivity while maintaining acceptable specificity thresholds above 85%.

We performed stratified analysis across cancer stages, tumor types, and patient risk groups to assess whether
performance generalized beyond overall averages. External validation used an independent cohort of 203 patients
from two institutions not contributing to model development, evaluating generalization to different populations
and imaging protocols.

1. DATA COLLECTION
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Figure 2: Self-Supervised Pretraining and Fine-Tuning Workflow
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RESULTS

5.1 Self-Supervised Pretraining Performance

The contrastive learning approach successfully learned meaningful representations from unlabeled data, with
training loss converging smoothly over 200 epochs. Analysis of the learned embedding space revealed clear
clustering patterns: imaging and genomic representations from the same patient clustered tightly together (average
cosine similarity 0.83), while representations from different patients remained distinct (average similarity 0.21).
This quantitative separation validated that the model learned to recognize patient-specific patterns across
modalities.

Visualization of the learned embedding space using t-SNE dimensionality reduction showed that representations
naturally organized by cancer type and stage without explicit supervision. Early-stage lung cancers formed distinct
clusters separate from breast cancers, suggesting the model discovered biologically meaningful patterns. Notably,
some patients later diagnosed with cancer clustered near confirmed cases even during the cancer-free surveillance
period, suggesting the representations captured pre-clinical disease signatures.

5.2 Early Cancer Detection Performance

The self-supervised multimodal model achieved 91% sensitivity and 88% specificity for detecting stage I-11
cancers on the held-out test set, substantially outperforming all baseline approaches. Supervised learning from
scratch achieved only 77% sensitivity at equivalent specificity, demonstrating the value of self-supervised
pretraining. ImageNet initialization performed intermediately at 82% sensitivity, confirming that domain-specific
pretraining outperforms generic transfer learning for medical applications.

Table 3: Early Cancer Detection Performance Across Methods and Modalities

Model Approach Sensitivity | Specificity | PPV | NPV | AUC | F1 Score
Self-Supervised Multimodal 91.2% 88.4% 83.7% | 93.8% | 0.947 | 0.873
Supervised Multimodal (Scratch) | 77.1% 85.2% 76.3% | 85.8% | 0.843 | 0.767
ImageNet Transfer + Fine-tune 82.4% 86.7% 79.5% | 88.4% | 0.881 | 0.809
Imaging Only 68.3% 91.2% 84.1% | 80.2% | 0.836 | 0.754
Genomics Only 71.6% 89.7% 81.4% | 83.5% | 0.852 | 0.762
Simple Concatenation 79.8% 87.1% 78.9% | 87.6% | 0.868 | 0.793
Linear Probing (Frozen Encoder) | 88.7% 87.2% 81.8% | 92.3% | 0.923 | 0.851

Comparing fine-tuning strategies, full fine-tuning achieved slightly better performance than linear probing (91.2%
vs 88.7% sensitivity), but the small gap indicated that most discriminative information was learned during self-
supervised pretraining rather than supervised fine-tuning. This result has practical implications—effective models
can be developed with very limited labeled data by leveraging abundant unlabeled samples.

5.3 Performance Stratified by Cancer Stage and Type

Stratified analysis revealed that detection performance remained strong even for the earliest stage cancers. For
stage | tumors, the model achieved 89% sensitivity compared to 62% for imaging alone and 67% for genomics
alone. This superior early-stage performance is clinically crucial, as these are precisely the cases where
intervention offers greatest survival benefit.

Performance varied by cancer type, with highest sensitivity for lung cancer (94%) and breast cancer (93%),
moderate for colorectal cancer (87%), and lower for pancreatic cancer (81%). These differences likely reflect
varying imaging conspicuity and genomic biomarker availability across tumor types. Notably, even for
challenging pancreatic cancers, the multimodal approach substantially exceeded single-modality detection rates.
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Figure 3: Detection Sensitivity Across Cancer Stages and Tumor Types
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Figure 3: Detection Sensitivity Across Cancer Stages and Tumor Types

5.4 Multimodal Complementarity Analysis

Analysis of detection patterns revealed substantial complementarity between imaging and genomic modalities.
Among 178 confirmed early-stage cancers in the cohort, imaging-only models detected 122 cases (68.5%) while
genomics-only detected 127 cases (71.3%). However, the overlap was only 88 cases (49.4%), meaning each
modality uniquely identified cancers missed by the other. The multimodal model detected 162 cases (91.0%),
capturing most cancers identified by either single modality plus additional cases missed by both.

Examination of cases uniquely detected by each modality provided biological insights. Imaging-detected cases
typically had larger primary tumors (median diameter 18mm vs 12mm for genomics-detected) with distinctive
morphological features including irregular margins and heterogeneous enhancement. Genomics-detected cases
often had smaller, radiologically subtle primary tumors but higher circulating tumor DNA levels and more driver
mutations. The multimodal model successfully integrated both signal types, detecting cancers regardless of
whether they presented primarily as anatomical or molecular abnormalities.

