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Alignment of reads to a reference

ACTGGGTCATCGTACGATCGATCGATCGATCGATCGGCTAGCTARERrence

. ACTGGGTCATCGTACGATCGAGATCGATCGATCEAGCTAGCTA.. Sample




Why Is short read alignment hard?

The shorter a read, the

less likely it is to have a i aamrTATA
unigue match to a s 21 |
reference sequence S ’r
£
& /fl
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Fig. 1 The proportion of unigue sequence in the Streprococens suis
{squares) amd Wous musenfus |rr'i¢|nglvﬁl 2ENOes for '-.'.-u'}-'ing read
lengths. This graph indicates that read length has a critical affect on
the ability o place reads uniquely o the genome



Why do we generate short reads?
ASanger reads lengths360-2000bp

AGenerally we define short reads as anything below 200bp
lllumina (100bpi 250bp)

SoLID (80bpmax)

lon Torrent 200-400bp max...)

Roche 454 400-800bp

AEvenwith these platforms it is cheaper to produce short reads5@bg.
rather than 100 or 200bp reads

ADiminishing returns:
1 For some applicatiorts0bpis more than sufficient
Resequencingf smaller organisms
Bacterial denovo assembly
ChiP-Seq
Digital Gene Expression profiling
Bacterial RNAseq



Short read alignment applications

Genotyping:
Methylation
SNPs
GGTATAC...

|nde| S . CCATAG TATGCGCCC CGG TTT CGGTATAC
...CCAT CTATATGCG TCGEAMATT  CGGTATAC
CCAT GGCTATATG CTATCGGA GCGGTATA
. CCA AGGCTATAT CCTATCGGA TIGCGGIA C... |
...CCA AGGCTATAT GCCCTATCG GCGGT C...
..CC _AGGCTATAT GCCCTATCG [GC ATAC. ..
..CC_TAGGCTATA GCGCCCTA TTTGC GTATAC... |
. .CCATAGGCTATATGCGCCCTATCGGC A.+TITGCGGTATAC. -

Classify and measure peaks
ChlP-Seq
RNA-Seq ' GAAATTTGC |

GGAAATTTG
CGGAAATTT
CGGAAATTT

TCGGAAATT
CTATCGGAAA
CCTATCGGA  TTTGCGGT,
GCCCTATCG AAATTTGC
...CC GCCCTATCG _AAATTTGC ATAC. ..

...CCATAGGCTATATGCGHCCCTATCGGCAATTTGCGGTATAC. ..
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Dot Matrix Method
- Aligning by eye




Sequence Alignment

AT ARG S
AN TEEAN TS

3 possibilities

Match Mismatch Indel
éIA e eCeé e- e
e Aé eCGé eTé



Alignment cost

Points for a matching letter: 1
Points for a nommatching letter: -1

Points for inserting a gap: -2



Global Pair-wise Alignment

ATCGATACG, ATGGATTACG

ATCGATACG
M\'HHHBATTACG

Total score = +5



Dynamic Programming

Globalalignment (NeedlemaWwunscl) algorithm
Examplel align GATC to GAC

0 - G A T

- 0

O >» O




Dynamic Programming

Global alignment (NeedlemaWunsch) algorithm

O >» O

- G A T C

0— 22— 4 —— 6 —— -8
Points for match =+]1
Points for mismatch =1

Points for a gap insertion-2



Dynamic Programming

Global alignment (NeedlemaWunsch) algorithm
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Points for match =+1
Points for mismatch 4

Points for a gap insertion-2



Dynamic Programming

Global alignment (NeedlemaWunsch) algorithm

+1
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+ MATCR _+ GiAP Points for match =+1
+ GAP T Points for mismatch =

