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Miescher: Discovers DNA

Avery: Proposes DNA as ‘Genetic Material’

Watson & Crick: Double Helix Structure of DNA

Holley: Sequences Yeast tRNAA2

Wu: Sequences A Cohesive End DNA

Sanger: Dideoxy Chain Termination
Gilbert: Chemical Degradation

Messing: M13 Cloning

Hood et al.: Partial Automation

* Cycle Sequencing
* Improved Sequencing Enzymes
* Improved Fluorescent Detection Schemes

* Next Generation Sequencing
*Improved enzymes and chemistry
*New image processing
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Sanger sequencing (old technology)

« Clonar el DNA.

o Generar una escalera de moléculas
etiquetadas (con fluoroforos) o
marcadas radioactivamente

o Cada fragment difiereen 1
nucleétido del proximo

« Separar la mezcla en alguna matriz
(electroforesis).

o Detectar cada fragmento

o Interpretar los picos de emisidn
como una cadena de bases (DNA).

« Se generan cadenas de 500 a 1,000
bases de longitud

« 1 secuenciador genera ~ 57,000
nucleotidos/corrida

« Ensamblar las cadenas en un todo
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New sequencing technologies

e Breakthrough

— Polymerase colonies — polony / polonies
® Insitu localized amplification and contact replication of many individual DNA
molecules. Mitra RD, Church GM. (1999) Nucleic Acids Res. 27: e34.

— Se elimina la necesidad de clonar moléculas en E. coli

Multiplex-amplification, manteniendo agrupamiento fisico de amplicones idénticos

e Se amplifican y clonan moléculas en el tubo
. Tomado de Shendure J et al. (2005) Science 309:1728.
e Emulsion-PCR (beads) A B

In vitro mate -paired library construction Emulsion PCR

® |n situ polonies (matrix)

f

~1 kb genomic
DNA fragment

universal
sequences
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digestion

Mmel

c Enrichment & Monolayering D Cycles of Sequencing and
Four Color Imaging

Raster Position 432 Raster Position 432
Distal Tag, Base +5 Distal Tag, Base +4

1.5 cm?
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e Construccion de bibliotecas
e Attachment al soporte

Adapters
Prepare genomic DNA sample Attach DNA to surface
Randomly fragment genomic DNA 8ind single-stranded fragments
and ligate adapters to both ends of randomly to the inside surface
the fragments. of the flow cell channels.
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e Amplificacion de las colonias
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Ly Bridge amplification Denature the double
AN Add unlabeled nuclectides stranded molecules
i ||| and enzyme to initiate solid-

| 1 phase bridge amplification.
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Reacciones de extension + lectura del slide usando laser

‘ . First chemistry cycle:
. o determine first base ‘
/N Y Toinitiate the first

. ../ sequencing cycle, add
%Y alifourlabeled reversible

/ terminators, primers, and

, DNA polymerase enzyme
~ to the flow cell.

Image of first chemistry cycle
After laser excitation, capture the image
of emitted fluorescence from each

cluster on the flow cell. Record the
identity of the first base for each cluster.

Laser

PY ® ® " ®
> > *6 >
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Before initiating the
next chemistry cycle
The blocked 3' terminus
and the fluorophore

from each incorporated
base are removed.

—» GCTGA...
G'

Sequence read over multiple chemistry cycles

Repeat cycles of sequencing to determine the sequence
of bases in a given fragment a single base at a time.
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New sequencing technologies: lllumina / solexa

e Base calling — Asignacion de bases en la secuencia
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e Roche 454

— Also known as pyrosequencing
— 500 million bp/run

— 10 hr/run

— 400-500 bp/read & > 1 M reads

da
DNA library preparation
4.5 hours
—— ——— = Ligation B “Zenome fragmented
A by nebulization
Selection Mo doning: no colony
.- — lisolate AB picking
fragments «stDNA library created
only) with adaptors
-Z A H +A/B fragments selected
A 3 using avidin-biotin
purification
qDMNA P sstDNA library
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¢ PCR en emulsion

b
Emulsion PCR
& hours
Anneal sstDMA 1o an exoess of  Emulsify beads and PCR Clonal ampiification ocours  Break microreactors and
DA capture beads reagents im water-in-oil imside microreactors enrich for DNA-positive
microreactons beads
sstDNA library Bead-amplified sstDNA library

Fernan Aglero




e Secuenciacion en nanowells

[
Sequencing

“Well diameter average of 44 ym
300,000 reads obtained in parallel

+A single cloned amplifed sstDNA
bead is deposited perwell

Amplified sstDNA library beads  s—e-  (uality fillered bases

12
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Load beads into
PicoTiter™Plate

St

l

Load Enzyme
Beads

@@

Centrifuge Step
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454 sequencing explained

A GAATCGGCATGCTAAAGTCA
Anneal primer

Sulfurylase

Luciferase

APS
PP,

ATP

Light + oxy luciferin
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Cada base se inyecta en forma secuencial en la platina de reaccidn
(PicoTiter Plate), de a una por vez

* Por ejemplo, 100 veces para un secuenciador 454-FLX

Si el nucledtido es complementario al molde, se polimeriza en la
cadena naciente. La reaccion genera pirofosfato, que es
transformado en una seial luminosa

La sefial es leida por una camara

La intensidad de la seinal es proporcional al nUmero de nucledtidos
incorporados

* Sihay 3 ‘T’ en el molde, la luz emitida va a ser ~ 3 veces la de una sola ‘T’

La secuencia se lee a partir de un ‘flowgram’

Margulies M, et al (2005) Genome sequencing in microfabricated high-density
picolitre reactors. Nature DOI:

15
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http://dx.doi.org/10.1038/nature03959

4-mer

3-mer

2-mer

1-mer

1 ol eIl . !T'I' T Tl 1T 1 “T torls. .

Key sequence = TCAG for signal calibration
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A nanopore is a hano-
scale hole. In its
devices, Oxford
Nanopore passes an
ionic current

through nanopores and
measures the changes in
current as biological
molecules pass through
the nanopore or near it.
The information about
the change in current
can be used to identify
that molecule.

NANOPORE SEQUENCING

At the heart of the MinlON device, an enzyme unwinds DNA,

feeding one strand through a protein pore. The unique shape of \ .
each DNA base causes a characteristic disruption in electrical
current, providing a readout of the underlying sequence.

DNA double
helix

Unwinding enzyme

Membrane

e ™ e ™ e e e e e e P P P P |

A AC T € & T

Sequence
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When sequencing DNA or RNA with nanopores, the changes in current caused by the strand of DNA or RNA
as it passes through the pore are recorded. The processive movement of bases through the pore leads to a
continual change in current, known as the “squiggle”. MinKNOW software processes the squiggle into
reads in real-time, each read corresponding to a single strand of DNA/RNA. These reads are written out into

PODS files. This raw data contains information on not only canonical bases but also base modifications,
such as methylation.
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La evolucion de la quimica de secuenciacion incluye el uso de distintos
tipos de nanoporos que van mejorando precision de lectura, velocidad,

throughput, etc.

