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A look at the 454 sequencing technology 
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DNA fragments are 
attached to the beads single beads in  

~100.000 wells 

fragments are 
”amplified” 

DNA is read by 
detecting light 

emission associated 
to base incorporation 



Comparison with Sanger 
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Sanger 454/Roche 
bps per run ~105 ~108 

read length 700-1000 ~400 
cost per run ~1000 $ ~15000 $ 
cost per Mbp 10K $ 100 $ 
accuracy high low (in-dels) 



From the reads to the haplotypes: four steps 

ALIGNMENT 

ERROR 
CORRECTION 

HAPLOTYPE 
RECONSTRUCTION 

FREQUENCY 
ESTIMATION 



Reads from a heterogeneous sample 
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G

CTGAAATCACTCTATGGCAACGACCCATCGTCACAATAAAGATAGGG

CCTCAAATCACTCTTTGGCAACGACGCATCGTCACAATATAGATAGGA

CCTCAAATCTCTCTTTGGCACCGACCCATCGTCCCAATAAAGATAGGG

CGAATCACTCTTTGGCAGC

AAATCTCTCTTTGGCAACG

ACTCTCTTTGGCACCGACC

CACTCTATGGCAACGACC

TCTGGCACCGACCGATAG

TTGGCAAGGACGCAGCGTC

GGCACCGACCCATCGTCCC

GCAACGACACCTCGCCAC

GGAACGACGCAACGCCACA

CAACGACGCATCGTCACCA

ACGGACCCATCGTCACAA

CGACCCATCGTCCCAATA

AACGCATCGTGACAATATA

AACGTCCCAATAAAAATA

CGCAACAAGATAAATAGGA

GTAACAATACACATAGGA

ACAATCTAGATACGA

TAAAGATAGG

C

haplotypes 

reads 



The computational approach to error correction 
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thousands of reads 
are passed to a clustering 

algorithm to separate 
errors from mutations 

reads tend to cluster 
around haplotypes 
in sequence space 



Dirichlet process mixture 

  distribution as a mixture of simpler distributions 
  a Dirichlet process mixture is a non-parametric prior that can capture 

uncertainty in the number of components of the mixture 

  a prior on mixing proportions that leads to few dominating classes 
  just a prior on the proportions that has to be embedded in a 

complete model 
  find the model that better explains the data 



But how? 
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But how? 
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A generative model for the reads from a 
heterogeneous sample 

  given a haplotype, the read shows the same base with probability θ 
  base at each position depends only on the corresponding base on 

the haplotype 

  reads are drawn from haplotypes 
  haplotypes are drawn from a reference (not necessarily the wild 

type) 



Assignment of the reads in a run 

iterations
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2 haplotypes mixed: 3% and 10 % distance 
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10 haplotypes at mutual distance 5%, mixed at 
frequency ½, ¼, ... 
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Mixing reads from 454 runs: two different HIV 
subtypes 
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To do 
  applications (HIV drug resistance, cancer) 
  comparing 454 and Illumina technologies 
  extending the model to paired end reads 
  developing a global model 
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