
Bulk RNA-sequencing



• Data acquisition

Experiment1

Experiment2

Experiment3



• High throughput data



• High throughput data

Whole transcriptome RNA-sequencing



• RNA-sequencing

RNA-Seq: a revolutionary tool for transcriptomics

- Raw mRNA

- RNA fragment chopping

- Reverse transcriptase

- Adaptors → Obtain the sequence

Read (single-end) (100 ~ 200 bp)

Or

Fragment (paired-end): high confidence



• RNA-sequencing

Data format: fastq file



• RNA-sequencing (Alignment)

Fastq file → somehow gene by count matrix (it could also be a transcript or isoform)

1) Alignment (ex: STAR → Genome, Kallisto → Transcriptome)

- Each reads → where in the genome

Reference genome

Reads

Splicing event

SNP



• RNA-sequencing (Alignment)

- Genome: different genome assembly version

Human: GRCh37.## (hg19), GRCh38.## (hg38)

Mouse: GRCm38, GRCm39

Different versions cannot be used together

→ Different nucleotide locus

→ Same genome build but different version 

(or release): compatible with each other 

(mostly gap-filling)

- Human genome size: 3.1 Gbase pairs, Mouse genome size: 2.7Gbp → mapping is not trivial

Genome building: Making a dictionary for boosting the mapping time



• RNA-sequencing (Alignment)
Output: SAM or BAM file (BAM: binary file)

Read13, 22, 23 … → Gene2

Read37, 211, 309 … → Gene3

Read1, 2, 3 … → Gene1



• RNA-sequencing (Alignment)

Unique mapped read → what we use for data analysis

What are other reads?

Human read
Microbiome reads, 

contamination …

Long read: High specificity → won’t map to other regions

Ex): PacBio; high error rate

Short read: Multiple mapping to many regions



• RNA-sequencing (Quantification)

- Mapped reads → count matrix (per gene)

Counting reads mapped to a given gene

Ex) FeatureCounts (gene), Kallisto (transcript)

- Mapped reads → count matrix (per isoform)

Unique exon count, EM (expectation maximization) 

algorithm

Ex) RSEM or longread sequencing
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• RNA-sequencing (Kallisto; Alignment)

Kallisto: align to transcriptome (less reference size compared to the genome) → super fast

-black line: read (fragment)

-pink, blue, green: potential transcript (from the reference)

-de Bruijn graph (T-DBG) formation

-O: k-mer (hashed by indexing → fast search)

- :  compatible node between read and the reference

d: first search: v1 → skip until v4 (non-overlapping) 

→ fast search

→ Align only to the possible transcripts



• RNA-sequencing (Kallisto; Quantification)

Quantification: Expectation Maximization (EM) algorithm

→ Find a variable to maximize the Likelihood → first-derivative = 0

L(a): likelihood function for the alignment

a: probability of selecting fragments from transcripts

l: effective transcript length

F: set of read

T: set of transcript (reference)

Y: alignment matrix (above slide): 0 or 1

C: number of counts from equivalence class (of k-mer) e

→ What is the a to maximize L(a)?



• RNA-sequencing (Normalization)

- Why? 

1)  ene length normalization: Different probability of “read” capture rate during sequencing

→ longer gene has a higher chance of being mapped

2) Total read count (= read-depth) normalization: Adjust read-depth between different samples

Should be the same

3) RPKM (Reads Per Kilobase per Millions mapped reads), 

FPKM (Fragment), TPM (Transcrpit)

TPM: Total reads normalization → total read after gene 

length normalization



• RNA-sequencing (Batch correction)

- Why? 

Same sample → but, a technical confounding effect

(My experiment and your experiment should be the same!)