Points for a gap insertion-2



Dynamic Programming

Global alignment (NeedlemaWunsch) algorithm

O > O

- G A T C

0 -2 -4 -6 -8

-2 I1

|

4 -1

-6
Points for match =+1
Points for mismatch =1

Points for a gap insertion-2



Dynamic Programming

Global alignment (NeedlemaWunsch) algorithm

- 0 -] -2 -4 -6 -8
G -2 1 <+ -1 4+ -3 4+ 5
A -4 -1 - 0 T -2
12 I —~ =
C -6 -3 0 1 1
Points for match =+1
Points for mismatch 4

Points for a gap insertion-2



Backtracking and final alignment




Dynamic programming

A Guaranteed to give you the best possible
alignment

A In biology, this algorithm is very inefficient
because most sequences will not align to each
other

A Takes a long time to run



BLAST 1
Basic Local Alignment Search Tool



Background 1 BLAST

A Primarily designed to identify homologous sequences
- Blast is a hashed seedtend algorithm

- Functional conservation
- Only some parts of a sequence asaally constrained




BLAST - Original version

Example:

Seed size =4,
No mismatches in seed

The matching word GGTC
Initiates an alignment

Extension to the left and right
with no gaps until alignment
score falls below 50%

Output:
GTAAGGTCC

GTTAGGTCC

ACGAAGTAA

G GT C

CAGT

AN

cccTTCCTGGATTA GCGA




BLAST - Original algorithm

A Finding seeds significantly increases the speed of BLAST
compared to doing a full local alignment over a whole sequence

A BLAST first finds highly conservedr identical sequenceghich
are then extended with a local alignment.




BLAST 1 Speed (or lackthereof)

A Typically BLAST will take approximately 0.1 1 second to search
1 sequence against a database

A Depends on size of databasejaduecutoff and number of hits to
report selected

A 60 million reads equates to 70 CPU days!
A Even on multicore systems this is too long!
A Especially if you have multiple samples!

A This is still true of FPGA and SIMDréctorised implementations
of BLAST



When NOT to useBLAST

A A typical situation: you haviets DNA sequenceand want to
extend it or findvhere on a genome it maps

A In other words, you want agxactor near-exactmatch to a
sequence that is part of arsembled genome

A Short reads require very fast algorithms for finding ree@ct
matches in genomic seguences:

i BLAT

 Highly recommended: the BLAT paper (Kent WJ (20G&nome Res
12:65664)- it is famous for its unorthodox writing style

1 SOAP

1 Bowtie/Bowtie 2
1 MAQ

1 BWA

1 Shrimp2
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Adapting hashed seeextend algorithms to work
with shorter reads

A Improve seed matching sensitivity
1 Allow mismatches within seed

1 BLAST
Allow mismatches + Adopt spacesed approach

1 ELAND, SOAP, MAQ, RMAP, ZOOM
Allow mismatches + Spaceskeds + Multseeds

1 SSAHA2, BLAT, ELAND2
A Above and/or Improve speed of local alignment for seed extension

1 Single Instruction Multiple Data
1 Shrimp2,CLCBIo
I Reduce search space to region around seed



Hashed seeekxtend algorithms

A These are most similar to BLAST
A Are not designed to work with large databases

A 2 step process
1 Identify a match to the seed sequence In the reference

I Extend match using sensitive (but slow) Smith
Waterman algorithm (dynamic programming)



Seedextend algorithm

Reference sequence:

. ACTGGGTCATCGTACGATCGATCGATCGATCGATCGGCTAGCTAGCTA...

Short read:

GTCATCGTAGT CGARAGATCABTCGATCGGCTA

Note that the short read has 1 difference wrt to reference



Seedextend algorithm

Reference sequence:

..ACTGGGTCATCGTACGATCGATCGATCGATCGATCGGCTAGCTAGCTA...

