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RNA-Seq Exercise:  
raw reads to differential expression 

 

https://bitbucket.org/adinasarapu/ibs_class/src 
 

03/27/2018 
 

1.  Quality Control (QC) 
2.  Mapping (Alignment)  

03/29/2018 
1.  Gene count & normalization 
2.  Differential expression 



Genome – the haploid set  
of chromosomes 

DNA, the genetic material, is made up of molecules called nucleotides. Each nucleotide 

contains a phosphate group, a sugar group and a nitrogen base.  Nitrogen bases Adenine 

(A) and Guanine (G) are called purines, while Thymine (T) and Cytosine (C) are called 

pyrimidines. The human genome contains ~ 3 billion of these base pairs, which reside in 

the 23 pairs of chromosomes within the nucleus of all our cells. 
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Genome – the haploid set  
of chromosomes 



The central dogma of  
molecular biology 
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DNA 

RNA 

Protein 

In multicellular organisms, nearly all cells have the same 
DNA, but different cell types express distinct proteins.  



RNA-seq: a tool for 
transcriptomics 
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https://www.gatc-biotech.com 
 



RNA-seq: a tool for 
transcriptomics 
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Polyadenylation is part of 
the RNA processing 
pathway that leads to the 
production of mature 
mRNA molecules 
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Illumina RNA library preparation. PolyA+ RNA is enriched using oligo(dT) beads followed by 
fragmentation and reverse transcription. The 5’ and 3’ ends of cDNA fragments are next prepared 
to allow efficient ligation of “Y” adapters containing a unique barcode and primer binding sites. 
Finally, ligated cDNAs are PCR-amplified and ready for cluster generation and sequencing. 
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https://www.gatc-biotech.com 

RNA-seq: a tool for 
transcriptomics 
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Sequence detection method of illumina 
A)  Illumina detection is fluorescence-based using reversible 

terminator dNTPs, resulting in one nucleotide incorporation 
per cycle (Materials Methods, 2013) 

B)  DNA sequence tracing and Phred score corresponding to 
each colored peak. 

Phred = 50 Phred = 10 Phred = 0 
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Paired-End Sequencing 

R1.fastq 

R2.fastq 

RNA-seq: a tool for 
transcriptomics 
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@HWI-ST1309F:278:C85EBANXX:5:1101:1497:1996 1:N:0:TGGGAGT 
NGGGGAACTCCTGGTGGACCCTAGTGGAAGCCTTCCAGTAATTTCTTGAAGCTGAGCGCTCAGGTGAGTAGGGCGACATCTGGTG
GCCGGTTGTTGAAGG 
+
#<<BBFFFFFFFFFFFF<FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFBFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFBFFB/<F/FFFF 
… 
… 
… 
… 

R1.fastq 

@HWI-ST1309F:278:C85EBANXX:5:1101:1497:1996 2:N:0:TGGGAGT 
CTCAGAGGTGAAGTAACTTGCCCAGGGTTGTAGCCCAGGCCCTTCTCAGGACACGGCTCTCCCAGGGCCTCCGCCTCCCTGCAC
TGAGCCCTGCCAGTTC 
+
/BBBBFFFBFFFFFFFFBFFFFFFF/FFFFFFFFFFF<FFFFF<FFFFFFBFFFFFFBF/F<FFFFF<FFFBBFFFFFFFFFFFFF<FFBFFFFFFFB## 
… 
… 
… 
…

R2.fastq 

Fastq file contains sequence  
& base quality scores 
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@HWI-ST1309F:278:C85EBANXX:5:1101:1497:1996 2:N:0:TGGGAGT 
CTCAGAGGTGAAGTAACTTGCCCAGGGTTGTAGCCCAGGCCCTTCTCAGGACACGGCTCTCCCAGGGCCTCCGCCTCCCTGCAC
TGAGCCCTGCCAGTTC 
+
/BBBBFFFBFFFFFFFFBFFFFFFF/FFFFFFFFFFF<FFFFF<FFFFFFBFFFFFFBF/F<FFFFF<FFFBBFFFFFFFFFFFFF<FFBFFFFFFFB## 
… 
… 
… 
…

Fastq file contains sequence  
& base quality scores 

ASCII (/) char = 47 (decimal) 
Illumina 1.8+ : 14 (Phred)+33 = 47 (/) 

R2.fastq 



RNA-seq best practices 
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•  3 or more replicates 
•  Biological replicates are recommended 

rather than technical replicates 

•  Avoid unwanted batch effects 
•  Always process your RNA extractions at 

the same time. 
•  To Avoid lane batch effects, all samples 

would need to be multiplexed together 
and run on the same lane 



² HGPRT deficiency (in severely affected) leads to  
§ abnormal accumulation of uric acid  
§ neurologic disorders and 
§ behavioral abnormalities  

² Lesch-Nyhan disease affects about 1 in 380,000 
live births. 

