
Sequence data analysis I 



IL6
[-9.991 - 31]

[0 - 0.86]

[0 - 0.86]

[0 - 0.86]

[0 - 0.86]

[0 - 0.86]

[0 - 8.17]

[0 - 11]

[0 - 11]

[0 - 13]

[0 - 15]

[0 - 11]

[0 - 3.98]

[0 - 3.27]

[0 - 4.14]

[0 - 7.81]

[0 - 3.50]

[0 - 125]

[0 - 125]

[0 - 125]

[0 - 125]

[0 - 125]

[0 - 125]

[0 - 125]

[0 - 125]

[0 - 125]

omega_10

F33_Unstim_ATAC

F33_LPS+30m_ATAC

F33_LPS+2h_ATAC

F33_LPS+4h_ATAC

F33_LPS+6h_ATAC

F33_Unstim_H3K27ac

F33_Lps+30m_H3K27ac

F33_Lps+1h_H3K27ac

F33_Lps+2h_H3K27ac

F33_Lps+4h_H3K27ac

F33_Lps+6h_H3K27ac

F33_Unstim_H3K4me3

F33_Lps+30m_H3K4me3

F33_Lps+2h_H3K4me3

F33_Lps+4h_H3K4me3

F33_Lps+6h_H3K4me3

D09_Unstim_RNA

D01_Unstim_RNA

D09_Lps+1h_RNA

D01_Lps+1h_RNA

D09_Lps+2h_RNA

D01_Lps+2h_RNA

D09_Lps+4h_RNA

D01_Lps+4h_RNA

D09_Lps+6h_RNA

138 kb



•  Cells use signaling cascades to process information from their environment.  

•  A typical cascade involves a extracellular receptor that triggers a transcriptional 
response  

•  What is the effect of the loss of function of a cellular component? 

•  Map the function of a gene by measuring its impact on transcriptional output. 

Gene expression as a readout of cell state 



Case II: Fat diet makes you fat… 



Why? Why not to everyone? 

Nutrients 2014, 6 131 
 
with greater expression of the carcinogenic glucose regulated protein 78/binding immunoglobulin 

protein (GRP78/BiP) that is overexpressed in human HCC [115]. Activation of the PERK and IRE1 

pathways can promote NF-κB mediated pro-inflammatory response, whereas PERK-signaling in 

tumors can promote cellular growth through activation of Akt [116–118]. ER stress can also 

exacerbate lipid accumulation by activating lipogenesis through SREBP-1c [119], creating a vicious 

cycle to sustain the pro-inflammatory state. 

Figure 2. Mechanisms of intra-hepatic perturbations in non-alcoholic fatty liver disease 

(NAFLD) progression. Increase in dietary lipids elevates triglyceride (TAG) and cholesterol 

delivery to the liver by chylomicrons (CM) and CM remnants (Rem.). Excess TAG is 

stored in the liver and can promote hepatic steatosis. TAG repackaging involves generation 

of fatty acids (FAs) and ceramide. Accumulation of ceramide can disrupt mitochondrial 

function and induce reactive oxygen species (ROS) production, which subsequently leads 

to hepatic inflammation. Excess hepatic long-chain FA (LCFA) can undergo ω-oxidation 

in the endoplasmic reticulum (ER), and result in generation of ROS. ROS production can 

also be stimulated by cytochrome (CYP) P450 enzyme activation. Elevated dietary sugars 

can stimulate de novo lipogenesis (DNL) to generate FA, and stimulate ER stress-mediated 

unfolded protein response (UPR), leading to hepatic inflammation. ATF6α, activating 

transcription factor 6α; CE, cholesterol esters; GI, gastrointestinal; IRE1α, inositol 

requiring 1α; LPL, lipoprotein lipase; PERK, PKR-like ER kinase. 

 

2.2.3. ROS and CYP-P450 Enzymes 

FA oxidation occurs within mitochondria, peroxisomes and the ER [93,94]. β-Oxidation that occurs in 

the mitochondria is effective in generating cellular energy, and maintaining lipid homeostasis [93,94]. 
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Figure 3. Hepatic JNK Suppresses the PPARa Pathway and Fatty Acid Oxidation
(A) Fgf21 mRNA expression by primary hepatocytes obtained from LWT, LD1, LD2, and LD1,2 mice was measured by quantitative RT-PCR assays (mean ± SEM;

n = 6; **p < 0.01, ***p < 0.001).

