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Cancer care generates vast quantities of data
including clinical records, pathology images,
radiology scans, and molecular profiles, yet these
modalities are rarely integrated in a systematic,
automated manner within routine clinical
workflows, remaining largely siloed across separate
departmental and technical systems. Foundation
model-driven embeddings —or numerical
representations (vectors) that summarize complex
data such as text, images, and molecular profiles —
offer a framework to integrate these data streams
into unified patient representations. Here we
examine the HONeYBEE platform’s approach to
multimodal integration in oncology, situate it within
broader developments in representation learning,
and clinical and technical challenges that may
shape its path to implementation’.

Cancer care is increasingly driven and defined by data—radiology,
pathology, genomics, and electronic health records all capture different
dimensions of the same disease, yet rarely connect meaningfully. The scale
and fragmentation of this data have created both an opportunity and an
unmet need: how to synthesize these modalities into a unified representation
of the patient. The contemporary cancer patient generates an evolving
digital footprint—a dynamic record encompassing both structured data
(cancer stage, performance status, and treatment history) and unstructured
data (narrative patient notes capturing symptom evolution and clinical
reasoning)’. A pathologist can review a gigapixel whole-slide image
revealing a patient’s histological architecture and cellular detail, while a
radiologist interprets volumetric CT and MRI scans tracking tumor burden
and treatment response. Genomic sequencing further extends this digital
footprint to the molecular drivers of disease’.

Yet despite the coexistence in electronic health records, these mod-
alities are rarely interpreted together. Radiologists often review images
without detailed molecular context, and pathologists assess tissue samples
with limited integration of corresponding imaging or longitudinal clinical
data. This separation persists at the digital level, where oncology data remain
siloed across platforms, formats, and infrastructure, limiting their collective
potential in precision oncology.

This fragmentation highlights a central unmet need in oncology: a
unified framework capable of harmonizing heterogeneous data into a
shared analytical space.

A recent article in npj Digital Medicine, Tripathi et al. propose
HONeYBEE (Harmonized Oncology Biomedical Embedding Encoder), an
open-source platform that helps solve these integration challenges through
foundation model-based embeddings'. The platform generates numerical
representations (vectors) from clinical text, pathological reports, radiology
images, whole-slide images, and molecular profiles. The article sheds light
on multimodal integration as a feasible and predictive technique for cancer
classification and patient similarity retrieval without requiring a full dataset
for each patient. However, it also raises questions about the platform’s
applicability in real-world settings. Here we examine the HONeYBEE
platform’s approach to multimodal integration in oncology, situate it within
broader developments in representation learning, and clinical and technical
challenges that may shape its path to implementation.

The data fragmentation problem

The need to integrate cancer datasets has been recognized for more than a
decade. Early studies sought to link patient-level clinical outcomes with one
type of complex dataset, such as gene expression profiles or pathology
imaging, rather than combining multiple data types together’. Despite
growing interest in multimodal and foundation model-based approaches,
current multimodal AI development requires coordinating separate tools,
each with distinct file formats, preprocessing requirements, and program-
ming interfaces. For example, researchers must often rely on disparate
platforms— OpensSlide for pathology images, PyDicom for radiology scans,
OHDSI for structured clinical data, and Bioconductor for genomics(’.
Harmonizing metadata across these platforms, managing version depen-
dencies, resolving identifier mapping inconsistencies, and ensuring com-
putational reproducibility introduce overhead that slows model
development and creates barriers to collaboration.

The Cancer Genome Atlas (TCGA) illustrates both the potential and
challenges of multimodal cancer datasets. While it provides comprehensive,
accessible data across 33 cancer types, its use requires complex workflows
and modality-specific preprocessing’. Quality control and endpoint defi-
nitions help identify low-quality samples and genes, but these approaches
are often project-specific and difficult to apply elsewhere®.

HONeYBEE’s modular architecture
The HONeYBEE framework addresses key infrastructure challenges by
using a modular design that standardizes how each type of oncology data is
processed'. It makes use of specialized foundation models that have been
pre-trained on large-scale, domain-specific datasets: GatorTron for clinical
text, UNI for pathology, RadImageNet for radiology, and SeNMo for
molecular (genomic) data. Each data type is carefully preprocessed—such as
stain normalization and subdividing pathology images or adjusting radi-
ology scans for consistent scale—before being converted into fixed-length
numerical vectors (“embeddings”) by these models.

These learned representations (vectors) are stored in a format com-
patible with standard machine learning software, allowing them to be reused
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Foundation Model Embeddings in Oncology
A technical guide to multimodal integration via vector representations
STEP 1: HETEROGENEOUS INPUT DATA
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Insight: Models act as "translators," converting distinct data modalities into mathematical space.
GatorTron / ClinicalBERT UNI / Virchow Geneformer
Language Model Vision Transformer Genomic Transformer
Trained on 90B+ words 100M+ tissue patches 30M+ single cell transcriptomes

STEP 3: UNIFICATION (THE "EMBEDDING" LAYER)

All data is now converted to Vector Format (e.g., 1768 Array)
Visualized as barcodes below - different inputs, SAME structure

Text Vector Image Vector Genomic Vector
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CONCATENATION & FUSION

STEP 4: MULTIMODAL CLINICAL APPLICATIONS

Patient Similarity Search Survival Prediction Treatment Recommendation
Find "digital twins" by calculating Train a lightweight classifier on top Map the patient vector to the

cosine similarity between vectors. of the fused embedding. "drug response space."