ATCCCAAAAAAAAATCACCCCACETCCAAA
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R10

R10 = Marzo, 2019,
https://nanoporetech.com/about-us/news/r103-newest-nanopore-high-accuracy-nanopore-sequencing-now-available-store
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https://nanoporetech.com/about-us/news/r103-newest-nanopore-high-accuracy-nanopore-sequencing-now-available-store

La evolucion de la quimica de secuenciacion incluye el uso de distintos

tipos de nanoporos que van mejorando precision de lectura, velocidad,
throughput, etc.

[ 1D Raw read accuracy ] MinION data output ]
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Input Requirements: R9.4.1 R10.3 R10.0
5 — 50 fmol 25 — 75 fmol 50 — 100 fmol

20

Fernan Aglero




A Median @ Mean BiD [2D

100
95
% AB A1 3 15
85 o, P800 0, 011 Pra A o A7 @8 Al7 A7
? = T 22 O14 16
= 80
8 75 o1
8 04 ‘As
8 70 o
< Ok}
65 5 04 @1
2
60 g,
55
0w CRaw
Developments in base calling algorithms Transducer
Developments in nanopore chemistry
2015 2016 2017
@ R9.4 R9.5
RNN Transducer Raw base calling
MinION released (Nanonet) (Scrappie) (Albacore v2.0.1)
Timeline of reported MinlON read accuracies and Oxford Nanopore Technologies (ONT) technological developments. Nanopore
chemistry updates and advances in base-caller software are represented as colored bars. The plotted accuracies are ordered
on the basis of the chemistry and base-calling software used, not according to publication date. Based on data from 1 []; 2
o3 at sl el 78l Lol 10l 0112013014015 16 [, 17 [0 )5 18
[~]. HMM Hidden Markov Model, RNN Recurrent Neural Network
Rang, FJ, Kloosterman, WP & de Ridder, J. Genome Biol 19,
90 (2018).
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https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR9
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR10
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR50
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR51
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR33
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR28
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR52
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR53
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR54
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR29
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR31
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR48
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR46
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR55
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR11
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR5
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR13
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-018-1462-9#ref-CR3
https://doi.org/10.1186/s13059-018-1462-9

2 years

Albacore 2.3.4 Transducer (Aug 2018)

== Guppy 2.1.3 Transducer (Dec 2018)
1D R9.4.1

Raw read accuracy

Guppy 2.3.1 Flip-flop (Dec 2018)

Guppy 2.3.5 Flip-flop (Feb 2019)
Guppy 3.6 Flip-flop (April 2020)

Guppy 4.0 Flip-flop (June 2020)

Read count
111

Bonito 0.3 CRF (Nov 2020)

80% 84% 88% 92% 96% 100%

Alignment 1D raw read accuracy
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The zero-mode waveguide (ZMW)
is a nanophotonic confinement
structure

ZMW holes are ~70 nm in
diameter and ~100 nm in depth.
Due to the behavior of light when
it travels through a small aperture,
the optical field decays
exponentially inside the chamber.
The volume ina ZMW is ~20
zeptoliters (20 X 102! liters)
Within this volume, the activity of
DNA polymerase incorporating a
single nucleotide can be readily
detected

Aluminaum

Inlensity mp

\LLEEH P
Circular DNA i‘“‘ ,,,3:

Zero mode
waveguide unit
(ZMW)

SISV A

Time mmp
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No hay PCR o amplificacidn

Single-Molecule Sequencing

(A)

I

Waveguides ' Excitation

Zero-mode
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Single path

(=)

Polymerase

Polymerase read
— Accuracy: ~85%

Multiple paths

(=)

Polymerase read

PRULLTN
/yO Q(‘»
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Circular consensus read
} — Accuracy: up to 99.999%

A single molecule of
DNA is immobilized in
each ZMW
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Light Intensity

!
%

:

Time

Nucleotide incorporation kinetics
are measured in real time

As anchored
polymerases
incorporate
labeled bases,
light is emitted

Directly detect DNA
modifications during
sequencing

https://youtu.be/_ID8JyAbwEo
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El uso de valores de calidad para la asignacion de bases a
partir de picos en un cromatograma comenzo con el
paquete phred/phrap/consed. www.phrap.org

Phred/Phrap/Consed es un paquete de software utilizado para:

e Leer cromatogramas (trace files)
e Asignar valores de calidad a las bases individuales de una secuencia

e |dentificar y enmascarar secuencias correspondientes a vector (plasmido) o

secuencias repetitivas
e Ensamblar secuencias individuales en contigs
e Visualizar assemblies (contigs)
e Hacer ‘sequence finishing’” auto dirigido (automatic finishing)

27
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e Genome Res 8 (1998): 175
e Genome Res 8 (1998): 186

RESEARCH

Base-Calling of Automated Sequencer Traces
Using Phred. 1. Accuracy Assessment

Brent Ewing,' LaDeana Hillier,” Michael C. Wendl,” and Phil Green'>

'Department of Molecular Biotechnology, University of Washington, Seattle, Washington 98195-7730 USA;
: RESEARCH 63108 USA

Base-Calling of Automated Sequencer Traces ewcrss
Using Phred. 1I. Error Probabilities

Brent Ewing and Phil Green'’

Department of Molecular Biotechnology, University of Washington, Seattle, Washington 98195-7730 USA

186 «+ GENOME RESEARCH 8:186-194 0195_3 by Cold Spring Harbor Laboratory Press ISSN 1054-9803/98 $5.00; www.genome.org
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Phred

¢ Phred is a program that performs several tasks:

Reads trace files — compatible with most file formats: SCF (standard
chromatogram format), ABI (373/377/3700), ESD (MegaBACE) and LI-
COR.

Calls bases — attributes a base for each identified peak with a lower
error rate than the standard base calling programs.

Assigns quality values to the bases — a “Phred value” based on an error
rate estimation calculated for each individual base.

Creates output files — base calls and quality values are written to output
files.

