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Sequencing techniques

Much of the capacity is used to 

sequence genomes (or exomes) 

of individuals…

… but biology is much more 

than just genomes…



�10Soon et al., Molecular Systems Biology, 2013
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Sequencing Assays



Goal: Genome Annotations

aatgcatgcggctatgctaatgcatgcggctatgctaagctgggatccgatgacaatgcatgcggctatgctaat
gcatgcggctatgcaagctgggatccgatgactatgctaagctgggatccgatgacaatgcatgcggctatgct
aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgcggctatgctaatgaa
tggtcttgggatttaccttggaatatgctaatgcatgcggctatgctaagctgggatccgatgacaatgcatgcg
gctatgctaatgcatgcggctatgcaagctgggatccgatgactatgctaagctgcggctatgctaatgcatgcg
gctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatcct
gcggctatgctaatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgcggct
atgctaatgaatggtcttgggatttaccttggaatatgctaatgcatgcggctatgctaagctgggaatgcatgcg
gctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatccg
atgactatgctaagctgcggctatgctaatgcatgcggctatgctaagctcatgcggctatgctaagctgggaat
gcatgcggctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctg
ggatccgatgactatgctaagctgcggctatgctaatgcatgcggctatgctaagctcggctatgctaatgaatg
gtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgcggctatgctaatgaatggtcttgg
gatttaccttggaatatgctaatgcatgcggctatgctaagctgggaatgcatgcggctatgctaagctgggatc
cgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatccgatgactatgctaagctgcg
gctatgctaatgcatgcggctatgctaagctcatgcgg



aatgcatgcggctatgctaatgcatgcggctatgctaagctgggatccgatgacaatgcatgcggctatgctaat
gcatgcggctatgcaagctgggatccgatgactatgctaagctgggatccgatgacaatgcatgcggctatgct
aatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgcggctatgctaatgaa
tggtcttgggatttaccttggaatatgctaatgcatgcggctatgctaagctgggatccgatgacaatgcatgcg
gctatgctaatgcatgcggctatgcaagctgggatccgatgactatgctaagctgcggctatgctaatgcatgcg
gctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatcct
gcggctatgctaatgaatggtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgcggct
atgctaatgaatggtcttgggatttaccttggaatatgctaatgcatgcggctatgctaagctgggaatgcatgcg
gctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatccg
atgactatgctaagctgcggctatgctaatgcatgcggctatgctaagctcatgcggctatgctaagctgggaat
gcatgcggctatgctaagctgggatccgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctg
ggatccgatgactatgctaagctgcggctatgctaatgcatgcggctatgctaagctcggctatgctaatgaatg
gtcttgggatttaccttggaatgctaagctgggatccgatgacaatgcatgcggctatgctaatgaatggtcttgg
gatttaccttggaatatgctaatgcatgcggctatgctaagctgggaatgcatgcggctatgctaagctgggatc
cgatgacaatgcatgcggctatgctaatgcatgcggctatgcaagctgggatccgatgactatgctaagctgcg
gctatgctaatgcatgcggctatgctaagctcatgcgg

Gene!

Goal: Genome Annotations



Outline

1. Experimental: RNAseq

2. Homology: Alignment to other genomes

3. Prediction: “Gene Finding”



RNA-seq

Gene expression patterns of breast carcinomas distinguish tumor subclasses with clinical implications.
Sørlie et al (2001) PNAS. 98(19):10869-74.



RNA-seq Overview

Sequencing

Mapping 

& Assembly

Quantification



RNA-seq Overview



RNA-seq Overview



RNA-seq Challenges

Challenge 1: Eukaryotic genes are spliced



RNA-Seq Approaches

A survey of best practices for RNA-seq data analysis
Conesa et al  (2016) Genome Biology. doi 10.1186/s13059-016-0881-8



RNA-Seq Approaches

A survey of best practices for RNA-seq data analysis
Conesa et al  (2016) Genome Biology. doi 10.1186/s13059-016-0881-8

Which approach should we use?

It depends….



