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RNA-Seq

• Next-Generation High-Throughput Sequencing of RNA (cDNA)

• Quality control, preprocessing of raw reads

• Assembly (genome, transcriptome, de novo)

• Mapping (reference)

=⇒What now?
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Raw reads in Fastq format

1 # Show first 4 lines of FASTQ file
2 head -4 $FASTQ

1 # Output on terminal should look like:
2 @HISEQ2500 :386: C65KJACXX :6:1101:1547:2249 1:N:0: TGACCA
3 CGGGTGTTTGAGAAAGAAGAGGAAGATGAGGATGAAGACGAGGAGGAGGA
4 +
5 ???D=ADDDHHHFDGGE >EGHGGHG;GCGGEFIEIIGFGGGGI@FHFGA;
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Phred quality score

• is a measure of the quality of the identification of the nucleobases
generated by automated DNA sequencing

• a quality value Q is an integer mapping of P (i.e., the probability that
the corresponding base call is incorrect).

• Q = −10log10P

• P = 10
−Q
10

• e.g.: if Phred assigns a quality score Q of 30 to a base, the chances P
that this base is called incorrectly are 1 in 1000 (0.001%) =⇒ base
call accuracy is 99.9%
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Phred quality score

Phred Quality Score Probability of incorrect call Base accuracy
10 1 in 10 90%
20 1 in 100 99%
30 1 in 1000 99.9%
40 1 in 10 000 99.99%
50 1 in 100 000 99.999%
60 1 in 1 000 000 99.9999%

5 of 41



Phred quality score – ASCII format

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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SAM/BAM

• Sequence Alignment/Map Format

• TAB-delimited text format

• header section (optional) and alignment section

• header lines start with ’@’, alignment lines not

• each alignment line has 11 mandatory fields (mapping position, ...)
and variable number of optional fields for flexible aligner specific
information
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SAM/BAM – Example https://samtools.github.io/hts-specs/SAMv1.pdf

Sequence Alignment/Map Format Specification

The SAM/BAM Format Specification Working Group

18 Nov 2015

The master version of this document can be found at https://github.com/samtools/hts-specs.
This printing is version 354b495 from that repository, last modified on the date shown above.

1 The SAM Format Specification

SAM stands for Sequence Alignment/Map format. It is a TAB-delimited text format consisting of a header
section, which is optional, and an alignment section. If present, the header must be prior to the alignments.
Header lines start with ‘@’, while alignment lines do not. Each alignment line has 11 mandatory fields for
essential alignment information such as mapping position, and variable number of optional fields for flexible
or aligner specific information.

1.1 An example

Suppose we have the following alignment with bases in lower cases clipped from the alignment. Read r001/1

and r001/2 constitute a read pair; r003 is a chimeric read; r004 represents a split alignment.

Coor 12345678901234 5678901234567890123456789012345

ref AGCATGTTAGATAA**GATAGCTGTGCTAGTAGGCAGTCAGCGCCAT

+r001/1 TTAGATAAAGGATA*CTG

+r002 aaaAGATAA*GGATA

+r003 gcctaAGCTAA

+r004 ATAGCT..............TCAGC

-r003 ttagctTAGGC

-r001/2 CAGCGGCAT

The corresponding SAM format is:1

@HD VN:1.5 SO:coordinate

@SQ SN:ref LN:45

r001 99 ref 7 30 8M2I4M1D3M = 37 39 TTAGATAAAGGATACTG *

r002 0 ref 9 30 3S6M1P1I4M * 0 0 AAAAGATAAGGATA *

r003 0 ref 9 30 5S6M * 0 0 GCCTAAGCTAA * SA:Z:ref,29,-,6H5M,17,0;

r004 0 ref 16 30 6M14N5M * 0 0 ATAGCTTCAGC *

r003 2064 ref 29 17 6H5M * 0 0 TAGGC * SA:Z:ref,9,+,5S6M,30,1;

r001 147 ref 37 30 9M = 7 -39 CAGCGGCAT * NM:i:1

1The values in the FLAG column correspond to bitwise flags as follows: 99 = 0x63: first/next is reverse-complemented/
properly aligned/multiple segments; 0: no flags set, thus a mapped single segment; 2064 = 0x810: supplementary/reverse-
complemented; 147 = 0x93: last (second of a pair)/reverse-complemented/properly aligned/multiple segments.
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SAM/BAM – Example https://samtools.github.io/hts-specs/SAMv1.pdf

• mandatory fields

PP Previous @PG-ID. Must match another @PG header’s ID tag. @PG records may be chained using PP

tag, with the last record in the chain having no PP tag. This chain defines the order of programs
that have been applied to the alignment. PP values may be modified when merging SAM files
in order to handle collisions of PG IDs. The first PG record in a chain (i.e. the one referred to
by the PG tag in a SAM record) describes the most recent program that operated on the SAM
record. The next PG record in the chain describes the next most recent program that operated
on the SAM record. The PG ID on a SAM record is not required to refer to the newest PG record
in a chain. It may refer to any PG record in a chain, implying that the SAM record has been
operated on by the program in that PG record, and the program(s) referred to via the PP tag.

DS Description.
VN Program version

@CO One-line text comment. Unordered multiple @CO lines are allowed.