29

Fernan Aglero



¢ Alta calidad, sin ambiguedad

=1l x|
File Edt Options Help

F H V| & | N M

JOpen Save Expott| Pint | Newt Find | - (Sample: 174 figh Base 340

10 20 30 40 50 60 70 80
TATAGGCGAANTCG &L CTCGGT ACCCGGGG ATCCTCT AG GTCGAC CTGCI GG CATGCAAGCTTG AGTAT TCTAT AGTGT

o Wwﬂ "h | “nF”'” ”fr"n“r “"1M \

MiRAER l h o Uh\ML I A \ \ Jh\ WL

4| I3

30 Fernan Agliero




e Calidad media, algunas ambigliedades

[ 190401-062-Chiomas R = S
File Edit Options Help
Z H v & | " # . —
Open Save Esport| Piint | Nest Find |~ [Sample: /4 high !
380 390 400 410 420 130 440

F GCGAGCGGTAT CAGCTCACTCHA A GCGG TAATACNGNTAT NCACAG AATCH G G ATA ACGCAGGAAAC

L l
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¢ Baja calidad

— la confianza en la asignacion de bases es menor

=10l x|
File Edt Options Help
Z H V& | " # e
Goeri Save Envint | Po || Nest Fig 4 [Sample: 174 high [Base 340
810 820 830 540 350 560 870

GCAETGTCC A4 ATGATGCTGGACTATGTRA T G AGI €@ MBMCACAGGE TTTGGA CAG ALY GA AMT

TS

N A ON R w10y WA .
K

_
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q = —10 x log1o(p)

Donde:
e (¢ = quality value
® p = estimated probability error for a base call

Phred quality scores are logarithmically linked to error probabilities

Phred Quality Score Probability of incorrect base call Base call accuracy
10 1in 10 90 %

20 1in 100 99 %

30 1 in 1000 99.9 %

40 1 in 10000 99.99 %

50 1 in 100000 99.999 %

http://en.wikipedia.org/wiki/Phred_quality_score
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—q
— 10710

Donde:

g = quality value

p = estimated
probability error for
a base call

Q = quality value P = estimated probability of error

0
1
2
3
4
10

20
30

1
0.794
0.631
0.501
0.398

0.1
0.01
0.001
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BEGIN SEQUENCE 01EBV10201A02.g
BEGIN COMMENT

CHROMAT FILE: EBV10201A02.g
ABI THUMBPRINT:

PHRED VERSION: 0.990722.g
CALL METHOD: phred

QUALITY LEVELS:99

TIME: Thu May 24 00:18:58 2001
TRACE ARRAY MIN INDEX: 0
TRACE ARRAY MAX INDEX: 12153
TRIM:

CHEM: term

DYE: big

END COMMENT

BEGIN_DNA
t 85

c 13 17
a 19 26
c 19 32

QPO T0O0Q F-QQQQ 0 N0Q P PP

24
24
22
27
25
19
12
19
12
15
19
23
33
36
44
44
39
39
34
35
34

2221
2232
2245
2261
2272
2286
2302
2314
2324
2331
2346
2363
2378
2390
2404
2419
2433
2446
2460
2470
2482

QY PAAQ OO0t BQ N0 tQ

16 8191
19 8200
13 8211
13 8229
4 8241
4 8253
4 8263
10 8276
9 8286
12 8301
16 8313
12 8329
12 8336
15 8343
19 8356
9 8371
13 8386
14 8397
7 8417
9 8427
4 8445

11908
11921
11927
11947
11953
11964
11981
11994
12015
12037
12044
12058
12071
12085
12098
12111
12124
12144
12151
ND DNA

B NSBB8 0B0OQMOdQ Wt
BB BB ABDABDDADOAOOOOO OO

END SEQUENCE
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¢ Quality values in FASTA format

>106 542 0 542 ABItrimmed
15151616161314161617 161214151913 15
1819181322292010131113131923252622
232525293329191212 162527 4848444040
4040404035353535353540515145454545
4545514545454545454551515656565151
4545454551 5151454545 454545454545 45
51515151514545455151515156 56565656
565656 5656515151515151515151515151
51515156515139393535404056 51565656
56 56 56 56 56 56 56 56 56 56 51515151 515151
515656 56 56 56 56 56 56 56 56 56 45 45 45 45 45
4556 564545454545 4556 56 56 56 56 515151
56 56 56 56 56 56 56 56 51 51 5151 51 51 56 56 56
56 56 56 56 56 56 56 51 51 5151515145454541
4551565656 56 56 56 56 56 56 56 56 56 56 51 51
51515156565651515151515656 56565656
5656 56 56 56 56 51 51 51 51 51 56 56 56 56 56 56
56 56 56 56 51514545373737404545454551
5151515151565645454545454556565140
4040404040515151565656565656565656
56 56 56 515151 51404045 454040404045 45
56 4545 454545515656 56 51393935353537
4651515151515656565151515151515140
4040404040404040404034343432404032
3232323232323229293140565656405151
5143 435656565645404040403940404040
4051444440404040393229292729313434
3225251813131932404034292929404024
17889192440292925272929272014129
912910151824 2521232424272932333327
231818232125292929292932402319999
152429292929294040323224

CCAATGGGC COACE TCGUATGCTCCCGGCCGCC AT GCGGCCGCGG G AAT TCGAT

Ll

[AACGCT ATTATTGAT ACAGT T TTCTGTACTATAT TGGAGGCAAGACGG T TATTY

70 =] 30 100
.1‘ ‘ I 2 ‘1 ‘i I A A A 0 1

A TTGACAAGAGCGAAGAAGACATTAGACTTGACGCGGGCCCG TAGG AL
110 120 130 140 150

Bty

TTaL TAAGTGGAT TTGOCALCACGC T TCACAMLATAGGELLALLLGGAALGES
160 170 180 180 200

/)
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Solexa (lllumina) qualities for their version 1.3 pipeline

~__—10dds
q = —10 x logio( )
1 —p
: :_ Solexa

Relationship between Q and p using the Sanger (red) and Solexa (black) equations (described above).

The vertical dotted line indicates p = 0.05, or equivalently, Q = 13.
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El formato FASTQ guarda informacion de secuencia y de calidad en el mismo
archivo.

@SEQ_ID
GATTTGGGGTTCAAAGCAGTATCGATCAAATAGTAAATCCATTTGTTCAACTCACAGTTT
_I_

DUV ((((F*%4) ) 3%S++) (335%) .1**¥*—+% 1 1)) **55CCE>>>>>>CCCCCCCES5

@ = linea de texto que contiene al identificador
+ = separador (arriba la secuencia, abajo la calidad)

Los valores de calidad estan codificados.
Los caracteres “@” y “+” pueden aparecer en esta cadena de caracteres!