Venn Diagram Analysis of Multimodal Detection Complementarity
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5.5 Learned Cross-Modal Associations

Attention mechanism analysis revealed specific imaging-genomic associations the model learned without explicit
supervision. For lung cancers, ground-glass opacity patterns on CT strongly aligned with EGFR mutation profiles
in the learned embedding space. Solid, spiculated nodules associated with KRAS mutations and higher tumor
mutational burden. These radiogenomic correlations matched known biological associations, validating that self-
supervised learning discovered clinically meaningful patterns.

For breast cancers, MRI enhancement kinetics correlated with proliferation gene expression signatures. Rapidly
enhancing tumors aligned with high Ki-67 expression and cell cycle pathway activation, while slowly enhancing
lesions associated with hormone receptor-positive, low-grade molecular profiles. Again, these learned
associations recapitulated established radiogenomic knowledge, emerging purely from contrastive learning
without explicit labels.

Quantitative analysis using canonical correlation analysis measured alignment strength between imaging and
genomic features. The first canonical correlation reached 0.76, indicating substantial shared variance between
modalities. The top correlated imaging features included texture heterogeneity, enhancement patterns, and margin
characteristics, while genomic features included mutation burden, DNA repair pathway alterations, and
proliferation signatures. This quantitative confirmation complemented qualitative attention visualizations.

Table 4: Discovered Imaging-Genomic Associations Through Self-Supervised Learning

Cancer Imaging Feature Genomic Correlate Correlation Clinical Validation
Type Strength

Lung Ground-glass opacity EGFR mutations r=0.71 Known association
confirmed

Lung Solid spiculated nodule | KRAS mutations, high | r =0.68 Known association
TMB confirmed

Breast Rapid MRI enhancement | High Ki-67, cell cycle | r=0.74 Known association
activation confirmed

Breast Rim enhancement | Hypoxia signatures, | r=0.69 Known association
pattern Necrosis genes confirmed

Colorectal | Heterogeneous CT | Microsatellite instability | r=0.66 Known association
texture confirmed

Pancreatic | Arterial phase | KRAS mutations, | r = 0.63 Known association
hypoenhancement stromal signatures confirmed

DISCUSSION

6.1 Clinical Implications for Cancer Screening

The research demonstrates that self-supervised multimodal learning can substantially improve early cancer
detection performance compared to current single-modality approaches. The 91% sensitivity achieved for stage
I-11 cancers represents meaningful progress toward the sensitivity levels required for population-wide screening
programs. Current lung cancer screening with low-dose CT achieves approximately 60-70% sensitivity for early-
stage disease, while our multimodal approach detected 94% of early lung cancers through imaging-genomic
integration.

The complementarity between imaging and genomics proved particularly valuable. Each modality captured
different cancer subsets based on their biological characteristics—morphologically distinctive tumors on imaging
versus molecularly active but radiologically subtle tumors on genomics. This complementarity suggests that
optimal screening programs should incorporate both modalities rather than choosing one over the other. The
economic feasibility of dual-modality screening depends on cost-effectiveness analyses balancing improved
detection against increased testing expenses, though declining sequencing costs make genomic screening
increasingly viable.

The self-supervised learning approach addresses a critical challenge in developing screening Al models: the
scarcity of labeled early-stage cancer data. Screening populations contain 98-99% cancer-free individuals, making
it difficult to accumulate sufficient positive cases for supervised learning. By leveraging unlabeled routine
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imaging and blood tests, self-supervised pretraining learns from abundant data before fine-tuning on limited
labeled cases. This paradigm proves essential for rare cancers where individual institutions may see only dozens
of cases annually.

6.2 Methodological Contributions to Self-Supervised Learning

This research extends self-supervised learning methodology in several important ways. First, the successful
application of contrastive learning to medical imaging-genomic data demonstrates that approaches developed for
natural images and text generalize to multimodal medical data despite substantial domain differences. The key
insight—that corresponding imaging and genomic data from the same patient should align in representation
space—translates effectively from image-text alignment in computer vision.

Second, our strategies for handling missing modalities address a practical challenge ubiquitous in medical Al but
less prominent in computer vision applications. Real-world medical data contains systematic missingness patterns
where some patients undergo imaging without genomic testing, or vice versa. Our combination of unimodal
contrastive learning, modality imputation, and loss reweighting enables effective self-supervised learning despite
incomplete data, with minimal performance degradation compared to complete data scenarios.