1.4 The alignment section: mandatory fields

In the SAM format, each alignment line typically represents the linear alignment of a segment. Each line
has 11 mandatory fields. These fields always appear in the same order and must be present, but their values
can be ‘0’ or ‘*’ (depending on the field) if the corresponding information is unavailable. The following table
gives an overview of the mandatory fields in the SAM format:

Col Field Type Regexp/Range Brief description

1 QNAME String [!-?A-~]{1,254} Query template NAME
2 FLAG Int [0,216-1] bitwise FLAG
3 RNAME String \*|[!-()+-<>-~][!-~]* Reference sequence NAME
4 POS Int [0,231-1] 1-based leftmost mapping POSition
5 MAPQ Int [0,28-1] MAPping Quality
6 CIGAR String \*|([0-9]+[MIDNSHPX=])+ CIGAR string
7 RNEXT String \*|=|[!-()+-<>-~][!-~]* Ref. name of the mate/next read
8 PNEXT Int [0,231-1] Position of the mate/next read
9 TLEN Int [-231+1,231-1] observed Template LENgth

10 SEQ String \*|[A-Za-z=.]+ segment SEQuence
11 QUAL String [!-~]+ ASCII of Phred-scaled base QUALity+33

1. QNAME: Query template NAME. Reads/segments having identical QNAME are regarded to come from
the same template. A QNAME ‘*’ indicates the information is unavailable. In a SAM file, a read may
occupy multiple alignment lines, when its alignment is chimeric or when multiple mappings are given.

2. FLAG: Combination of bitwise FLAGs.4 Each bit is explained in the following table:

Bit Description

1 0x1 template having multiple segments in sequencing
2 0x2 each segment properly aligned according to the aligner
4 0x4 segment unmapped
8 0x8 next segment in the template unmapped

16 0x10 SEQ being reverse complemented
32 0x20 SEQ of the next segment in the template being reverse complemented
64 0x40 the first segment in the template

128 0x80 the last segment in the template
256 0x100 secondary alignment
512 0x200 not passing filters, such as platform/vendor quality controls

1024 0x400 PCR or optical duplicate
2048 0x800 supplementary alignment

• For each read/contig in a SAM file, it is required that one and only one line associated with the
read satisfies ‘FLAG & 0x900 == 0’. This line is called the primary line of the read.

4The manipulation of bitwise flags is described at Wikipedia (see “Flag field”) and elsewhere.

4
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4

http://broadinstitute.github.io/picard/explain-flags.html
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Measure the amount of reads mapping to a certain feature
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Measure the amount of reads mapping to a certain feature

“Stories from the Supplement”, Genome Informatics Meeting, Dr. Lior
Pachter, UC Berkeley, 11/1/20131

1
https://www.youtube.com/watch?feature=player_detailpage&v=5NiFibnbE8o#t=1831
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RNA-Seq assay
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sequencing

Sequence
Solve inverese

problem
Analyze
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Analysis of the sequencing output

Solve inverese
problem

Fragment
assignment

Density
deconvolution

• For every read, find the target sequence and
position in that target that it origniated from

• After normalizing for non-uniform generation of
reads from target sequences, for every
position in every target sequence estimate
the number of reads that originated there
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Analysis of the sequencing output
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The fragment assignment problem

?

target sequences
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The fragment assignment problem

?

Data:
q q q

unique reads

The read numbers here are 
random!
Repeat the experiment and 
get other numbers!
The pie chart is fuzzy!
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RNA-Seq expression units

Units for quantification of mapped RNA-Seq reads.

• CPM

• RPKM

• FPKM

• TPM
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RNA-Seq expression units

Units for quantification of mapped RNA-Seq reads.

• CPM

• RPKM

• FPKM

• TPM

NONE of these units are comparable across experiments. This is a
result of RNA-Seq being a relative measurement, not an absolute
one.
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Preliminaries

• a read refers to both single-end or paired-end reads
◦ concept of counting is the same with either type of read, as each read

represents a fragment that was sequenced

• a feature refers to a genomic region containing a sequence that can
normally appear in an RNA-Seq experiment
◦ e.g. gene, isoform, exon

• we use Xi to denote the counts we observe from a feature of interest i
◦ note: with alternative splicing you do not directly observe Xi , so often

E[Xi ] is used instead
• (estimated using EM2 algorithm by tools like eXpress, RSEM, Sailfish,

Cufflinks, ...)

2expectation-maximization
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Counts

• “Counts” usually refer to the number of reads that align to a particular
feature (Xi )

• these numbers are heavily dependent on two things:
(1) the amount of fragments sequenced (this is related to relative

abundances)
(2) the length of the feature, or more appropriately, the effective length

• the effective length refers to the number of possible start sites a
feature could have generated a fragment of that particular length:

l̃i = li − µFLD + 1

• where µFLD is the mean of the fragment length distribution
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Since counts are NOT scaled by the length of the feature, all units
in this category are not comparable within a sample without
adjusting for the feature length.

Counts are often used by differential expression methods since
they are naturally represented by a counting model, such as a
negative binomial
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Effective counts

effCountsi = Xi ·
li
l̃i

• idea: if the effective length is much shorter than the actual length, then
in an experiment with no bias you would expect to see more counts

• the effective counts are scaling the observed counts up, e.g.
µFLD = 200:

effCountsi1 = 100 · 2000
1801

= 111.05

effCountsi2 = 100 · 300
101

= 297.03
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Counts per million (CPM)

• CPM mapped reads are counts scaled by the number of fragments we
sequenced N times one million

• as noted in the counts section, the number of fragments you see from
a feature depends on its length

• therefore: to compare features of different length you should normalize
counts by the length of the feature.

CPMi =
Xi
N

106

• CPM is related to RPKM/FPKM without length normalization and a
factor of 103
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Counts per million (CPM), within sample normalization
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RPKM

• Reads per kilobase per million mapped reads (RPKM)

• RPKM is NOT a method, it is simply a unit of expression

• RPKM takes the same rate we will discuss in the TPM section and
instead of dividing it by the sum of rates, divides it by the total number
of reads sequenced (N) and multiplies by a big number (109):

RPKMi =
Xi(

l̃i
103

)(
N

106

) =
Xi

l̃iN
· 109
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RPKM/FPKM

• Fragments per kilobase per million mapped reads (FPKM)

• FPKM is NOT a method, it is simply a unit of expression

• FPKM takes the same rate we will discuss in the TPM section and
instead of dividing it by the sum of rates, divides it by the total number
of reads sequenced (N) and multiplies by a big number (109):

FPKMi =
Xi(

l̃i
103

)(
N

106

) =
Xi

l̃iN
· 109
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Which N to use? “The total number”?

