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CS262 Computational Genomics
L ecture 10: Fragment Assembly
Professor Serafim Batzoglou

Brief Review of DNA Sequencing from last lecture:

Terminology

insert - a fragment that was incorporated in a circglemome, and can be copied many times,
or cloned

vector - the circular genome such as a plasmid or cosmist)tiat incorporated the fragment
BAC - Bacterial Artificial Chromosome, a type of insefector combination, typically of length
100-200 kb

read - a 500-900 long word that comes out of a sequeniachine

cover age - the average number of reads (or inserts) thatr@pesition in the target DNA piece
shotgun sequencing - the process of obtaining many reads from randaations in DNA, to
detect overlaps and assemble

Whole Genome Shotgun Sequencing

We start out by breaking up the genome into margllsmsized pieces. To do so, starting from
the genome, we shake it, obtaining many insert@obus sizes. These could be incorporated
into plasmids or cosmids, or BACs (150kb).

We then typically sequence two reads from eachrtingee from the left end, one from the right
(double barreled sequencing).

genome
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Fragment Assembly
(in whole-genome shotgun sequencing)

We now move on to talk about what we do with th#ioms of reads that we’ve acquired in the
previous step. What we want to do is to take tipgsees and put them together in a coherent
order to form the genome in question.

Task: We have millions of pieces to put together—pgecensisting of a pair of reads whose
distance we know within +/- 20% standard deviatod whose sequence we know within 1%
error rate. What we want to end up with is a sagador the entire genome, so we need to
reconstruct the genome from these fragments byngttiem together, in order.

Since we have millions of these pieces, in ordgraidorm the assembly efficiently, we need to
find a linear-time algorithm!

1. Stepsto Assemble a Genome (overview)

1. First we find pairs of reads with overlap

2. Choose some subset of those overlaps and merggabe” pairs of reads into longer
contigs (those from similar places in the genome)

3. Link these contigs to form supercontigs (You cahgupercontigs together with mapping
information to form ultracontigs)

4. Derive consensus sequence

1.1 Moreterminology
o read - a500-900 long word that comes out of sequencer
0 matepair - a pair of reads from two ends of the same triisggment (we know approx.
distance)
0 contig - a contiguous sequence formed by several overigpgiads with no gaps
0 supercontig (scaffold) - an ordered and oriented set of centigually by mate pairs
0 consensus sequence - sequence derived from the multiple alignmenteaids in a contig

Note: when reading from the genome, we don’t know $f fitom the forward or reverse
complement of the DNA—so we treat every read asdguivalent words: both the forward and
the reverse complement

2. Finding overlapping reads

The goal of the overlapping step is to find, amalighe reads we have, all the pairs of reads that
are actually overlapping with each other in theagee. In other words, two reads would be
overlapping if they're offset from each other oalgmall amount, so that both reads contain a
section of DNA that is common to both. Since weehmillions of reads, we cannot afford to

use an algorithm that runs in longer than lineaet{in the number of reads we have), in order to
be efficient. Earlier algorithms for fragment asédy, such as PHRAP, required comparing
every pair of reads, which resulted in G{Kme.
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2.1 Basic Linear-Timealgorithm:

1. Using a value of k ~24, list all the words of lemgtin all the reads. Each read yields
2*ReadlLen-(k+1) words. Note: Due to memory limdas, this task must be done in
several passes, each time only taking k-mers thdtand end in particular sequences
The k-mers are sorted according to read, positiang, orientation
Sort the k-mers according to word (lexicographigaliead, orientation, position.
Sorting can be done in O(N) time, using radix sort
4. Read all overlaps off this list; this can be doasily because all overlaps will be adjacent

to each other (since the k-mers are sorted lexaggcally!)

5. Extend each overlap to full alignment betweenvits source reads and throw the pair
away if not 98% similar (this can be done very glyic

w N

One problem we encounter here is repeats. Bagio@ity common k-mers that occur many
times in the genome can increase our running toxgpidratic from linear, because k-mers that
occur N times cause OfNoverlaps or read/read comparisons. In additioey do not offer

very useful information, since for overlaps we'néerested in overlaps with unique regions, not
overlaps stemming from repeats.

