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Resequencing:
A Different(-1sh) Use Case

. ... CATTCAGTAG ...
DNA Sequencmg .. AGCCATTAG ..

e » GGTAGTITAG . .. GGTAAACTAG

. TATAATTAG .. .. CGTACCTAG ..

Genomic millions-billions of reads
DNA ~30-1000 nucleotides

Resequencing _~ \_ De novo assembly

Align reads to reference Construct genome sequence
genome and identify variants from overlaps between reads

Raphael (2012) PLoS Comp Biol



Resequencing:

A Different(-1sh) Use Case

Map short sequences to a (generally very similar)
reference sequence, typically at the genomaic level

Resequencing _~~

Align reads to reference
genome and identify variants

Raphael (2012) PLoS Comp Biol



Contrasting Cases

‘MEGABLAST: Somewhat similar sequences

 BLAST: Remote homology — lots of sequence
differences, possibly a lot of gaps too

*PSI-BLAST / hidden Markov models: Super remote
homology

*Mapping: Very similar, few to no differences / gaps



RARE GENETIC VARIANTS IN HEALTH AND DISEASE
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The human genome holds an extraordinary trove of information about human development, physiology, medicine and evolution.
Here we report the results of an international collaboration to produce and make freely available a draft sequence of the human
genome. We also present an initial analysis of the data, describing some of the insights that can be gleaned from the sequence.
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The Critical Question

*How can we exploit the high expected degree of
similarity to accelerate the search?

* Key considerations:

* DNA 1s a four-letter alphabet, there will be lots of
redundant sequences 1n the genome

* We can use approaches that treat mismatches and gaps
less efficiently than dynamic programming



Preliminaries: strings

Offsets Substring Terminator

S<-AGGCCTA AGCGCTA AGCGCTA



Preliminaries: strings

Prefixes Suffixes

AGCGCTAS AGCGCTAS



Naive Searching

Find places where pattern P occurs as a substring of text T.
Each such place is an occurrence or match.

Letn=|P|,andletm=|T| Assumen<m

Alignment: a way of putting P’s characters opposite T's.
May or may not correspond to an match.

P: word

T: There would havef beegn a time for such a gwordg

Alignment 1: word: Alignment 2: iword:
‘ ' 10




Naive Searching

P: word

T: There would have been a time for such a word
word word word word word word word word word
word word word word word word word word ‘\\One
word word word word word word word word occurrence
word word word word word word word wonrd
word word word word word word word wonrd

Try all possible alignments. For each, check if it matches.
This is the naive algorithm.

Not good: back to m - n + 1 possible matches or ~4™ with gaps!
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Skip fruitless alignments: Boyer-Moore

P: word
I: There would have been a time for such a word

extending to
U doesn’t occur in P, so skip next two alignments R YOS AT
matching is
P: word awkward.

[: There would have been a time for such a word

12



Scaling 1n genome size will not work!

P: word
I: There would have been a time for such a word

Read mapping:
- Many short reads

As m & n grow, # characters comparisons grows with... (small n) VS. .
- Large genome (big m).

- Multiple matches
Naive matching Boyer Moore possible

n |T|=
Can we use some
Besticase m m/n indexing tricks to scale in
n rather than m?

[Pl =




K-mer Indexing

Index of T Reference indexed once and O(1)
CGTGC: lookup

GCGTG:
GTGCC:

GTGCT: BUT:

TGCCT: - K-mers shorter than reads

(RGN - Extensions requires many

lookups (neighbourhood

]e:;{numeratiof{l) or expensive DP
: - Repetitive K-mers mean

ILCGT MC TT many candidates

- Index doesn’t easily capture
context (adjacent K-mers)

P-GCGTGC

14



Let’s trie a different way
of Indexing a genome



Trees 1n Computer Science

Leaf nodes

16



A trie 1s a special type of tree

Keys: instant, internal, internet

Value

] 1
el 2
eme] 3

Smallest tree such that:

Each edge is labeled with a characterce 2

For given node, at most one child edge
has label ¢, forany ce 2

Each key is “spelled out”along some path
starting at root

17



A trie 1s a special type of tree

Keys: instant, internal, internet

Value

] 1
el 2
eme] 3

Smallest tree such that:

Each edge is labeled with a characterce 2

For given node, at most one child edge
has label ¢, forany ce 2

Each key is “spelled out”along some path
starting at root
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A trie 1s a special type of tree

Keys: instant, internal, internet

Value

] 1
el 2
eme] 3

Smallest tree such that:

Each edge is labeled with a characterce 2
For given node, at most one child edge X
has label ¢, forany ce 2 @ |©

Each key is “spelled out”along some path @ @
starting at root

19



Suffix trie: trie containing all suffixes

T aba$

Each path from root to leaf represents
a suffix; each suffix 1s represented by
some path from root to leaf