• number of sequenced reads

• number of mapped reads

• number of assigned reads
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Which N to use? “The total number”?

• number of sequenced reads

• number of mapped reads

• number of assigned reads

• within a sample everything will be normalized by the same N

• between samples it is probably more important to just stay consistent
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The problem with FPKM

• FPKM values are experiment specific! FPKM values are not
comparable between experiments!

• go one step back and use a universal proportionality constant like 106

• please use TPM and not FPKM like proposed by the Cufflinks
paper

“In the case of RPKM, the problem originates from the fact that
there is no biological interpretation of the denominator [N], the total
number of reads. It is a variable that characterizes a particular
sequencing run, but does not correspond in any direct way to a
biological variable, ...”

Wagner, Günter P., Koryu Kin, and Vincent J. Lynch. “Measurement of mRNA abundance using RNA-seq data: RPKM measure is
inconsistent among samples.” Theory in Biosciences 131.4 (2012): 281-285.
=⇒ Nice explanation why RPKM is inconsistant among samples: http://blog.nextgenetics.net/?e=51
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Transcripts per million (TPM)

TPMi =
Xi

l̃i
·
(

1∑
j

Xj

l̃j

)
· 106
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Transcripts per million (TPM)

TPMi =
Xi

l̃i
·
(

1∑
j

Xj

l̃j

)
· 106

Instead of normalizing the reads to library size by total tag count division
(N), we should divide by the sum of all length normalized tag counts
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Transcripts per million (TPM)

TPMi =
Xi

l̃i
·
(

1∑
j

Xj

l̃j

)
· 106

• taking the length into consideration: Xi
l̃i

(counts per base)

• this number is also dependent on the total number of fragments
sequenced

• to adjust this, simply divide by the sum of all rates and this gives the
proportion of transcripts i in the sample

• scale by one million because the proportion is often very small
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Transcripts per million (TPM)

TPMi =
Xi

l̃i
·
(

1∑
j

Xj

l̃j

)
· 106

• the interpretation is that if you were to sequence one million full length
transcripts, TPM is the number of transcripts you would have seen of
type i , given the abundances of the other transcripts in your sample
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Relationship between TPM and FPKM

TPMi =

(
FPKMi∑

j
FPKMj

)
· 106
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R example of CPM, TPM, FPKM

www.rna.uni-jena.de/teaching.php
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Comparative analysis of RNA-Seq with DESeq2

Love et al. Genome Biology  (2014) 15:550 
DOI 10.1186/s13059-014-0550-8

METHOD Open Access

Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2
Michael I Love1,2,3, Wolfgang Huber2 and Simon Anders2*

Abstract

In comparative high-throughput sequencing assays, a fundamental task is the analysis of count data, such as read
counts per gene in RNA-seq, for evidence of systematic changes across experimental conditions. Small replicate
numbers, discreteness, large dynamic range and the presence of outliers require a suitable statistical approach. We
present DESeq2, a method for differential analysis of count data, using shrinkage estimation for dispersions and fold
changes to improve stability and interpretability of estimates. This enables a more quantitative analysis focused on the
strength rather than the mere presence of differential expression. The DESeq2 package is available at http://www.
bioconductor.org/packages/release/bioc/html/DESeq2.html.

Background
The rapid adoption of high-throughput sequencing (HTS)
technologies for genomic studies has resulted in a need
for statistical methods to assess quantitative differences
between experiments. An important task here is the anal-
ysis of RNA sequencing (RNA-seq) data with the aim
of finding genes that are differentially expressed across
groups of samples. This task is general: methods for it are
typically also applicable for other comparative HTS assays,
including chromatin immunoprecipitation sequencing,
chromosome conformation capture, or counting observed
taxa in metagenomic studies.
Besides the need to account for the specifics of count

data, such as non-normality and a dependence of the vari-
ance on the mean, a core challenge is the small number
of samples in typical HTS experiments – often as few as
two or three replicates per condition. Inferential methods
that treat each gene separately suffer here from lack of
power, due to the high uncertainty of within-group vari-
ance estimates. In high-throughput assays, this limitation
can be overcome by pooling information across genes,
specifically, by exploiting assumptions about the similarity
of the variances of different genes measured in the same
experiment [1].

*Correspondence: sanders@fs.tum.de
2Genome Biology Unit, European Molecular Biology Laboratory,
Meyerhofstrasse 1, 69117 Heidelberg, Germany
Full list of author information is available at the end of the article

Many methods for differential expression analysis of
RNA-seq data perform such information sharing across
genes for variance (or, equivalently, dispersion) estima-
tion. edgeR [2,3] moderates the dispersion estimate for
each gene toward a common estimate across all genes, or
toward a local estimate from genes with similar expres-
sion strength, using a weighted conditional likelihood.
Our DESeq method [4] detects and corrects dispersion
estimates that are too low throughmodeling of the depen-
dence of the dispersion on the average expression strength
over all samples. BBSeq [5] models the dispersion on
the mean, with the mean absolute deviation of disper-
sion estimates used to reduce the influence of outliers.
DSS [6] uses a Bayesian approach to provide an estimate
for the dispersion for individual genes that accounts for
the heterogeneity of dispersion values for different genes.
baySeq [7] and ShrinkBayes [8] estimate priors for a
Bayesian model over all genes, and then provide posterior
probabilities or false discovery rates (FDRs) for differential
expression.
The most common approach in the comparative anal-

ysis of transcriptomics data is to test the null hypothesis
that the logarithmic fold change (LFC) between treat-
ment and control for a gene’s expression is exactly zero,
i.e., that the gene is not at all affected by the treatment.
Often the goal of differential analysis is to produce a list of
genes passingmultiple-test adjustment, ranked by P value.
However, small changes, even if statistically highly signif-
icant, might not be the most interesting candidates for

© 2014 Love et al.; licensee BioMed Central. This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is properly credited. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.
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Two applications of RNA-Seq data

Discovery

• finde new transcripts

• find transcript boundaries

• find splice junctions

Comparison

• given samples from different experimental conditions, find effects of
the treatment on
◦ gene expression strengths
◦ isoform abundance ratios, splice patterns, transcript boundaries, ...
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Sequencing count data
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Sequencing count data

• count reads, not base-pairs

• count each read at most once
• discard a read if
◦ it cannot be uniquely mapped
◦ its alignment overlaps with several genes
◦ the alignment score is bad
◦ the mates (paired-end reads) do not map to the same gene
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Sequencing count data

We need a good annotation for counting!
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Why discard non-unique alignments?

transcript A transcript B

control condition

treatment condition
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What to do with these counts?