Sanger format = Phred Q (0 — 93) se codifica utilizando los cadigos ASCIl 33 al 126
Solexa 1.0 = Phred Q (-5 — 62) se codifica utilizando ASCII 59 al 126

Solexa 1.3 = Phred Q (0 — 62) se codifica utilizando ASCII 64 al 126

Solexa 1.8 = Sanger format (Phred Q + 33)
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Dec Hx Oct Char Dec Hx Oct Himl Chr 1Dec Hx Oct Himl Chr
0 0O 000 NUL {(rnuall) 32 20 D40 &«£32; Space| 64 40 100 &#64; [
1l 1 001 50H (start of heading) 33 21 041 &«#§33; ! 65 41 101l &#65; A
2 2 002 5TX (start of text) 34 22 042 «#34; " 66 42 102 «#66; B
3 3 003 ETX (end of text) 35 23 D45 &#35; F 67 43 103 «#67; C
4 4 004 EOT (end of transmission) 36 24 044 &«F36; § 68 44 104 «#68; D
5 5 005 ENQ (enquir¥y] 37 25 D45 &§37: % 69 45 105 «#69; E
6 6 006 ACE (acknowledge) 38 26 046 «#38; ¢ 70 46 106 «#70; F
7 7 007 BEL (bell) 39 27 047 «#39; ' 71 47 107 «#71; G
8 8 010 BS (backspace) 40 28 050 &F40; | 72 48 110 &$72; H
9 9 011 TAE (horizontal tab) 41 29 051 «#41; ) 73 49 111 «#73; 1

10 & 012 LF (NL line feed, new line)| 42 24 052 &«f42; * 74 4k 112 &#74r; J

11 B 013 VT (wvertical tab) 43 2B 053 «#43; + 75 4B 113 «#75:; K

12 C 014 FF (NP form feed, new page)| 44 2ZC 054 «#44; | 76 4C 114 «#76; L

13 D 015 CR (carriage return) 45 2D 055 «#45; - 77 4D 115 «#77:; N

l4 E 016 50 (shift out) 46 2E 056 «#46; . 78 4E 116 «#78; N

15 F 017 3I (shift in) 47 2F 057 &«§47; / 79 4F 117 «$79: 0

16 10 020 DLE (data link escape) 43 30 060 «#¥48; 0 60 50 120 «#80; F

17 11 021 DCL (dewice control 1) 49 31 0ol =549; 1 gl 51 121 «#381l; 0

18 12 022 DCZ (device control 2) 50 32 062 «#50; 2 B2 52 122 &«#82:; R

19 13 023 DC3 (device control 3) 51 33 063 &«#51; 3 83 53 123 «#83; 3

20 14 024 DC4 (device control 4) 52 34 064 «§52; 4 G4 54 124 «#594; T

21 15 025 NAE (negative acknowledoe) 53 35 065 &«#53;: 5 B5 55 125 «#85; U

22 16 026 5YN (synchronous idle) 54 36 066 &§F54; 6 g6 56 126 &#86; V

23 17 027 ETE (end of trans. block) 55 37 D67 «#55; 7 87 57 127 «#¥87; W

24 18 030 CAN (cancel) E& 38 070 =856; 5 B8 58 130 «#398; X

25 19 031 EM  (end of medium) 57 39 071 «#37; 29 B9 59 131 &«#89:; ¥

26 1lh 032 SUE (substitute) 58 34 072 «#58; : 90 SA 132 &#90; Z

27 1B 033 ESC (escape] 59 3B 073 =859; : 91 5B 133 &#%9L1: [

28 1C 034 F§ (file separator) 60 3C 074 «#60; < 92 SC 134 «#92;

£9 1D 035 5 [(group 3eparator) 61 3D 075 «#fal; = 93 5D 135 &#33; ]

30 1E 036 RS (record separator) 62 3E 076 «#62; > 94 SE 136 &«#94:;

31 1F 037 U3 (unit separator) 63 3F 077 «#63; 7 95 S5F 137 &#95;

 Dec Hx Oct Himl Chr

26

97

98

99
100
10l
102
103
104
105
106
107
103
109
110
111
112
113
114
115
116
117
115
119
120
121
122
123
124
125
126

127

6
6l
62
63
64
65
66
67
68
69
64
6B
6C
6D
6E
6F
70
71
72
73
74
75
76
77
78
79
TA
7B
7Cc
Th
7E
F

140
141
142
1435
144
145
146
147
150
151
152
153
154
155
156
157
160
151
162
163
164
165
lag
167
170
171
172
173
174
173
176
177

&#90;
&H#97;
#9868 ;
&#99;
a@l00;
#1011 ;
ail0Z;
&#103;
s#104;
&#105;
s#106;
ail07:
#1085 ;
&#109;
&#110;
e#111;
alle;
&#113;
ailld;
&#115;
s#116;
a¥1l7:
e#115;
aille;
c#120;
&H1lZ1;
a¥122:
&#123;
allzdg;
c#lZ5;
all26;
&#127: DEL

e BT - T = T o Y= = == = il T = ol = i 'y =P =
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BHWUSI-EASSSZ 157:e:1:1:1501/1 <€

+

HCACAGRCACACRCGARACACACRRRAGRACATGCCCATATGRAAGAT €

%.7786BE7:778556858746575058873/347777476035 4£—

BHWUSI-EASS8Z 157:6:1:1:1608&/1
NCTGGCACCTIGATTTTGGACTTCCCAGCCTCCAGRARCTGTGAG
¥
$1548566888759696836689688864659987088968888586
BHWUSI-EASS582Z 157:6:1:1:453/1
NCTGCTTIGCACCCCTGRAGTCACTGATCACATTTCAGGGTCACT
+
%/8BE6099B08880BB6T7EE00BB0B6E644768088413488885
BHWUSI-EASS8Z 157:€:1:1:1844/1
NGATTGACATTGGCARRGAGGACAACTGATTGCARACTTCACAC

BHWUSI-EASS8Z 157:6:1:1:1707/1
NAGECTCAGGCGCACGECCTACATCGTCGCTGTCGGCCAAGEGE
+

lllumina sequence identifiers

— “Read"” (sequence)
— Quality scores (phred-33)

sequences from the llumina software use a systematic identfiar:

El::ﬁﬂ the unigua Instrurment name
6 floweell lane
73 tile mumbar witftin the foweall lane
g4 ‘®-coordinate of the cluster within the tile
1973 W-coordinate of the custer within tha tile
o index number for 2 mulliplexed sample (0 for
na indexing)
" the member of a pair, 1 or 2 {paked-end or
rmate-pair reads coly)

http://en.wikipedia.org/wiki/FASTQ_format
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Obtuvimos nuestros datos: y ahora qué?

* Analizar la calidad
* Pre-procesar (filtrar, recortar)

Esto permite identificar contaminaciones, y problemas en la
construccon de las bibliotecas, y mejorar los datos para los
pasos subsiguientes.

e Ensamblar
 Mapear contra referencia
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Se analiza la calidad de toda la corrida!
Una herramienta muy util es FASTQC

£ Babraham Bioinformatics

nsirtut

About | People | Services | Projects | Training | Publications
FastQC

A quality control tool for high throughput sequence data.