*Limma: linear regression-based, Combat: negative binomial distribution, DESeq2: scaling factors



• PCA (principal component analysis)

- Find a PC axis to maximize the variance of the data → Distribute samples to maximize the variance

- Number of PC == Number of features or <= sample size

→ Usually, we have more features (~20k)

→ Each PCs: explain the variance of the data

→ Using only a few PCs: Dimension reduction

Advantage: among confounding effects, noise, we can solely 

capture the biological difference 

(or meaningful information)

+ data representation & visualization (20K genes → 2 PCs)



• Clustering



• Distance measurement for clustering

Sample X

Sample Y

Gene expression space
i: each gene

n: the number of genes



• Clustering



• K-mean clustering

K-mean clustering (linear approach)



• K-mean clustering



• Hierarchical clustering



• Hierarchical clustering
Tree cutting



• DBSCAN (Density-Based Spatial Clustering of Applications with Noise)



• DBSCAN (Density-Based Spatial Clustering of Applications with Noise)



• DBSCAN (Density-Based Spatial Clustering of Applications with Noise)

Nonlinear approach



• DEG (Differentially expressed gene) analysis

-Which gene is expressing differently between two groups
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• DEG (Differentially expressed gene) analysis

-DESeq2: Estimate variance-mean dependence in count data from high-throughput sequencing assays 

and test for differential expression based on a model using the negative binomial distribution



• DEG (Differentially expressed gene) analysis

baseMean log2FoldChange lfcSE stat pvalue padj

VCAM1 4566.645595 1.938889067 0.119610186 16.21006642 4.28E-59 5.89E-55

TNFAIP3 1099.976807 1.84009256 0.126618591 14.5325623 7.53E-48 5.18E-44

TYMP 389.1617523 1.629446073 0.125598 12.97350338 1.73E-38 7.93E-35

OLR1 932.8101893 1.326843941 0.105716078 12.55101369 3.92E-36 1.35E-32

PLA2G4C 311.2901003 1.807025742 0.145769361 12.39647162 2.73E-35 7.51E-32

BIRC3 482.0263327 4.960908659 0.402688626 12.31946555 7.12E-35 1.63E-31

NFKBIE 235.0653324 1.858746559 0.153075883 12.14264794 6.28E-34 1.23E-30

IL34 138.1967553 3.069325655 0.256225942 11.97898086 4.58E-33 7.87E-30

NFKBIA 1500.794017 1.422924741 0.129867476 10.95674439 6.17E-28 9.42E-25

RELB 460.3645001 1.895788818 0.17429306 10.8770184 1.48E-27 2.04E-24

TRIM47 488.2175048 1.579057579 0.147620709 10.69672126 1.05E-26 1.32E-23

Log2(treat / ctrl)

→ 0: no change

→ +: increase, -: decrease

→ Value 1: 2 fold

P value → Adjusted p value

- Multiple hypothesis correction

- Avoid lucky hits my multiple testing



• Gene set analysis
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We can perform gene-centric analysi

But! Too many! (20k genes)

Let’s see whether there is a coherent pathway between genes

Up-regulated genes: ex)  mmune activation, chemotaxis, …



• Geneset Database

Researchers already studied a lot !

We don’t need to start from the scratch



• GO (Gene ontology)

-Description about a given gene



• GO (Gene ontology)



• GO (Gene ontology)



• GO (Gene ontology); CD4-positive, alpha-beta T cell proliferation



• KEGG (Kyoto Encyclopedia of Genes and Genomes)



• GMT format



• Geneset analysis



• Geneset analysis
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Up-regulated genes → Fisher’s exact test 

→ More genes detected from “ mmune activation”



• GSEA (Geneset enrichment analysis)

Adjusting gene weight (Fold change, Gene expression, etc)
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• GSEA (Geneset enrichment analysis)



• Network analysis
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Expression

Sample  →

Sample  →

High correlation

Low correlation

Gene pair: correlation (Pearson correlation coefficient: PCC / Spearman correlation coefficient (SCC)

SCC: rank-based (non-parametric)



• Network analysis



• Network analysis



• Network analysis

Centrality by node degree Centrality by betweenness

-Node degree: number of edges for each node → highest

-Betweenness: find shortest path for each node pair → sort by how many shortest paths pass each node → highest



• WGCNA: Weighted Gene Co-expression Network Analysis

Gene pair → correlation

→ Weight * corr → thresholding

→ Hierarchical clustering, tree cutting

Gene expression program / module

Weight: until it maintains scale-free topology

Scale-free topology

-only some of nodes have most of the edges

-edge follows power law
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