(B and C) Heatmap representation of RNA-seq analysis of hepatic genes in overnight fasted HFD-fedmice with the expression profile LD1 < LWT < LD2 < LD1,2. The

genes are displayed with lowest expression (top) to highest expression (bottom) in LD1 liver. Gene Ontology analysis of these genes is presented (C).

(D–F) Seahorse XF24 analysis was performed using primary hepatocytes isolated from LWT and LD1,2 mice. Mitochondrial oxygen consumption rate (OCR) in the

presence of 200mMpalmitate and BSA, 15mMglucose, or 1 mM pyruvate and 10mM lactate (D). Glucose production rate per mg protein in the presence of 1mM

pyruvate and 10mM lactate (E). Lactate production by LWT and LD1,2 hepatocytes (incubated with 15mM glucose) and the effect of treatment of LWT hepatocytes

with 15 mM 2-deoxyglucose (2DG) or 100 nM rotenone (Rot; F). The data presented are the mean ± SEM; n = 10-15; *p < 0.05; **p < 0.01; ***p < 0.001.

(legend continued on next page)
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Figure S3.  Analysis of hepatic genes differentially regulated by high fat diet in 

control and liver-specific JNK-deficient mice, Related to Figure 3.   

 

(A)  RNA-seq analysis was performed on three independent libraries prepared from control and 

liver-specific JNK-deficient mice fed a chow diet or a HFD (16 wks) and starved overnight.  



How do we do this? 



Sequenced	
reads	cells	

sequencer	

cDNA	

genome	

read	
coverage	

Alignment	

Measuring gene expression by sequencing 



•  Goal: quantifying nucleic acid species in a sample 

•  Collected nucleic acids – al mixed up 

•  Sheared it into roughly equally large pieces – al mixed up 

•  Added adapters so that we can read the pieces in the sequencer 

•  We sequence a small fraction (70 bases) of the pieces 

•  Objective: Given the 70 bases read from each piece, can we determine:  

•  what nucleic acids were sequenced were there to begin with? 

•   in what proportion? 

•  Strategy: Try to find the place were the 70 base read originated by finding 
the best place were it matches the genome 

•  Difficulties: 

•  The genome is large! 

•  The genome is complicated – lots of repetitive sequence 

Lets pause for a moment and look at what we are doing 



Our typical RNA quantification pipeline 

Upload	your		
sequence	data	(fastq)	 Make	report	of	quality	metrics	

Align	to	the	ribosome	(BowBe)	 Output	ribosomal	contaminaBon	
metrics	report	

Align	remaining	reads	to	
genome	(TopHat)		or	
transcriptome	(RSEM)	

Produce	RNA-Seq	report	
%	aligned,	%	intergenic,	%	exonic,	
%	UTR	

Produce	IGV/UCSC	friendly	files	

QuanBfy	transcriptome	 Produce	a	table	with	normalized	
expression	values	

Call	differenBally	expressed	
genes		

(if	mulBple	samples)	

Report	pairwise	significant	genes	
that	are	differenBally	expressed	



Alignment requires pre-processing 

Upload	your		
sequence	data	(fastq)	 Make	report	of	quality	metrics	

Align	to	the	ribosome	(BowBe)	 Output	ribosomal	contaminaBon	
metrics	report	

Align	remaining	reads	to	
genome	(TopHat)		or	
transcriptome	(RSEM)	

bowtie2-build -f mm10.fa mm10

rsem-prepare-reference \
--gtf ucsc.gtf --transcript-to-gene-map ucsc_into_genesymbol.rsem \
mm10.fa mm10.rsem



Why do we create an “index” of the genome? 