Language Java

Hay otros: CELTNIET PNl A suitable Java Runtime Environment
a1 0T T Stable. Mature code, but feedback is appreciated.
FASTX [ T B SR RN N Yas, under GPL w3 or later.

PRINSEQ LTI - Simon Andrews

TagCleaner Pownlosd How

http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/
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Qué cosas se chequean:

 Calidad

* Calidad por base
e Calidad por lectura

 Composicion
* Por base
* Perfil de composicion de GC

* |dentificacion de contaminantes

* Secuencias sobre-representadas (k-mers)
* Niveles de duplicacidon
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[ NALEG DI .chromlILLUMINA.bwa SRPO0003 1200912 16_fcgr3b_ 1.fastog

@ Basic Staristics

Per base sequence gual

@' H' quality ¥
@ Per sequence guality scores g4
@ Per base sequence content 280

4.0

@ Per hase CC content 26.0
= 24.0

@ Per sequence GO Content
. 220

@ Par hago M content 0.0

@ Sequence Lengrh Distribution 1g_g

@ Sequence Duplication Levels 16.0
@ Overrepresented sequences 140
12.0
100
5.0
G0
4.0
2.0

o

Guality scores across all bases (Banger encoding)

=

1

4 7
Position im read (bpy

10 13 16 19 22 25 28 31 34 37 40 43 46 4%
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Quslity scores across al hasas tlllumina 1.5 encading)
1O Fl l_ |- _lll_

I . | LJ -—‘E
TITIIIIIIIIITIIIIITIIII 7Y 11}

1 2 345678910 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40
Pasitien in read (bp)
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FASTQC

34

32

30

28

28

24

22

20

18

18

14

12

10

[ H

1]

Quality scores across all bases (llumina 1.5 encoding)

HH :::IIIIIIIIIIIIIIIII

—

1 23458 7 8 810

12 14 15 1a 20 22 24 26 2a 30 32 24 a5 aa 40
Fosition in read (bp)
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60000

50000

40000

30000

20000

10000

N

Quality score distribution over all sequences

Average Quality per read

2 2 4 5 6 7 8 910111213 14151617 1819 20 21 22 23 24 25 26 27 28 29 30 31 32 33

Mean Sequence Quality (Phred Score)
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100

a0

BO

7o

GO

50

40

Eln

20

1

Jequence cortent across all bases

Position in read [bp)

Wl
ETH
Sl
E At

. -

- o 1N

l 224546753510 12 14 16 1 20 22 24 28 22 30 32 34 36 32 40
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Saquante rorken across dl bases
100.0

0.0

4

&0
ao.0

Fo.0

50,0

=00

40.0

00

0.0

0.0

0.0

1 H = ¥ a 11 13 1= T 13 21 23 = 2¥ 2@ Tl 33 E] iF 3
Paziticon in read dag)
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Sel

EEEEEEEEEEEEEEEEEEEEEEEEE

Faosliion in read {bp)




Qué son los K-meros
Un K-mero es un fragmento de una secuencia, de longitud K dentro de una
cadena de bases (una secuencia mas larga de DNA).

Bases

e R T T ~ S O~ R I - T ~ N R S Y

K-mer size

O 00 N o U b W N B

[EEN
o

21
27
31

Total possible kmers

4
16

64

256

1,024
4,096
16,384
65,536
262,144
1,048,576

4.4e+12
1.8e+16
4.6e+18

Por ejemplo: Todos los 2-meros de la
secuencia AATTGGCCG son AA, AT, TT, TG,
GG, GC, CC, CG. Y todos los 3-meros son
AAT, ATT, TTG, TGG, GGC, GCC, CCG.

El nUmero possible de K-meros se
incrementa exponencialmente a medida
que aumenta K (4K).
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Para una determinada secuencia de longitud L, y un tamano
de K-meros K, los posibles k-merosson (L—k ) + 1

K=7,L=18

(L-k)+1=14-7+1=(8)

GATCCTACTGATGC

GATCCTAC 73

ATCCTACT K=18

TCCTACTG 3 @ Genome Sizes Total K-mers of k=18 % diff in genome estimation

CCTACTGA 4 : N=(H)+1 -
100 83 17

CTACTG AT 5 1000 983 1.7

TACTGATG 6 10000 9983 0.17

ACTGATG C 7 100000 99983 0.017

1000000 999983 0.0017
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Cuando secuenciamos un genoma:
* Puede no haber cobertura uniforme

» Variabilidad técnica: amplificacion sesgada de algunas regiones (PCR)
* Variabilidad biologica: secuencias repetitivas (perfectas o imperfectas)
* Pero ademas!

* Nunca secuenciamos 1 solo genoma!

* Secuenciamos un conjunto de genomas!!! (ADN aislado de una
poblacion de células)

Tamano del genoma (L)

Numero de k-meros en el genoma (n)
Tamano de k-meros (k)

NUmero de copias del genoma (C)

N=[(L-k)+1]*C
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kmers = secuencias de longitud k

nunber of distinct k-mers with piven nultiplicity

le+B8 r

le+87

le+86 [

16688488 |

10008 |

1008 |

188 |

ia

| Low Point Cutoff Value: Counts begin to
" increase (to left) due to sequencing errors

1 1
31-ner Ganna fit
31=-ners
38-ners
25-ners
280=-ners
19-ners
18-ners

a

aa

168

158 288
nultiﬂlicitﬂ
Non Error Kmers

258

3aa 358 488
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Metodos, algoritmos, técnicas para ensamblar genomas

SEQUENCE ASSEMBLY
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Dada una coleccion de lecturas (“reads”) con secuencia de
DNA conocida, y una lista de datos adicionales sobre sus
posicionamientos, encontrar la secuencia de ADN de la
molécula original.

Datos adicionales = datos opcionales, auxiliares que pueden
ayudar a posicionar las secuencias
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Ensamblar secuencias

genome

reads

overlapping
substrings

that cover
the genome
redundantly

Y

assembly
what we think
the genome is
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(a)

Sheer DNA into small
pieces (-3 kb)

N
Construct clone library 1

ww wlw,
P wlw
OO0

Randomly sequence
clone library

Paired ends Pairad ends
i S — -

OO

Assemble 1

Contig |
Paired end sequences

ey geme=
el . .

