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Introduce Yourself!



Introduce Yourself!
[1]    Your neighbor’s name &  
[2]    Place they identify with most, 
        Major area of study/research, & 

[3]    Fun fact or favorite joke! 
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Follow Along!
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Input

Output

Please Open

Console 
The “R Brain” 



R.app GUI is NOT what we want!
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X
RGui is NOT what we want!



 We want: 
Open RStudio Now!

Separate 
IDE for R!



We can customize later…



File > New File > Quarto Document
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File > New File > Quarto Document

If you do not have the option Quarto Document  
then you need to update RStudio! 


(Your current version is too old)




File > New File > Quarto Document



Set Title: Test then click Create





Click “Render”



Install missing package

install.packages(“rmarkdown”)



Change to  format: pdf



Change to  format: pdf



Install missing package

install.packages(“tinytex”) 
tinytex::install_tinytex()



Barry Grant

Essential

For Bioinformatics



Check if you can use UNIX…
Mac

Terminal

PC
Git Bash



We can also use UNIX in RStudio…

Using the Terminal in RStudio!



Make a new class folder (a.k.a. Directory) 
called BGGN239 for storing your lab work


Being organized is key to 
being successful in this class

Within this folder make sub-folders for each class 
(e.g. class01)


Review the Computer Setup class page and 

the optional Recap videos under class00


Side-Note:



Review Material



Bonus!Unlimited DataCamp Access



Break!



Class 01
Hands-on Lab Session

Barry Grant

http://thegrantlab.org/bggn239/

http://thegrantlab.org/bggn239/


Background to hands-on data
Glucocorticoids inhibit inflammatory processes and are often 
used to treat asthma because of their anti-inflammatory effects 
on airway smooth muscle (ASM) cells. 

• Data from: Himes et al. "RNA-Seq Transcriptome Profiling Identifies CRISPLD2 
as a Glucocorticoid Responsive Gene that Modulates Cytokine Function in 
Airway Smooth Muscle Cells." PLoS ONE. 2014 Jun 13;9(6):e99625.

Mechanism?

http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0099625
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0099625
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0099625
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0099625


For COVID-19 patients on 
ventilators, dexamethasone 

treatment was shown to reduce 
mortality by about one third
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• Himes et al. used RNA-seq to profile gene expression changes in 4 
ASM cell lines treated with dexamethasone (a common synthetic 
glucocorticoid).
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• Himes et al. used RNA-seq to profile gene expression changes in 4 
ASM cell lines treated with dexamethasone (a common synthetic 
glucocorticoid). 

• Used Tophat and Cufflinks to quantify transcript abundances  

• They found many differentially expressed genes and focused on 
CRISPLD2 that encodes a secreted protein involved in lung 
development  

• SNPs in CRISPLD2 in previous GWAS associated with inhaled 
corticosteroid resistance and bronchodilator response in asthma 
patients.  

• Confirmed the upregulated CRISPLD2 with qPCR and increased protein 
expression with Western blotting.

• Our starting point is a count matrix: each cell indicates 
the number of reads originating from a particular gene 
(in rows) for each sample (in columns). 

Background to hands-on data



counts + metadata
gene ctrl_1 ctrl_2 exp_1 exp_2

geneA 10 11 56 45

geneB 0 0 128 54

geneC 42 41 59 41

geneD 103 122 1 23

geneE 10 23 14 56

geneF 0 1 2 0

... ... ... ... ...

countData

countData is the count matrix 
(Number of reads coming from each 

gene for each sample)
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counts + metadata
gene ctrl_1 ctrl_2 exp_1 exp_2

geneA 10 11 56 45

geneB 0 0 128 54

geneC 42 41 59 41

geneD 103 122 1 23

geneE 10 23 14 56

geneF 0 1 2 0

... ... ... ... ...

