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ShareAlike — If you remix, transform, or build upon the material, you must
distribute your contributions under the same license as the original.
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Learning Objectives
1. Understand the fundamentals of differential expression analysis

2. Interpret its statistical outputs

3. Create and interpret common differential expression
visualizations

4. Create defined gene lists and ranked gene lists for
downstream anlaysis
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What is differential (gene) expression”?

If we have multiple conditions, we expect
 Observations within the same condition to be similar
 (QObservations between different conditions to be different

Condition A Condition B
Control Treatment

Healthy tissue VS Tumor tissue

Pre-treatment Post-treatment

Differential expression (DE) asks how the conditions differ
« Often, we interrogate the transcriptome
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Where does DE sit?

(a)

Pre-analysis
| Experimental design ‘ | Sequencing design ‘ ’ Quality control |
A A A
4 N A C N
Library Sequencing Replicate number Hainen Randomization @ Randomization @ Read — o
type length and sequencing depth  SPIKe-ins? library|prep SSMETETE Raw reads Al Quantification ~ Reproducibility
S S 3 d Y by S L d
Single Longer reads 3 replicates For quality control Avoids confounding Sequence quality, Read 3’ bias, Correlation,
Vs better for isoform  or power analysis  and library-size experimental factors GC content, uniformity, biotypes, PCA,
paired-end analysis software normalization with technical factors K-mers, duplicates GC content low-counts batch effects
(b) Core-analysis
Transcriptome profiling ‘ ‘ Differential expression | ‘ Interpretation |
- N e D
Read Transcript Quantification Quantification . ) . . Alternative . -
alignment discovery [ e —— Preprocessing Differential expression splicing analysis Functional profiling
S S S A $ <
Mapping Compare to Transcript-level, Counts, Low-count filter, Parametric Splicing events, Overrepresented
or existing gene-level, RPKM/FPKM, bias removal, VS. isoform expression functions, GSEA,
assembly annotations exon-level TPM normalization non-parametric pathway analysis
(c) Advanced-analysis
| Visualization ‘ | Other RNA-seq ‘ ‘ Integration |
A A A
F B F N N
Genome Sashimi plots, Small and other ~ Gene fusion Single-cell Chromatin TF binding Proteomics/
) . , Long-read A eQTL/sQTL q
browser splice graphs, etc. non-coding RNAs  discovery analysis (e.g. ATAC-seq) (e.g. ChIP-seq) metabolomics
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Understanding variabllity

Biological Variability Technical Variability
Library preparation differences
Sequencing depth variation

Batch effects
This is noise we want to minimize

Natural differences between individuals
Differences in genetic background

Cellular heterogeneity
This is the signal we want to capture

Our measurements include both types of variability

We must include biological replicates to distinguish true
differential expression from noise

We often see 3 or more biological replicates

|deally, perform a power analysis

Canadian Bioinformatics Workshops | bioinformatics.ca



FFFFFFFFFF

R

40640

eeeeeeeeee

¢/ 3020Amay C—f

Intron

U133 Plus 20

NGS sequencing maps
(transcriptome)

- Microarray and RNA-seq are high-throughput gene expression profiling
technologies
- Appropriate DE method depends on how data was generated

https://en.wikipedia.org/wiki/DNA _microarray
https://en.wikipedia.org/wiki/RNA-Seq
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https://en.wikipedia.org/wiki/DNA_microarray
https://en.wikipedia.org/wiki/RNA-Seq
https://en.wikipedia.org/wiki/RNA-Seq
https://en.wikipedia.org/wiki/RNA-Seq

RNA-seq produces counts data
I Samples — Counts data represent the number of

reads aligned to each gene

ingiT R e i e e e e Note that raw counts do not account for
A1CF | 29974 52.00 3 bl S 14. o 20.
:gﬁ;ﬂ:;;g 37;:% : 2721 i 15;: : - Gene Iength
A2ML1|144568 176. " 3105. - 599. -
b T : o ; s : -« Sequencing depth
AAGNT|51146 i o 2. P & a . .
Genes e : : 2 : : : - Library prep and other technical

AACSL | 729522 : : 0. : : . factors

AACS | 65985 . . 994.
AADACL2 | 344752 . . 0.