• in principal: we want to calculate a fold change between the
expression level of two genes and how significant this number is
among replicates

• a fold change is simply a ratio between two numbers

• in general, the 2-based-logarithmic fold change is used for differential
gene expression

• another advantage: directly see up- and down-regulated genes
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• a fold change is simply a ratio between two numbers

• in general, the 2-based-logarithmic fold change is used for differential
gene expression

• another advantage: directly see up- and down-regulated genes

#_reads_gene_A1

#_reads_gene_A2
= log2(

3267
866

) = 1.9155

29 of 41



What to do with these counts?

• in principal: we want to calculate a fold change between the
expression level of two genes and how significant this number is
among replicates

• a fold change is simply a ratio between two numbers

• in general, the 2-based-logarithmic fold change is used for differential
gene expression

• another advantage: directly see up- and down-regulated genes

#_reads_gene_X1

#_reads_gene_X2
=

13
231

= 0.05627

29 of 41



What to do with these counts?

• in principal: we want to calculate a fold change between the
expression level of two genes and how significant this number is
among replicates

• a fold change is simply a ratio between two numbers

• in general, the 2-based-logarithmic fold change is used for differential
gene expression

• another advantage: directly see up- and down-regulated genes

#_reads_gene_X1

#_reads_gene_X2
= log2(

13
231

) = −4.1513

29 of 41



Down- and up-regulated genes

#_reads_gene_X1

#_reads_gene_X2
= log2(

13
231

) = −4.1513

#_reads_gene_Z1

#_reads_gene_Z2
= log2(

201
17

) = 3.5635

29 of 41



Significant differential expressed genes (DEGs)
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Normalization for library size

• if sample A has been sequenced deeper than sample B, we expect
counts to be higher for A

• Naive Approach: divide by the toal number of reads per sample

• Problem: genes that are strongly and differentially expressed may
distort the ratio of total reads
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Poisson distribution

• if length of the genome is N, then the probability of the event that a
single read position starts at a single position in the genome is 1

N (very
small)

• if the number of reads is K, the total number of read positions that start
at a single genome position is the number of times that an event with
probability 1

N happens out of K trials
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Poisson distribution

• if length of the genome is N, then the probability of the event that a
single read position starts at a single position in the genome is 1

N (very
small)

• if the number of reads is K, the total number of read positions that start
at a single genome position is the number of times that an event with
probability 1

N happens out of K trials

Take the genome and choose a location at random to produce a
read. This is a Poisson process.
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Poisson distribution

Mapped read depth
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If you plot the depth of sequence along this theoretical genome, it
will be a poisson distribution.
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Poisson distribution

Mapped read depth
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Data from real genomes aren’t exactly poisson, due to biases
related to the composition of the genome, chemistry of sequencing,
assembly errors in the reference genome, and inability to map to
repetitive regions
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RNA-Seq and Poisson distribution

• same is true for RNA-Seq, only instead of a genome, we are choosing
a read from the transcriptome

• more complex: some transcripts are present at higher abundance than
others

• but at the core: still poisson process

• BUT: in the case of RNA-Seq and DEGs we model the distribution of
counts for a given gene across biological replicates

• in real biological applications, there is simply more variability than
Poisson can explain

• more fitting: Negative Binomial Distribution
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Negative Binomial DistributionThe	
  NB	
  from	
  a	
  hierarchical	
  model	
  

Biological sample with 
mean µ and variance v 
 
 
Poisson distribution with  
mean q and variance q. 

 
Negative binomial with  
mean µ and variance q+v. 
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Negative Binomial Distribution

(1) the observed data at gene level is inherently counts or estimated
counts of fragments for each feature

(2) the spread of values among biological replicates is more than given by
a simpler, one parameter distribution, the Poisson; and it seems to be
captured by the NB sufficiently well
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How does DESeq2 normalization work?

• DESeq2 calculates a pseudo-reference sample to normalize each
single sample against

• uses geometric mean:

n
√

x1 · x2 · x3 · x4 · ... · xn
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De novo transcriptome assembly/quantification
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High-throughput mRNA sequencing (RNA-Seq) promises 
simultaneous transcript discovery and abundance estimation1–3. 
However, this would require algorithms that are not restricted 
by prior gene annotations and that account for alternative 
transcription and splicing. Here we introduce such algorithms 
in an open-source software program called Cufflinks. To test 
Cufflinks, we sequenced and analyzed >430 million paired 
75-bp RNA-Seq reads from a mouse myoblast cell line over 
a differentiation time series. We detected 13,692 known 
transcripts and 3,724 previously unannotated ones, 62% of 
which are supported by independent expression data or by 
homologous genes in other species. Over the time series, 330 
genes showed complete switches in the dominant transcription 
start site (TSS) or splice isoform, and we observed more 
subtle shifts in 1,304 other genes. These results suggest that 
Cufflinks can illuminate the substantial regulatory flexibility 
and complexity in even this well-studied model of muscle 
development and that it can improve transcriptome-based 
genome annotation.

