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Designing Insightful Spatial Multi-Omics Studies:
From Sample to Signal

BACKGROUND To preserve the spatial context of the tissue, data integration was performed

at the ROI level rather than at the patient level, enabling the incorporation of
Precision medicine requires technologies capable of capturing both molecular spatially resolved molecular information into the analysis. Tumor and Tumor-
heterogeneity and tissue architecture. Unlike conventional bulk approaches, Stroma Interface regions were investigated independently, allowing the
spatial multi-omics preserves tissue context, enabling the characterization of identification of compartment-specific molecular signatures and the
genes, proteins, metabolites, and cell-cell interactions within their native comparison of distinct biological microenvironments. Model performance
environment. Combined with Al-driven image analysis and multimodal data was assessed using cross-validation procedures.

integration, spatial multi-omics provides a powerful framework for biomarker
discovery, patient stratification, and treatment response prediction.
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To demonstrate the potential of Al-enabled spatial multi-omics for precision
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, . s In addition, correlation analysis identified coordinated expression patterns,
Spatially resolved multi-omics profiling

) notably between IDO1 and WARS7, suggesting shared biological
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A multi-omics integration workflow was implemented using DIABLO (Data
Integration Analysis for Biomarker Discovery using Latent Variable
Approaches for Omics Studies), a supervised, N-integration method
framework from the mixOmics package.
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E B FIGURE 3. A- Correlation circle of the most discriminative multi-omics features identified by DIABLO
in Tumor ROls. B- Clustered heatmap of treatment response-associated multi-omics features across
wane TR - Tumor ROI samples, highlighting molecular similarities and differences between responders and non-
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Dimensionality Variables importance treatment responses by analyzing the spatial arrangement and molecular
reduction Relations between variables states of cells. This allows for precise identification of patient subgroups most
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signature likely to benefit from specific treatments. By integrating Al and spatial omics
early in drug development, companies can better predict treatment efficacy,
FIGURE 1. DIABLO-based multi-omics analysis workflow. Omics data were preprocessed to improve data thus reducing late-stage trial failures and improving clinical success rates.

quality and comparability across modalities. DIABLO was then used to integrate the different molecular layers
Singh A, Shannon CP, Gautier B, Rohart F, Vacher M, Tebbutt SJ, Lé Cao KA. DIABLO: an integrative
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and identify treatment response-associated signatures. Model performance was evaluated by cross-validation,
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