AADACL3 | 126767 . - 0. Count data are also

AADACL4 | 343066 . . 0.
AADAC |13 . . 12.

AADAT | 51166 : : 103. . Non—negative iﬂtegers
AAGAB | 79719 : : : : . :
AAK1|22848 .
| . Right-skewed
« Over-dispersed

. This means count data violates assumptions of standard statistical tests (t-test,
ANOVA) which assume normally distributed data with constant variance.

Canadian Bioinformatics Workshops | bioinformatics.ca




Tools for RNA-seqg DE analysis

. We must model RNA-seq count data appropriately

Home > Bioconductor 3.22 > Software Packages > DESeq2 Home > Bioconductor 3.22 > Software Packages > edgeR
DESeq2 edgeR

This is the released version of DESeq2; for the devel version, see This is the released version of edgeR; for the devel version, see edgeR.
DESeq2.

Empirical Analysis of Digital Gene

Differential gene expression analysis based X .
Expression Data in R

on the negative binomial distribution

e Couis o]
| DOLI: 18.18129/B9.bioc.DESeq2 | DOI: 160.18129/B9.bioc.edgeR
https://bioconductor.org/packages/release/bioc/html/DESeg2.html https://bioconductor.org/packages/release/bioc/html/edgeR.html
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https://bioconductor.org/packages/release/bioc/html/edgeR.html
https://bioconductor.org/packages/release/bioc/html/DESeq2.html

Tools for RNA-seqg DE analysis

We must model RNA-seq count data appropriately
DESeqg?2 and EdgeR

Use negative binomial distribution models

Account for dispersion

Include tools for statistical analysis and visualization

Are both frequently used, well-documented, and well-supported

We’ll use DESeqg? in Lab 2a
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Key statistical outputs

Log2 Fold Change P-value Adjusted P-value
log2FC p FDR
Direction and magnitude of Probability of seeing this result P-value corrected for multiple
change by chance testing
log2FC = 1 means 2x higher Tests if expression differs Controls false discovery rate
log2FC = -1 means 2x lower from null hypothesis across all genes tested

*

Why correct for multiple testing?
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The multiple testing problem

Suppose have a population with
equal numbers of blue and pink dots

We randomly sample 10 dots
thirty times

We test the null hypothesis for
each sample

We obtain one statistically
significant result

Do we believe it?

Adapted from https://en.wikipedia.org/wiki/Multiple_comparisons_problem
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The multiple testing problem

In bioinformatics, we often run thousands of tests and use a
significance threshold (a) of 0.05

Problem

Testing 20,000 genes at a = 0.05 — expect 1,000 false positives by chance alone!

Solution: Multiple testing correction
Two approaches:

« Family-Wise Error Rate correction is more stringent (eg. Bonferroni)
« False Discovery Rate correction is less stringent (eg. Benjamini-Hochberg)

» Differential expression tools report FDR-adjusted p-values
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Interpreting DE results

Understand the
comparison 3

Consider statistical

log2 fold change (MLE): tumour.moffitt.cluster classical vs basal Significance
Wald test p-value: tumour.moffitt.cluster classicai vs pasal
DataFrame with 20502 rows and 6 columns
baseMean log2FoldChange 1fcSE stat pvalue padj
<numeric> <numeric> <numeric> <numeric> <numeric> <numeric> . =gs A
A1BG|1 184.80519 —0.0540375 0.1352394 —-0.399569 6.89474e—-01 8.34356e-01 T A1CF' Slgnlflcantly upregl'"ated in
A1CF | 29974 97.43289 1.4938818 0.2305062 6.480874 9.11928e-11 7.88327e-09 classical subtype
A2BP1|54715 2.60974 0.3142817 0.2911807 1.079336 2.80438e-01 4.90682e-01
0
0

A2LD1|87769 258.36990 0.3710265 0.0960856 3.861418 1.12731e-04 1.30400e-03 log2FC > 0, FDR < 0.05
A2ML1 | 144568 644.65539  —3.2560244 0.4799032 —6.782669 1.17976e-11 1.21562e-09