Recently, RNA-Seq has revealed tissue-specific alternative splicing4, 
novel genes and transcripts5 and genomic structural variations6. 
Deeply sampled RNA-Seq permits measurement of differential gene 
expression with greater sensitivity than expression7 and tiling8 micro-
arrays. However, the analysis of RNA-Seq data presents major chal-
lenges in transcript assembly and abundance estimation, arising from 
the ambiguous assignment of reads to isoforms8–10.

In earlier RNA-Seq experiments conducted by some of us, we esti-
mated the relative expression for each gene as the fraction of reads 
mapping to its exons after normalizing for gene length11. We did not 
attempt to allocate reads to specific alternate isoforms, although we 
found ample evidence that multiple splice and promoter isoforms are 
often coexpressed in a given tissue2. This raised biological questions 
about how the different forms are distributed across cell types and 
physiological states. In addition, our prior methods relied on anno-
tated gene models that, even in mouse, are incomplete. Longer reads 

(75 bp in this work versus 25 bp in our previous work) and pairs of 
reads from both ends of each RNA fragment can reduce uncertainty 
in assigning reads to alternative splice variants12. To produce use-
ful transcript-level abundance estimates from paired-end RNA-Seq 
data, we developed a new algorithm that can identify complete novel 
transcripts and probabilistically assign reads to isoforms.

For our initial demonstration of Cufflinks, we performed a time 
course of paired-end 75-bp RNA-Seq on a well-studied model of 
skeletal muscle development, the C2C12 mouse myoblast cell line13 
(see Online Methods). Regulated RNA expression of key transcrip-
tion factors drives myogenesis, and the execution of the differentia-
tion process involves changes in expression of hundreds of genes14,15. 
Previous studies have not measured global transcript isoform expres-
sion; however, there are well-documented expression changes at the 
whole-gene level for a set of marker genes in this system. We aimed to 
establish the prevalence of differential promoter use and differential  
splicing, because such data could reveal much about the model sys-
tem’s regulatory behavior. A gene with isoforms that code for the 
same protein may be subject to complex regulation to maintain a 
certain level of output in the face of changes in expression of its 
transcription factors. Alternatively, genes with isoforms that encode  
different proteins could be functionally specialized for different cell 
types or states. By analyzing changes in the relative abundances of 
transcripts produced by the alternative splicing of a single primary 
transcript, we hoped to infer the effects of post-transcriptional  
processing (for example, splicing) on RNA output separately from 
rates of primary transcription. Such analysis could identify key 
genes in the system and suggest experiments to establish how they 
are regulated.

We first mapped sequenced fragments to the mouse genome using 
an improved version of TopHat16, which can align reads across splice 
junctions without relying on gene annotation (Supplementary 
Methods, section 2). A fragment corresponds to a single cDNA 
molecule, which can be represented by a pair of reads from each 
end. Out of 215 million fragments, 171 million (79%) mapped to 
the genome, and 46 million spanned at least one putative splice 
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Cufflinks

• Transcriptome assembly and differential expression analysis for
RNA-Seq

• Cufflinks is both the name of a suite of tools and a program within that
suite. Cufflinks the program assembles transcriptomes from
RNA-Seq data and quantifies their expression
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Cufflinks RNA-Seq workflow
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Cufflinks de novo and with annotation

• Cufflinks can be used with a supplied reference annotation in GFF
format to guide the assembly
◦ -g/--GTF-guide <reference_annotation.(gtf/gff)>

• Output will include all reference transcripts as well as any novel genes
and isoforms that are assembled
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Overview of Cufflinks
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junction (Supplementary Table 1). Of the splice junctions spanned 
by fragment alignments, 70% were present in transcripts annotated 
by the UCSC, Ensembl or VEGA groups (known genes).

To recover the minimal set of transcripts supported by our frag-
ment alignments, we designed a comparative transcriptome assem-
bly algorithm. Expressed sequence tag (EST) assemblers such as 
PASA introduced the idea of collapsing alignments to transcripts 
on the basis of splicing compatibility17, and Dilworth’s theorem18 
has been used to assemble a parsimonious set of haplotypes from 
virus population sequencing reads19. Cufflinks extends these ideas, 
reducing the transcript assembly problem to finding a maximum 
matching in a weighted4 bipartite graph that represents com-
patibilities17 among fragments (Fig. 1a–c and Supplementary 
Methods, section 4). Noncoding RNAs20 and microRNAs21 have 
been reported to regulate cell differentiation and development, and 
coding genes are known to produce noncoding isoforms as a means 
of regulating protein levels through nonsense-mediated decay22. 
For these biologically motivated reasons, the assembler does not 
require that assembled transcripts contain an open reading frame 
(ORF). As Cufflinks does not make use of existing gene annotations 

during assembly, we validated the transcripts by first comparing 
individual time point assemblies to existing annotations.