1 countData 2 colData

id treatment sex ...

ctrl_1 control male ...

ctrl_2 control female ...

exp_1 treated male ...

exp_2 treated female ...

countData is the count matrix 
(Number of reads coming from each 

gene for each sample)

colData describes metadata about 
the columns of countData

N.B. First column of colData must match column names (i.e. sample names ) of countData 



Install DESeq2
Bioconductor Setup Link

Do it Yourself!

install.packages("BiocManager") 
BiocManager::install() 

# For this class, you'll also need DESeq2: 
BiocManager::install("DESeq2")

Note: Answer NO to prompts to install from source or update...

https://bioboot.github.io/bimm143_W19/class-material/bioconductor_setup/


Install DESeq2
Bioconductor Setup Link

Do it Yourself!

install.packages("BiocManager") 
BiocManager::install() 

# For this class, you'll also need DESeq2: 
BiocManager::install("DESeq2")

Note: Answer NO to prompts to install from source or update...

Do this in your CONSOLE not an Qmd document!
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Install DESeq2
Bioconductor Setup Link

Note: Answer NO to prompts to install from source or update...

install.packages("BiocManager") 
BiocManager::install() 

# For this class, you'll also need DESeq2: 
BiocManager::install("DESeq2")

Do it Yourself!

https://bioboot.github.io/bimm143_W19//class-material/bioconductor_setup/


Input file names

Read files

Setup required DESeq object

Run the DESeq pipeline





mean counts 
from all samples

log2 fold 
change

standard 
error

Wald 
statistic

Wald  
p-value

BH adjusted  
p-values



mean counts 
from all samples

log2 fold 
change

standard 
error

Wald 
statistic

Wald  
p-value

BH adjusted  
p-values

We need to add  
gene names (a.k.a. 

gene symbols)  
and other database 

identifiers 



20,000 separate hypothesis tests with a standard p-value cut-off of 0.05,  
we’d expect 1,000 genes to be deemed “significant” by chance!  

Genomics = Lots of Data = Lots of Hypothesis Tests 









Key Point:  Torture the data long enough, and it will confess



padj: Adjustment of p-values 
for doing multiple tests

• “Torture the data long enough, and it will confess” 

- With each question you are increasing the chance of being fooled by 
chance (20,000 tests @ alpha=0.05;   20,000 x 0.05 = 1,000).


- You increase your type 1 errors mistakenly concluding that an effect is 
statistically significant.


• In DESeq2, the p-values are corrected for multiple testing using the 
Benjamini and Hochberg method: 


- First, rank the genes by p-value. Then multiply each p-value by (total 
number of tests)/rank. 


- Alternative Bonferroni method:    p-value  x  (total number of tests)



Fold change (log ratios)

• To a statistician fold change is sometimes considered meaningless. 


- Fold change can be large (e.g. >>two-fold up- or down-regulation) 
without being statistically significant (e.g. based on p-values).


• To a biologist fold change is almost always considered important  
for two main reasons. 


- First, a very small but statistically significant fold change might not be 
relevant to a cell’s function. 


- Second, it is of interest to know which genes are most dramatically 
regulated, as these are often thought to reflect changes in biologically 
meaningful transcripts and/or pathways.



Volcano plot

A volcano plot shows fold change (x-axis) versus -log of the p-value (y-
axis) for a given transcript. The more significant the p-value, the larger the 
-log of that value will be. Therefore we often focus on 'higher up' points. 

A common summary figure used to highlight genes that are both 
significantly regulated and display a high fold change



OPTIONAL: Next steps
Annotation and gene set enrichment


(a.k.a. pathway analysis)



Pathway Analysis



N.B. Render your lab report to 
PDF and upload to GradeScope



Differentially Expressed Genes (DEGs) Gene-sets (Pathways, 
annotations, etc...) 

Annotate...

Basic idea: Pathway analysis
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Annotate...

Basic idea: Pathway analysis

Pathways
Overlap...