Use case: Find how similar patients Use case: Predict 5-year survival Use case: Suggest immunotherapy
responded to Treatment X. with higher accuracy than TNM. based on multi-omics profile.

Fig. 1| A clinician-oriented overview of foundation model embeddings in oncology.
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Multimodal Data Integration in Oncology: Current State and Future Directions

A. The Data Fragmentation Challenge
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C. Clinical Applications and Evidence
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D. Persistent Challenges and Research Priorities
Barriers to Clinical Translation Future Research Directions
® C ional burden: for gigapixelvolumetric data processing ® Temporal integration: Longitudinal embeddings capturing disease trajectory and treatment dynamics
° gap: Black-box resist clinical attention mechanisms help but insufficient ® Expanded modalities: Radiomics, wearables, patient-reported outcomes, social determinants
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© Validation gaps: Lack of need for ve real-world studies beyond TCGA © Multi-institutional validation: External cohorts, diverse populations, generalizability assessment
® Clinical-ML disconnect: Documentation quality varies; real-world data messier than research cohorts ® Clinical utility studles: Impact on outcomes, cost-effectiveness, clinician acceptance, workllow integration
J

Fig. 2 | Overview of current challenges, integration frameworks, and clinical applications for multimodal data integration in oncology.

across multiple predictive tasks'. Because the embeddings are independent
of the downstream analysis tools, newer foundation model architectures can
be adopted without redesigning predictive pipelines'. These compact
representations are also easier to share than raw datasets and are better
suited to privacy requirements'. Importantly, the framework can accom-
modate patients with incomplete data by flexibly combining whatever
modalities are available for analysis—a realistic reflection of clinical practice,
where not every patient has every type of data available.

The clinical data dominance question

Clinical embeddings emerge as a particularly influential modality in the
HONEeYBEE evaluation, but this observation must be interpreted within
context. The analyses reported by Tripathi et al. are conducted using TCGA,
a well-curated, research-grade cohort with relatively structured and stan-
dardized clinical variables. In contrast, real-world clinical documentation is
often inconsistent and fragmented across unaffiliated notes, with key details
buried in unstructured text or outdated templates propagated through
“copy-and-paste” practices™. In such settings, multimodal fusion may
prove more valuable than TCGA results suggest, as radiology, pathology,
and molecular data can compensate for missing or low-quality clinical
inputs. Foundation model embeddings standardize diverse data into

comparable numerical representations for joint processing'’. Prior EHR
studies demonstrate that integrating structured variables, narrative text,
labs, and medications improves prediction accuracy'’. Extending this
approach to include imaging and molecular data—and allowing embed-
dings to update as new modalities become available—enables more realistic
longitudinal analyses, particularly for rare or incompletely characterized
cancers.

Implementation challenges and limitations

Several obstacles remain before embedding-based multimodal systems enter
routine clinical use. Foundation models require significant computational
resources for inference, particularly with gigapixel whole-slide images and
volumetric scans''. Although embeddings can be precomputed, initial gen-
eration may exceed smaller institutions’ capacity, and cloud-based processing
adds costs and latency. Explainability is another barrier, as self-supervised
models learn latent patterns that improve performance but limit
interpretability". Clinicians may find such systems opaque, especially when
fused modalities defy simple explanation. To address this conceptual opacity,
Fig. 1 provides a clinician-oriented schematic illustrating how foundation
model embeddings transform heterogeneous oncology data into a unified
representation that can support downstream clinical decision-making.
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Multimodal integration further complicates data governance, as reg-
ulatory and ethical requirements differ across data types: genetic data carry
distinct consent and re-identification risks, imaging data are subject to
modality-specific archival and sharing standards, and clinical notes raise
unique privacy concerns related to free-text identifiers'™". Finally, valida-
tion demands extend beyond domain-specific standards to frameworks
assessing clinical utility rather than technical accuracy'’.

Future directions

Several extensions would strengthen the clinical applicability of multimodal
embedding frameworks. Incorporation of temporal information to model
disease progression and response to therapy may enable a more dynamic
model of patients. Incorporating additional information modalities such as
radiomics (quantitative image features) can further enhance model repre-
sentations and prognostic value'”. Wearable sensor data reflecting physical
activity level, sleep patterns, and physiological variables may add value to
traditional clinical assessments'®". Patient self-reports capturing symptoms,
health-related quality of life, and physical function can also offer information
not captured in clinical documentation. Lastly, standards for embeddings for
quality, validation, and interoperability can make adoption easier. Just as
DICOM and HL?7 are established standards for image transfer and clinical
messaging, respectively, a common framework could enable consistent eva-
luation and comparison of embeddings and support a modular ecosystem™.
An overview of the current state of multimodal integration, persistent chal-
lenges, and potential research directions is summarized in Fig. 2.

Conclusion

Foundation model-based embeddings provide a promising technological
platform through which cancer’s heterogeneous data landscape can be
integrated into a patient framework that can enable predictive, retrieval, and
analysis capabilities. Tripathi et al. show that a foundation model-based
approach can yield success in a variety of cancers and that this success can
still retain a level of modularity and extensibility'. Nevertheless, for its
successful application in cancer care, this platform must address a variety of
challenges related to computational needs, limitations in interpretability and
regulations, as well as validation challenges extending beyond technical
performance metrics. As more advanced multimodal Al approaches are
developed in this field, they have a great potential to counter fragmentation
in cancer data and improve patient care.
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