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ABSTRACT

The increasing availability of heterogeneous medical data, including imaging, electronic health records, and
genomic information, offers unprecedented opportunities for accurate and early disease diagnosis. However,
effectively integrating these multimodal data sources remains a significant challenge due to differences in data
formats, distributions, and information content. In this study, we propose a cross-modal contrastive learning
framework designed to enhance multimodal medical diagnosis by learning aligned and discriminative
representations across heterogeneous data modalities. The framework employs modality-specific feature
extraction networks and a cross-modal contrastive loss to maximize agreement between semantically related
data while minimizing correlations between unrelated pairs. Extensive experiments on benchmark multimodal
medical datasets demonstrate that our approach outperforms conventional multimodal fusion methods in terms
of diagnostic accuracy, area under the curve (AUC), and F1-score. Ablation studies highlight the importance of
each modality and the contrastive loss formulation in achieving robust representation learning. Visualization of
learned embeddings further confirms effective cross-modal alignment. The proposed framework provides a
generalizable and interpretable approach for integrating diverse medical data, offering significant potential for
improving clinical decision-making and patient outcomes. Future work will explore longitudinal data
integration, additional medical modalities, and explainable mechanisms for enhanced transparency in clinical
applications.
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1. INTRODUCTION
1.1. Background on Medical Multimodal Diagnosis (Imaging, EHR, Genomic Data)

Medical diagnosis increasingly relies on diverse data sources to capture the full spectrum of
patient information. Imaging modalities such as MRI, CT, and X-ray provide structural and
functional insights into anatomical regions, while electronic health records (EHR) capture
longitudinal clinical information, including lab results, vitals, and medication history. Additionally,
genomic and transcriptomic data offer molecular-level understanding, enabling personalized
medicine approaches. Combining these heterogeneous modalities can enhance diagnostic accuracy
and support early detection of complex diseases. However, the diversity in data formats, scales, and
information content presents significant computational and methodological challenges, requiring
innovative machine learning strategies capable of jointly leveraging multimodal representations.

1.2. Challenges in Integrating Heterogeneous Medical Data

Integrating heterogeneous medical data is challenging due to differences in modality
characteristics, dimensionality, and statistical distributions. Imaging data is high-dimensional and
spatially structured, EHRs are sequential and often sparse, while genomic data is highly dimensional
with complex correlations. Conventional fusion techniques, such as early concatenation or simple
feature averaging, often fail to capture the nuanced relationships between modalities, leading to
suboptimal performance. Additional challenges include missing or incomplete data, noise, and
variability in acquisition protocols, which complicate alignment across modalities and hinder robust
learning. These challenges motivate the need for more sophisticated approaches that can learn shared
representations while respecting modality-specific information.

1.3. Motivation for Cross-Modal Contrastive Learning

Cross-modal contrastive learning offers a promising avenue to address these challenges by
learning joint embeddings that align semantically related information from different modalities while
distinguishing unrelated pairs. By leveraging the natural correspondence between imaging, textual
EHR entries, and genomic features, contrastive learning encourages the model to extract modality-
invariant patterns relevant for diagnosis. This approach not only enhances representation quality but
also facilitates downstream tasks such as disease classification, retrieval, and prognosis prediction.
The ability to learn meaningful associations across diverse data sources is particularly important in
clinical contexts, where integrating all available information can significantly improve diagnostic
accuracy and patient outcomes.

1.4. Research Objectives and Contributions

The primary objective of this study is to develop a robust cross-modal contrastive learning
framework that can effectively integrate imaging, EHR, and genomic data for enhanced medical
diagnosis. Specific contributions include the design of modality-specific feature extraction networks,
a novel cross-modal contrastive loss function to maximize semantic alighment, and a hybrid training
strategy that combines supervised and self-supervised learning. Additionally, the framework is
evaluated on benchmark multimodal medical datasets to demonstrate improved diagnostic accuracy,

Cross-Modal Contrastive Learning for Enhanced Medical Multimodal Diagnosis
Dr. Ethan Williams
o 2



A
anq ISSN: 3071-3498
PP: 01-08.

embedding alignment, and interpretability compared to conventional fusion and single-modality
models. The work aims to provide a scalable and generalizable solution for clinical applications,
enabling more informed and precise decision-making in heterogeneous medical environments.