RNA-seq Challenges

Challenge 1: Eukaryotic genes are spliced
Solution: Use a spliced aligner, and assemble isoforms

TopHat: discovering spliced junctions with RNA-Seq. 
Trapnell et al (2009) Bioinformatics. 25:0 1105-1111

Challenge 2: Read Count != Transcript abundance



RPKM, FPKM, TPM

Counting Reads that align to a gene DOESN’T work!
- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2

- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)



RPKM, FPKM, TPM

Counting Reads that align to a gene DOESN’T work!
- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2

- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)

(Count reads aligned to gene) / (length of gene in kilobases) / (# millions of read mapped)

R
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=> Wait a second, reads in a pair arent independent!



RPKM, FPKM, TPM

Counting Reads that align to a gene DOESN’T work!
- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2

- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)
=> Wait a second, reads in a pair arent independent!

2. FPKM: Fragments Per Kilobase of Exon Per Million Reads Mapped (Trapnell et al, 2010)
Þ Does a much better job with short exons & short genes by boosting coverage

Þ Wait a second, FPKM depends on the average transcript length!



RPKM, FPKM, TPM

Counting Reads that align to a gene DOESN’T work!
- Overall Coverage: 1M reads in experiment 1 vs 10M reads in experiment 2

- Gene Length: gene 3 is 10kbp, gene 4 is 100kbp

1. RPKM: Reads Per Kilobase of Exon Per Million Reads Mapped (Mortazavi et al, 2008)
=> Wait a second, reads in a pair arent independent!

2. FPKM: Fragments Per Kilobase of Exon Per Million Reads Mapped (Trapnell et al, 2010)
=> Wait a second, FPKM depends on the average transcript length!

3. TPM: Transcripts Per Million (Li et al, 2011)
Þ 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

=> Recommend you use TPM for all analysis, easy to compute given FPKM



Gene or Isoform Quantification?

Differential analysis of gene regulation at transcript resolution with RNA-seq
Trapnell et al (2013) Nature Biotechnology 31, 46–53. doi:10.1038/nbt.2450



Gene or Isoform Quantification?

Differential analysis of gene regulation at transcript resolution with RNA-seq
Trapnell et al (2013) Nature Biotechnology 31, 46–53. doi:10.1038/nbt.2450



Gene or Isoform Quantification?

Differential analysis of gene regulation at transcript resolution with RNA-seq
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Gene or Isoform Quantification?

Differential analysis of gene regulation at transcript resolution with RNA-seq
Trapnell et al (2013) Nature Biotechnology 31, 46–53. doi:10.1038/nbt.2450

Key point : The length of the actual molecule from which the fragments 
derive is crucially important to obtaining accurate abundance estimates.



Models for transcript quantification from RNA-seq
Pachter, L (2011) arXiv. 1104.3889 [q-bio.GN]

Multi-mapping? Isoform ambiguity?
Expectation Maximization to the Rescue

The gene has three isoforms (red, green, blue) of the same length. 

Our initial expectation is all 3 isoforms are equally expressed

There are five reads (a,b,c,d,e) mapping to the gene. 

• Read a maps to all three isoforms

• Read d only to red

• Reads b,c,e map to each of the three pairs of isoforms. 

What is the most likely expression level of each isoform?



Models for transcript quantification from RNA-seq
Pachter, L (2011) arXiv. 1104.3889 [q-bio.GN]

Multi-mapping? Isoform ambiguity?
Expectation Maximization to the Rescue

The gene has three isoforms (red, green, blue) of the 

same length. Initially every isoform is assigned the same 

abundance (red=1/3, green=1/3, blue=1/3)

There are five reads (a,b,c,d,e) mapping to the gene. 

Read a maps to all three isoforms, read d only to red, and 

the other three (reads b,c,e) to each of the three pairs of 

isoforms. 