The solution to this is to discard all k-mers tbetur too frequently. This threshold is variable,
as we have to set it to balance the sensitivitgdpgedeoff, according to the genome at hand and
the computing resources available. What this mesatisat we will require that every overlap we
do pay attention to include an uncommon k-mer, beeatherwise we will not flag it as an
overlap (since we've already discarded all the comiones).

2.2 Performing Error Correction

We start by creating local multiple alignments frtma overlapping reads, as shown below:

EAIRYA AOATTEA
AOATTA AGATTA
AG-[TTA AG-[TTA

insert A
replace T with C 1%@ %@@@ %ﬁ@
TAE HAARAGHAHE

On the left side, we can see quite clearly thagtqein the bottom sequence should be filled in
with an A, according to the other reads, and tlwe fhe middle sequence is a sequencing error
that should be a C. We can fix these and moveHbwever, the correlated errors (on the right)
are probably caused by two versions of the sameateprhe solution is to disentangle the
overlaps into two sets of the same overlap.
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This error correction process can remove up to 88he errors.

3. Mergingreadsinto Contigs

Summarize the overlap info into an overlap graphdosning one node for every read, where:
Nodes: reads....I,
Edges: overlaps;(nm;, shift, orientation, score)

3.1 Problem: Repeat regionsin the overlaps

In this example, we see a set of overlaps thatappeall be related. However, the blue reads
and the red reads actually come from differentaiegiof the genome (although we can't tell
this!). They appear to all be related because liotly have overlaps with the same repeat
region.

The problem this causes is that we want all theéigenve form to actually exist in the target
genome, but in this case, if we formed a contig thasses the repeat boundaries, we would be
forming a contig that does not really exist!

To avoid doing this in this case, we have to onbklat reads up to potential repeat boundaries;
here, we would form five contigs: four for the flamg regions, one for the repeat region.

Overcollapsed Contig - —

3.2How to find repeat boundaries?

Detecting repeat boundaries like this one reliemugcognizing a read that is overlapping with
two other reads that are very dissimilar to eatieioflike the red read at the bottom right of the
repeat region), which is overlapping both with hee read above it and the red read below it;
the non-overlapping regions in those two readsatamatch at all.
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3.2.1 Another example of arepeat region:

repeat region

Strategies in this case:
- Ignore non-maximal reads
- Merge only maximal reads into contigs

Given this overlap graph, we want to transfornoitigat repeat regions are much easier to detect.
To do so, we remove transitively inferable overlapisread r overlaps to the right readsrs,
and g overlaps #, then (r, §) can be inferred by (rgrand (g, ro)

Repeat boundaries are much more obvious in thighgra
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3.2 Recognizing non-repeat boundaries

We also have to be careful not to flag a repeahtlary where one doesn’t exist. In this
example, if we're not careful, we may see this esp@at boundary, when in reality, we're
dealing with a sequence error on read b that midkask like it's overlapping with an unrelated
region.

repeat boundary???

b —

Vi

sequencing err

The solution is to ignore ‘hanging’ reads that we kere (the overlap with b) when detecting
repeat boundaries, because it does not indicateeagpeat boundary.

This is the overlap graph that results after hawmmed contigs:
The end of A, beginning of C and start and end aflBverlap with the overcollapsed contig.

Target
A X' B X" C i

Fragmenis

U-unitig

repeat boundary
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3.3 Repeats, Errorsand Contig Lengths

It's easy for us to deal with repeats that areteindhan the read lengths, as these are not really
repeats and will have overlaps that can be easgntbiguated, since reads that span across the
repeat will reveal the order of the flanking region

Additionally, repeats that have more base paiedsfices than the sequencing error rate allows
also do not cause problems, because in our overtgghion process, we will reject those
overlaps that are from two different copies of tepeat, because they will have too many base
pair differences.

Consequently, if we want to reduce the occurreficepeats for our assembly process, we can
either increase the read length or decrease thuesemg error rate.

Roleof error correction:
Discards up to 98% of single-letter sequencingrsrr
decreases error rate
= decreases effective repeat content
= increases contig length

We insert non-maximal reads whenever we can (whangs part of an unambiguous structure)

Ambiguous:
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Unambiguous

4. Link Contigsinto Super contigs

To differentiate between overcollapsed contigs amdue contigs, we can look at the density of
the reads—overcollapsed reads will have a highitemecause the number of reads
overlapping with them should be proportional to misenber of time the region repeats in the
genome..