² HGPRT (encoded by HPRT1) is an enzyme in 
purine metabolism. 

HGPRT deficiency leads to  
Lesch-Nyhan disease  
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Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 



16 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 

Purines: Adenine (A)  
and guanine (G) are found 
in both DNA and RNA. 
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•  HPRT1 is an X linked gene 

•  > 600 mutations in HPRT1 are known 

Wikipedia 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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RNA-seq 

AK 

MG 

PY 

WW 

PB 

DP2 

TH 

TS 

151 C>T (Exon 3) 

371 ins TT (Exon 4) 

508 C>T  (Exon 7) 

Healthy/ 
Control 

Deletion (Exon 4) 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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•  The disorder is so rare that it is 
difficult to recruit sufficient 
patients for meaningful studies. 

•  Autopsied brain samples are 
difficult to obtain. 

•  Established animal models 
have been helpful but species 
differences in purine 
metabolism make it difficult to 
relate to human condition. 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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RNA-seq 

AK 
iAK2 

iAK3 

MG 
iMG4 

iMG6 

PY 
iPY5 

iPY8 
WW 

PB 

DP2 
iDP9 

iDP12 

TH 
iTH29 

iTH30 

TS 
iTS2 
iTS4 

151 C>T (Exon 3) 

371 ins TT (Exon 4) 

508 C>T  (Exon 7) 

Healthy/ 
Control 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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RNA-seq 
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Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 

R1.fastq 
R2.fastq 
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1.  Read quality 
2.  Alignment / Mapping 
3.  Gene count & normalization 
4.  Differential expression 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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1.  Read quality 
2.  Alignment / Mapping 
3.  Gene count & normalization 
4.  Differential expression 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 



Read Quality 
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Basic Statistics 

One read 

R1.fastq 

R2.fastq > 50 million reads per sample 
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Per base & Per sequence quality scores 

Read Quality 

1 
 
 

2 
 
 
 

3 

 
… 
… 
… 
 
50 million 

@HWI-ST1309F:276:C8DF6ANXX:1:1101:3694:1997 1:N:0:TAGCACC !
NAAGAAAAAGAAGAAACAGAAGAGAAAAAAGGAGAAACCAAATTCCGGAGGCACCAAGTCAGACTCGGCATCTGATTCCCAGGAGATTAAAATTCAGCAG !
+
#<<BBBFFFFFFFFFFFFFFFFFBFFFFFFFFFFFFFFFFFFFFBFFFFFFBFFFFFFFFFFFFF<FF<F<FFFFFFFF<BB/7F/7BFF7FFFFF</FF !
@HWI-ST1309F:276:C8DF6ANXX:1:1101:4615:1997 1:N:0:TAGCACC !
NTGACATCGTCTTTAAACCCTGCGTGGCAATCCCTGACGCACCGCCGTGATGCCCAGGGAAGACAGGGCGACCTGGAAGTCCAACTACTTCCTTAAGATC !
+
#<<BBFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFBFFFFFFFFBFFFFFFFFFFF<FFFFFFFFFFFFFFFFFFFFFFFFFFBFFFFFFBFFBFF# !
@HWI-ST1309F:276:C8DF6ANXX:1:1101:7169:2000 1:N:0:TAGCACC !
NTCCTCCGGGTAAAACACATTCCTTTGGTCCAATCTGGATGAGGAGAGCCTCAAGATTGGAGAACTGATCATTATCAGGGAATTCACACAGTCCTAGTTT !
+
#<BBBFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF 

100 bp read 
Position = 15 
Base = A 
Q score = ‘F’  (as ASCII, 70 in decimal) 
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Per base & Per sequence quality scores 

Read Quality 

1 
 
 

2 
 
 
 