ACTTGACCTACTNGGACCCT

AAAATCAAATCGTTTTTATTTGAATGGGAAAGAAGATTAAGGGTTTGAAAAAATAGGGACAAAAATTTGAATTTATTTTTTTTGAACTCTATAGAAAACTG
GGGAAACTGTTTTTCTTCAACGAACCCTACATTTTATATGCTGAATTAGTTATAAACCAATTTCTTTGAAAATTTTCACAAACTAACTGTTTTCCAATAAC
TGGGTGGGATTAAATATATATTCACAATGTGATTAGGAATTTTCATAAATATACACGATTTGGTGTAAATCTCATTTTGCGATACAAGTTAGGAGAACTAC
TTTTAACTCCAGAATTAAATAATTCCGAAAATTATTTCACAACTTCTTGATGTTCGTTATTTATCAGCAGCATTTTTCCAAGTATAGTCCGGATATTCAGA
CATTACAGAATAACTATAGGAGCGAGTTCTTCAACAAAAAATTCCAGTTCAATCCAAATTAAACAGTAATAAATTATATAATTTTTCTAAATTTTTTATGA
TCTCCTTTTTTTGTTTCAAGGTCACTTTTTCTACAAAAAGAAACATAATTTGTTTTAATTTTCTAGAAAATGTTTCAATAAAGTTAAAAATTAATTAGGAT
TTTTTTGTTTTTTTTTGTTTTCGGCTGTGATAAATTGGTTTTCTGTTTTTAAAAAATAATTTTATACGTATTTGGTGAAATACTTAAAATTACCTAATTTA
AACTTTTTTTTTCAGAAAACTAGAAAACTGTTCTGAGATTTTGGGCAAAAACCCGACAGAAATTTTTCAATTTTTCTGTGATTAAAAAAAATTTATTTTTT
TTACACAAAATTTTGTAGGAACTTCATTTGTTACAATTTTGTCACTTTGAAATTTTTCGAAAATTATTCCGTTCTCAAAATTCCAATTACTTCCATATTTT
TCTCTTTTTCCAAAGCTCTCTTTTAAGATTACATTAATATCTGAAAATAAATGAATAAGAAAATCAAAAATTCCTATTAGTACCACGCACTTTTTTGTTCC
TTCTTCCGTCATTCTTTCCTTCTTCGTTTGACTCCGCCTATTCTCTAAGCTCCACCCACTTTTGCTCATGGAGCACCCTCTGGCATCACTTAGATAAAGAG
GGGGTCTTGAGCTGAAGACTCTGGATAATCGGATTTTTTTAGTAATATGGATTTTAGTAATAACTGATTAAATTATGGTATTAGTTTTTCTGTTCCAATTA
ATTTTTTTATTACTTATTTTTGAAAATATTCATAAACCTAGAGTCTTCTAATTTTATGTTATTAAAAATTCAGACTTTTTTTGAAATTTTCACTTTCAATT
TTTTGATTTTAAATTTTCTGAAGACTAAAATATTTAAAAAATTATTTACTTCAACTTTTTTTAAAATTTAAAATGCTTTTTCAAAATTCCGAACATTTTTT
ACAACTTAAAAAACTTATTCAATTCTAAAATGTTTAATAAAGTTTCAGGAAAATAAAAAATGCTGGGACTCGTTTGCAAAATACTCGTTGTGCTCTGCTTG
TCTGTGCTCTGCCTCACAGTCTCAGCTGCTCCAGGTCAGTTTTTTTCCGTTGTTTTGAAGTTTTTGAGATACTGTAACAGTGGTTTTAAGTGTGTCTGGAA
GTTTTGAATTTCAAAAACTCGATTTTTTTTGGAAACTTGAAAAAAAAATCTTTTGAAACTCTTAAAATTAAAATCTACTAATTCAGAACTCCCAGTTTATA
TTTAGAATACAAATTTGCTCAACATTTTCTTTAAAGGAAAGATGGACGGAATTTTAATTTGCACCAAATGTCTTTTTTTCGGTTGACTCATTCACTAAAGT
CGAGGGGGAACTTTCAAAATATTGGTTAAATTTTAAAAACACTACGACTGAAAATCTTTTTGCAAAAGTCTTTTTTGTAAACAATTTTTCAGAAAGAAACC
ATAAATTTCGTTATTATCTAATTTTGCGAAAACTGAGATTTTGTTAGTAAACGAAAAAAAAAATTATGATACAATTCAGAAAATTTTTAAGTAAAATTTTT
TAATTAAACAAAAATTACCTTTTTTTTATTTCTGAAATTTCAGTCAACTTTGCTACCGTAGTCACTTTTACGTAAACACTCAGATATGTTAGTACTTTTTT
CTTCCGAATAAGGCAAAAATTGAAAATTCTAAGAATCTCGGAACGGAACGAGAATTTTCTAACATTTAAATATTTCATGATTTTTTTGCGTCGTGTTTTTT
CGTAAGAATTTTCTAACAAGAAAATTGAGGTGAGTAATGTTTTTCTGCCAATCACCTTGTCACTTTTTTTAGCTGTAGGTTTTTTTGTGAATTTTTCTTCT
GAAAATCTTCAACATTTGCGCTTTTTTTGATTATTTTTTTGAACAAATAAGAAATTGTTTCGTCTCAAATTTTTTTACAGAAAAATAAAAAAAAAAAGTTA
TTTAGACATTTGTTTTATATTTAAAAAAATATTTCCGCTGCAAACGAAAGGCGGAAATGTTTTTTTTTTGATAATTTGTGACGTCACATCACATTTCGAGT
AATTGGGTTTCAATGTGATTTTCGTGACATTTTTTTATAATTTTTCAAACAACTTTCTCATGATTATTTATAAAATTGATATTTCCCCGAAATTCTAAATT
TAGCAAGATGCCACGAAAATTTTTTTGAAAAATAATAAACAATTTCCCGAAAATCCACACAAAATTTGTCTGTAGAACCTGAAATATTTGTCAAAAACAAA
AAAAAAATCCACATAGAATTTTAACCCAATTTCTCTTTCAGGACTCTTCGAGCTGCCGTCCCGTTCCGTACGGCTGATCCGTTCGGATCCGTCGGCCTACG
ATGGATATGAGAACAGTTTCTACCGGGGATATGGTTCCGACAATCAGCAATTCCGATTCAATTCTCCTCAAAATTGGTAATTTCAGTGGAGGAGCAAAGCT
ACAAGAACGAATTCTGATAATTTATAAAATTTTGCAAAATGAGAGAATTATTTGTCGTCGCCGCTAATAAATCGTTTTTACATGTTTTTAAAATGTTTTTA
GAATAAAATTTAAAAATTTTTTATTGGACTAAAAAATTTCAGTCAATTTCAGCGGGTTTATGACAAAAGTCCGAGAAAAAATGAATAAAAAGTGGTGCGAT
TTTAACAAACAAAAAAAACACGAACAAAATAAATAGGTAATATACAACAAAAACTTTTTTTCGGCGCCAAAACAATCATCGTTCCAAATCTTTTCCCGATT
TTCCCTTATTCTTCGGCATTTTCTTGTTCGTCGCGTCTTCCAGTTCTCGACCCTGGAATAAAATTGTTAAATTAAAAATTTCGGGTATTTTTTCTACTTTT



