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Recap of CGC classes



1: CGC Platform; transferring data from SRA to CGC 



2: Steps of RNAseq analysis

Check data 
quality

Unsupervised 
clustering

Align reads to 
reference 
genome

Differential 
expression 

analysis

Trim & filter 
reads, remove 

adapters

Check data 
quality

Count reads 
aligning to 

gene

Post-alignment 
considerations

Pseudoalignment of RNA 
transcripts to genes using Salmon

Quantification of genes using DESeq2 



2: Running an RNAseq workflow



3: Interactive analysis of biological groups by clustering heat 
maps and Principle Component Analysis in RStudio



Introduction to Single-Cell Analysis
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Why study single cells?

Nature doi:10.1038/nature13650

Understanding the heterogeneity present in complex 
tissues leads to understanding of the emergent properties 

Cancer 

Developmental 
biology 

Trends in Immunology, Jan 2021 https://doi.org/10.1016/j.it.2020.12.004

Immunology 

Cancer 



10

10

Why do RNAseq in single cells?

Understand how the individual properties of cells 
bring about collective properties in tissues, organs, 
and systems

RNAseq allows unbiased identification of cell 
types

Kazer et al. Nature Medicine, Volume 26 March, 2020
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Research questions only single cell RNAseq answers

Understanding the genes expressed in 
individual cells enables an understanding of the 
cell types present and the genes that lead to 
properties of those cells

• Discovery of new cell types
• Refine gene signature of known cell types
• Identification of novel marker genes
• Identification of novel treatment targets
• Understand what genes drive change in a 

tissue

Figure by Roby Bhattacharyya; Smoothie concept by Aviv Regev



12

The Challenges of Single-Cell Analysis

Large and complex datasets

• Expensive to store
• Difficult to access
• Complex data, each cell contains an 

entire transcriptome
• Computationally expensive to analyze

Svensson V, Vento-Tormo R and Teichmann SA. (2018) Nature protocols

Cloud computing makes it easier to store, 
access, and compute on large datasets
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The Challenges of Single-Cell Analysis

Sparse, noisy data

• Bulk methods usually have few samples, many genes
• Single cells can lack gene expression for many reasons

- “Zero inflated” data
• Alternative methods to traditional RNAseq required

RNAseq tools specific for single-cell in Public App Gallery

…

…

n Genes

Bulk           + 
Samples    _

Imagine a heatmap of gene expression in a traditional bulk RNAseq experiment

High gene expression
Low gene expression
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The Challenges of Single-Cell Analysis

…

…

… … … … … …n Genes

Bulk           + 
Samples    _

Genes

n Single cells

Imagine a heatmap of gene expression in a traditional bulk RNAseq experiment

High gene expression
Low gene expression

A similar heatmap of gene expression for 
single cells will be sparse - not every 
gene detected in every cell. 

Sparse, noisy data

• Bulk methods usually have few samples, many genes
• Single cells can lack gene expression for many reasons

- “Zero inflated” data
• Alternative methods to traditional RNAseq required

RNAseq tools specific for single-cell in Public App Gallery



Methods for Single-Cell Analysis
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Two preparation methods for single cell RNAseq data

● Full-length - capture entire sequence of the transcripts
● Useful for questions involving splicing, mutations, SNVs
● Low multiplex ability, dependent on sequencing depth.

Transcript PolyA

cDNA
cDNA

cDNA
cDNA



Two preparation methods for single cell RNAseq data

● Full-length - capture the entire transcript length
● Useful for questions involving splicing, mutations, SNVs
● Low multiplex ability, dependent on sequencing depth.

● End counting- capture sequences only at the end of transcripts
● Adds barcodes and unique molecular identifiers (UMI) 
● High multiplex ability
● Useful for analyzing heterogeneity of cell populations and 

detection of novel cell types.