We recovered a total of 13,692 known isoforms and 12,712 new iso-
forms of known genes. We estimate that 77% of the reads originated 
from previously known transcripts (Supplementary Table 2). Of the 
new isoforms, 7,395 (58%) contain novel splice junctions, with the 
remainder being novel combinations of known splicing outcomes; 
11,712 (92%) have an ORF, 8,752 of which end at an annotated stop 
codon. Although we sequenced deeply by current standards, 73% of 
the moderately abundant transcripts (15–30 expected fragments per 
kilobase of transcript per million fragments mapped, abbreviated 
FPKM; see below for further explanation) detected at the 60-h time 
point with three lanes of GAII transcriptome sequencing were fully 
recovered with just a single lane. Because distinguishing a full-length 
transcript from a partially assembled fragment is difficult, we con-
servatively excluded from further analyses the novel isoforms that 
were unique to a single time point. Out of the new isoforms, 3,724 
were present in multiple time points, and 581 were present at all 
time points; 6,518 (51%) of the new isoforms and 2,316 (62%) of 
the multiple time point novel isoforms were tiled by high-identity 
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Figure 1  Overview of Cufflinks. (a) The algorithm takes as input cDNA 
fragment sequences that have been aligned to the genome by software 
capable of producing spliced alignments, such as TopHat. (b–e) With 
paired-end RNA-Seq, Cufflinks treats each pair of fragment reads as 
a single alignment. The algorithm assembles overlapping ‘bundles’ of 
fragment alignments (b,c) separately, which reduces running time and 
memory use, because each bundle typically contains the fragments from 
no more than a few genes. Cufflinks then estimates the abundances of 
the assembled transcripts (d,e). The first step in fragment assembly is 
to identify pairs of ‘incompatible’ fragments that must have originated 
from distinct spliced mRNA isoforms (b). Fragments are connected in an 
‘overlap graph’ when they are compatible and their alignments overlap 
in the genome. Each fragment has one node in the graph, and an edge, 
directed from left to right along the genome, is placed between each 
pair of compatible fragments. In this example, the yellow, blue and red 
fragments must have originated from separate isoforms, but any other 
fragment could have come from the same transcript as one of these 
three. Isoforms are then assembled from the overlap graph (c). Paths 
through the graph correspond to sets of mutually compatible fragments 
that could be merged into complete isoforms. The overlap graph here can 
be minimally ‘covered’ by three paths (shaded in yellow, blue and red), 
each representing a different isoform. Dilworth’s Theorem states that 
the number of mutually incompatible reads is the same as the minimum 
number of transcripts needed to ‘explain’ all the fragments. Cufflinks 
implements a proof of Dilworth’s Theorem that produces a minimal set 
of paths that cover all the fragments in the overlap graph by finding the 
largest set of reads with the property that no two could have originated 
from the same isoform. Next, transcript abundance is estimated  
(d). Fragments are matched (denoted here using color) to the transcripts 
from which they could have originated. The violet fragment could have 
originated from the blue or red isoform. Gray fragments could have come 
from any of the three shown. Cufflinks estimates transcript abundances 
using a statistical model in which the probability of observing each 
fragment is a linear function of the abundances of the transcripts from 
which it could have originated. Because only the ends of each fragment 
are sequenced, the length of each may be unknown. Assigning a fragment 
to different isoforms often implies a different length for it. Cufflinks 
incorporates the distribution of fragment lengths to help assign fragments 
to isoforms. For example, the violet fragment would be much longer, and 
very improbable according to the Cufflinks model, if it were to come from 
the red isoform instead of the blue isoform. Last, the program numerically 
maximizes a function that assigns a likelihood to all possible sets of 
relative abundances of the yellow, red and blue isoforms (γ1,γ2,γ3)  
(e), producing the abundances that best explain the observed fragments, 
shown as a pie chart.
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junction (Supplementary Table 1). Of the splice junctions spanned 
by fragment alignments, 70% were present in transcripts annotated 
by the UCSC, Ensembl or VEGA groups (known genes).

To recover the minimal set of transcripts supported by our frag-
ment alignments, we designed a comparative transcriptome assem-
bly algorithm. Expressed sequence tag (EST) assemblers such as 
PASA introduced the idea of collapsing alignments to transcripts 
on the basis of splicing compatibility17, and Dilworth’s theorem18 
has been used to assemble a parsimonious set of haplotypes from 
virus population sequencing reads19. Cufflinks extends these ideas, 
reducing the transcript assembly problem to finding a maximum 
matching in a weighted4 bipartite graph that represents com-
patibilities17 among fragments (Fig. 1a–c and Supplementary 
Methods, section 4). Noncoding RNAs20 and microRNAs21 have 
been reported to regulate cell differentiation and development, and 
coding genes are known to produce noncoding isoforms as a means 
of regulating protein levels through nonsense-mediated decay22. 
For these biologically motivated reasons, the assembler does not 
require that assembled transcripts contain an open reading frame 
(ORF). As Cufflinks does not make use of existing gene annotations 

during assembly, we validated the transcripts by first comparing 
individual time point assemblies to existing annotations.

We recovered a total of 13,692 known isoforms and 12,712 new iso-
forms of known genes. We estimate that 77% of the reads originated 
from previously known transcripts (Supplementary Table 2). Of the 
new isoforms, 7,395 (58%) contain novel splice junctions, with the 
remainder being novel combinations of known splicing outcomes; 
11,712 (92%) have an ORF, 8,752 of which end at an annotated stop 
codon. Although we sequenced deeply by current standards, 73% of 
the moderately abundant transcripts (15–30 expected fragments per 
kilobase of transcript per million fragments mapped, abbreviated 
FPKM; see below for further explanation) detected at the 60-h time 
point with three lanes of GAII transcriptome sequencing were fully 
recovered with just a single lane. Because distinguishing a full-length 
transcript from a partially assembled fragment is difficult, we con-
servatively excluded from further analyses the novel isoforms that 
were unique to a single time point. Out of the new isoforms, 3,724 
were present in multiple time points, and 581 were present at all 
time points; 6,518 (51%) of the new isoforms and 2,316 (62%) of 
the multiple time point novel isoforms were tiled by high-identity 
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Figure 1  Overview of Cufflinks. (a) The algorithm takes as input cDNA 
fragment sequences that have been aligned to the genome by software 
capable of producing spliced alignments, such as TopHat. (b–e) With 
paired-end RNA-Seq, Cufflinks treats each pair of fragment reads as 
a single alignment. The algorithm assembles overlapping ‘bundles’ of 
fragment alignments (b,c) separately, which reduces running time and 
memory use, because each bundle typically contains the fragments from 
no more than a few genes. Cufflinks then estimates the abundances of 
the assembled transcripts (d,e). The first step in fragment assembly is 
to identify pairs of ‘incompatible’ fragments that must have originated 
from distinct spliced mRNA isoforms (b). Fragments are connected in an 
‘overlap graph’ when they are compatible and their alignments overlap 
in the genome. Each fragment has one node in the graph, and an edge, 
directed from left to right along the genome, is placed between each 
pair of compatible fragments. In this example, the yellow, blue and red 
fragments must have originated from separate isoforms, but any other 
fragment could have come from the same transcript as one of these 
three. Isoforms are then assembled from the overlap graph (c). Paths 
through the graph correspond to sets of mutually compatible fragments 
that could be merged into complete isoforms. The overlap graph here can 
be minimally ‘covered’ by three paths (shaded in yellow, blue and red), 
each representing a different isoform. Dilworth’s Theorem states that 
the number of mutually incompatible reads is the same as the minimum 
number of transcripts needed to ‘explain’ all the fragments. Cufflinks 
implements a proof of Dilworth’s Theorem that produces a minimal set 
of paths that cover all the fragments in the overlap graph by finding the 
largest set of reads with the property that no two could have originated 
from the same isoform. Next, transcript abundance is estimated  
(d). Fragments are matched (denoted here using color) to the transcripts 
from which they could have originated. The violet fragment could have 
originated from the blue or red isoform. Gray fragments could have come 
from any of the three shown. Cufflinks estimates transcript abundances 
using a statistical model in which the probability of observing each 
fragment is a linear function of the abundances of the transcripts from 
which it could have originated. Because only the ends of each fragment 
are sequenced, the length of each may be unknown. Assigning a fragment 
to different isoforms often implies a different length for it. Cufflinks 
incorporates the distribution of fragment lengths to help assign fragments 
to isoforms. For example, the violet fragment would be much longer, and 
very improbable according to the Cufflinks model, if it were to come from 
the red isoform instead of the blue isoform. Last, the program numerically 
maximizes a function that assigns a likelihood to all possible sets of 
relative abundances of the yellow, red and blue isoforms (γ1,γ2,γ3)  
(e), producing the abundances that best explain the observed fragments, 
shown as a pie chart.
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junction (Supplementary Table 1). Of the splice junctions spanned 
by fragment alignments, 70% were present in transcripts annotated 
by the UCSC, Ensembl or VEGA groups (known genes).

