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Outline

• Data preparation and visualization

• Multiple testing

• Differential gene expression analysis using edgeR



Multivariate Data is Common in Biomedical 
Researches
• Multiple variables are generally collected in biomedical projects
• Demographic variables such as Age, Gender, BMI, Height, etc.
• Multiple traits to characterize animal behaviors
• Multiple genes

• Hypothesis test to identify significant association
• Multiple testing
• Account for confounding covariates

• Differential gene expression analysis



Visualize Multivariate/High-dimensional Data

• Learned skills
• Histogram
• Scatter plot
• Heatmap

• Skills to be introduced in this lecture
• Principal component analysis
• UMAP



Data Analysis Guidelines

Data 
Inspection

Data 
Visualization

Data 
Cleaning

Hypothesis Testing
Model Fitting



Example of Multivariate/High-dimensional Data

Famous “iris” data set



Example of Multivariate/High-
dimensional Data

RNA Sequencing data : 
Gene expression levels for ~20K 
human genes



Transcription
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https://www.thoughtco.com/dna-transcription-373398



Profile Gene Expression Levels by RNA-sequencing
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RNA-Seq Data

• Gene expression Quantitative Traits
• Profiled by RNA sequencing (RNA-seq)
• CPM (Counts Per Million) per gene

• Count up all the read counts in a sample (library size) and divide this number by 
1,000,000. This is your “per million” scaling factor.

• Divide the read counts per gene by the “per million” scaling factor. This gives you CPM.

• 20K ~ 25K genes in human genome

• Bulk RNA-seq ; Single Cell RNA-seq



Example RNA-Seq Data

• Example RNA-Seq data from: David K. Lau et. al., 2019. Genomic 
Profiling of Biliary Tract Cancer Cell Lines Reveals Molecular Subtypes 
and Actionable Drug Targets. PMID: 31731200 ; DOI: 
10.1016/j.isci.2019.10.044 

• Samples from 20 biliary track cancer cell lines were profiled for gene 
expression data by RNA sequencing

• 24222 genes in the raw data



Inspecting Raw RNA-Seq Data



Normalize Raw RNA-Seq Data

• Summarizing read counts per column/sample gives us the library 
size. The total number of mapped read counts per sample.

• Various library sizes make the raw read counts per gene are not 
comparable across all samples/cell-lines.

• Need to Normalize read counts to Counts Per Million (CPM)



Get RNA-Seq Data in CPM



Data Cleaning : filtering out genes with low 
CPM
• Low read counts are more likely to add noises.
• As a general rule, a good threshold can be chosen for a CPM 

value that corresponds to 10 raw read counts.



Data Cleaning : filtering out genes with low CPM



Data Visualization : Histogram plot per sample

Normally distributed?



Data Transformation: Log2

Normally distributed?



Other Data Transformation

• Standardization
• Center variables to have mean 0
• Scale variable variances to 1

• Square root
• Nature log
• Log10
• Inverse-normalize



Question

• Why do we like normally distributed data?



Data Visualization: Correlation between cell lines



Data Visualization: 
Heatmap for 
highly variable 
genes



How to visualize sample relationship using all 
gene expression data?
• 10034 genes left after filtering out low expressed ones

• Still high dimensional data

• Project high dimensional data to two dimensions (dimension 
reduction), and then a scatter plot will work. 

• How?



Principal Component Analysis



Principal Component Analysis

• Find orthogonal loading vectors which explain data variation from the 
largest to the smallest

• Project original data matrix to loading vectors to obtain Principal 
Components (PCs)

• Top 2 loading vectors defines a model plane that explain most data 
variation

• Top 2 PCs can be plotted in a scatter plot to visualize samples



Principal Components Analysis (PCA)
• Consider data matrix 𝑋!×#, with n samples and p variables
• Center and standardize columns in 𝑋!×# -> 𝑍!×$
• PCA project original genotype data matrix to a new coordinate 

system such that the PC1 explains the most data variance, and 
then PC2, …
• Compute the 𝑛×𝑛 variance-covariance matrix for all samples 

as Σ!×! = 𝑍𝑍%/(𝑛 − 1)
• Conduct eigenvalue decomposition of Σ, by R function eign().
• Eigen vectors would be loading vectors (𝑤&, length p, k=1, 2, 

