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What is single cell

RNA-seq?
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Bulk vs. Single cell RNA sequencing

Traditional Population
Approach Average
@ — - — Population 1
Single-Cell @ — “. — Population 2
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What can we learn from single cell-RNAseq?

1. Cell types/states

2. Cell transition

3. Variability of gene expression
4. Covariation

5. Cell-cell interaction
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What can we learn from single cell-RNAseq?
Cell types/states
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What can we learn from single cell-RNAseq?
Variability in gene expression
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What can we learn from single cell-RNAseq?
Biology from patterns in gene expression covariation
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Steps of performing
single cell RNAseq



Steps of performing single cell RNA-seq
Experimental pipeline

Sample Cell capture and Library Prep Single-cell sequencin
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Steps of performing single cell RNA-seq
Sample preparation

Sample

. ***Critical step for good quality RNA!
preparation

Sampling bias

e®):;

Bias from dissociation
: Enzymatic treatment, heat,
cell vs. nuclei
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Steps of performing single cell RNA-seq

Cell capture and barcoding

@ Cell capture and
barcoding
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Steps of performing single cell RNA—seq [
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Steps of performing single cell RNA-seq
Barcodes and UMIs

Bead surface
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Each mRNA with unique UMI

PCR duplicate removal without UMIs

|
|
|
All PCR
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S
in silico
reduced to
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https://help.geneiousbiologics.com/hc/en-us/articles/4781289585300-Understanding-Single-Cell-technologies-Barcodes-and-UMls
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Steps of performing single cell RNA-seq
Preprocessing
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Unique challenges of single-cell RNA sequencing

e Ultra-low input RNA § Gene 1
* Stochastic gene expression © ©
* Sparse data ©©
e Thousands of dimensions 2]
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2D t-SNE projection

Steps of performing single cell RNA-seq
Downstream analysis: Visualization

@ Clustering & cell type identification
Downstream analysis

30 Original 3D Data
20 o 0%a o2os
10 Cell type 1
% 0 Cell type 2
= ds Cell type 3
20 A, Cell type N
.30 perplexity: 2000 ([ ]
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l
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Steps of performing single cell RNA-seq
Downstream analysis: Clustering & marker identification

 Multiple different methods: hierarchical, graph based, k means etc

* Different methods give different results

e Test stability

 There is no gold standard answer
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Steps of performing single cell RNA-seq
Downstream analysis: Others

. : : a
* Differential expression Ina—
e Pathway analysis ’-M- Ci“j‘:" o
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Best practices for single cell

RINNAseq experiment
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Considerations for single cell RNA-seq experiment

Protocols & Design
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Considerations for single cell RNA-seq experiment
Best practice
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Considerations for single cell RNA-seq experiment
Analysis
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Single cell RNA-seq in
lung biology and disease



Normal Lung
:Discovery of new cell types
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Normal Lung

Cross-species comparison

Pennitz et al. European Respiratory Review 2022
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Normal Lung
: Developmental trajectories
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Idiopathic pulmonary fibrosis
: Altered cell populations

Aberrant Basaloid cells Pro-fibrotic fibroblasts and macrophages
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Idiopathic pulmonary fibrosis
: Altered cell transitions
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Asthma

: Altered cell-cell communications
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Chronic Obstructive Pulmonary Disease
. Altered cell compositions

B Multiomic scRNA-seq and CITE-seq
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Limitations & Future
Directions



SGUAE AN BH 02 & 5 gl A
: We need to know what we don t know

Bulk RNA seq Single cell RNA seq Reality
-Spatial organization
-Non-genetic signaling
-Long range interactions
-Microenvironment

)
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Combined single cell RNA seq and spatial transcriptomics
identify novel fibroblast populations

b Cell type composition
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Future Directions
: Spatial Genomics
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Future Directions
Single cell multi-omics
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Hao et al. Cell 2021
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Future Directions
:Deconvolution of bulk RNA seq
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Putting it altogether
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In closing

* Single cell RNA sequencing has become robust and broadly accessible,
now with millions of cells

* Single cell RNA sequencing enables identification of biologically relevant heterogeneity
between cells.

 The influence of single cell RNA seq on respiratory research will grow as the
experimental and computational methods improve for the multi-omic integration.

Alexander et al. European Respiratory Review 2020
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