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Schedule for today
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Time Topics

9:00 – 9:10 Introduction

9:10 – 10:10 Gene expression data analysis workflow

10:15 – 11:25 Live demo & hands-on practice

Summary and discussion



Our Resources 
Recordings & slides
Ø https://www.xialab.ca under 

the “Training” tab within 3 
days after lecture

Ø Faster with Firefox
Community tool: 
Ø https://www.####.ca
Pro Tools:
Ø https://pro.####.ca

v You will be assigned to one 
of the three nodes 
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https://www.xialab.ca/


ExpressAnalyst Docker
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Container

Some of you reported that Kallisto 
has some issues running inside 
Docker under Windows OS. 

We are in the process of 
Ø Adding support for the Salmon 

algorithm as an alternative 
Ø Building a VM image to better control 

the environment
• Recommend 32G RAM, 8 CPU cores



What we have covered so far
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Raw data 
preprocessing

From raw data to a 
data table

Statistical analysis 
& visualization

Functional 
interpretation

Insights & 
hypothesis

Data processing & 
normalization

Prepare data table for 
analysis

Significant features & 
patterns

Lecture #2

Lecture #1



Our Syllabus
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Topic Date Lecture Lab
Omics Data Science 
Foundations

Jan. 6 Omics data processing, statistics and visualization --

Jan. 13 From raw data to functional insights --

Transcriptomics Jan. 20 Gene expression data analysis (part I) ExpressAnalyst & NetworkAnalyst

Jan. 27 Gene expression data analysis (part II) ExpressAnalyst & Seq2Fun

miRNAs & non-
coding RNAs

Feb. 3 MicroRNAs, noncoding RNAs and biological networks miRNet & NetworkAnalyst

Proteomics Feb. 10 Proteomics data analysis and interpretation ExpressAnalyst & NetworkAnalyst

Metabolomics Feb. 17 Targeted metabolomics data analysis MetaboAnalyst

Feb. 24 LC-MS untargeted metabolomics data analysis MetaboAnalyst

Microbiomics Mar. 2 Marker gene data analysis MicrobiomeAnalyst

Mar. 9 Shotgun metagenomics data analysis MicrobiomeAnalyst

Multi-omics Mar. 16 Knowledge-driven multi-omics integration OmicsNet

Mar. 23 Data-driven multi-omics integration OmicsAnalyst



Measuring Gene Expression

Ø Q-PCR 
o 10s~100s (costly for large-scale)

Ø Largely deprecated: 
o ESTs (expressed sequence tags)
o SAGE (serial analysis of gene expression)

Ø Microarray
Ø RNAseq
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Evolution of transcriptomics technologies

1995 P. Brown, et. al. 
Gene expression profiling
using spotted cDNA 
microarray: expression 
levels of known genes

2002 Affymetrix, whole 
genome expression profiling 
using tiling array: identifying 
and profiling novel genes 
and splicing variants

2008 many groups, mRNA-
seq: direct sequencing of 
mRNAs using next 
generation sequencing 
techniques (NGS)
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XiaLab Tools for gene expression analysis
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ExpressAnalyst A unified platform for expression analysis 

Understanding gene lists for model species NetworkAnalyst

EcoToxXplorer Quantitative PCR (qPCR) 96/384-well plates



A web-based tool for qPCR data analysis
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Ø 384-well plate
Ø One file per plate
Ø Two column format

• well ID 
• raw Ct values

https://www.ecotoxxplorer.ca



Schedule for today
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Time Topics

9:00 – 9:10 Introduction

9:10 – 10:10 Gene expression data analysis workflow

10:15 – 11:25 Live demo & hands-on practice

Summary and discussion



Microarray Data Analysis
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Microarray core tasks
Input: probe intensity file
1. Processing
o Mapping probe IDs to gene/transcript IDs (sum / average)
o Quality checking to make sure data are suitable for analysis

2. Data normalization
o Make data comparable across different arrays/samples

v Quantile normalization

3. Differentially expression (DE) analysis
o Find genes that are significantly different between conditions

v Limma

4. Clustering
o Find genes with similar expression patterns

5. Interpreting the results 
o Find which pathways or biological processes are changed
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Quantile Normalization (I)
Ø Considered the best normalization method for microarray data
Ø Quantile: a distribution based on the rank order of values in that distribution.

