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Ultra-deep sequencing
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HIV

Genome: 10k bases
Population size: up to ~106 copies per ml
Turn-over: 140 to 300 generations per year
Mutation rate: 10–3 to 10–5 errors per site per replication

These dynamics imply a very high genetic diversity, on 
which natural selection operates.p

G l W t t ti t th t t f i t ti t HIVGoal: We want to estimate the structure of intra-patient HIV 
populations from a single ultra-deep sequencing run.
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(compare to 1000 genomes, metagenomics)
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Viral genetic diversity

Disease progression
escape from immuneescape from immune 
responses
“antigenic diversity 
threshold”threshold

Vaccine design
cellular and humeral 
immunity

Antiretroviral therapy
drug resistance: escape 
from drug pressure
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The quasispecies model (Eigen 1971)

Consider n mutants, each of concentration xi.

ẋi =
nX
ajqijxj − φxi, i = 1, . . . , n

X
j=1

The variants xj replicate at rate aj and generate mutants xi
with probability qij. 

The fate of a genetic variant does not only depend on its 
fitness, but also on the likelihood with which it is produced 
by erroneous replication of other templates. 
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Survival of the flattest

Small mutation rate

A outcompetes B

Large mutation rate

B outcompetes A

Large mutation rate

7Wilke 2001, 2005



Muller’s ratchet
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Pyrosequencing of a virus sample

Pyrosequencing
High-throughput (100-fold 
increase o er Sanger)increase over Sanger)
25 million bases per one 
4-hour run
Read length: 110 ± 20 bases
(now ~250)…

Application to HIV sample
~1000 bases of the HIV pol 
geneg
about 5,000 to 10,000 reads 
per sample 
(now up to ~200,000)
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Fakhrai-Rad et al. 2002, Marguiles et al. 2005



Pyrosequencing of mixed virus populations

01101
11010 ??
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Errors



Example: Three haplotypes

L ll l ti t ti
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Locally, population reconstruction 
is a clustering problem. 



Overview
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Overview

13



Overview
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Error correction by k-means clustering

In each window:
Emplo k means cl steringEmploy k-means clustering 
using Hamming distance 
and consensus sequences
Test each cluster forTest each cluster for 
homogeneity looking at 
single mutations (binomial 
test) pairs of mutationstest), pairs of mutations 
(Fisher’s exact test)
Remove remaining in-
cluster variationcluster variation
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Overview
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Read graph

Two aligned reads are connected, if and only if they agree 
on their non-empty overlap. 
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Consistency

We call the s-t-paths in the 
read graph the completely 
consistent haplotypesconsistent haplotypes.
They explain the set of 
reads, if every read lies on 
an s-t-path.
The Lander-Waterman 
model implies that p
sequencing

N ≥ −n log(1−p1/n)
L

reads will detect 
haplotypes of frequency ρ

00110000
N ≥ ρL
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p yp q y ρ
with probability p.



Minimal explaining haplotype sets

Problem: Too many possible haplotypes, even in read graph
Parsimony idea: Find the smallest set such that all reads are explained.
Theorem (Dilworth, 1950; Hopcroft and Karp, 1973)
(1) Every minimal cover of the read graph has the same cardinality
(2) A i i l h b d i i O(N3)
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(2) A minimal path cover can be computed in time O(N3), 
where N is the number of irredundant reads.



Overview
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Statistical model
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ML estimation of haplotype frequencies

Maximize the log-likelihood function

using an EM algorithm:

E tE step:

M step:
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Results

Parallel pyrosequencing and 
clonal Sanger sequencing

Simulations

Validation is difficult in 
general, because

Controlled experiments are 
expensive
The true structure of virus 
populations is unknown
Comparison of virus populations 
is not straightforward
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HIV data

Four HIV samples have been sequenced using both 
pyrosequencing and clonal Sanger sequencing.
Clonal wild type sequences gave an error rate of 1%.
After discarding 10% of the reads with ambiguous bases or 
atypical length the error rate is 1–5 errors per kb (about halfatypical length, the error rate is 1–5 errors per kb (about half 
insertions and a quarter each deletions and substitutions).
Insertions are corrected by alignment to the HIV reference 
genome. 
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Example: Resistance mutations in V11909
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Error correction

Used ReadSim to 
simulate 3-6 errors 

kb
4% diversity

per kb
Local clustering 
reduces the error ratereduces the error rate 
by a factor of 30 (from 
3 to 0.1 errors/kb)
P fPerformance 
independent of the 
number of haplotypesp yp
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Simulation: chain decomposition

1000 reads from 5 haplotypes at 3% diversity
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Simulation: chain decomposition

1000 reads from 5 haplotypes at 5% diversity
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Simulation: chain decomposition

1000 reads from 5 haplotypes at 7% diversity
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Haplotype reconstruction

10 haplotypes, 10,000 error-free reads
How many of the haplotypes are reconstructed correctly, or y p yp y,
close to correctly?
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Haplotype frequency estimation

Use KL divergence to compare virus populations 
(= haplotype probability distributions)
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Population reconstruction without errors
10,000 error-free reads
Performance measure = Sum of proportions of reconstructed 
haplotypes within Hamming distance 10 of true haplotypeshaplotypes within Hamming distance 10 of true haplotypes
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Population reconstruction with errors

10 haplotypes at equal frequencies10 haplotypes at equal frequencies
Size of a minimal path cover increases linearly with the 
number of reads
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Conclusions

Ultra-deep sequencing can be used to make inference about 
intra-patient virus populations.
Better performance for more diverse populations
Error rate is a limiting factor

Immediate applications: Antiviral therapy, vaccine design, 
epidemiology (multiple infections), other viruses (HCV)
Future applications: bacteria, tumors
Illumina/Solexa platform:

d h t d i d d dmore reads, shorter reads, paired-end reads
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