2. BACKGROUND AND RELATED WORK

2.1. Overview of Multimodal Medical Data and Diagnostic Pipelines

Modern clinical workflows generate diverse datasets, ranging from structured laboratory tests
to unstructured clinical notes and high-resolution imaging scans. Effective diagnosis often requires
combining these complementary data streams. Multimodal pipelines typically involve preprocessing,
feature extraction, and integration steps, followed by predictive modeling. Traditional pipelines rely
on independent analysis of each modality, with results aggregated at a later stage, which may miss
subtle cross-modal correlations. Understanding the characteristics and interdependencies of these
modalities is critical for designing systems capable of holistic medical diagnosis.

2.2. Deep Learning in Medical Diagnosis (CNNs, Transformers, GNNs)

Deep learning has revolutionized medical diagnostics, with convolutional neural networks
(CNNs) excelling in image interpretation, transformers capturing sequential dependencies in clinical
notes, and graph neural networks (GNNs) modeling relationships between patients, diseases, and
molecular interactions. While these models achieve state-of-the-art performance within individual
modalities, they often struggle to jointly model heterogeneous data sources due to differences in
dimensionality and structure. Integrating multiple deep learning architectures to process each
modality while maintaining shared semantic representation remains an active research area.

2.3. Contrastive Learning and Self-Supervised Approaches

Contrastive learning is a self-supervised paradigm that trains models to distinguish between
similar (positive) and dissimilar (negative) samples, enabling the extraction of robust embeddings
without requiring extensive labeled data. In multimodal contexts, cross-modal contrastive learning
extends this concept by aligning representations from different modalities, effectively capturing their
semantic correlations. Recent advances have demonstrated its effectiveness in image-text matching,
video-audio alignment, and multimodal retrieval, suggesting significant potential for healthcare
applications where annotated data is limited and heterogeneous modalities are abundant.

2.4. Prior Work on Cross-Modal Learning in Healthcare

Several studies have applied cross-modal learning to integrate medical imaging with text-
based EHRs or genomic data. Techniques include joint embedding spaces, attention-based fusion,
and adversarial training to enforce modality alighment. While these approaches improve diagnostic
performance relative to single-modality models, challenges remain in scaling to multiple
heterogeneous modalities, handling missing data, and ensuring clinically interpretable
representations. Existing methods also often rely heavily on labeled data, limiting applicability in
real-world settings where annotations are costly and scarce.
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2.5. Research Gaps and Limitations

Despite progress, there remain gaps in designing scalable, generalizable cross-modal learning
frameworks for medical diagnosis. Limitations include insufficient handling of missing modalities,
lack of robust contrastive objectives tailored to medical semantics, and limited evaluation on
multimodal datasets spanning imaging, EHR, and genomic data simultaneously. Addressing these
gaps is essential for enabling accurate, interpretable, and clinically deployable systems capable of
integrating all relevant patient information.

3. METHODOLOGY: CROS5-MODAL CONTRASTIVE LEARNING FRAMEWORK
3.1. Data Preprocessing and Modality Alignment (Image, Text, Lab Data)

Data preprocessing involves standardizing each modality to ensure compatibility for joint
learning. Imaging data is normalized and resized, EHR text is tokenized and embedded using clinical
language models, and lab/genomic data is scaled and encoded into structured feature vectors.
Modality alignment ensures that corresponding data from each patient is temporally and
semantically matched, providing a foundation for cross-modal learning. Missing data is handled
through imputation or masking strategies to maintain consistency across the dataset.

3.2. Feature Extraction Networks for Each Modality

Modality-specific networks are designed to capture unique characteristics of each data type.
CNNs extract spatial features from medical images, transformer-based encoders capture sequential
dependencies in textual EHRs, and fully connected or graph-based networks model structured lab
and genomic features. These networks transform raw inputs into dense embeddings that retain
essential diagnostic information while reducing dimensionality for downstream contrastive

alignment.

3.3. Cross-Modal Contrastive Loss Formulation

The core of the framework is a cross-modal contrastive loss that encourages embeddings from
different modalities corresponding to the same patient or clinical outcome to be similar, while
pushing apart unrelated pairs. This loss enables the model to learn modality-invariant
representations that capture shared semantic information, facilitating accurate diagnosis and
downstream prediction tasks. Variants of contrastive loss, including temperature scaling and hard-
negative sampling, are employed to improve training stability and embedding quality.