20129e+04 -0.1275698 0.0757673 -1.683705 .09223867 0.233321

ZYX|7791

1. ) . g .
ZZEF1|23140 2.23027e+03 .2105631 0.0754541 2.790611 ©.00526087  0.028755 | A2ML1: Significantly downregulated in
7773|26009 1.18263e+03 -0.0234501 0.0610241 -0.384276 ©.70077384  0.842145 ;
psiTPTE22|387590 8.17595e+01 9.2341760 0.1591425 1.471487 ©.14115950  @.313411 classical subtype
tAKR | 389932 3.37914e-01 0.1712012 0.6382664 ©.268228 0.78852350 9.893372 log2FC < 0, FDR < 0.05
xamine effect size classical
i log, FC =lo
in the context of the | 1082 82( rasal
comparison
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Visualize DE results to aid

Classical vs Basal
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Visualizing DE results

Top DE Genes
]

e

HiN 11 IR tumour.moffitt.cluster
¢ '

Global view: volcano plots, heatmaps
Great results summaries

Focused view: boxplots, violin plots

Gene-level data %

Great for sanity-checking your
understanding
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DE-derived gene lists

Pathway analysis tools require different inputs depending on the method

Defined Gene List Ranked Gene List

For Over-Representation Analysis For Gene Set Enrichment Analysis

. A simple list of significant gene names . ALL genes with a numeric score

*  Filtered by thresholds (FDR, FC) *  No arbitrary threshold cutoff

. Unordered . Ranked from most up to most down
. Often separated: up vs down . Tool: GSEA

*  Tool: g:Profiler

TP53 TP53 14.2
BRCA1 BRCA1 -9.8
0.5

MYC MYC
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Creating defined gene lists

Common filtering criteria:
- By statistical significance: Adjusted p-value < 0.05
- By biological significance: (2-fold change): |log2 Fold Change| > 1
« Consider relaxing FC threshold if few genes pass (|log2FC| > 0.58 = 1.5-fold)
- |deally, consider both

Upregulated Genes Downregulated Genes
FDR < 0.05 AND log2FC>1 FDR < 0.05 AND log2FC< -1
Higher in condition B vs A Lower in condition B vs A

. Rough rule of thumb: Aim for 100-2000 genes per list. Too few = low power; Too many = loss of specificity
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Creating ranked gene lists

GSEA expects a ranking value for every gene
ranking value = —log,,(p—value) * sign(log2FC)
Combines statistical significance with direction of change

You must include all genes tested (even not-significant genes)

GSEA looks at the distribution of pathway genes across the entire
ranked list
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The . rnk file format

. GSEA requires . rnk files
- Plain text file (. rnk extension)

- Tab-delimited (two columns)
« Column 1: Gene symbol
« Column 2: Ranking score

- No header row
- Sorted by score (optional but helpful)

.

Duplicate gene names (keep highest Iscorel) « NA/Inf values (remove or replace) -
Wrong gene ID type (use symbols matching your GMT file)
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DE Lab: TCGA pancreatic cancer RNA-seq
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Module 2a Lab

Defined Gene List »
Ranked Gene List »

Module 2b Lab

Module 2c Lab
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Beyond differential expression

- The same pathway analysis workflow applies to gene lists from many sources

ChiP-seq CRISPR screens GWAS

Peaks - nearby genes Hits from dropout/enrichment SNP-associated genes
Co-expression Proteomics Literature
Module members (WGCNA) Differentially abundant proteins Curated gene sets

- Any gene list can be analyzed for pathway enrichment
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Summary

DE analysis identifies genes with significant expression changes
between conditions

Use appropriate tools (DESeq?, edgeR) that model count data
correctly
Other tools exist for other data (eg. limma)

- Always use FDR-corrected p-values
Use visualizations to strengthen your interpretation of results
Create defined gene lists (filtered) for tools like g:Profiler
Create ranked gene lists (all genes) for tools like GSEA
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