Paired end sequences

(b)

Cut DNA into large

\ pieces (-40-80 kb)
~\

taxon-specific marker

l Array and screen with

2O0080|

3¢ 3 000080

selected clones

00

l Assemble large taxon-

1 Shotgun sequence

*

specific fragments

Population genomics in natural microbial
communitiesAuthor links open overlay panel.
Rachel J. Whitaker, Jillian F. Banfield.
doi.org/10.1016/j.tree.2006.07.001
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An ASSEMBLY':

Assembly aca-gavacga | avecgategacwas T

. acgga-accgaaaata ctatc-actaageacgaaa  MUIE-Alignment
 Un conjunto de scaffolds N ccoyancaatoea Y ’ |

ACACGEATACCGALNATATCCGATCGACTAAGC ACGALR Consensus
Scaffold e e
* Un conjunto de contigs e T T |
ordenados y orientados S S I | _ B P |
Contig 1 Contig 2 Contig 3 Contig 4 Contig 5

Contig \Sca#old 1/ \acaffom{

. "'l'-——________ ________~—~P
* Un conjunto de reads Layout

 Un layout que posicionay
ordena todos los reads sin
dejar gaps

* Un alineamiento multiple
de los reads

* Una secuencia consenso

http://wgs-assembler.sourceforge.net/wiki/index.php/Celera Assembler Terminology
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http://wgs-assembler.sourceforge.net/wiki/index.php/Celera_Assembler_Terminology

Distintos tipos de
estrategias
shotgun

Uso de la
informacion del
shotgun para
guiar el assembly

s =) & 2
I g ERCET Ak - } Single-end
=]
o< D—os)— E&:% == .
= O =>— = o e }Palred-end
;:; ag; =2—E oD—& == ==
@ g = = } Mate-pair
(A) (B) (C)
g 2 %:: —
C:'c:: Co—_ :é?:»
aEJ %* = = ==
o & et R S | |[E———— Contigs
cC o
O W
7)) & =
O & & = -
= =
Scaffold
- — { b
8 l] ﬂ ﬂ Related genome
-..g Annotated draft
N 7 N 7
- genome
2 l [ [
E _ —— = = RNA-seq data

75

Fernan Aglero




Ordered, oriented contigs

mate pairs /
contigs #&
~_ 7

gap size estimate

Las lecturas apareadas permiten agrupar y orientar
contigs. El tamano de inserto permite obtener
estimaciones de tamano de gaps.
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Hacia la
gendmica de
poblaciones

* Core genome

 Variable
genome

Short/long reads —— =

Contig assembly = — - — >_De novo sequencing

of individual genome

Scaffold/chromosome
assembly

Individual A
of genomic regions Incivickial C

Individual genome

Pan-genome A >
B —_—
e _—

Bl cCoregenome [l Variably distributed genome
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Mapear “palabras” en cadenas de texto mas largas es un
problema conocido: “Exact string matching”

Naive algorithm

ATAGGAGCACGTTAAGGTT

AGGAGC
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“Exact string matching”

Naive algorithm

ATAGGACGCACGTTAAGGTT

AGGAGC
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“Exact string matching”
Naive algorithm

ATAGGACGCACGTTAAGGTT

AGGACG
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“Exact string matching”
Naive algorithm

ATAGGACGCACGTTAAGGTT

AGGACG

GGACGC
GACGCA

ACGCAC
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¢ Fragment assembly problem

e El casoideal

ACCGT

CGTGC
TTAC :::j>

TACCGT

GT--
GTGC

GTGC Consenso

H
H
|[§nn|n

La base del consenso esta
dictada por la mayoria
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e Quality metrics

Objetivo:

Assembly

Resultado:

1

Region sin
cobertura

2 contigs
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¢ Linkage —

— grado de solapamiento (overlap) de los fragmentos

Objetivo:

« Alta cobertura (coverage)
« Solapamiento promedio pobre
o Solapamiento minimo también pobre
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e Calculos de cobertura

— Queremos secuenciar cada base 5x para tener un nivel de error
aceptable

— Qué cobertura promedio necesitamos para asegurar que el 95% de un
genoma se secuencie al menos 5 veces?
e Se usa la distribucion de Poisson

— Si el nimero esperado de eventos (ocurrencias) es A entonces, la
probabilidad de observar exactamente k eventos es
0.40— . l . :

0.35
0.30

ANe™h g
fN == %

Distribucién de Poisson
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e Cobertura promedio = 5X

— Numero de veces esperado que va a ser leida una base (A)

e La probabilidad de una base de haber sido secuenciada
10 veces es

— Numero de veces observado (k)

510 —d
£(10;5) = 16 — 0.018

e 0.018 (1.8%) del genoma va a ser leido 10 veces

— Es decir: 1.8 % del genoma va a tener una cobertura de 10x
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Respuesta: Base quality values

q = —10 X log1o(p)

Donde:
e (= quality value
e p = estimated probability error for a base call

Ejemplos:

e (¢ =20 significa p = 102(1 error cada 100 bases)

e ¢ =30 significa p =103(1 error cada 1000 bases)
e ( =40 significa p = 10*(1 error cada 10000 bases)
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e Shotgun sequencing

— Los clones que seran
secuenciados se
seleccionan al azar

— Genera redundancia

— La cobertura aumenta
con el nimero de
secuencias (pero no en
forma lineal

Contigs Larger than 2kb

40 -

30 A

20 1

10 4

Fold Redundancy of Sequencing

Contig formation at lower redundancy of sequencing. The number of contigs
that were larger than 2 kb was calculated for each low redundancy simulation.
The fold redundancy of each clone was calculated based on the number of
bases that had a Phred value >20. The projects that were examined are listed
at right. Tomado de Bouck et al. (1998) Genome Res 8: 1074.

108-227 Kb

J19
P7
WX
VC
2
WR
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Wendl MC and Waterston RH. (2002). Generalized Gap Model for Bacterial
Artificial Chromosome Clone Fingerprint Mapping and Shotgun Sequencing.

Genome Res 12: 1943.

— Funcidn de densidad de probabilidades parai gaps en N clones

Evolution of probability density
function for a hypothetical project
(L/G=0.001, T/L=0) up to 5x
coverage as evaluated by
equation 4. Arrows indicate
whether the average number of
gaps is increasing (—) or
decreasing («) for each
distribution.