Why do we create an “index” of the genome? 





Trapnell,	Salzberg,	Nature	Biotechnology	2009	



Spaced seed alignment – Hashing the genome 

G:		accgattgactgaatggccttaaggggtcctagttgcgagacacatgctgaccgtgggattgaatg…… 

accg attg **** ****  
accg **** actg **** 
accg **** **** aatg 

**** attg actg **** 
**** attg **** aatg 
**** **** actg aatg 

0	
0	

0,45	
0	
0	
0	

1	
1	
1	
1	
1	
1	

ccga ttga **** ****  
ccga **** ctga **** 
ccga **** **** atgg 

**** ttga ctga **** 
**** ttga **** atgg 
**** **** ctga atgg 

Store	spaced	seed	posiBons	



Spaced seed alignment – Mapping reads 

G:		accgattgactgaatggccttaaggggtcctagttgcgagacacatgctgaccgtgggattgaatg…… 

q:		accg atag accg aatg accg attg **** ****  
accg **** actg **** 
accg **** **** aatg 

**** attg actg **** 
**** attg **** aatg 
**** **** actg aatg 

0	
0	

0,45	
0	
0	
0	

1	
1	
1	
1	
1	
1	

ccga ttga **** ****  
ccga **** ctga **** 
ccga **** **** atgg 

**** ttga ctga **** 
**** ttga **** atgg 
**** **** ctga atgg 

✕	

✓	
✕	

✕	
✕	
✕	

✕	
✕	

✕	
✕	
✕	

✕	

accgattgactgaatg	 accgtgggattgaatg	

2	missmatches	 5	missmatches	

Report	posiBon	0		

qMS = −10 log10 P(read is wrongly mapped)
But,	how	confident	are	we	in	the	placement?	