o You can find any quantile by sorting the sample. The middle value of the sorted 
sample (middle quantile, 50th percentile) is known as the median. The limits are the 
minimum and maximum values. Any other locations between these points can be 
described in terms of centiles/percentiles.
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Quantile Normalization (II)
Ø Assume most of the probes/genes don’t change between 

samples
Ø Calculate mean for each quantile and reassign each probe by 

the quantile mean
o No experiments retain value, but all experiments have exact same distribution
o Only their orders are different

Probes

Experiments Mean
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Quantile Normalization (III)
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Identical Distribution after Quantile Normalization
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Thoughts on normalization
Ø Improve signals & reduce noises
Ø Compare things that are “comparable”

18

doi: http://dx.doi.org/10.1101/012203

✓ ✓ ✕



Differential Expression Analysis (DEA)
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Simple Approaches

Ø Fold change
Ø T-test /ANOVA
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Volcano plot: best of both worlds?
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https://doi.org/10.1016/j.tree.2021.10.009

https://doi.org/10.1016/j.tree.2021.10.009


Issues with t-tests / ANOVA

1. When the sample size is small (e.g. 
2-3 replicates in each condition), t-
tests will not work well
o Variance estimation becomes unstable 

for very few data points!

2. Observational studies contain many 
uncontrolled variables (covariates):
o Biological: sex, age, disease status
o Environmental: location, lifestyle, 

temperature

Age 0-14

Age 15-64

Age 65-79

Age 80+

Age 0-14
Age 15-64

Age 65-79

Age 80+

Without COVID-19 With COVID-19
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Empirical Bayes
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Variance observed on 
the specific genes

Group difference
Predicted variance based 
on all genes (i.e. weighted 
average, trimmed means)

B is the shrinkage factor:
• B= 0 => standard t tests
• B=1 => fold change

“Borrow information” to improve variance estimation 
for individual gene



T-test vs. linear regression

•You can do t-test with linear regression:
• y = B0 + B1*x
o y: level of metabolite A
o x: variable of interest

CTRL TRT

Essentially, a hypothesis test on the slope is asking 
whether or not the slope is 0
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Common statistical tests are linear models
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https://lindeloev.github.io/tests-as-linear/



Limma: linear models for microarray data

The de facto method for differential expression data analysis
o Support simple and complex design
o Empirical Bayes for small sample size
o Efficient & high performance

26



-- all ~15k transcripts --

Extract the coefficient, t-statistic, and p-value for 
the ‘Treatment’ term from the linear model fit

Perform linear regression 
for each transcript

y       ~     b1 * X1     +      b2 * X2 

~ b1* + b2*

Plekhg3 Treatment Sex

1

2

-- all ~15k transcripts --

Compile all results in a table3

Limma for DEA

• Treatment (Control/BPA)
• Sex (male/female)
• Features associated with 
treatment while considering 
sex
o Treatment = primary
o Sex = covariate

• Can include many 
covariates

• Primary/covariate can be 
continuous or discrete
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RNAseq Data Analysis
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RNAseq core tasks

Input: FASTQ files
1. Reads are mapped to reference genome or transcriptome
2. Mapped reads counted per gene or per transcripts
3. Counts are tested statistically for significant difference
4. Enrichment analysis are applied for functional insights 

29



Data Flow

Need reference 
genome and gene 
annotation files
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FASTQ Files

SAM/BAM

Raw Counts

Sig. Genes

Sig. Pathways



Read Mapping

Aligns reads to the whole genome AND to exon-junctions
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Gapped Read Aligner



Gapper Read Aligners & 
Mapper

Ø 1st generation
• TopHat

Ø 2nd generation
• HISAT/STAR

Ø 3rd generation
• Kallisto/Salmon
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Salmon & Kallisto (mapper not aligner)
Ø Salmon is based on the concept of quasi-mapping. 

It uses a suffix array to discover shared substrings 
of any length between a read and the complete set 
of transcripts. Mismatches are handled with chains 
of maximally exact matches (MEM).

Ø Kallisto does not perform alignment or use a 
reference genome. It performs pseudoalignment to 
determine the compatibility of reads with targets 
(transcript sequences in this case). Based on k-mer
and Targeted de Bruijn Graph (T-DBG)
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Kallisto and Salmon assign reads to genes (mapping) 
without perform exact alignments. 