Differentially 
Expressed 

Genes 
(DEGs)

Pathway analysis 
(geneset enrichment)



Pathway 
(geneset)

Enriched

DEGs Pathway

Not enriched

➢ Critical, needs to be as clean as possible 

➢ Important, but typically not a competitive advantage 

➢ Not critical, different algorithms show similar performances 

• DEGs come from your experiment 

• Pathway genes (“geneset”) come from annotations 

• Variations of the math: overlap, ranking, networks... 

Differentially 
Expressed 

Genes 
(DEGs)

Principle: Pathway analysis



What functional set databases do you want?

• Most commonly used: 

• Gene Ontology (GO) 

• KEGG Pathways (mostly metabolic)


• GeneGO MetaBase 

• Ingenuity Pathway Analysis (IPA) 

• Many others...

• Enzyme Classification, PFAM, Reactome, 


• Disease Ontology, MSigDB,  Chemical Entities of Biological Interest, Network 
of Cancer Genes etc…


• See: Open Biomedical Ontologies ( www.obofoundry.org )

DEGs Pathway
GO 
KEGG 
IPA 
etc....

http://www.obofoundry.org


Pathway analysis (a.k.a. geneset enrichment) 
Limitations

• Geneset annotation bias: can only discover what is already known


• Non-model organisms: no high-quality genesets available


• Post-transcriptional regulation is neglected


• Tissue-specific variations of pathways are not annotated


• e.g. NF-κB regulates metabolism, not inflammation, in 
adipocytes


• Size bias: stats are influenced by the size of the pathway


• Many pathways/receptors converge to few regulators

e.g. Tens of innate immune receptors activate four TFs: 


 NF-kB, AP-1, IRF3/7, NFAT

Side-note:



Starting point for pathway analysis:  
Your gene list

• You have a list of genes/proteins of interest


• You have quantitative data for each gene/protein


• Fold change


• p-value


• Spectral counts


• Presence/absence

228018_at 
226925_at 
207113_s_at 
225078_at 
221577_x_at 
1553997_a_at 
218433_at 
204975_at 
202638_s_at 
230954_at 
228017_s_at 
1554018_at 
203126_at 
225182_at 
225079_at 
243010_at 
230668_at 
218541_s_at 
224225_s_at 
207339_s_at 
202637_s_at

C20orf58 
ACPL2 
TNF 
EMP2 
GDF15 
ASPHD1 
PANK3 
EMP2 
ICAM1 
C20orf112 
C20orf58 
GPNMB 
IMPA2 
TMEM50B 
EMP2 
MSI2 
C20orf58 
C8orf4 
ETV7 
LTB 
ICAM1

F26A1.8 
F26A1.8 
F53F8.4 
C09H5.2 
C09H5.2 
F22E10.3 
F09F7.8 
C34F11.8 
F07F6.5 
F35B3.4 
W08E12.3 
B0222.10 
C03A7.14 
Y40B10A.6 
M176.6 
H04M03.2 
C03A7.4 
C03A7.7 
F44F4.4 
F32A5.2 
W03F8.6

ENSG00000090339 

ENSG00000010030 

ENSG00000141401 

ENSG00000206439 

ENSG00000204490 

ENSG00000206328 

ENSG00000142188 

ENSG00000155893 

ENSG00000120137 

ENSG00000176907 

ENSG00000153944 

ENSG00000174939 

ENSG00000197183 

ENSG00000136235 

ENSG00000130513 

ENSG00000213853 

ENSG00000204487 

ENSG00000206437 

ENSG00000206327

NP_000192 NP_057219 NP_055029 NP_000585 NP_006125 NP_689495 NP_001032249 NP_078870 NP_064515 NP_733839 NP_620412 NP_859069 NP_542183 NP_002501 NP_001005340 NP_004855 NP_001415 NP_033666 NP_002332

3383 
51513 
3613 
7124 
757 
92370 
79646 
56892 
124540 
253982 
140688 
10457 
9518 
2013 
4050



Pathway Analysis