We can also look at the overlap graph to find irststent links, where a contig links to two or
more contigs on the left or on the right that doaxerlap with each other:

We find all links that exist between unique contigel connect the contigs incrementally, if
there are two or more links.

[__.._ - - i

supercontig
(aka scaffold)

The missing regions here represent repeat regmatsvie’re not considering yet.

After we've formed the basic structure, we canifilthe gaps in the supercontigs with paths of
repeat contigs. This is typically the most difficand error-prone step in the whole assembly
process, as you have to deal with, for instand@gramic repeats or tandem repetitions, where
it's very difficult to avoid mistakes.
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At this point we have an ordered list of reads glaith precise shifts.

5. Derive Consensus Sequence

In linear time now, we can form multiple alignmefrtsm pairwise read alignments. When we
encounter discrepancies in the multiple alignmemetderive each consensus base by weighted
voting from the reads in the multiple alignment we choose to take the maximum-quality
letter.

6. General Assembler Information
6.1 Some Assemblers

PHRAP
Early assembler, widely used, good model of reaater
Overlap O(n2)~ layout (no mate pairsp consensus
Celera
First assembler to handle large genomes (fly, hyumauise)
Overlap— layout— consensus
Made huge impact, helped lead to human genome Isepgenced 5 yrs ahead of
time
Arachne
Public assembler (mouse, several fungi)
Overlap— layout— consensus
Phusion
Overlap— clustering~> PHRAP— assemblage»> consensus
Euler
Indexing— Euler graph— layout by picking paths> consensus
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6.2 Terminology:

NS0 contig length - If we sort contigs from largest to smallest, aradtstovering the genome in
that order, N50 is the length of the contig that govers the 50th percentile. You would like
N50 length > gene length

Assembler quality - generally determined by how much of the genonm@i®ered (how long the
contigs are)

6.3 History of WGA

1982: lambda-virus: 48,502bp

1995: h-influenzae: 1Mbp

2000: fly: 100Mbp

2001-present: human (3Gbp), mouse (2.5Gbp), rattken, dog, chimpanzee, several fungal
genomes

Now: whole genome shotgun assembly is used agdhdard

Genomes Sequenced: http://www.genome.gov/10002154

7. Molecular Inversion Probes

Molecular inversion probes are a new sequencingitdogy that should be emerging more in
the next 2-3 years.

Since we know that each human genome have 1-millifferences, the goal of these probes is
to actually find these differences and see how #ifgct various phenotypic characteristics (i.e.
diseases, lifespan, etc.)

7.1 Requirements:
- A map of the genome with locations of where défeces occur
- Find the specific alleles that we have that afferént
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7.2 Procedure

probes - linear pieces of DNA which go and attach in ad$equence at a specific location.

1. Arneal 2. Gap Fill — Palymerization 3. Gap Fill — Ligation
. e o
G0 Frabe
rk |
|G CCTCTENCC GGG T] |G CCTCT] m-—J |GCETCTACCGEG T
4. Exonuclease selection 5. Probe releasa &, Amplification
Cleavagn
L33 H1 P Sita P2 Tag HZ i i
o —— T

Probe [nversion

g P2 Tag HZ Hi = I

1. We ‘program’ a probe to a location in the genoméibgwing the sequence that usually
surrounds the base pair that frequently differsoling at step [1] in the figure above,
we use the information about the surrounding secpiémconstruct the black portion of
the probe, leaving a single gap for the nucledtid frequently differs

2. Then we fill the gap by sending the solution ofaaticular nucleotide; if that nucleotide
is complementary, then it will fill the gap. [2]

3. You then amplify it, and the only probe that shondltiply many many times are those
whose gap is filled.

10000 Probes Crap-Fill Arplify Hybridize

Ireversion and label To array
(Ferorme e —
DH& s {7
@ e ] —

Loy —
dT[j —

W/
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4. You do this simultaneously for many locations asd a different colored solution for
each nucleotide. In the end, you send the regulichip where you can read off,
according to color, what the differences in theagea were found.

2.5 mm