During the expectation (E) step reads are proportionately 

assigned to transcripts according to the (current) isoform 

abundances (RGB): a=(.33,.33,.33), b=(0,.5,.5), c=(.5,.5), 

d=(1,0,0), e=(.5,.5,0) 
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Pachter, L (2011) arXiv. 1104.3889 [q-bio.GN]

Multi-mapping? Isoform ambiguity?
Expectation Maximization to the Rescue

The gene has three isoforms (red, green, blue) of the 
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assigned to transcripts according to the (current) isoform 

abundances (RGB): a=(.33,.33,.33), b=(0,.5,.5), c=(.5,.5), 

d=(1,0,0), e=(.5,.5,0) 

Next, during the maximization (M) step isoform 

abundances are recalculated from the proportionately 

assigned read counts:

red:  0.47 = (0.33 + 0.5 + 1 + 0.5)/(2.33 + 1.33 + 1.33)

blue:   0.27 = (0.33 + 0.5 + 0.5)/(2.33 + 1.33 + 1.33)

green: 0.27 = (0.33 + 0.5 + 0.5)/(2.33 + 1.33 + 1.33)
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Repeat until convergence!
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Outline

1. Experimental: RNAseq
– J Direct evidence for expression!

• Including novel genes within a species

– LTypical tissues only express 25% to 50% of genes
• Many genes are restricted to very particular cell types, 

developmental stages, or stress conditions
• Our knowledge of alternative splicing is very incomplete

– L Can resolve gene structure, but nothing about 
gene function

• Co-expression is sometimes a clue, but often incomplete



Outline

1. Experimental: RNAseq

2. Homology: Alignment to other genomes

3. Prediction: “Gene Finding”



• Rapidly compare a sequence Q to a database to find all 
sequences in the database with an score above some 
cutoff S.
– Which protein is most similar to a newly sequenced one?
– Where does this sequence of DNA originate?

• Speed achieved by using a procedure that typically finds 
�most� matches with scores > S.
– Tradeoff between sensitivity and specificity/speed

• Sensitivity – ability to find all related sequences
• Specificity – ability to reject unrelated sequences

Basic Local Alignment Search Tool

(Altschul et al. 1990)



Seed and Extend
FAKDFLAGGVAAAISKTAVAPIERVKLLLQVQHASKQITADKQYKGIIDCVVRIPKEQGV

FLIDLASGGTAAAVSKTAVAPIERVKLLLQVQDASKAIAVDKRYKGIMDVLIRVPKEQGV

• Homologous sequences are likely to contain a short high scoring 
word pair, a seed.
– Smaller seed sizes make the sense more sensitive, but also (much) slower

– Typically do a fast search for prototypes, but then most sensitive for final 
result

• BLAST then tries to extend high scoring word pairs to compute 
high scoring segment pairs (HSPs).
– Significance of the alignment reported via an e-value



Seed and Extend
FAKDFLAGGVAAAISKTAVAPIERVKLLLQVQHASKQITADKQYKGIIDCVVRIPKEQGV
|  |    | ||| |||||||||||||||||| ||| |  |  |||| |   | ||||||
FLIDLASGGTAAAVSKTAVAPIERVKLLLQVQDASKAIAVDKRYKGIMDVLIRVPKEQGV

• Homologous sequences are likely to contain a short high scoring 
word pair, a seed.
– Smaller seed sizes make the sense more sensitive, but also (much) slower

– Typically do a fast search for prototypes, but then most sensitive for final 
result

• BLAST then tries to extend high scoring word pairs to compute 
high scoring segment pairs (HSPs).
– Significance of the alignment reported via an e-value



BLAST  E-values

E-value = the number of HSPs having alignment score S (or 
higher) expected to occur by chance.
à Smaller E-value, more significant in statistics
à Bigger E-value, less significant
à Over 1.0 means expect this totally by chance 

(not significant at all!)