L = clone length

G = project length

—»
0.1 X

0.12+ —
2
= 5X
e | —~—— |
w 0hs 0.3 X
S — 05X
o 3X 2 X 1X

[ — —
0.04 — —
. h
0 100 200 300 400
gaps
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Modelos para estimar gaps: closure

e C(Closure

— En proyectos de secuenciacion por shotgun closure se refiere al momento donde
un aumento de cobertura ya no produce cambios en la disminucién del nimero

de gaps (aumento del No. de contigs)
— Probability of closure, p(0,N)

0.8

Probability of closure as a
function of depth of coverage for
various projects: 1. Zhu et al.
(1999); 2. Dewar et al. (1998); 3.
Fleischmann et al. (1995); 4.
McPherson et al. (2001); 5.
Adams et al. (2000); 6.Venter et
al. (2001). Abbreviations “f.p.”
and “w.g.s.” represent fingerprint
mapping and whole genome
shotgun sequencing projects,
respectively. Cases 1 and 2 were
evaluated using equation 4, 02
whereas the remaining cases
were determined using equation
9. Tomado de: Wendl MC and

probability of closure

Waterston RH (2002). Genome 0
Res 12: 1943 0

depth of coverage (NL/G)

25
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e Artefactos de clonado

— Quimeras (dos insertos ligados en el mismo vector)

e Errores en la asignacion de las bases

TT
=T

A

A
G

CCGT--
—CGTGC

CCGT—

TT

A

CCGTGC

Base Call Error

-—-AC(O-

GT--

—-———CAGTGC

TTAC—H-
—-TAC(O-

GT—

TTACC-

GTGC

Insertion Error

~-AC

TTAC
—-TA(C

@

GT—--
GTGC

GT—

TTAC

C

GTGC

Deletion Error
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e Los fragmentos secuenciados pueden provenir de
cualquiera de las 2 hebras del ADN originario

CACGT —> CACGT

ACGT —> —ACGT

ACTACG «— ——CGTAGT
GTACT «— ————- AGTAC
ACTGA —> === ACTGA
CTGA —> === CTGA
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Sequence assembly models

* Shortest common superstring (SCS)

* Input: una coleccion F de cadenas de caracteres (fragmentos)
e Output: la cadena mas corta posible S en la cual se cumpla que
* Por cada f € F,S es una supercadena de

* Ejemplo 1
« F={ACT,CTA, AGT}
* S=ACTAGT

* Ejemplo 2
 Alfabeto=0,1
* Todos los 3-mers posibles para este alfabeto
- F={000,001, 010,011, 100,101,110,111}
e $=0001110100
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La mayoria de las soluciones de reconstruccion de
contigs a partir de fragmentos se resuelven modelando
el problema como un grafo

Un grafo es una coleccion de nodos y aristas (o vertices)
que conectan los nodos

* Dirigidos vs no dirigidos

* Pesados (weighted) vs unweighted \

Vamos a ver mas sobre grafos ...

A directed,
unweighted

graph
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Maximum overlap graph

* El peso de cada vertice (u,v) corresponde a la longitud maxima de
solapamiento entre un prefijo de u y un sufijo de v

TACGA

CTAAAG
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El camino dbc corresponde al alineamiento:

TACGA

CTAAAG
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Assembly graphs

e Cada camino (path) dentro de un grafo, que recorra
todos los nodos es un superstring

Los vertices con peso = 0 corresponden a alineamientos del tipo

Vertices con pesos mas altos, producen alineamientos con mayor
overlap (y por lo tanto cadenas mas cortas)

El superstring comun mas corto (SCS) es el camino con mayor peso que
cubre todos los nodos

* Problema:

* Input: un grafo dirigido, con pesos

Output: el camino con mayor peso (score) que recorre todos los nodos
* Suena familiar?
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e Grafos de intervalos
— Resultan de representar intervalos en forma de grafo
— Los intervalos son la proyeccion 1D del grafo
¢ 1 nodo por cada fragmento o intervalo

e 1 arista entre cada par de intervalos que se solapan

D
A
F
B G
C E
B DI i
o ey m—
Al | E F— FI i

- - L CEETT LT - >

Tomado de
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http://en.wikipedia.org/wiki/Interval_graph

Reconstruir (ensamblar) un genoma circular: a ¥
ATGGCGTGCA A
A partir de una serie de reads:
CGTGCAA Y 5 )
TGCAATG
ATGGCGT
GGCGTGC b v
CAATGGC ‘}CGTGCM | Al
S GGCGTGC
| TGCAATG ATGGCGT | &E'S?L:"af::ﬁﬁ
/,, vy
| GGCGTGC [ CAATGGC | R
ATGGCGT

Genome: ATGGCGTGCAATGGCGT
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Una posible solucidn es representar las
secuencias como un grafo de k-mers, donde
los edges indiquen sufijos compartidos entre
nodos. Ensamblar es buscar un camino en el
grafo que pase por todos los k-mers (nodos).

Reads:

CGTGCAA
TGCAATG
ATGGCGT
GGCGTGC
CAATGGC

Para k=3, los k-mers son:
CGT, GTG, TGC, GCA, CAA, Hamiltonian cycle
AAT, ATG, TGG, GGC, GCG Visit each vertex once
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Otra solucidn posible: representar las
secuencias como un grafo de k-mers,
donde cada edge es un k-mer, y donde los
nodos son prefijos y sufijos de cada k-mer.
En este caso hay que buscar un camino
que pase por todos los k-mers (ejes).

Reads:

CGTGCAA
TGCAATG
ATGGCGT
GGCGTGC
CAATGGC

Para k=3, los k-mers son:
CGT, GTG, TGC, GCA, CAA, Eulerian cycle
AAT, ATG, TGG, GGC, GCG Visit each edge once
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Hamiltonian Path identified

M

Consensus sequence

Reads connected by overlaps
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e Zhang et al. (1994). An algorithm based on graph theory
for the assembly of contigs in physical mapping of DNA.
Bioinformatics 10: 309-317

— “An algorithm is described for mapping DNA contigs based on an
interval graph (IG) representation ... CPU time is essentially linear with
respect to the number of cosmids analyzed”
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Bacterial genome assembled using a de Bruijn graph
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* The choice of k is important to the construction of a de
Bruijn graph

* smaller k results in more tangled graphs (more repeats
will be glued)

* Smaller k works better with low coverage regions

* larger k may not adequately detect overlaps, leading to
fragmented graphs.

* Larger k works better with high coverage regions

VelvetOptimiser: script written to optimise the k-mer size and coverage
cutoff parameters for Velvet. https://github.com/tseemann/VelvetOptimiser

116 Fernan Agiiero




Spades uses several
values for k (manually
set or inferred
automatically) to
create a multisized
graph that minimized
tangledness and
fragmentation by
combining various
k-mers

o @
é‘»o»@ o
h-edge o 2 3 o
1 4 w
o—»O " »O—r®
o 0 A
& & o W
v o’ © F
»O
O . Q@
& L& F

SPAdes: A New Genome Assembly Algorithm and Its Applications to Single-Cell
Sequencing. Anton Bankevich et al Journal of Computational Biology 19,
2012 https://doi.org/10.1089/cmb.2012.0021

Assembly of long error-prone reads using de Bruijn graphs
Yu Lin, Jeffrey Yuan, Mikhail Kolmogorov, Max W. Shen, Mark Chaisson, and Pavel A. Pevzner
PNAS 2016 https://doi.org/10.1073/pnas.1604560113
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https://doi.org/10.1073/pnas.1604560113

