Spatial reconstruction of single—cell
gene expression data
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Some questions
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> Spatial localization is a key determinant of cellular fate and
behavior. when cell fate is being decided on the basis of inputs from several
morphogens whose gradients originate from different regions of the embryo.
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> Spatial heterogeneity in developing organisms has typically been
studied by RNA hybridization.
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> Developmental biology: lack crucial information on cells’ environments and
locations.
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RNA in situ hybridization

Fluorescent in situ hybridization. CxIGJEALZAT)
Colorogenic in situ hybridization.

> RNA-seq (BEFRHAMFHEAR) : #mRNA, small RNA, and non—coding RNAZEmE Hrp
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(i) Single—cell RNA-seq: reverse transcription. (JUF&3%)

(ii) Single—cell RNA-seq: PCR pre—amplification. (PCRE[/Ti#$ 1)

(iii) Single—cell RNA-seq: library preparation. (3CJEHIH]£%)

(iv) Single—cell RNA-seq: read processing, alignment and gene quantification. (readfl ., EbXfAAZE
R4
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® Seurat correctly localizes rare cell populations CIERfEN WH 4HEEE)
® Seurat discovers markers of rare subpopulations C&KILFA WZHLEERIFRIC)
® Securat identifies dispersed, rare cell populations (HEAHZEH, A RI40EH)

Seuratﬁfr@%T DL FER PRk :
® the representation of in situ hybridizationsfor algorithmic input (T 547 4438 H %5\
2R

® handling stochastic noise in RNA-seq data for landmark genes and finding a
correspondence between the two data types (ffH: 7 RNAM > E0H A br 2 D] BE AL I
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Seurat package (Seuratfl, RFHPPI—NHIEPAFE, an R toolkit for single cell

genomics) .

https://github. com/satijalab/seurat
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