The expected number of HSPs with the score at least S is :

E = K*n*m*e-λS

K, λ are constant depending on model

n, m are the length of query and sequence
E-values quickly drop off for better alignment bits scores



Genetic Code



Very Similar Sequences

Query: HBA_HUMAN Hemoglobin alpha subunit
Sbjct: HBB_HUMAN Hemoglobin beta subunit

Score =  114 bits (285),  Expect = 1e-26
Identities = 61/145 (42%), Positives = 86/145 (59%), Gaps = 8/145 (5%)

Query  2   LSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF------DLSHGSAQV 55
L+P +K+ V A WGKV  +  E G EAL R+ + +P T+ +F  F      D   G+ +V

Sbjct  3   LTPEEKSAVTALWGKV--NVDEVGGEALGRLLVVYPWTQRFFESFGDLSTPDAVMGNPKV 60

Query  56  KGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLPA 115
K HGKKV  A ++ +AH+D++    + LS+LH  KL VDP NF+LL + L+  LA H   

Sbjct  61  KAHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKLHVDPENFRLLGNVLVCVLAHHFGK 120

Query  116 EFTPAVHASLDKFLASVSTVLTSKY 140
EFTP V A+  K +A V+  L  KY

Sbjct  121 EFTPPVQAAYQKVVAGVANALAHKY 145



Quite Similar Sequences

Query: HBA_HUMAN Hemoglobin alpha subunit
Sbjct: MYG_HUMAN Myoglobin

Score = 51.2 bits (121), Expect = 1e-07, 
Identities = 38/146 (26%), Positives = 58/146 (39%), Gaps = 6/146 (4%)

Query  2  LSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF------DLSHGSAQV  55
LS  +   V   WGKV A    +G E L R+F   P T   F  F      D    S  +

Sbjct  3  LSDGEWQLVLNVWGKVEADIPGHGQEVLIRLFKGHPETLEKFDKFKHLKSEDEMKASEDL  62

Query  56 KGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAHLPA  115
K HG  V  AL   +         +  L+  HA K ++     + +S C++  L +  P 

Sbjct  63 KKHGATVLTALGGILKKKGHHEAEIKPLAQSHATKHKIPVKYLEFISECIIQVLQSKHPG  122

Query  116 EFTPAVHASLDKFLASVSTVLTSKYR  141
+F      +++K L      + S Y+

Sbjct  123 DFGADAQGAMNKALELFRKDMASNYK  148



Not similar sequences

Query: HBA_HUMAN Hemoglobin alpha subunit
Sbjct: SPAC869.02c [Schizosaccharomyces pombe]

Score = 33.1 bits (74),  Expect = 0.24
Identities = 27/95 (28%), Positives = 50/95 (52%), Gaps = 10/95 (10%)

Query  30  ERMFLSFPTTKTYFPHFDLSHGSAQVKGHGKKVADALTNAVAHVDDMPNALSALSDLHAH  89
++M  ++P      P+F+ +H  +      + +A AL N   ++DD+  +LSA  D    

Sbjct  59  QKMLGNYPEV---LPYFNKAHQISL--SQPRILAFALLNYAKNIDDL-TSLSAFMDQIVV 112

Query  90  K---LRVDPVNFKLLSHCLLVTLAAHLPAEF-TPA  120
K   L++   ++ ++ HCLL T+   LP++  TPA

Sbjct  113 KHVGLQIKAEHYPIVGHCLLSTMQELLPSDVATPA  147



Blast Versions

Program Database Query

BLASTN Nucleotide Nucleotide
BLASTP Protein Protein

BLASTX Protein Nucleotide translated 
into protein

TBLASTN Nucleotide translated 
into protein Protein

TBLASTX Nucleotide translated 
into protein

Nucleotide translated 
into protein



NCBI Blast
• Nucleotide Databases

– nr: All Genbank
– refseq: Reference 

organisms
– wgs: All reads

• Protein Databases
– nr: All non-redundant 

sequences
– Refseq: Reference 

proteins 



Outline

2. Homology: Alignment to other genomes
– :-/ Indirect evidence for expression

• Works well for familiar species, but more limited for 
unexplored clades 

• Relatively few false positives, but many false negatives

– J Universal across tissues (and species)
• Proteins often have highly conserved domains, whereas 

genome/transcript may have many mutations (especially 
“wobble” base)

– :-/ Transfer gene function across species
• Reciprocal best blast hit a widely used heuristic
• Often works, but examples where single base change leads 

to opposite function