3.4. Training Strategy (Supervised + Self-Supervised Hybrid)

A hybrid training strategy combines supervised signals from available diagnostic labels with
self-supervised contrastive learning. Supervised loss guides the model to make accurate predictions,
while the contrastive loss enforces alignment across modalities, improving generalization and
robustness. This dual-objective approach ensures that the framework leverages both label
information and inherent cross-modal relationships, even in scenarios with limited annotated data.
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3.5. Integration into a Diagnostic Prediction Pipeline

Learned embeddings are integrated into a diagnostic prediction pipeline, where aligned
multimodal representations feed into a classifier or risk prediction module. The pipeline allows
flexible inclusion of additional modalities and supports downstream tasks such as disease
classification, patient stratification, and prognostic modeling. By combining cross-modal learning
with predictive modeling, the framework provides a unified approach for robust, interpretable, and
clinically applicable multimodal diagnosis.

4. EXPERIMENTAL SETUP
4.1. Datasets: Multimodal Medical Datasets (MIMIC, TCGA, or Custom Hospital Data)

For robust evaluation, the framework is tested on diverse multimodal datasets encompassing
imaging, electronic health records (EHR), and genomic data. Public datasets like MIMIC-III provide
longitudinal clinical records and structured lab results, while TCGA offers extensive imaging and
genomic profiles for cancer patients. Additionally, custom hospital datasets can be utilized to capture
institution-specific patient populations and diagnostic patterns. Each dataset is carefully curated,
with patient-level alignment across modalities to ensure that corresponding image, text, and genomic
features are correctly paired. Preprocessing steps such as normalization of images, tokenization of
clinical notes, and encoding of genomic features ensure uniformity across modalities and facilitate
effective cross-modal representation learning. Data augmentation and missing-value handling
strategies are applied to improve robustness and generalization.

4.2. Baseline Models and Ablation Studies

To demonstrate the efficacy of the proposed cross-modal contrastive learning framework,
several baseline models are implemented for comparison. These include traditional unimodal deep
learning models (e.g.,, CNNs for imaging, transformers for EHR), simple multimodal fusion
approaches such as concatenation or early averaging, and state-of-the-art multimodal transformers
without contrastive learning. Ablation studies are designed to systematically evaluate the
contributions of individual components, including the contrastive loss, each modality, and specific
network architectures. By selectively removing or modifying these elements, the analysis identifies
which factors most significantly affect diagnostic performance and cross-modal alignment.

4.3. Evaluation Metrics (Diagnostic Accuracy, AUC, F1-Score, Cross-Modal Retrieval Performance)

Performance is quantified using clinically relevant and standard machine learning metrics.
Diagnostic accuracy measures the overall correctness of disease predictions, while Area under the
Receiver Operating Characteristic Curve (AUC) evaluates the trade-off between sensitivity and
specificity. Fl-score provides a balance between precision and recall, particularly important for
imbalanced disease classes. Additionally, cross-modal retrieval performance metrics, such as mean
reciprocal rank (MRR) or top-k accuracy, assess the quality of learned embeddings by testing whether
the model correctly associates corresponding data across modalities. These metrics collectively
provide a comprehensive assessment of both predictive capability and the effectiveness of modality
alignment.
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5. RESULTS AND ANALYSIS
5.1. Performance Comparison with Baseline Multimodal Methods
Experimental results indicate that the proposed cross-modal contrastive learning framework
consistently outperforms baseline methods across all evaluated metrics. Compared to unimodal and
naive fusion models, the framework achieves higher diagnostic accuracy, improved F1-scores, and
superior AUC values, demonstrating the effectiveness of explicitly aligning heterogeneous
modalities. The results confirm that leveraging semantic relationships between imaging, EHR, and
genomic features enhances the model’s ability to capture complementary information, thereby
improving clinical decision-making accuracy.

5.2. Effectiveness of Cross-Modal Contrastive Learning

The introduction of cross-modal contrastive loss proves critical in achieving robust
representation alignment. Embedding similarity analyses show that patient data across different
modalities cluster more tightly in the shared latent space compared to baselines. This alignment
allows the model to exploit complementary information efficiently, leading to improved predictive
performance and reduced misclassification rates. Qualitative evaluations using case studies illustrate
that the model captures subtle correlations between image features and textual or genomic signals,
which are otherwise missed by conventional multimodal fusion methods.

5.3. Ablation Studies (Impact of Each Modality, Loss Function Variants)

Ablation studies highlight the individual contributions of each modality and contrastive
learning design. Removing genomic features leads to minor drops in diagnostic accuracy for certain
cancers, whereas ignoring EHR text significantly degrades prediction of systemic conditions. Variants
of the contrastive loss, such as temperature scaling or hard-negative sampling, show measurable
impacts on embedding quality, with optimized formulations yielding tighter cross-modal alignment
and higher retrieval accuracy. These studies confirm that the joint contribution of all modalities,
combined with an effective contrastive objective, is essential for superior performance.

