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A pipeline for studying minor variants in complex genetic
populations using long reads from high-throughput
sequencing technologies
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> Motivation and experimental goals
> HCV, HBV viruses

>~ Why Next Generation Sequencing (NGS) technologies?

> Which NGS technology?

> Pipeline to process reads
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Motivation and experimental goals

> Hepatitis C and Hepatitis B viruses circulate as quasispecies “ = o -
B —
In an infected patient: —==o i —

—— 1 .

(1) The population of viruses presents high rates of e el N

mutation and replication. It is a complex mixing of different - T S

-
' ..
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Motivation and experimental goals

> Goals of the study:
> Detection and gquantification of mutations or combination of mutations
that could confer resistance to viral inhibitors in samples from chronically
infected patients.




C.n” €D verosen
Why NGS technologies?

> Minor variants often play an important role in the development of resistance
to antiviral treatments in patients, even if they are present in a very low

percentage in the population.

> Minor variants may not be detected by classical sequencing methods

> You obtain hundreds of sequences with much effort and high cost
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> Solexa-lllumina GA/AB SOLID/....
> 35-100 Short reads, useful for the study of

SNPs or short regions

> 454-Roche GS FLX platform:
> With longer reads (250-400) a “wider picture” is obtained

> This is an advantage for the study of combination of mutations in a same sequence

> Artifactual indels in homopolymers: e s axyye
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Pipeline to process reads

> Goal: to obtain accurate estimations of proportions of the variants.

Raw Data

v

Filtering Noise - Filtering low-quality reads more

- Primer synthesis error

- Ambiguous base calls (Ns) accurate estimations will be

- Too shorts and too longs reads

- Indels obtained.
- Statistical model for the remaining

> Two main steps:

Statistical model-based Filter error: modelling the errors that still

¢ remain in our reads.

Filtered Data
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Assessing the pipeline performance

> To check the performance of the pipeline:

> Pyrosequencing 3 independent PCR products from a clon
Raw Data

> As we know the sequence of the clon any change in the reads

# IS considered a process error.

Filtering Noise

- Primer synthesis error

Nucleotide reference sequence of the clon:

5
- Ambiguous base calls (Ns) GCT GECCCGCT COCCAAGGT GCOOGCT CACT GACACCCT GCACT TGCGRCTCCTCBGACCT TTACCTG
- Too shorts and too longs reads GTCACGAGGCACGCCGAT GTCATTCCCGT ACGCCGRCGRGGET GATGGCAGGGGCAGCCTGCTTTCGLC
TRl COGGOCCAT CTCTTACCT GAAAGGCT CCT CGGGGEGGCCCACT GCT GT GCOCCGOGGGACACGCOGTAG
GCATTTTCAGAGOOGOGGT GT GCACCCGT GGAGT GGCT AAAGCGGT GGACT TTAT COCOGT AGAGRGC
CTAGAGACAACCATGAGGT CCOCGGT GTTCTCGGACAATTCCTCC 3

_ . 5

Statistical model-based Filter GCTGGCCOGCT COCCAAGGT GOCCGCT CT CTGACACCCT GCACT TCOGGCTCCTCGGACCTTTACCTG

GTCACGAGGCACGOCGAT GT CATTCOCGT ACGOCGRCGRAGET GAT GRCAGGGGECAGCCTGCTTTCGOC

COGGCCCATCTCTTACCT GAAAGGAT CCTCGGRGEAECOCACT GCT GT GCOCOGOGGGACACGCOGTAG

¢ GCATTTTCAGAGCOGOGGT GTGCACCCGT GGAGT GECT AAAAGCGGT GRACT TTATCCOCGTAGAGSG
CCT AGAGACAACCAT GAGGT CCOCGGT GTTCTCGGACAATTCCTCC 3!

Filtered Data




Vall d'Hebron
Institut de Recerca

UNITAT
I D'ESTADISTICA |
BIOINFORMATICA

Assessing the pipeline performance

> To check the performance of the pipeline:

Raw Data

v

Filtering Noise

- Primer synthesis error

- Ambiguous base calls (Ns)
- Too shorts and too longs reads
- Indels

Statistical model-based Filter

;

Filtered Data

> Pyrosequencing 3 independent PCR products from a clon
> As we know the sequence of the clon any change in the reads
IS considered a process error.

Nucleotide reference sequence of the clon:

5
GCTGEECCCECT CCCCAAGGT GCCCGCT CACT GACACCCTGCACT TGCGECTCCTCGGACCTTTACCT G
GT CACGAGGCACGCCGATGT CATTCCCGT ACGCCGECGEEET GATGGECAGEEECAGCCTGCTTTCGCC
CCGGECCCATCTCTTACCT GAAAGGECT CCT CGEEEEGECCCACT GCTGT GCCCCGCGEEGACACGCCGTAG
GCATTTTCAGAGCCGCGGT GT GCACCCGT GGAGT GGCTAAAGCGGT GGACT TTATCCCCGTAGAGEEC
CTAGAGACAACCATGAGGT CCCCGGTGTTCTCGGACAATTCCTCC 3!
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Filtering noise

- Remove reads with more than 25% of primer
synthesis errors

Raw Data

’

Filtering Noise

- Primer synthesis error

- Ambiguous base calls (Ns)

- Too shorts and too longs reads
- Indels

Statistical model-based Filter
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Filtering noise

Raw Data

’

Filtering Noise

- Primer synthesis error

- Ambiguous base calls (Ns)