Short read:
GTCATCGTACG ATCGATAGATCG ATCGATCGGCTA

11bp word 11bp word 11bp word

The algorithm will try to match each word to the reference. If there
IS a match at with any single word it will perform a local alignment
to extend the match



Seedextend algorithm

Reference segquence:
Seed Extend with Smith Waterman

..ACTGG GTCATCGTACG GCTAGCTA...
GTCATCGTAQG CGACGATCBTCGATCGGCTA

Short read:

GTCATCGTACG ATCGARAGATCG ATCGATCGGCTA

Here the algorithm is able to match the short read with a word length of
11bp



Seedextend algorithm

Reference sequence:

. ACTGGGTCATCGTACGATCGATCGATCGATCGATCGGCTAGCTAGCTA...

Short read:

GTCATGTACBTCGATGATCARATCGATCGGAA

Note that the short read has 3 differences
Possibly sequencing errors, possibly SNPs



Seedextend algorithm

Reference sequence:

. ACTGGGTCATCGTACGATCGATCGATCGATCGATCGGCTAGCTAGCTA...

Short read:

GTCATGTACG ATCGATGATCG ATCGATCGGAA
11bp word 11bp word 11bp word

Note that the short read has 3 differences



Seedextend algorithm

Reference sequence:

. ACTGGGTCATCGTACGATCGATCGATCGATCGATCGGCTAGCTAGCTA...

Short read:

GTCATGTACG ATCGATGATCG ATCGATCGGAA

No seeds match

Therefore the algorithm would find no hits at all!
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Adapting hashed seeextend algorithms to work
with shorter reads

A Improve seed matching sensitivity
1 Allow mismatches within seed

I BLAST
Allow mismatches + Adopt spaceged approach

1 ELAND, SOAP, MAQ, RMAP, ZOOM
Allow mismatches + Spaceskeds + Multseeds

1 SSAHA2, BLAT, ELAND2
A Above and/or Improve speed of local alignment for seed extension

1 Single Instruction Multiple Data

1 Shrimp2,CLCBIo
I Reduce search space to region around seed



Adapting hashed seeextend algorithms to work
with shorter reads

A Improve seed matching sensitivity
1 Allow mismatches within seed

I BLAST
Allow mismatches + Adopt spacegeed approach

I ELAND, MAQ, RMAP, ZOOM
Allow mismatches + Spaceskeds + Multseeds

1 SSAHA2, BLAT, ELAND2
A Above and/or Improve speed of local alignment for seed extension

1 Single Instruction Multiple Data

1 Shrimp2,CLCBIo
I Reduce search space to region around seed



Consecutive seed

Consecutive seed 9bp with no mismatches:

ACTCCCATCGTCATCGTACTAGGGATCGTAACAReference sequence

CCACTGTCCTCCTACATAGGACGA SNP O6heavy
TCATCGTAC
Cannot find seed match due te&A SNP
T A
CCTOCTAC and G>C SNP

Even allowing for 2 mismatches in
the seed no seeds match.
No hits!



Spaced seeds

To increase sensitivity we can used spasseds:

11111111111 Consecutive seed template wiémgth9bp
ACTAICATCGTABRCAT  Reference
TCATCGTAC Query

11001100110011001  Spaceeseed template wittveight9bp
ACTATCATCGIACACAT Reference
ACTCTCACCGIACACAT Query



Spaced seeds

Spaced seed with weight 9bp and no mismatches:

ACTCCCATTGTCATCGTACTTGGGATCGTAACA Reference seguence

CCACTGTAATCGTABTGGGACR SNP O6heavy

CCATTGTCATCGTACAT

COXXTGCXXATXXTAXXT Despite SNP$ seedmatched with O
mismatches

Can now extend with SmiWaterman or other local alignment



Spaced seeds:

AAs e ed
BLASTOS
similarity

templ at e

Spaced

def aul t

seeds

templ at e

61110100101001120

60111111

ATypically seeds of length ~30bp and allow up to 2 mismatches in shor

read datasets

1

T T T
1101001100101011 11

0.9 -

0.8 -

sensitivity
i i
I L E= [} [=r}
T T

e
—

0
0

Ma, B.