3 

 
… 
… 
… 
 
50 million 

@HWI-ST1309F:276:C8DF6ANXX:1:1101:3694:1997 1:N:0:TAGCACC !
NAAGAAAAAGAAGAAACAGAAGAGAAAAAAGGAGAAACCAAATTCCGGAGGCACCAAGTCAGACTCGGCATCTGATTCCCAGGAGATTAAAATTCAGCAG !
+
#<<BBBFFFFFFFFFFFFFFFFFBFFFFFFFFFFFFFFFFFFFFBFFFFFFBFFFFFFFFFFFFF<FF<F<FFFFFFFF<BB/7F/7BFF7FFFFF</FF !
@HWI-ST1309F:276:C8DF6ANXX:1:1101:4615:1997 1:N:0:TAGCACC !
NTGACATCGTCTTTAAACCCTGCGTGGCAATCCCTGACGCACCGCCGTGATGCCCAGGGAAGACAGGGCGACCTGGAAGTCCAACTACTTCCTTAAGATC !
+
#<<BBFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFBFFFFFFFFBFFFFFFFFFFF<FFFFFFFFFFFFFFFFFFFFFFFFFFBFFFFFFBFFBFF# !
@HWI-ST1309F:276:C8DF6ANXX:1:1101:7169:2000 1:N:0:TAGCACC !
NTCCTCCGGGTAAAACACATTCCTTTGGTCCAATCTGGATGAGGAGAGCCTCAAGATTGGAGAACTGATCATTATCAGGGAATTCACACAGTCCTAGTTT !
+
#<BBBFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF 

100 bp read 
Position = 15 
Base = A 
Q score = ‘F’  (as ASCII, 70 in decimal) 
Q score = 70-33 = 37 
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Per base sequence quality 

Read Quality 

Positional	box-and-whisker	plot	 

Software: FastQC (Java 1.8) 
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Read Quality 
Per sequence quality scores 

Software: FastQC (Java 1.8) 



§  Adapter trimming 
§  May increase mapping rates 
§  Probably improves de novo assembly   

§  Quality trimming & Read filtering (erroneous base calls) 
§  May increase mapping rates 
§  May also lead to loss of information 
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Read Trimming & Filtering 
Softwares: Cutadapt, Trimmomatic, etc. 
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1.  Read quality 
2.  Alignment / Mapping 
3.  Gene count & normalization 
4.  Differential expression 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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Reference-based RNA-Seq mapping 

R1.fastq 
R2.fastq 

Read Mapping to  
Reference Genome 
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Reference-based RNA-Seq mapping 

Splice aware-aligner 

Read Mapping to  
Reference Genome 
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Read Mapping to Reference 
Genome using STAR 

•  STAR (Spliced Transcripts Alignment to 
Reference) is a splice aware-aligner. 

•  STAR aligns RNA-seq reads to a 
reference genome using uncompressed 
suffix arrays.  
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Alignment – output file 
SAM (Sequence Alignment/Map) File: A tab-delimited text 
file that contains aligned data information (human readable). 
BAM format is binary version of SAM format. 

Each alignment line has 11 
fields contain information 
such as 
•  Mapping position 
•  Mapping quality 
•  Segment sequence etc., 
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RNASeq File ID: SL146145 !
!
Sample ID: iDP9 !
 
Lesch-Nyhan (iPSC) 

Started job on      | Feb 10 16:43:39
Started mapping on     | Feb 10 16:49:45
Finished on      | Feb 10 18:16:40
Mapping speed, Million of reads per hour  | 39.45

Number of input reads    | 57154438
Average input read length    | 200
 
UNIQUE READS:
Uniquely mapped reads number   | 52395014
Uniquely mapped reads %    | 91.67%
Average mapped length    | 197.65
Number of splices: Total    | 37757343
Number of splices: Annotated (sjdb)   | 37017481
Number of splices: GT/AG    | 37386868
Number of splices: GC/AG    | 263606
Number of splices: AT/AC    | 29999
Number of splices: Non-canonical   | 76870
Mismatch rate per base, %    | 0.46%
Deletion rate per base     | 0.01%
Deletion average length    | 1.55
Insertion rate per base     | 0.01%
Insertion average length    | 1.36
MULTI-MAPPING READS:
Number of reads mapped to multiple loci  | 1915136
% of reads mapped to multiple loci   | 3.35%
Number of reads mapped to too many loci  | 25254
% of reads mapped to too many loci   | 0.04%
UNMAPPED READS:
% of reads unmapped: too many mismatches  | 0.00%
% of reads unmapped: too short   | 4.91%
% of reads unmapped: other    | 0.03%
CHIMERIC READS:
Number of chimeric reads    | 0
% of chimeric reads     | 0.00% 

Alignment stats 
summary by 
STAR aligner 

A homozygous mutation  
in HPRT1 gene  
(c.508C>T; Exon 7) 

Number of input reads =  
Uniquely mapped reads number +  
Number of reads mapped to multiple loci + 
Number of reads unmapped from BAM 
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SAM/BAM 

mapping of reads to 
reference genome 

FastQ 
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1.  Read quality 
2.  Alignment / Mapping 
3.  Gene count & normalization 
4.  Differential expression 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 



§ In RNA-Seq, the relative expression of a transcript is 
proportional to the number of cDNA fragments that 
originate from it. 

§ Count the number of reads mapped to each gene.  