•  Once loaded onto memory, they can process thousands of reads/second 

•  Different aligners offer different advantages: 

•  Sensitivity to variability (aligning to highly variable organisms) 

•  Speed 

•  Memory 

•  Specificity (at some cost of sensitivity) 

•  It is NOT a solved problem 

•  You really do not know which region was sequenced you only know what 
is the best match to the reference.  

•  There could be sequencing errors 

•  Variability 

•  Non unique alignments 

Read alignment rely on a dictionary 
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Table 1. The most frequently used NGS platforms *. 

Platform Name 
Illumina HiSeq 

2500 
Ion Torrent-

Proton II 
PacBio RS II 

OxFord Nanopore 
Minion 

Instrument 
 

Cost (USD) ** 690 k 224 k 695 k 1 k *** 

Reagent cost Per 
run/per GB 

4126/45.84 1000/20.41 100/1111.11 900/1000 

Reads per run 300 millions 280 millions 0.03 millions 0.1 millions 
Average Read 

length 
2 × 150 bp 175 bp 14,000 bp 9,000 bp 

Run time 10 h 5 h 2 h 6 h 
Major errors substitution indel indel deletion 

Error rate (%) 0.1 1 1 4 
Amplification bridgePCR emPCR none, SMS none, SMS 

Advantage 
low cost per GB; 

high output 
low cost 

long reads; no 
amplification bias 

long reads; no 
amplification bias 

Disadvantage high cost 
homopolymer 

errors 
low throughput;  

high cost 
high error rate 

* Sources: http://www.molecularecologist.com/next-gen-fieldguide-2014/ and websites of the companies;  
** Sources: http://www.molecularecologist.com/next-gen-table-3a-2014/; 
*** Accessing fee. Sources: https://www.nanoporetech.com/products-services/minion-mki. 

Table 2. Alignment algorithms and software tools. 

Name Website Reference Remark 

SOAP * soap.genomics.org.cn [32–35] k-mer inexact match seed; support at most 3 
mismatches; GPU calculation supported 

CUSHAW $ cushaw3.sourceforge.net/home
page.htm#downloads [36–39] k-mer inexact match, maximal exact match 

and hybrid seeds; GPU supported 

Bowtie & bowtie-bio.sourceforge.net [40,41] k-mer inexact match seed; high speed; 
double-index; up to 3 mismatches 

BWA bio-bwa.sourceforge.net [42,43] k-mer inexact match and maximal exact 
match seed 

GASSST www.irisa.fr/symbiose/projects/
gassst/ [44] k-mer exact match seed; it currently has 

been tested for reads up to 500 bp 

GNUMAP dna.cs.byu.edu/gnumap/ [45] k-mer exact match seed; probabilistically 
mapping reads to repeat regions 

MOSAIK gkno.me/pipelines.html#mosaik [46] k-mer exact match seed 

NextGenMap cibiv.github.io/NextGenMap/ [47] q-gramq-gram filter; GPU calculation 
supported 

QPALMA www.raetschlab.org/suppl/qpal
ma [48] k-mer inexact match; incorporate read 

quality score and splice site 

RMAP rulai.cshl.edu/rmap/ [49,50] k-mer inexact match seed; 10 mismatches 
allowed; incorporate read quality score 

Segemehl www.bioinf.uni-
leipzig.de/Software/segemehl/ [51] k-mer inexact match seed; enhanced suffix 

arrays 

SeqMap www-personal.umich.edu/ 
~jianghui/seqmap/ [52] k-mer inexact match; support windows, 

linux, Mac OS 

Short read aligners 

PharmaceuBcs	2015,	7,	523-541;	doi:10.3390/pharmaceuBcs7040523		
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Table 2. Cont. 

Name Website Reference Remark 

Stampy www.well.ox.ac.uk/project-
stampy [53] k-mer inexact match; support up to 30 bp 

indels in paired-end reads alignment 

Cloudburst sourceforge.net/projects/cloudb
urst-bio/ [54] Highly sensitive read mapping with 

MapReduce. 

drFAST drfast.sourceforge.net/ [55] k-mer inexact match; specially designed for 
better delineation of structural variants 

BFAST sourceforge.net/projects/bfast/ [56] k-mer spaced seeds 

MAQ maq.sourceforge.net [57] k-mer spaced seeds; incorporate quality 
scores of reads in alignment 

MOM go.vcu.edu/mom [58] k-mer spaced seeds; unlimited mismatches 
in the 3′ and 5′ flanking regions. 