Transcript PolyA

cDNA
cDNA

cDNA
cDNA\

cDNA PolyA UMI
cDNA PolyA UMI

cDNA PolyA UMI
cDNA PolyA UMI

cDNA PolyA UMI



18

General flow of single cell RNAseq analysis

Pre-processing:
● Quality control - detect and remove low 

quality cells 
○ Library size 
○ Number of features
○ Percent of mitochondrial genes
○ Percent of ERCC genes

● Normalization - remove artifacts between 
cells
○ Technical differences in cDNA capture
○ PCR amplification efficiency

● Batch effect correction - remove technical 
variation in data
○ Sequenced in different labs, days, operators, protocols, etc

RNAseq
● Alignment

○ Standard or pseudoalignment
○ Quantification - gene to cell count matrix

Data analysis:
● Dimensionality reduction

○ PCA - used for further processing
○ UMAP or tSNE- used for visual inspection

● Clustering and Detection of marker 
genes

○ Generate SNN graph of single cells based on PCA
○ Louvain community detection algorithm
○ Marker gene alaysis

Higher level analysis 
● Gene Set Enrichment Analysis
● Trajectory analysis 



Downstream Single-Cell Analysis

Gene-to-Cell counts:

● Table output produced after quantification step.

● Holds information about number of reads assigned to each gene per cell.

● Rows representing gene names, columns representing names of the cells.



Tools for Single-Cell Data on the CGC

Tool/Workflow for 
processing full-length data 

● Smart-seq2 [Workflow]
● TraCeR [Tool]*
● MiXCR [Tool]*
● SICILIAN [Tool]

Tool/Workflow for processing 
UMI-based data
Aligners
● Cell Ranger [Toolkit]*
● Kallisto BUStools [Workflow]
● zUMIs [Tool]
● STARsolo [Tool]
● Salmon alevin [Tool]

Tertiary analysis
● Seurat [Workflow]
● Psuedobulk [Workflow]
● GSEA [Tool]
● Pairwise Differential Expression

Interactive Analysis for higher 
level analysis:
● Harmony: Correction of batch 

effect [RMarkdown]
● Seurat [RMarkdown]
● Slingshot: Trajectory inference 

[RMarkdown and Workflow**]
● Velocity analysis [RMarkdown 

and Tool**]

*Available upon request
**Coming soon



Single cell analysis with Seurat
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Today’s question - can we identify the cell types present in 
Bone Marrow?

22

Data

RNAseq data from the 
Human Cell Atlas data 
from Bone Marrow 
samples

Tools

Salmon Alevin to align 
RNAseq data
● Optimized for 

single-cell data

Seurat to cluster cells by 
similarity and identify 
marker genes



Image source: https://davetang.org/muse/2017/08/01/getting-started-seurat

Clustering and Detection of Marker Genes:  Seurat
● Input gene count matrix

● Preprocessing:

○ Quality control

● Basic analysis

○ Normalization

○ Transformation

○ Dimensionality reduction (PCA)

● Clustering and marker identification

○ Clustering

○ Pairwise differential expression testing 

between clusters

○ Output tables of marker genes

https://davetang.org/muse/2017/08/01/getting-started-seurat/


Image source: https://davetang.org/muse/2017/08/01/getting-started-seurat

Clustering and Detection of Marker Genes:  Seurat

https://davetang.org/muse/2017/08/01/getting-started-seurat/


Cell type clusters in Bone Marrow cells using Seurat

neutrophil/azurophil 
precursors

erythrocytes

B lymphocyte 
precursors?

CTL or NK cells

peripheral blood 
t cells

neutrophils

pre-B cells (and 
pre-T cells?)

Use biological role of 
differentially expressed 
genes to identify cell types 
in each cluster



Salmon Alevin tool for aligning transcripts



Salmon Alevin tool for aligning transcripts

Input: fastq files of 
single cells

Output: matrix of gene 
counts per cell



Run Seurat as a workflow

Seurat inputs the gene count matrix output from 
Salmon Alevin



Continue interactively analyzing Seurat in RStudio 



Even higher level analysis of single-cells

3D UMAP clustering  of entire C. elegans at single-cell 
resolution

Anderson et al; Scientific Reports (2020) 10:19173 
https://doi.org/10.1038/s41598-020-76157-4

Velocity plot analysis of 
transcriptional dynamics

Developmental trajectory inference with 
Monocle
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Summary
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Set up a project on the CGC and import data

Differential Gene Expression using Data Cruncher with R

Run an RNAseq  
workflow

Run a Single Cell 
Analysis



Have questions? Contact us via email or attend office hours

Attend Office Hours every week:

● 10:00 am ET Tuesday 
● 2:00 pm ET Thursday

https://www.cancergenomicscloud.org

Manisha Ray

manisha.ray@sevenbridges.com

Zelia Worman

zelia.worman@sevenbridges.com

Phil Webster

phil.webster@sevenbridges.com 
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Demo
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