Suffix trie: trie containing all suffixes

T = abaaba$

Shortest
(non-empty)

Each path from root to leaf represents a
suffix: each suffix is represented by some
path from root to leaf

@ Longest suffix

21



Why? Search and count in O(|S|)

T = abaaba$ T = abaaba$




But Suffix Trie ~O(m? / 2) space

T = abaaba$

%
[0}
O
o}
c
o
=
=
=
£
>
7
+*

100 200 300 400

Length prefix over which suffix trie was built

23



Compressing a Suffix Trie into a Tree

Idea 1: Coalesce non-branching paths
into a single edge with a string label

Reduces # nodes, edges,
guarantees non-leaf nodes have >1 child

24



Compressing a Suffix Trie into a Tree

T = abaaba$

Storing suffix
strings still
memory
Intensive

25



Storing locations instead of strings

Idea 2: Store T itself in addition to the tree. Convert tree’s
edge labels to (offset, length) pairs with respect to T.

T =abaaba$ /Ci\
0, 1) 1

(1,2

26



Liabel leaves with offsets

Uy
©
QO
©
©
Q
©
Il
~

T = abaaba$

27



Retain the same operations

Suffix Trie ~ O(m?/2) space
Suffix Tree ~ O(m) space!

BUT... don’t forget constant factors! -
MUMmer = 15.76 bytes per nt occurrences o
+ k)

Time: Report k n
locations of P

Suffix tree of human genome will still
be >45GB (or larger depending on -
exact data structures underlying

suffix tree nodes/edges)

m=|T|, n=|P|, k=#occurrencesof Pin T




From suffix trees to sutfix arrays

Idx Suffixes SA-ldX¥ Idx Sorted Suffix

0 BANANAS

1 ANANAS

Every suffix, sorted lexicographically
($ 1s smallest)
Index value remains the same!

29



What 1s the point of this?

We now have a compressed representation
CUIETUD COE LR UM R Y where lexicographically similar strings are

0 BANANAS 6 5 adjacent to one another
ANANAS | 5 AS

3 ANAS . . L.
MANAS All suffixes that start with “A” are at positions

0 BANANAS 1 to 3 (because the first position 1s numbered

4 NAS 0) in the suffix array
2 NANAS

AS

S
Suffix Array [6,5, 3, 1,(0, 4, 2]

0
1
.
ANAS ¥ 3 |1 ANANAS
4
5
6

1
2
3
4 NAS
5
6

So if we're searching for “A” we only need to
look at this consecutive block of rows!

Still O(m) space BUT much reduced constant factor ~4 bytes/base * 3bn bp = 12 GB.
Suffix tree is >45 GB. %0



Does my sequence match?

Search “ANA” against the suffix array

Idx Suffixes SA-ldx ldx Sorted Suffix

6 . . . 19 99
0 BANANAS > Binary search to find first “ANA
1 ANANAS 2 A

2 NANAS [ )
£
3 ANAS _ ANANAS
4 NAS 0 BANANAS Progress to last “ANA”
5 AS 4 NAS
6:9 2 NANAS

Suffix Array [6, 5,3, 1,0, 4, 2]

There are two matches of “ANA” in “BANANA”
They start at positions 3 and 1

Naive: O(n log m), Skipping: O(n + log m) - smaller but slower than suffix array!

31



BUT... still a large index
and 1nexact matching (not
covered) 1s a bit painful!

Want something smaller than suffix array but with query
time of suffix tree (and can handle inexact matches)

32



Burrows-Wheeler Transtorm

All Rotations Sort Rotations Take last column
BANANAS A
\

N

B

BANANASS BANANAS

A

A

$<a<b<n BWT (BANANAS) = ANNBSAA



Why Do Such a Ridiculous Thing?

F L

SBANANA
ASBANAN
ANASBAN
ANANASB
BANANAS
NASBANA
NANASBA

If we're doing string searching, we need
to explore different rows of the matrix

The end of one row should point to the
row that starts with the
in the string. This 1s LF

mapping

34



Why Do Such a Ridiculous Thing?

F L

SBANANA

ASBANAN  The first “*” in L is also the first “” in
ANASBAN  F

ANANASB

BANANAS

NASBANA

NANASBA



Why Do Such a Ridiculous Thing?