RNAseq Common Files 
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Sequence files
• FASTA

• FASTQ

Alignment files
• SAM

• BAM

Feature annotations
• GFF (general feature format)

• GTF (gene transfer format)



SAM: Sequence Alignment Map

SAM – a tab-delimited text file 
that contains a compact and 
index-able representation of 
nucleotide sequence alignments
BAM – binary version of SAM
Ø Save space
Ø Faster I/O

35



GFF (general feature format)
Chr1  amel_OGSv3.1    gene 204921  223005  .       +       .       ID=GB42165
Chr1  amel_OGSv3.1    mRNA    204921  223005  .       +       .       ID=GB42165-
RA;Parent=GB42165
Chr1  amel_OGSv3.1    3’UTR   222859  223005  .       +       .       Parent=GB42165-RA
Chr1  amel_OGSv3.1    exon 204921  205070  .       +       .       Parent=GB42165-RA
Chr1  amel_OGSv3.1    exon 222772  223005  .       +       .       Parent=GB42165-RA

Chromosome ID
Source

Gene feature
Start location

End location Strand

Phase
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Task #2: generate gene counts
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From “aligned” reads to gene counts
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https://htseq.readthedocs.io/en/latest/htseqcount.html

Things can get 
“complicated”



Calculating gene expression from read counts

v The expression level of the gene
v This is what we want to estimate

v The total number of the reads generated
v If one library is sequenced at 20M reads and the other library is 

sequenced at 40M reads, then most genes will ~double their counts

v The length of the transcript
v Larger genes will generate more fragments

v GC-content of the gene
v GC-rich and GC-poor fragments tend to be under-represented in 

RNA-Seq
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Quantifying expression from read mapping

Normalize for gene size and sequencing depth
Ø RPKM: Reads per kilobase of transcript per million mapped reads 

(single-end).
Ø FPKM: Fragments per kilobase of transcript per million mapped reads 

(paired-end).
Ø TPM: Transcripts per kilobase of transcript per million mapped reads 
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qi denotes reads mapped to transcript,
li is the transcript length



Comments on different quantification

RPKM/FPKM/TPM
Ø Good for the comparison of RNA transcript expression within a single 

sample

Raw Counts
Ø Input for more robust statistical methods for differential expression to 

compare the same genes across samples
Ø The effect of the gene length is the same! 
Ø We are only concerned with relative difference

Ø Accommodates more sophisticated experimental designs

41



Two widely used protocols



A gene count table
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Task #3: Differential Expression Analysis
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RNAseq Differential Expression (I) 

v Three widely used methods
Ø Limma
Ø EdgeR
Ø DESeq2

v Main differences are in normalization approaches
Ø Limma: Adapted to support RNAseq after “voom” transformation
Ø DESeq and EdgeR are very similar and both assume that no genes 

are differentially expressed. DESeq2 uses a "geometric" 
normalisation strategy, whereas EdgeR is a weighted mean of log 
ratios-based method. 
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Normalization methods for gene count data

Ø Quantile (Q)
Ø RPKM
Ø Total Count (TC)
Ø Upper Quantile (UQ)

Ø Median (Med)
Ø Trimmed Mean of M-values (TMM)

o EdgeR default

Ø Relative log expression (RLE)
o DESeq default
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Comparison of different normalizations (I)

Within group variance (the smaller the better)

http://www.ncbi.nlm.nih.gov/pubmed/22988256
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Variance of house keeping genes (the smaller the better)

http://www.ncbi.nlm.nih.gov/pubmed/22988256

Comparison of different normalizations (II)
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False discovery rate (the smaller the better)

http://www.ncbi.nlm.nih.gov/pubmed/22988256

Comparison of different normalizations (III)
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EdgeR, Limma (voom) and DESeq2

http://www.ncbi.nlm.nih.gov/pubmed/24485249

Ø EdgeR is more liberal (more 
DEGs)

Ø DESeq2 is computationally 
intensive and should only be 
used for small sample size 
(less than 50)

Ø Limma-voom is generally 
preferred for large sample 
size 



Task #4: Functional Analysis
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Three key components
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Library

Algorithm

Input



Issues with ORA approach

1. The input list is subject to some arbitrary cutoff
○ Different cutoff values can lead to different results

2. The “background universe” (all measurable 
features by the platform) may not be well 
defined
○ All those genes in the user uploaded data?
○ All those defined in the functional library? 

3. Selection bias: all balls in the container should 
have equal chance of being selected) issue
○ Every gene has equal chance being sequenced by 

NGS?
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Gene Set Enrichment Analysis

Ø Cut-off free method
Ø Using the whole ranked gene list (not 

just those that are significant)
o Are any gene sets (pathways) ranked 

surprisingly high or low? 
o Using permutation to evaluate 

whether this is surprise or not
Ø Claimed to be able to detect “subtle 

but consistent” changes
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GSEA (Part I) – Enrichment Score (summary stat) 

55https://www.genepattern.org/modules/docs/GSEA/14#gsc.tab=0

Ø GSEA walks down the ranked list of genes, increasing a running-sum statistic when a 
gene belongs to the set and decreasing it when the gene does not. 