To recover the minimal set of transcripts supported by our frag-
ment alignments, we designed a comparative transcriptome assem-
bly algorithm. Expressed sequence tag (EST) assemblers such as 
PASA introduced the idea of collapsing alignments to transcripts 
on the basis of splicing compatibility17, and Dilworth’s theorem18 
has been used to assemble a parsimonious set of haplotypes from 
virus population sequencing reads19. Cufflinks extends these ideas, 
reducing the transcript assembly problem to finding a maximum 
matching in a weighted4 bipartite graph that represents com-
patibilities17 among fragments (Fig. 1a–c and Supplementary 
Methods, section 4). Noncoding RNAs20 and microRNAs21 have 
been reported to regulate cell differentiation and development, and 
coding genes are known to produce noncoding isoforms as a means 
of regulating protein levels through nonsense-mediated decay22. 
For these biologically motivated reasons, the assembler does not 
require that assembled transcripts contain an open reading frame 
(ORF). As Cufflinks does not make use of existing gene annotations 

during assembly, we validated the transcripts by first comparing 
individual time point assemblies to existing annotations.

We recovered a total of 13,692 known isoforms and 12,712 new iso-
forms of known genes. We estimate that 77% of the reads originated 
from previously known transcripts (Supplementary Table 2). Of the 
new isoforms, 7,395 (58%) contain novel splice junctions, with the 
remainder being novel combinations of known splicing outcomes; 
11,712 (92%) have an ORF, 8,752 of which end at an annotated stop 
codon. Although we sequenced deeply by current standards, 73% of 
the moderately abundant transcripts (15–30 expected fragments per 
kilobase of transcript per million fragments mapped, abbreviated 
FPKM; see below for further explanation) detected at the 60-h time 
point with three lanes of GAII transcriptome sequencing were fully 
recovered with just a single lane. Because distinguishing a full-length 
transcript from a partially assembled fragment is difficult, we con-
servatively excluded from further analyses the novel isoforms that 
were unique to a single time point. Out of the new isoforms, 3,724 
were present in multiple time points, and 581 were present at all 
time points; 6,518 (51%) of the new isoforms and 2,316 (62%) of 
the multiple time point novel isoforms were tiled by high-identity 
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Figure 1  Overview of Cufflinks. (a) The algorithm takes as input cDNA 
fragment sequences that have been aligned to the genome by software 
capable of producing spliced alignments, such as TopHat. (b–e) With 
paired-end RNA-Seq, Cufflinks treats each pair of fragment reads as 
a single alignment. The algorithm assembles overlapping ‘bundles’ of 
fragment alignments (b,c) separately, which reduces running time and 
memory use, because each bundle typically contains the fragments from 
no more than a few genes. Cufflinks then estimates the abundances of 
the assembled transcripts (d,e). The first step in fragment assembly is 
to identify pairs of ‘incompatible’ fragments that must have originated 
from distinct spliced mRNA isoforms (b). Fragments are connected in an 
‘overlap graph’ when they are compatible and their alignments overlap 
in the genome. Each fragment has one node in the graph, and an edge, 
directed from left to right along the genome, is placed between each 
pair of compatible fragments. In this example, the yellow, blue and red 
fragments must have originated from separate isoforms, but any other 
fragment could have come from the same transcript as one of these 
three. Isoforms are then assembled from the overlap graph (c). Paths 
through the graph correspond to sets of mutually compatible fragments 
that could be merged into complete isoforms. The overlap graph here can 
be minimally ‘covered’ by three paths (shaded in yellow, blue and red), 
each representing a different isoform. Dilworth’s Theorem states that 
the number of mutually incompatible reads is the same as the minimum 
number of transcripts needed to ‘explain’ all the fragments. Cufflinks 
implements a proof of Dilworth’s Theorem that produces a minimal set 
of paths that cover all the fragments in the overlap graph by finding the 
largest set of reads with the property that no two could have originated 
from the same isoform. Next, transcript abundance is estimated  
(d). Fragments are matched (denoted here using color) to the transcripts 
from which they could have originated. The violet fragment could have 
originated from the blue or red isoform. Gray fragments could have come 
from any of the three shown. Cufflinks estimates transcript abundances 
using a statistical model in which the probability of observing each 
fragment is a linear function of the abundances of the transcripts from 
which it could have originated. Because only the ends of each fragment 
are sequenced, the length of each may be unknown. Assigning a fragment 
to different isoforms often implies a different length for it. Cufflinks 
incorporates the distribution of fragment lengths to help assign fragments 
to isoforms. For example, the violet fragment would be much longer, and 
very improbable according to the Cufflinks model, if it were to come from 
the red isoform instead of the blue isoform. Last, the program numerically 
maximizes a function that assigns a likelihood to all possible sets of 
relative abundances of the yellow, red and blue isoforms (γ1,γ2,γ3)  
(e), producing the abundances that best explain the observed fragments, 
shown as a pie chart.
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junction (Supplementary Table 1). Of the splice junctions spanned 
by fragment alignments, 70% were present in transcripts annotated 
by the UCSC, Ensembl or VEGA groups (known genes).