F L

SBANANA

ASBANAN  The first “N” in L is also the first “N” in
ANASBAN  F

ANANASB

BANANAS

NASBANA

NANASBA



LF-Mapping allows reversal of BWT

== =2 x> > > WU
> >3m0 22>



LF-Mapping allows reversal of BWT

T=BANANAS

=== > >0
> >0V =2 =2 >

BWT(T)=ANNBS$AA
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LF-Mapping allows reversal of BWT

S A T=BANANA$
A /N
A \
A B
B S
\ A
\ A

BWT(T)=ANNBS$AA
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LF-Mapping allows reversal of BWT

S A T=BANANA$
A /N
A \
A B
B S
\ A
\ A

BWT(T)=ANNBS$AA



LF-Mapping allows reversal of BWT

A T=BANANA$

=== > >0
> U o

BWT(T)=ANNBS$AA



LF-Mapping allows reversal of BWT

T=BANANA
=t $
/
A \
A B
B S
\ A
\ A

BWT(T)=ANNBS$AA



LF-Mapping allows reversal of BWT

A T=-BANANA$
f\/N
.\ /? N
.\ \ B
B S
N A
N A

BWT(T)=ANNBS$AA



Searching BWM for a string

Look for range of rows of BWM(T) with P as prefix

Start with shortest suffix, then match successively longer suffixes

P=aba

Easy to find all the
rows beginning with a

44



Searching BWM for a string

We have rows beginning with @, now we want rows beginning with ba

pP=aba

E
$

ao

. | <= Look at those rows in L. ai
bo, b1 are bs occuring just to left. a>

as

Use LF Mapping. Let new
—
range delimit those bs

Now we have the rows with prefix ba

45



Searching BWM for a string

We have rows beginning with ba, now we seek rows beginning with aba

P=aba P=aba

Now we have the rows with prefix aba

46



Searching BWM for a string

Got the same range, [3, 5), we would
have got from suffix array

Where are
these?

Unlike suffix array, we don't immediately know where the
matches areinT...

47



Searching BWM for a string

When P does not occur in T, we eventually fail to find next character in L:

P=bba

Rows with ba prefix I

48



BWA:

The Burrows-Wheeler Aligner

Idx Sorted Suffix

AS
ANAS

ANANAS
BANANAS
NAS
NANAS

SBANAN
ASBANA
ANASBA
ANANAS
BANANA
NASBAN
NANASB

Rapid string search using the

(equivalent to F) and the

3 =T I 0o Sy B

(equal to L)



BWA:
The Burrows-Wheeler Aligner

Idx Sorted Suffix

A

I\

. Key parts
5 of an

s FM-Index
A

A

Rapid string search using the
(equivalent to F) and the (equal to L)
And nothing else



Why this is awesome: Sequence reads are
effectively searched against different parts of the
reference genome at the same time

Using the L-F mapping allows us to remove redundancy
relative to the suffix array

51



many GB of memory

* What about mismatches?

: Preprocessing requires

52



Backtracking

Search string: GGTA

“Genome” contains no

GGTA, but contains GGTG

Langmead et al. (2009) Genome Biol
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BWA refinements

Allowing mismatches: maximum deviation from the search
string

» Store searches in a heap to prioritize the lowest mismatches
in the search so far

Custom penalties for mismatches, insertion and deletions

Double indexing: BWTs from both ends meet in the middle
(avolds massive amounts of futile backtracing)

54



Memory refinements: store only parts of the BWT and
supplementary data structures, calculate the rest on the fly
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Suffix tree vs Suffix array vs FM-index

mm

Time: Count k " k |
occurrences of P n n 09 m

Time: Report k

locations of P O(n + k) O(n log m + k) O(n + k)

Bytes per input
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Single-end Paired-end

Program Time (s) Conf (%) Err (%) Time (s) Conf (%) Err (%)

bowtie-125 0.07
BWA-125 3021 93.0 0.05
MAQ-125 {7500 92. 0.08

SOAP2-125

One million pairs of 32, 70 and 125 bp reads, respectively, were simulated from
the human genome with 0.09% SNP mutation rate, 0.01% indel mutation rate and
2% uniform sequencing base error rate. The insert size of 32 bp reads is drawn from
a normal distribution N(170.25), and of 70 and 125 bp reads from N(500,50). CPU
time in seconds on a single core of a 2.5 GHz Xeon E5420 processor (Time), percent
confidently mapped reads (Conf) and percent erroneous alignments out of confident
mappings (Err) are shown in the table.

SOAP2: VERY approximately 1000x faster
than BLAST
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Table 2. Evaluation on real data

Program Time (h) Conf (%) Paired (%)

Bowtie 5:2 84.4 96.3
BWA 4.0 88.9 98.8
MAQ 94.9 86.1 08.7
SOAP2 3.4 88.3 97.5

The 12.2 million read pairs were mapped to the human genome. CPU time in hours on
a single core of a 2.5 GHz Xeon E5420 processor (Time), percent confidently mapped
reads (Conf) and percent confident mappings with the mates mapped in the correct
orientation and within 300 bp (Paired), are shown in the table.
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The

59



