Spatial transcriptomic data reveals pure cell types via the mosaic hypothesis
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Clustering in high-dimensional feature spaces, such as those defined by There are various types of noises in the dataset, Given that many cell types defined at the finest transcriptional level display
single-cell RNA-seq data, is often inconclusive. In this work, we try to define _ 3D to 2D projection error self-avoidance, we next study whether this is true at coarser levels of the
cell types from the spatial prospect via the mosaics hypothesis. _ Segmentation and profiling transcriptional hierarchy as well.

— Mixing-up, inaccurate reference and algorithmic noise _
Mosaics hypothesis modeled using Strauss point process and examined by L-function. _ Region bias Segregation effect at the subclass level.
Cells of one type are neither widely spaced, nor crowded together.
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Introductlon SElf-aVOIdanCE at CIUSter |EVE| cell types merge into supertypes and subclasse, and spatial avoidance disappears.
In the retina, a layered structure, neurons of the same discrete type avoid spatial Window selection procedure 1) Use all cells to define the boundaries 2) Refine the window Sroraree
proximity with each other. While this principle, which is independent of clustering in based on intensity filter 3) Repeat for different sections. e

feature space, has been a gold standard for retinal cell types, its applicability to the
cortex has been only sparsely explored.
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Summary of our contributions:

L-functions of the observed two

: patterns and simulated baselines
Cluster Section p-value — Novel filters: introduce theoretically grounded cell type filters based on relative
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— A statistical point process analysis framework for spatial transcriptomics data.
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