To recover the minimal set of transcripts supported by our frag-
ment alignments, we designed a comparative transcriptome assem-
bly algorithm. Expressed sequence tag (EST) assemblers such as 
PASA introduced the idea of collapsing alignments to transcripts 
on the basis of splicing compatibility17, and Dilworth’s theorem18 
has been used to assemble a parsimonious set of haplotypes from 
virus population sequencing reads19. Cufflinks extends these ideas, 
reducing the transcript assembly problem to finding a maximum 
matching in a weighted4 bipartite graph that represents com-
patibilities17 among fragments (Fig. 1a–c and Supplementary 
Methods, section 4). Noncoding RNAs20 and microRNAs21 have 
been reported to regulate cell differentiation and development, and 
coding genes are known to produce noncoding isoforms as a means 
of regulating protein levels through nonsense-mediated decay22. 
For these biologically motivated reasons, the assembler does not 
require that assembled transcripts contain an open reading frame 
(ORF). As Cufflinks does not make use of existing gene annotations 

during assembly, we validated the transcripts by first comparing 
individual time point assemblies to existing annotations.

We recovered a total of 13,692 known isoforms and 12,712 new iso-
forms of known genes. We estimate that 77% of the reads originated 
from previously known transcripts (Supplementary Table 2). Of the 
new isoforms, 7,395 (58%) contain novel splice junctions, with the 
remainder being novel combinations of known splicing outcomes; 
11,712 (92%) have an ORF, 8,752 of which end at an annotated stop 
codon. Although we sequenced deeply by current standards, 73% of 
the moderately abundant transcripts (15–30 expected fragments per 
kilobase of transcript per million fragments mapped, abbreviated 
FPKM; see below for further explanation) detected at the 60-h time 
point with three lanes of GAII transcriptome sequencing were fully 
recovered with just a single lane. Because distinguishing a full-length 
transcript from a partially assembled fragment is difficult, we con-
servatively excluded from further analyses the novel isoforms that 
were unique to a single time point. Out of the new isoforms, 3,724 
were present in multiple time points, and 581 were present at all 
time points; 6,518 (51%) of the new isoforms and 2,316 (62%) of 
the multiple time point novel isoforms were tiled by high-identity 
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Figure 1  Overview of Cufflinks. (a) The algorithm takes as input cDNA 
fragment sequences that have been aligned to the genome by software 
capable of producing spliced alignments, such as TopHat. (b–e) With 
paired-end RNA-Seq, Cufflinks treats each pair of fragment reads as 
a single alignment. The algorithm assembles overlapping ‘bundles’ of 
fragment alignments (b,c) separately, which reduces running time and 
memory use, because each bundle typically contains the fragments from 
no more than a few genes. Cufflinks then estimates the abundances of 
the assembled transcripts (d,e). The first step in fragment assembly is 
to identify pairs of ‘incompatible’ fragments that must have originated 
from distinct spliced mRNA isoforms (b). Fragments are connected in an 
‘overlap graph’ when they are compatible and their alignments overlap 
in the genome. Each fragment has one node in the graph, and an edge, 
directed from left to right along the genome, is placed between each 
pair of compatible fragments. In this example, the yellow, blue and red 
fragments must have originated from separate isoforms, but any other 
fragment could have come from the same transcript as one of these 
three. Isoforms are then assembled from the overlap graph (c). Paths 
through the graph correspond to sets of mutually compatible fragments 
that could be merged into complete isoforms. The overlap graph here can 
be minimally ‘covered’ by three paths (shaded in yellow, blue and red), 
each representing a different isoform. Dilworth’s Theorem states that 
the number of mutually incompatible reads is the same as the minimum 
number of transcripts needed to ‘explain’ all the fragments. Cufflinks 
implements a proof of Dilworth’s Theorem that produces a minimal set 
of paths that cover all the fragments in the overlap graph by finding the 
largest set of reads with the property that no two could have originated 
from the same isoform. Next, transcript abundance is estimated  
(d). Fragments are matched (denoted here using color) to the transcripts 
from which they could have originated. The violet fragment could have 
originated from the blue or red isoform. Gray fragments could have come 
from any of the three shown. Cufflinks estimates transcript abundances 
using a statistical model in which the probability of observing each 
fragment is a linear function of the abundances of the transcripts from 
which it could have originated. Because only the ends of each fragment 
are sequenced, the length of each may be unknown. Assigning a fragment 
to different isoforms often implies a different length for it. Cufflinks 
incorporates the distribution of fragment lengths to help assign fragments 
to isoforms. For example, the violet fragment would be much longer, and 
very improbable according to the Cufflinks model, if it were to come from 
the red isoform instead of the blue isoform. Last, the program numerically 
maximizes a function that assigns a likelihood to all possible sets of 
relative abundances of the yellow, red and blue isoforms (γ1,γ2,γ3)  
(e), producing the abundances that best explain the observed fragments, 
shown as a pie chart.
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