Third, the discovered imaging-genomic associations validate that self-supervised learning can uncover clinically
meaningful patterns rather than merely learning superficial correlations. The alignment of learned associations
with established radiogenomic knowledge provides confidence that the model captures genuine biological
relationships. This interpretability proves crucial for clinical deployment, where black-box predictions face
resistance regardless of empirical accuracy.

6.3 Comparison with Existing Detection Approaches

Our results compare favorably to published cancer detection studies. Multi-cancer early detection tests using cell-
free DNA alone achieve approximately 65-75% sensitivity for early-stage disease across cancer types [Chen
2020], while our multimodal approach reached 91%. Pure imaging approaches for lung cancer screening achieve
60-70% sensitivity [Kumar 2021], versus our 94% for lung cancers. These improvements validate the multimodal
integration strategy.

Importantly, our approach maintains acceptable specificity (88%) despite high sensitivity. Many detection
methods achieve high sensitivity only by sacrificing specificity, generating unacceptable false-positive rates. The
multimodal approach's balanced performance likely results from requiring concordant signals across modalities—
both imaging abnormalities AND molecular alterations—providing mutual confirmation reducing false alarms
from artifacts or benign findings on either modality alone.

The self-supervised pretraining advantage over supervised learning from scratch (91% vs 77% sensitivity) aligns
with observations in other medical Al domains. Studies in pathology, radiology, and genomics consistently find
that self-supervised pretraining on large unlabeled datasets followed by fine-tuning outperforms purely supervised
approaches when labeled data is limited. Our work extends this pattern to multimodal medical data integration.

6.4 Limitations and Future Directions

Several limitations warrant acknowledgment. First, the study included only four cancer types; validation across
broader cancer diversity would strengthen generalizability claims. Second, the cohort focused on screening
populations in developed healthcare systems with access to advanced imaging and genomic testing; applicability
to resource-limited settings requires investigation. Third, the retrospective design cannot definitively prove that
improved detection translates to better patient outcomes—prospective screening trials with mortality endpoints
would provide stronger evidence.

Computational requirements present practical deployment challenges. The 3D imaging encoder and transformer-
based genomic models demand substantial GPU resources, potentially limiting deployment to large academic
medical centers. Model compression techniques including quantization, pruning, and knowledge distillation could
reduce computational demands without substantially compromising accuracy. Cloud-based inference offers an
alternative, though patient privacy regulations may restrict data transmission.

Future research should explore several extensions. First, incorporating additional modalities beyond imaging and
genomics—including proteomics, metabolomics, and longitudinal clinical data—may further improve detection.
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Second, developing continual learning approaches enabling models to improve as new screening data accumulates
without complete retraining would enable sustainable deployment. Third, investigating whether self-supervised
multimodal learning can differentiate benign from malignant findings would reduce unnecessary biopsies beyond
improving initial detection.

The interpretability mechanisms developed here provide starting points but require refinement. While attention
visualization and canonical correlation reveal learned associations, they fall short of detailed mechanistic
explanations clinicians desire. Natural language generation approaches producing text explanations of
predictions—"This patient shows ground-glass opacities on CT correlating with EGFR mutation signatures
suggesting early lung adenocarcinoma"—would improve clinical utility.

CONCLUSION

This research demonstrates that self-supervised multimodal learning substantially improves early cancer detection
by integrating medical imaging and genomic data. Our framework achieved 91% sensitivity for detecting stage I-
Il cancers through contrastive learning that aligns imaging and genomic representations without requiring
extensive labeled datasets. The approach outperformed supervised baselines by 14 percentage points, validated
the value of multimodal integration over single-modality approaches, and discovered clinically meaningful
imaging-genomic associations through unsupervised learning.

The methodological contributions extend beyond oncology applications. The self-supervised framework
addresses fundamental challenges in medical Al including labeled data scarcity, missing modality handling, and
cross-modal relationship discovery. These capabilities generalize to other medical domains generating multimodal
data—cardiology integrating imaging and genetic testing, neurology combining brain scans and cerebrospinal
fluid biomarkers, or rheumatology fusing imaging and immunological profiles.

From a clinical perspective, the work advances toward comprehensive cancer screening that synthesizes
anatomical, molecular, and clinical information rather than relying on isolated test results. As genomic testing
costs continue declining and imaging technology advances, integrated screening approaches combining these
modalities will become increasingly feasible. The self-supervised learning framework provides the computational
infrastructure to realize this integration effectively.

Looking forward, self-supervised multimodal learning will likely become central to precision medicine as
healthcare generates increasingly diverse data types requiring synthesis. The convergence of imaging, genomics,
proteomics, and continuous physiological monitoring creates both opportunities for comprehensive patient
assessment and challenges from information overload. Self-supervised approaches that learn meaningful
representations from unlabeled data provide scalable solutions, transforming data abundance from an analytical
burden into improved diagnostic and prognostic capabilities that ultimately benefit patient care.
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