- Too shorts and too longs reads
- Indels

Statistical model-based Filter

- Remove reads with more than 25% of primer
synthesis errors

> Remove reads with ambiguous base calls (N)
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Filtering noise

Raw Data

’

Filtering Noise

- Primer synthesis error

- Ambiguous base calls (Ns)

- Too shorts and too longs reads
- Indels

Statistical model-based Filter

- Remove reads with more than 25% of primer

synthesis errors

> Remove reads with ambiguous base calls (N)

0.0G 010

I |
o\
o]
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Filtering noise

- Remove reads with more than 25% of primer

synthesis errors

Raw Data

’

Filtering Noise

> Remove reads with ambiguous base calls (N)

> Remove short reads:

T T T T T
50 100 150 z00 250
Read length

T

a0 100 150 00 2350

- Primer synthesis error

- Ambiguous base calls (Ns)

- Too shorts and too longs reads
- Indels

Avi. error rate
000 oo0s 012
I Y B

Statistical model-based Filter

M.reads

0 4000 10000

Read length
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Filtering noise

- Remove reads with more than 25% of primer

synthesis errors

Raw Data

’

Filtering Noise

> Remove reads with ambiguous base calls (N)

> Remove short reads:

W i/

a0 100 150 200 250

- Primer synthesis error

- Ambiguous base calls (Ns)

- Too shorts and too longs reads
- Indels

Avi. error rate

p.oo 0.06 Dz

Read length

Statistical model-based Filter

|

150 00 2350

0 4000 10000

Read length
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Filtering noise

- Remove reads with more than 25% of primer

synthesis errors

Raw Data

’

Filtering Noise

> Remove reads with ambiguous base calls (N)

>~ Remove short reads and trim too long ones:

Mt/

o0 100 150 200 250

- Primer synthesis error

- Ambiguous base calls (Ns)

- Too shorts and too longs reads
- Indels

&y, errar rate

ooo o0 012

Read length

Statistical model-based Filter

0 4000 10000

150 00 2350
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Filtering noise

- Remove reads with more than 25% of primer

synthesis errors
Raw Data

’

Filtering Noise

- Primer synthesis error

- Ambiguous base calls (Ns)

- Too shorts and too longs reads
- Indels

> Remove reads with ambiguous base calls (N)

>~ Remove short reads and trim too long ones

> Remove reads containing indels

Statistical model-based Filter
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> Mismatch errors per site can be modeled with a

Raw Data

v

Filtering Noise

- Primer synthesis error

- Ambiguous base calls (Ns)
- Too shorts and too longs reads

- Indels

’

Statistical model-based Filter

;

Filtered Data

Binomial distribution

. . GBCAGGGGECAGCCTGCTTTCGOCCCGRCCCATCTC. .
s (IBCAGGGGCAGCCTGCTTTCGCCCCGGCCCATCTC. -
.. GECAGGGECAGCCT AL 'TiCGCCCCGGCCCATCT C ..

\

...GGCAGGGGCAGCCTGCTA CGCCCCGECCCATCTC. . .

> N reads

Bin(N,p) = Poiss(Np) (N - o, p-0)

where p = prob{mismatch},
N = number of reads
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Modelling the remaining error

> Modelling error: (Wang et al. Gen. Res. 2007)

- Mismatch errors ~ Poiss(A), r in {“h”, “nh"}
Raw Data '

v

Filtering Noise

- Primer synthesis error
- Ambiguous base calls (Ns) n—1 _ » i
- Too shorts and too longs reads i - A

- Indels P=1- Z

i=1
Statistical model-based Filter

> For a variant observed n times: the probability of

getting it >= n times if it was an error is given by:

2!

A=N- X", re{h,nh}
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Modelling the remaining error

> For a variant observed n times: the probability of
getting it >= n times if it was an error is given by:

Raw Data n—1 _ N
¢ P=1-3 5

]

2!
Filtering Noise
- Primer synthesis error A=N- Al re {h,nh}, 1,9 € {A, C,T, G}

. R
- Ambiguous base calls (Ns) =
- Too shorts and too longs reads

L irelele > Matrices of mismatch counts and error rates:

B12C1(H) B12C1 (H)

Statistical model-based Filter
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Results and conclusions

> Filtering noise before computing

RawDat 5 5 o o
Raw Data estimations of proportions is a useful
> 99,90524
approach

v

Filtering Noise

- Primer synthesis error
- Ambiguous base calls (Ns)
- Too shorts and too longs reads

- Indels
Stepl
Accuracy

> 99,96654

Statistical model-based Filter

Final

Accuracy
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Results and conclusions

> Filtering noise before computing

RawDat 5 5 o o
Raw Data estimations of proportions is a useful
> 99,90524
# approach

Filtering Noise > The statistical model:

- Primer synthesis error

- Ambiguous base calls (Ns) : :
- Too shorts and too longs reads - IMProves S“ghtly the accuracy

- Indels > It provides a probabilistic score
Accuracy
> 99,96654 per base

Statistical model-based Filter

Final

Accuracy
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Results and conclusions

> Filtering noise before computing

RawDat 5 5 o o
Raw Data estimations of proportions is a useful
» 9990524
# approach
Filtering Noise > The statistical model:
- Primer synthesis error
- Ambiguous base calls (Ns) i i
- Too shorts and too longs reads - IMProves S“ghtly the accuracy
- Indels - It provides a probabilistic score
Accuracy
> 99,96654 per base
Statistical model-based Filter > We still have to fine tune some points
but we think that this pipeline could be
$ useful in detecting minor variants.
Accuracy

Filtered Data |~ ™ 99,97068
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