Ø The enrichment score (ES) is the maximum deviation from zero encountered during 
that walk. The ES reflects the degree to which the genes in a gene set are 
overrepresented at the top or bottom of the entire ranked list of genes.



GSEA - Part II: Permutation Test
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Null distribution of  
enrichment scores

Actual ES

1. Randomise data (groups), rank genes again and repeat test 1000 
times

2. Null distribution of 1000 ES for gene set
3. FDR q-value computed – corrected for gene set size and testing 

multiple gene sets



Molecular Signature Database (MSigDB)

● A companion database with GSEA 
software tool

● MSigDB offers gene sets based on 
various groupings

○ Pathways
○ GO terms
○ Chromosomal position
○ …
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http://www.broadinstitute.org/gsea/msigdb



Issues with pathways or gene sets
Ø Many functions (pathways, gene sets) share some key genes 
Ø Pathway boundaries are “fluid”
Ø Similar pathways are often of different sizes in different pathway 

databases
Ø KEGG
Ø Reactome
Ø BioCyc
Ø SMPDB
Ø …..

58

è Using Networks



Enrichment network to visualize shared drivers

v Pathways overlap on 
the network

v Showing the key 
driver genes 

v Similar pathways  
will be close to each 
other (pulled by 
same genes) 
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Global network to visualize converged functions

Pathways will  
converge on the 
global network to 
reveal common 
themes
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Schedule for today
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Time Topics

9:00 – 9:10 Introduction

9:10 – 10:10 Gene expression data analysis workflow

10:15 – 11:25 Live demo & Hands-on practice

Summary and discussion

====   5 minutes break   =====



Gene expression data analysis using 
ExpressAnalyst
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You are encouraged to follow the demo
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Community version:
● https://www.expressanalyst.ca
● https://new.expressanalyst.ca

Pro version:
● https://pro.expressanalyst.ca
* You will be automatically assigned to one of the nodes

https://www.expressanalyst.ca/
https://new.expressanalyst.ca/
https://pro.expressanalyst.ca/
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ExpressAnalyst



ExpressAnalyst

● RNAseq read mapping and 
quantification
Ø Kallisto (model species)
Ø Seq2Fun (non-model species)

● Differential gene expression 
analysis
Ø Limma
Ø edgeR
Ø DEseq2  

Ø Sample size below 100

● Visual analytics
Ø Volcano Plots
Ø Heatmaps clustering
Ø Ridgeline plots
Ø Enrichment Networks
Ø Upset Diagram (meta-analysis)

● Integrated with enrichment analysis 
Ø ORA
Ø GSEA
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Our Tasks

● Basic Protocol 1: RNA-seq count table uploading, processing, and normalization
● Basic Protocol 2: Differential expression analysis with linear models
● Basic Protocol 3: Functional analysis with volcano plot, enrichment network, and 

ridgeline visualization
● Basic Protocol 4: Hierarchical clustering analysis of transcriptomics data using 

interactive heatmaps
● Basic Protocol 9: Functional analysis of transcriptomics signatures
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Demo Overview
● Dataset: RNA-seq data collected from mouse liver to study the effect of 

Bisphenol-A exposure during pregnancy on offspring.
○ 16 samples
○ 8 male and 8 female offsprings

● Objectives:
○ Format data and metadata file for ExpressAnalyst
○ Data processing

■ Quality check
■ Filtering and normalization

○ Differential expression analysis
○ Functional analysis

● Pro features:
○ Project saving 
○ Report generation
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Data format
● .csv or .txt format
● Samples in columns.
● Genes in rows.
● Important that first row 

starts with #NAME
followed by sample 
names
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Metadata file
● .csv or .txt
● Samples in rows

○ Make sure sample 
names match with the 
ones in data file.

● Metadata variables in 
columns

● Important that first row 
starts with #NAME followed 
by metadata group name

69
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Next Lecture
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1. Network analysis from a gene list
ØPPI network
ØTissue-specific, signaling networks

2. Meta-analysis
3. RNAseq in non-model species
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We would like to hear your 
comments & feedback
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contact@xialab.ca

See you next week!

mailto:contact@xialab.ca