…) for PC1, PC2, ….
• Principle components (PCs) are given by: Z𝑤&
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Principal Components Analysis (PCA)



Principal Components Analysis (PCA)

• Decide the number of top PCs to use in the analysis
• Select the number of PCs such that a certain percentage of total data 

variation would be explained, e.g., 95%
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Principal Components Analysis (PCA)
• Decide the number of 

top PCs to use in the 
analysis
• Select top K 

eigenvectors (𝑤!) 
whose corresponding 
eigenvalues are 
significantly large (e.g., 5 
or 10) by a scree plot

29



Visualize Top 
2 PCs



UMAP (Uniform Manifold Approximation and Projection)



UMAP : Dimension Reduction

• Uses local Manifold Approximations and patches together their local 
fuzzy simplicial set representations to construct a topological 
representation of the high dimensional data. 
• Given some low dimensional representation of the data, a similar 

process can be used to construct an equivalent topological 
representation. 
• UMAP then optimizes the layout of the data representation in the low 

dimensional space, to minimize the cross-entropy between the two 
topological representations.
• https://pair-code.github.io/understanding-umap/

https://pair-code.github.io/understanding-umap/


UMAP : Dimension Reduction



UMAP



UMAP



Differential Gene Expression Analysis

• Test the null hypothesis that gene expression is equally expressed in 
two groups of samples
• Reject: the gene is a significant differential gene expression that 

expressed differently between two groups of samples
• Negative binomial distribution is reasonably to be assumed for gene 

expression read count data
• Generally, the test is conducted based on a negative binomial 

regression model with gene expression counts as the outcome and 
group information as the design matrix



Multiple Testing

• Need to test 10K or 20K genes
• Number of possible false positives with significance threshold = 0.05 

under the null hypothesis?
• What is the Family-Wise Error Rate (FWER) for testing 10K genes?
• Probability of making one or more false discoveries
• Type I errors when performing multiple hypothesis tests











False Discovery Rate (FDR)







EdgeR
1. Generate a DGEList object from raw RNAseq data RNAseq_matrix.
2. Filter genes using filterByExpr() function, which keeps genes with worthwhile counts in a 

minimum number of samples (two by default). 



Design Matrix



Negative Binomial Model

• Assume 𝜋!" be the true fraction of RNAseq reads in sample i that can 
originate from gene g, sum to 1 across all genes per sample i.

• Let 𝜙! denote the coefficient of variation (CV, standard deviation 
divided by mean) of 𝜋!" among all samples.

• Let 𝑦!" denote read count for sample i and gene g, sum to 𝑁" which is 
the library size. 



Negative binomial model



Biological Coefficient of Variation (BCV)





Quantile-adjusted Conditional Maximum 
Likelihood





EdgeR



FDR (BH) Method is Used by EdgeR



Visualize Differential Gene Expression Analysis 
Results : Volcano Plot



Example 2: Account for Batch Effects by EdgeR

Note: Filtering and 
normalization has 
been applied to the 
DGEList object.



Multiple factors and covariates can be accounted through the 
design matrix in EdgeR













Summarize Differential Gene Expression 
Analysis Results



Help links

• R function: prcomp() ; 
https://www.rdocumentation.org/packages/stats/versions/3.5.1/topi
cs/prcomp

• UMAP: https://cran.r-
project.org/web/packages/umap/vignettes/umap.html

• EdgeR: 
https://www.bioconductor.org/packages/devel/bioc/vignettes/edgeR
/inst/doc/edgeRUsersGuide.pdf

https://www.rdocumentation.org/packages/stats/versions/3.5.1/topics/prcomp
https://cran.r-project.org/web/packages/umap/vignettes/umap.html
https://www.bioconductor.org/packages/devel/bioc/vignettes/edgeR/inst/doc/edgeRUsersGuide.pdf