PASS pass.cribi.unipd.it [59] k-mer spaced seeds; implemented in C++ 
and supported on Linux and Windows 

PerM code.google.com/p/perm/ [60] k-mer spaced seeds; 9 mismatches are 
allowed 

SHRiMP2 compbio.cs.toronto.edu/shrimp/ [61,62] combined k-mer spaced seeds and  
q-gram filter 

ZOOM www.bioinfor.com/zoom/gener
al/overview.html [63] k-mer spaced seeds; tolerate 2 mismatches 

by default 
BarraCUDA seqbarracuda.sourceforge.net/ [64] Incorporate GPU to speed up BWA 

GEM gemlibrary.sourceforge.net/ [65] q-gram filter 

MPSCAN www.atgc-
montpellier.fr/mpscan/ [66] q-gram filter; support Windows, linux, Mac 

OS 

ERNE iga-rna.sourceforge.net/ [67] long gap support; Works on Windows, Mac 
OS X, linux 

SARUMAN www.cebitec.uni-bielefeld.de/ 
brf/saruman/saruman.html [68] k-mer inexact matched seed; support GPU 

calculation 
LAST last.cbrc.jp/ [69] adaptive seed 

Genalice 
MAP 

www.genalice.com/product/gen
alice-map/ NA cloud calculation; High sensitivity for SNPs 

and long INDELS 

Novoalign www.novocraft.com/ NA support up to 7 and 16 mismatches in 
single-end and pair-end reads. 

PRIMEX bioinformatics.cribi.unipd.it/pri
mex [70] k-mer inexact match seed; written in C++; 

lookup table and server functionality 

SOCS solidsoftwaretools.com/gf/proje
ct/socs/ [71] good at align CpG methylation-enriched 

reads 

SToRM bioinfo.lifl.fr/yass/iedera_solid/
storm/ [72] doesn’t support pair-end reads 

iSAAC https://github.com/sequencing/i
saac_aligner [73] k-mer inexact match seed; high speed 

RazerS www.seqan.de/projects/razers/ [74] q-gram filter; support Windows, linux, Mac 
OS X 

SSAHA2 www.sanger.ac.uk/resources/so
ftware/ssaha2/ [75] k-mer inexact match seed; support various 

output formats 
UGENE ugene.unipro.ru/ [76] works on Windows, linux and Mac OS X 

* Include SOAP, SOAP2, SOAP3 and SOAP3-dp; $ Include CUSHAW (k-mer inexact match seed), 
CUSHAW2 (maximal exact match seed) and CUSHAW3 (hybrid seeds); & Include Bowtie and Bowtie2. 
NA: commercial software, no reference available. 

PharmaceuBcs	2015,	7,	523-541;	doi:10.3390/pharmaceuBcs7040523		
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Challenges:	
•  Genes	exist	at	many	different	expression	levels,	spanning	several	orders	of	

magnitude.		
•  Reads	originate	from	both	mature	mRNA	(exons)	and	immature	mRNA	

(introns)	and	it	can	be	problemaBc	to	disBnguish	between	them.		
•  Reads	are	short	and	genes	can	have	many	isoforms	making	it	challenging	to	

determine	which	isoform	produced	each	read.	

The RNA-Seq alignment problem 



Mapping RNA-Seq reads: Exon-first spliced alignment (e.g. 
TopHat) 



The Broad Institute of MIT and Harvard 
The Broad Institute of MIT and Harvard 

The Broad Institute of MIT and Harvard 

A	desktop	applicaBon		

	for	the	visualizaBon	and	interacBve	exploraBon	

	 	of	genomic	data	

IGV: Integrative Genomics Viewer 

Microarrays	
Epigenomics	

RNA-Seq	
NGS	alignments	

Compara:ve	genomics	



Visualizing read alignments with IGV — RNASeq 

Gap	between	reads	spanning	exons	Strand	specific	library!	



Visualizing read alignments with IGV — zooming out 

RNASeq

K4me3 ChIPSeq

PolII ChIPSeq

Cebeb ChIPSeq
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Or to troubleshoot 



A library satisfying assumptions 1 & 2 

E(# fg) = #reads *θg * lg 
fg	=	Fragment	from	gene	(transcript)	g
θg	=	FracBon	of	gene	g	in	sample	
lg		=	(effecBve)	length	of	gene	g