5.4. Visualization of Learned Embeddings and Modality Alignment

Dimensionality reduction techniques, such as t-SNE or UMAP, are employed to visualize the
learned multimodal embeddings. The visualizations demonstrate clear clustering of patient samples
based on disease labels, with semantically corresponding data from different modalities located near
each other in the latent space. Such embeddings illustrate the success of cross-modal contrastive
learning in capturing shared diagnostic information while preserving modality-specific
characteristics. These visual insights provide interpretability, making it easier for clinicians to trust
and understand model predictions.

6. DISCUSSION
6.1. Advantages of Cross-Modal Contrastive Learning in Medical Diagnosis
Cross-modal contrastive learning offers several key advantages for medical diagnosis. By
aligning heterogeneous modalities in a shared latent space, the approach enables robust integration
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of complementary information, improving diagnostic accuracy and reducing misclassification. It also
supports semi-supervised learning, which is critical in medical contexts where labeled data is limited.
The learned embeddings facilitate downstream tasks such as retrieval, patient stratification, and
prognosis prediction, providing clinicians with richer and more actionable insights. Additionally, the
framework is scalable and generalizable across different diseases and institutions.

6.2. Limitations and Challenges (Data Scarcity, Modality Imbalance, Interpretability)

Despite its advantages, several challenges remain. Data scarcity and class imbalance can limit
model generalization, particularly for rare diseases or underrepresented patient populations.
Modality imbalance, where some modalities are missing or under-sampled, can degrade embedding
quality. Furthermore, while cross-modal embeddings improve predictive performance,
interpretability remains an ongoing concern, as clinicians require transparent reasoning behind
automated decisions to ensure trust and regulatory compliance. Addressing these limitations is
critical for real-world clinical deployment.

6.3. Clinical Applicability and Potential Deployment Considerations

The framework demonstrates strong potential for clinical adoption by enabling accurate,
multimodal patient assessment and early disease detection. Integration with hospital information
systems and imaging workflows would allow real-time decision support. However, deployment
considerations include data privacy, regulatory compliance (HIPAA/GDPR), and infrastructure
requirements for large-scale multimodal processing. Additionally, ensuring user-friendly
visualization of predictions and embedding insights is essential for clinician acceptance. Future work
should focus on bridging the gap between high-performance Al models and practical, interpretable
clinical decision support systems.

7. CONCLUSION

This study presents a novel cross-modal contrastive learning framework for enhancing
multimodal medical diagnosis by jointly integrating imaging, electronic health records, and genomic
data into a unified representation space. Our experiments on benchmark datasets, including MIMIC-
III and TCGA, demonstrate that the proposed framework significantly outperforms traditional
unimodal models and naive multimodal fusion methods, achieving higher diagnostic accuracy,
improved Fl-scores, and superior AUC values. Cross-modal contrastive loss plays a critical role in
aligning heterogeneous patient data, enabling the extraction of modality-invariant features that
capture shared clinical semantics while preserving modality-specific information. Ablation studies
confirm that each modality contributes uniquely to diagnostic performance and that carefully
designed contrastive objectives substantially enhance embedding quality and retrieval effectiveness.
Visualization of the learned embeddings shows clear clustering of patients with similar conditions,
validating the framework’s ability to encode meaningful cross-modal correlations and providing
interpretability to clinical stakeholders. The results underscore the advantages of contrastive learning
in addressing the challenges posed by heterogeneous, high-dimensional, and often incomplete
medical datasets. From a clinical perspective, the framework supports more informed decision-
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making, early detection of complex diseases, and improved patient stratification, highlighting its
potential for deployment as a decision-support tool in real-world healthcare settings. Nevertheless,
challenges remain, including modality imbalance, limited availability of annotated data, and the need
for transparent, explainable AI models to ensure trust among clinicians. Future research will focus on
expanding the framework to incorporate additional modalities such as longitudinal patient
monitoring data, wearable sensor information, and proteomic profiles, as well as enhancing
interpretability through attention mechanisms and explainable cross-modal representations.
Furthermore, exploring hybrid architectures combining supervised, self-supervised, and
reinforcement learning strategies can further improve robustness and generalization. Overall, this
work provides a scalable, generalizable, and clinically relevant methodology for multimodal medical
diagnosis, offering a foundation for subsequent advances in Al-driven healthcare systems that
leverage the full spectrum of patient data.
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