§ Software tools: HTSeq, Cufflinks, MULTICOM etc., 

HTSeq 

-  Python code that converts aligned reads to counts 

- Give alignment file and associated transcript file, 
and it will output a list of counts by feature. 
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Count the number of reads mapped  
to each gene 
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Counts data by 
HTSeq filtering of 
genes 

Remove	lowly	expressed	
genes	
	
a	gene	is	retained	if	it	has	10	
or	greater	counts	for	at	least	
25%	of	the	samples.		

26,490 -> 17,721 genes 
remained  after filter 
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Counts per million data 

•  Trimmed Method of M-values (TMM, 
Bioconductor package EdgeR) 

"TMM" is the weighted 
trimmed mean of M-values 
(to the reference) proposed 
by Robinson and Oshlack 
(2010), where the weights 
are from the delta method on 
Binomial data. If refColumn 
is unspecified, the library 
whose upper quartile is 
closest to the mean upper 
quartile is used. 
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Counts per million data 

Generate CPM data 
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Counts per million data 

Generate log2(CPM) 
data 



§  RPKM (Reads per kilobase of transcript per million reads of library) 

   - Corrects for total library coverage 

    - Corrects for gene length 

    - Comparable between different genes within the same dataset 

§  FPKM (Fragments per kilobase of transcript per million reads of library) 

    - Only relevant for paired end libraries  
    - Pairs are not independent observations 
    - RPKM/2 

§  TPM (transcripts per million) 

    - Normalizes to transcript copies instead of reads 

    - Corrects for cases where the average transcript length differs between samples 
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Other methods used to normalize 
counts data by length of genes & 

total number of reads 



§  RPKM (Reads Per Kilobase per Million of reads) 
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§  2000 kb transcript with 500 alignments in a sample of 55 million 
reads (out of which 50 million reads can be mapped)  

Normalize counts by  
length of genes & total number of 

reads 



45 

1.  Read quality 
2.  Alignment / Mapping 
3.  Gene count & normalization 
4.  Differential expression 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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RNA-seq 

AK 
iAK2 

iAK3 

MG 
iMG4 

iMG6 

PY 
iPY5 

iPY8 
WW 

PB 

DP2 
iDP9 

iDP12 

TH 
iTH29 

iTH30 

TS 
iTS2 
iTS4 

151 C>T (Exon 3) 

371 ins TT (Exon 4) 

508 C>T  (Exon 7) 

Healthy/ 
Control 

Hyder A. (Buz) Jinnah, MD Ph.D (Professor, Neurology) & Mike Zwick, Ph.D (Asso. Professor, Human Genetics) 
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Differential expression analysis 
for sequencing count data 

The methods for differential gene expression analysis from RNA-
Seq can be grouped into parametric & non-parametric.  
 
•  When parametric methods are applied to differential gene 

expression each expression value for a given gene is 
mapped into a particular distribution, such as Normal, 
Poisson or negative binomial.  

•  Non-parametric methods can capture more details about the 
data distribution, i.e., not imposing a rigid model to be fitted. 
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GAUSSIAN 

•  The dispersion in this case is equal to the standard 
deviation 

•  You completely specify this distribution by the mean (µ) 
and the standard deviation (𝜎).  

•  Gaussian (normal) distributions 

•  nice and easy to work with 

•  describe smooth distributions 

•  underlie the t-test (among others) 
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•  The dispersion in this case is equal to the mean (λ) 

•  You completely specify this distribution by the mean  

POISSON DISTRIBUTIONS 

•  Poisson distributions 

•  like a gaussian for non-smooth 
distributions 

•  describes things like stars in a 
small area on the sky 

•  for very large numbers, this 
looks like a gaussian 
distribution  
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•  The dispersion in this case is measured empirically 
from the data   

NEGATIVE BINOMIAL 

•  Negative Binomial distributions 

•  like a poisson but allows the 
variance to be different from 
the mean 

•  often called “over-dispersed” 
poisson distribution 

•  for very large numbers, this 
looks like a gaussian 
distribution 
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§  How do we know? Because, when you measure variance (per 
gene, between replicates), it’s not equal to the mean, and it’s 
not even a good linear fit. 

Anders and Huber, G
enome Biology, 2010) 

RNA-Seq data fits a Negative 
Binomial distribution 

poisson 
negative binomial fit 

Molly Hammell 
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Control Lesch-Nyhan 

FDR < 0.1,  16 Genes 

HPRT1 expression pattern in 
iPSCs 

•  HPRT1 gene expression pattern reveal how iPSCs 
retained a “memory” of their tissue of origin even after 
undergoing reprogramming. 



THANK YOU
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