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Sourcing major repositories to Cloud storage optimized for large Al-augmented ETL for Single cell atlases Dedicated explorer Advanced computational Target ID algorithms that Reasoning with biomedical
enrich internal data resources: volumes of multimodal data, single-cell and spatial omics development application for interactive analysis including Differential aggregate signals across knowledge graphs using Graph
ensuring strict governance and data Establishing strict ontologies for expression browsing, gene expression, Gene Set single-cell and other modalities. Neural Networks for link
CELLXGENE, Human Cell Atlas, compliance. project-wide consistency. scoring, multi-gene correlation, Enrichment (GSE), and RNA Targets are ranked based on prediction and novelty scoring.
GEO, 3CA, HTAN, TISCH, GPU-accelerated and visualization of cell/tissue velocity analysis, to verify expression potency, specificity, Includes a GraphRAG system to
HUSCH Custom solution designed for the workflows for high volume Complex transformations of composition via UMAPSs. modelling potential. and prevalence to highlight generate explainable
purposes, based on best available data processing data eg. cell typing, spatial robust biologically valid mechanism-of-action reports
components. proximity analysis, pseudobulk candidates. and biological rationale.
generation.

Fig 1. The Automated Data-to-Insight Journey. The flow from raw public repositories, through LLM-augmented ETL to standardized Al-Ready Atlases. This foundation for both interactive exploration and a target validation engine combining multiomics and knowledge-graph evidence.

ABSTRACT METHODS / TECHNOLOGIES

Single-cell and spatial datasets hold immense 1. Sourcing & Cloud Infrastructure: Aggregation of diverse datasets including GEO, CELLxGENE,
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It addresses data fragmentation by unifying 3. Creation of Al-Ready Data Products (Atlases): We compile high-fidelity Atlases through a rigorous Fig 3. Automated Metadata Harmonization with LLM Reasoning. A comparison table contrasts the
metadata and establishing common standards. standardization process. This involves: original metadata (top row) against the LLM-standardized output (bottom row), transforming unstructured
2) A scientist-ready browser for immediate access - Ontology definition: Establishing controlled vocabularies and coherent terminology (e.g., Oncotree) inputs into high-quality annotations. "Justification" helper table provides the evidence-based reasoning used
to Al-ready data products, for biologists to visually to align disjointed datasets. by the model to validate the classification.
explore and validate datasets without coding. - Advanced annotation: Performing consistent cell type annotation and, for spatial omics, integrating
3) Multiomics target ranking algorithm drives proximity analysis to capture tissue architecture. o oot ot 0
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The exponential growth of public single-cell and a Biomedical Knowledge Graph (leveraging PrimeKG and literature) centered on relevant biology Source Compartment LA

(e.g., immune pathways)
- Link prediction: We employ Graph Neural Networks (GNNs) to predict novel "drug-treats-disease”
links.
- Novelty scoring: Algorithms like Personalized PageRank filter for high-impact, novel targets.
- Reliability: A GraphRAG system generates mechanism-of-action reports, bridging the gap between
statistical ranking and biological rationale.

- Automation: The system works in a loop upon new data ingestion, refining the target hypothesis list List of relevant
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spatial transcriptomics repositories offers an
unprecedented resource for precision medicine and
target discovery. However, the sheer volume and
heterogeneity of this data create a paradox: while
information is abundant, actionable insight remains
scarce. The primary bottleneck lies in the lack of
standardization; datasets are often siloed by
inconsistent metadata, varying normalization

Fig 4. Single-cell and spatial transcriptomics analysis. The platform utilizes cellular composition,
differential expression, and gene set enrichment across cells from healthy and disease states, enabling
deep insight into tissue architecture and disease-related molecular changes.

methods, and assay-specific biases.
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high-fidelity products capable of powering robust T ee—— " - validation. An Al Agent uses GraphRAG to synthesize detailed MoA reports, delivering transparent,
downstream modeling, multimodal integration, and User manual evidence-based reasoning via justification and referencing layers.
target hypothesis generation. Developed by Ardigen Sample details:

Tissue: NSCLC, HistologicalSubtype: Squamous, TROP2Broad: Absent, SeqCore Sample ID: SAM003533_LIB003871, Pathbio Sample ID: Hu-P-004995
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Figure 2. Scientist-Centric Spatial Data Browser. An interactive, code-free interface for exploring Fig 6. Al-driven target prioritization for
Al-ready atlases. It combines real-time gene signature visualization on tissue architecture (top) with unbiased discovery. Relevant data are 5
automated modules for expression profiling and cluster comparisons (bottom). integrated using Al and bioinformatics methods E
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