11111111111
LR R B I b QTR

P &

&
/ ’

-

f_.-'__.'
A

0.6
similarity

2 0.3

0.7 0.8 0.9 1

et al. PatternHunter. Bioinformatics Vol 18, No 3, 2002
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Suffix-Prefix Trie

A A family of methods which usesTaie structure to search a reference
sequence

Bowtie
BWA
SOAP version 2

A Triei data structure which stores the suffixes (i.e. ends of a sequen
A Key advantage over hashed algorithms:

Alignment of multiple copies of an identical sequence In the
reference only needs to be done once

Use of an FMIndex to storélrie can drastically reduce memory
requirements (e.g. Human genome can be stored in 2Gb of RAM

Burrows Wheeler Transform to perform fast lookups



Suffix Trie

AGGAGC

Ta
t—F
f

> [
o
<& |

I.*’
N
SRR

=

Heng Li & Nils Homer.
Sequence alignment
algorithms for next
generation sequencing.
@E} Briefings in
Bioinformatics. Vol 11.
No 5. 473 483, 2010




Suffix Trie

Rank: 2 Sacaacg
.. aacg$ac
ajgaacgs$
E]caacg$ —— acg$aca—— gc$aaac
T caacgs$ BWT(T)
cgSacaa "
gsacaac Rank: 2
Burrows-Wheeler
Matrix BWM(T) LF Property
implicitly encodes
* BWT(T) is the index for T Suffix Array

A block sorting lossless data compression algorithm.
Burrows M,Wheeler D] (1994) Digital Equipment Corporation. Technical Report 124



A Encodes data so that it is easier to compress

Burrows-Wheeler Algorithm

A BurrowsWheeler transform of the word BANANA
A Can later be reversed to recover the original word

Input

________________

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

All
Rotations

________________

“BANANA

! NA|“BENA ||
|| ANA|~BAN ||
i NANE|~B&A |
, ANANA|~B |
i BRANANA|~ |

Transformation

Sorting All Rows in Alphabetical
Order by their first letters

|| ANANA|~B
~“BRNANA |
. A|~“BANAN |

ANZ | “BRAN
A| ~BANAN
BANANA | ~
MANA | “BA
NA | “BANA
~BANANA
| ~“BANANA

Taking

—————————————————————————————————————————————————————

ii ENLNA| ~B i
||| ANA|“BEAN |
:i L|“BRNEN
[\ BANANA|~ i)
| HANA|~BA !
|| NA|~BANA !

~BANANA |

~BRANLNE 5

____________________________________________________

Output

Last Column Last Column

________________

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



More Burrows-Wheeler

Input SIX.MIXED.PIXIES.SIFT.SIXTY.PIXIE.DUST.BOXES

BurrowsWheelerOutput TEXYDST.E.IXIXIXXSSMPPS.B..E.S.EUSFXDIIOINIT

Repeated characters mean that it is easier to compress



Bowtie/Soap2 example

Reference

BWT/( Reference )

Query:
AATGATACGGCGACCACCGAGATCTA



Bowtie/Soap2 example

Reference

BWT( Reference )

Query:
AATGATACGGCGACCACCGAGATC@



Bowtie/Soap2 example

Reference

BWT( Reference )

Query:
AATGATACGGCGACCACCGAGATC



Bowtie/Soap2 example

Reference

BWT( Reference )

Query:
AATGATACGGCGACCACCGAGAT@



Bowtie/Soap2 example

Reference

Yoo0w v O oUOUUOOOU O COOWTOGO DOO
0

BWT( Reference )

Query:

ARTGATACGGCGACEACCCACATCTA




Bowtie/Soap2 example

Reference

D "'BSHHHH

BWT/( Reference )

Query:

AATGA'! EEEEEEAC-CAC-C%AEE! E !E'




Bowtie/Soap2 example

Reference
L]

G
BWT( Reference )

Query:

