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Multi-omics techniques

' Genomics involves the study of the complete set of DNA in a cell

Transcriptomics involve the study of the complete set of RNAs
(transcriptome) in a cell.

( Proteomics involve the study of the entire set of proteins in a cell.

Cecilia Riani



Long et al. 2022

Cancer transcriptomics

Cancer Transcriptomics provides new insight into tumor heterogeneity and
allows to decipher the biological pathway involved in tumor progression and
tumor treatment response

Spatial heterogeneity of immune microenvironment

Temporal heterogeneity Abnormal vasculature "Immune-cold” tumor
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Differential gene expression (DGE) analysis
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Differential gene expression (DGE) analysis
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RNA sequencing through Next-Generation Sequencing
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RNA sequencing through Next-Generation Sequencing
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Cancer Transcriptomics
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Cancer Transcriptomics

Gene A 0

Spatial heter ity of i

Gene B 10

——+ BulkRNAseq e

"Immune-hot" tumo)

e

Pool
immunogeneicity

diy . S
., metabolic change

GENES Cell1 Cell2 Cell3 CellN

"Immune-cold" tumor

Gene A 0 1 4 5

Gene B 10 5 3 0

—_— SC RNAseq Gene C 2 10 0 0

GENES EXPRESSION

Gene B 10

I
— Spatial RNAseq e

Cecilia Riani 7



RNA seq techniques



Single cell RNA sequencing
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Single cell RNA sequencing: Drop-seq
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Single cell RNA sequencing: Drop-seq
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9.Sequencing and analysis

® Each mRNA is mapped to its
cell-of-origin and gene-of-origin

® Each cell’s pool of mMRNA
can be analyzed
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Spatial RNA sequencing naturemethods

Method of the Year 2020:
Spatially resolved transcriptomics

\ Stahl et al. 2016 Science
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Partial lllumina (i5) handle

T7 promoter
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Spatial RNA sequencing naturemethods

Method of the Year 2020:
Spatially resolved transcriptomics

Stahl et al. 2016 Science

(1) Tissue attachment and (2) Tissue staining and (3) Reverse transcription and (4) Release of cDNA and
fixation imaging tissue removal collection in tubes
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Spatial RNA sequencing naturemethods

Method of the Year 2020:
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Spatial RNA sequencing naturemethods

Method of the Year 2020:
Spatially resolved transcriptomics
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RNA seq data analysis:
Differential gene expression analysis
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Differential gene expression (DGE) analysis
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O /s there a statistically significant change in gene expression between two groups?
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Differential gene expression (DGE) analysis
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Modelling counts

Differential gene expression (DGE) analysis

Observed counts are non negative.

They depend on

= Natural Abundance of mMRNA molecules

= Gene length
= Sequencing depth
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Modelling counts

Observed counts are non negative.

They depend on

= Natural Abundance of mMRNA molecules

= Gene length
= Sequencing dep

VARIANCE depends on the mean count
(biological or technical)

Variance counts

Differential gene expression (DGE) analysis

th

Mean counts
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Differential gene expression (DGE) analysis
o
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VARIANCE depends on the mean count
(biological or technical)

Challenges for RNA-seq data analysis

O Choice of statistical distribution
O Normalization between sample
O Few sample -> difficult to estimate parameters

Variance counts

Mean counts Cecilia Riani 16



DESeq Anders et al. Genome Biology 2010

Deseq2 Love et al. Genome Biology 2014

edgeR. MD Robinson Bioinformatics 2009

Limma+voom Law CW et al. Genome Biology 2014

DeseqgZ algorithm for DGE analysis

Cecilia Riani
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DeseqgZ algorithm for DGE analysis
I

Modelling counts- the Negative Binomial Distribution
(overdispersed Poisson distribution)
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K number of failures
r is the number of successes
p is the probability of success

Pooled gene-level variance (log10 scale)
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DeseqgZ algorithm for DGE analysis
I

Modelling counts- the Negative Binomial Distribution
(overdispersed Poisson distribution)

W Poisson
B Negative Binomial

1e+08

le+04

* Set up a null hypothesis for each gene. No differential expression
across the two sample groups (LFC == 0)
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2. Normalization through size factor
3. Estimate gene-wise dispersion (Maximum likelihood)

« Testing for differential expression (Wald test)
* Multiple correction
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DeseqgZ algorithm for DGE analysis
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scRNAseq data analysis
I

1. Marker gene detection 29
= Which genes are differentially expressed between cell ~ .
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= Which genes are specifically expressed in cell type A?
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scRNAseq data analysis
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1. Marker gene detection 29 ‘...
= Which genes are differentially expressed between cell ~ . 5 ®
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= Which genes are specifically expressed in cell type A?

2. Differential abundance analysis
= Are some cell types more/less abundant in one
condition compared to another
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scRNAseq data analysis
I
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B
1. Marker gene detection 29 ...: : .. D
= Which genes are differentially expressed between cell ~ . 5 . . .
types A and B? ® ® o c ® o
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~15000
genes

scRNAseq data analysis workflow
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scRNAseq data analysis workflow
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populations downstream.
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scRNAseq data analysis workflow
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scRNAseq data analysis workflow
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scRNAseq data analysis workflow
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11

RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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Investigation of CPD and yH2AX markers after Xrays and UV exposure
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Pathway Enrichment Analysis
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Dimensionality reduction techniques

O PCA (Principal Component Analysis) linear methods

O ICA (indipendent component analysis) linear methods can be used for visualization and subsequent clustering
O T-sne (t-distributed stochastic neighbou embedding): non linear methods can be used only for visualization

O UMAP (Uniform Manifold approximation and projection): non linear methods can be used only for visualization

Clustering techniques

U K-means clustering
O Hierarchical clustering
O Graph based clustering (Louvain and Leiden methods)

Annotation process

1.  Automated cell-type annotation, classifier-based methods and reference mapping (well-curated existing atlases). _
The quality of the transferred annotations depends on the quality of the reference data, the model and the suitability
to the data set.

2. Manual annotation, leverages gene signatures of each cluster to annotate cell clusters. These gene signatures are

commonly known as marker genes
Cecilia Riani A‘rﬁ
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scRNAseq analysis of L-asparaginase Treatment Response of leukemia cell line RS4;11
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