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End-to-End Spatial Analysis Platform
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y across all cells, capturing co-expression Celtix provides a scalable and comprehensive solution for spatial proteomic analysis, supporting reliable investigation of tissue architecture and tumor immune interactions.
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. By integrating all analytical steps into a single framework, it ensures reproducibility and consistency across large datasets. Celtix establishes a solid foundation for biomarker
Ferrrrl regions. discovery and comparative studies in spatial biology.
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