AATGHE ! EEEEEEAC_CAC_C%AEE! E !Ei




Bowtie/Soap2 example

Reference

HTESHHHHk-Hk

BWT( Reference )

Query:

AATGTH! EEEEEEAC_CACEAEE! E !E'




Bowtie/Soap2 example

Reference

A

BWT( Reference )

Query:




Bowtie/Soap2 vs. BWA

ABowtie and Soap2 cannot handle gapped alignments
I No indeldetection => Many false SNP calls

Bowtie/Soap?2:

ACTCCCATTGTCATCGTACTTGGGAKACA Reference

CCATTGTCATCGTACTTGGGAAC
TCATCGTACTTGGGATE

TTGGGATCA
False SNPs

N.B. Bowtie2 can handle gapped alignments



Bowtie/Soap2 vs. BWA

ABowtie and Soap2 cannot handle gapped alignments
I No indeldetection => Many false SNP calls

BWA:

ACTCCCATTGTCATCGTACTTGGGAKACA Reference

CCATTGTCATCGTACTTGGGATA
TCATCGTACTTGGGATTA

TTGGGATCTA

N.B. Bowtie2 can handle gapped alignments



Comparison

Hash referenced spaced seedsSuffix/Prefix Trie

A Requires ~50Gb ahemory A Requires <2Gb ahemory

A Runs 306fold slower A Runs 36fold faster

A 1s much simpler to A Is much more complicated
program to program

A Most sensitive A Least sensitive



There are limits however

With 100bp readsndelsor variable regions longer thard®p are

likely to be missed entirely because reads will not map to the
reference

ACTCCCATTGTCATCGTACTTGGGAKACA Reference

CCATTGTCACCATCTAGTAGETA
TCAACCATCTAGTAGETA

ACCATCTATA



You only find what you are looking for

A What happens if there are SNPs &mdklsin the same region?

Let 0s assume t hat t hhe SNP cal l e

ATGTATGTA
ATGTGTGTA

andtheindel caller produced this call of a 3 base deletion:

ATGTATGTA
ATGT---TA

Should we assume this is a heterozygous SNP opposite a
heterozygousndelor a more complex locus?



Comparison

A Bowtie'sreported 3fold speed increase over hashsed MAQ with
smallloss in sensitivity

A Limitationsto Trie-based approaches:

Only able to find alilgnments W

Bowtie does not do gapped alignmentso indeld

Important to quality clip readsd in BWA)

Non-A/C/G/T bases on readse often treateds mismatches

I Make sure Ns are removed!

Hash based approaches are more suitable for divergent alignments
A Rule of thumb:
I <2% divergence> Trie-based
1 E.g. human alignments
I >2% divergence> seedextend based approach
1 E.g. wild mouse strain alignments



>

75 paired | | 50 paired

50 single

75 single

Precision and recall by amount of variation for 4
datasets, by polymorphism:
(number of SNPs, Indel sizg

(0,0) (1,0) (2,0) (4,0) (0,3) (1,3) 2,3) (4,3)

Program [Prec. Recl. |Prec. Recl. |Prec. Recl. |Prec. Recl.|Prec. Recl. |Prec. Recl. |Prec. Recl. |Prec. Recl.| "0 00 1000 [/ 300 3000
SHRIMP i 4 : - 85.7 ' |

BFAST | 95.4

BWA
Bowtie

SHRIMP
BFAST
BWA
Bowtie

SHRIMP ; 19048 72 89.5/ 953 835 93.0 69.6 83.4 2f
BFAST 93.0 : : .7 50.7| 952 804 928 68.7 89.0 53.5 78.0 24.6
BWA 95.3 79.7 93.0

Bowtie | 952 655 92.1 }

SHRIMP 95,8 95,6 95,5 3.7 0882 79.7 :
BFAST 9519 I 92.1 943 81.6 290.0
BWA 56.4 7

Bowtie

289.0

David M et al. Bioinformatics 2011;27:10111012



Summary of opensource short read alignment program:

Bfast Hashingref

Bowtie* FM-Index Yes No No* Yes Yes
Blat Hashing ref No Yes Yes No No
BWA FM-Index Yes Yes Yes Yes No
MAQ Hashing reads Yes No Yes Yes Yes
Mosaik Hashing ref Yes Yes Yes Yes No
Novoalign  Hashing ref No No Yes Yes Yes
Shrimp2 Hashingref Yes Yes Yes Yes Yes
SOAP2 FM-Index No No No Yes Yes
SSAHA?2 Hashing ref. No No No Yes Yes

HengLi & Nils Homer. Sequence alignment algorithms for ngeheration sequencing.
Briefings in BioinformaticsVol 11. No 5. 473 483010

* Bowtie2 (just released) does support gapped alignments
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Other alignment considerations

Alndel detection

AEffect of pairedend alignments

AUsing base quality to inform alignments

APCR duplicates

AMethylationexperiments$ bisulfite treated reads

AMulti-mappingreads

AAligning splicedreads from RNAsegexperiments
ALocal realignment to improve SNRdel detection
APlatform specific errors

AUnmapped reads



Indel detection

Spaced seed with weight 9bp and no mismatches:

ACTCCCATTGTCAIGTACTTGGGATTAACA Reference sequence

CCATTGTCAGTACTTGGGATCGT Read containing a
\ / deletion
CCATTGTCATCGTACAT
COXXT X XATXXACKXG Seed not matched due to frame shift cau
by gap

No seed match. No alignment!



Indel detection

Reference sequence:

Seed Extend with Smith Waterman
.. ACTGG GTCATCGTACG GCTAGCTA.
GTCATCGTAQCG

Most alignment programs can only detect gaps in
Smith-Waterman phase

once a seed has been identified. Some algorithms (e.g.

Bowtie) do not even allow gaps at this stage

This reduces sensitivity especially with multiple
Insertions in a small region



Indel detection

A Some algorithms do allow gaps within seed

Indel seeds for homology seamBloinformatics (2006) 22(14): e34d4349
doi:10.1093/bioinformatics/btl263

Weese D, Emde AK, Rausch T, et al. Razé&a$t readmapping with
sensitivity control. Genome Res 2009;19: 11836

Rumble SMLacrouteP, DalcaAV, et al. SHRiIMP. accurate mapping of
shortcolor-space read®LoSComputBiol 2009;5:€1000386

A Use of multiple seeds

Especially useful for longer reads (>36bp)

Li R, Li Y, Kristiansen K, et al. SOAP: shastigonucleotidealignment
program. Bioinformatics 2008;24:7148

Jiang H, Wong WHSegMap mapping massive amountatfgonucleotides
to the genome. Bioinformatics 2008;24: 2B65



Paired-end reads are important

Known Distance

/ /

Repetitive DNA

Unique DNA
] ]
Paired read maps uniguely
— ] ]

Single read maps to
multiple positions



Effect of paired-end alignments
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Sequence alignment
algorithms for next
generation sequencing.
Briefings in
Bioinformatics.\Vol 11.
No 5. 473 483, 2010



Effect of coverage on SNP call accuracy

ADepends crucially oploidy

ABacterial genomes can get away with20Xx

AFor human genomes and other diploids3P8 is regarded as
standard

APoly-ploids (e.gwheat) may need much higher coverage

10 - )

- 013
S
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PCR duplicates

A 2nd generation sequencers are not singlmolecule sequencers
1 All have at least one PCR amplification step

1 Can result in duplicate DNA fragments
I This can bias SNP calls or introduce false SNPs

A Generally duplicates only make up a small fraction of the results
I Good libraries have <-3% of duplicates

I SAMtoolsand Picard can identify and remove these when aligne
against a reference genome

I Do NOT do this for RNA an€hlP-seqdata!



PCR duplicates
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Base quality impacts on read mapping
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