SPAdes: multi-sized de Bruijn graphs

Genome = CATCAGATAGGA A

Reads (4-mers) =

{ACAT, CATC, ATCA, TCAG,
CAGA, AGAT, GATA, TAGG, :
GGAC} GGAI GGA

Missing = {ATAG, AGGA,
GACA}

Theoretical (3-mers) = {all}

B D KOAT S0

GACA
TCAG
GGAC
CAGA
AGGA
AGAT
TAGG

mkE oA

Multisized de Bruijn graph. A circular Genome CATCAGATAGGA is covered by a set of Reads consisting of nine 4-mers, {ACAT, CATC, ATCA, TCAG,
CAGA, AGAT, GATA, TAGG, GGAC]}. Three out of 12 possible 4-mers from Genome are missing from Reads (namely {ATAG,AGGA,GACA}), but all 3-
mers from the Genome are present in the Reads. (A) The outside circle shows a separate black edge for each 3-mer from Reads. Dotted red lines
indicate vertices that will be glued. The inner circle shows the result of applying some of the glues. (B) The graph DB(Reads, 3) resulting from all the
glues is tangled. The three h-paths of length 2 in this graph (shown in blue) correspond to h-reads ATAG, AGGA, and GACA. Thus Reads; , contains all
4-mers from Genome. (C) The outside circle shows a separate edge for each of the nine 4-mer reads. The next inner circle shows the graph DB(Reads,
4), and the innermost circle represents the Genome. The graph DB(Reads, 4) is fragmented into 3 connected components. (D) The multisized de Bruijn
graph DB (Reads, 3, 4). Figure and text from Bankevich et al. 2012.
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https://galaxyproject.github.io/training-material/topics/assembly/tutorials/unicycler-assembly/tutorial.html#Bankevich2012

Short read mapping using Suffix Trees/Arrays

Qué es un Suffix Array?

Consideremos una cadena a indexar: “AGGAGCS” (S = ultima posicion)

nnnnnnﬂn Cadena indexada

S[i] A
List of suffixes Ordered list of suffixes Suffix Array
CONENS COSSNES  ENCT
AGGAGCS 0 6 6
GGAGCS 1 AGCS 3 1 3
GAGCS 2 AGGAGCS 0 2 0
AGCS 3 c$ 5 3 5
GCS 4 GAGCS 2 4 2
s 5 GCS 4 5 4
S 6 GGAGCS 1 6 1

[Cuéles son todos los sufijos que empiezan con AG? }
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Se acuerdan del “Exact string matching” (Naive algorithm)?

ATAGGACGCACGTTAAGGTT

AGGACG

GGACGC
GACGCA

ACGCAC

Como aplicarian Suffix Arrays a este problema?

Suffix Trees/Arrays son la base algoritmica del programa
BWA (Burrows-Wheeler Aligner, short read alignment)
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A ccacacecacAa —= ACA 3,8 — ACA Aacacca B
acc 5 R ——
cac 2,7
CAG 4

GCA 1, 6 — GCA =
-

C aca ceca

- ] —=nomatch D
3 6 ——= match
8 — ——= no match

FIG. 1. The hashing algorithm. (A) The genome is cut into overlapping 3-mers, and their respective positions in the
genome are stored. (B) The read is cut into 3-mers. The 3-mers from the reads are compared to 3-mers from the genome
using a hashing procedure. (C) Positions for each seed are sorted and compared to the other seeds. (D) Compatible
positions are kept.

Journal of Computational Biology. June 2012, 19(6): 796-813.
DOI: 10.1089/cmb.2012.0022
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Input: query and
reference sequences.

1

454, lllumina

BWA, Bowtie, mrsFAST,

Alignment Software GSNAP
5ﬁ|l\\/|/l/—SA|M text i La mayor parte del
. p-aln = e analisis se hace en este
BAM = binary
paso
Resequencing RNA Seq R
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Contiene un header (opcional) y una seccidon de alineamientos

@HD WNC1.0 SOrcoordinate

@sQ Sh1 LN:-249250621 ASNCBIZT URfile:/datadocaliref GATH/ human_g1k_v37 fasfa
M35:1b22b98cdeb4a8304ch 5048026285128

@sQ SN2 LN:243199373 AS:NCBI3T URfile:/datadocalirefGATHK/ human_g1k_v37 fasta
M5:ald3851da00400dec1098a9255ac712e

@sQ SN-3 LN:198022430 AS:NCBI37 URfile:/datadocalireFGATHK/ human_g1k_v37 fasfa
M5:fdfd8 11849cc2fadebc329bb92590225

@arc ID:UMO0S8-1  PLILLUMINA  PUSHWUSI-EASTTOT-615LHAAXK-LOOT

1497 R-27T2413M17D24M 113 1 497
CEGGTCTGACCTGAGGAGAACTGTGCTCCGCCTTCAG
SMI 3T AM0 A1 X120

19:20389-F275+18M2D19M 99 1 17644
TATGACTGCTAATAATACCTACACATGTTAGAACCAT
ATAR NMEC0 SM0 AMC0
MD:Z-37

19:20389-F27T5+18M2D719M 147 1 17919
GTAGTACCAACTGTAAGTCCTTATCTTCATACTTTGT
SME0 AM0 x0i4 X130

21597+ 10M2/25M R~ 209 83 1 21678

CACCACATCACATATACCAAGLCCTGECTGTGTCTTCT

SMEa AM-0 KOS X140

9;.!!- R s e e e e D T e e = T e T e e T

I e e e e R e e e e e

TEM20TSM
(440894998 cafaar o s s D

OT:2010-05-05T20000000-0400  SM-5030

= Geafrdadardadm i dar T pann e XTAR NAEZ

100336662 0
XTAU NMLED
MD-Z:37

17319 314
RG:Z:UMIOSE:1
00 XG0
17644 -314
XTAR NA2
MO 18 CATS

21489 -244
MD-Z:35
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Table 2.

(lobal charactenistics of the mapping tools

Tool Format Algorithm Threads Gaps Mismatches

BWA SaM o BWI e yes  yes ¥ ~——  https://github.com/bwa-mem2/bwa-mem2
Novoalign SAM  hashtheref. ves VEs  Ves

Bowtie SAM  BWT Ves no  yes

SOAP2 perso BWT Ves no  atmost?

BFAST SAM  hashtheref ves Ves  yes

SSAHA? SAM  hashtheref no no  ves

MPscan  perso suffixtree  no no 0o

GASSST  SAM  hashtheref ves Ves  Yes

PerM SAM  hashtheref no no  yes

SAM. Sequence Alignments Map.

Schbath S, Martin V, Zytnicki M, Fayolle J, Loux V, Gibrat JF. Mapping
reads on a genomic sequence: an algorithmic overview and a practical
comparative analysis. J Comput Biol. 2012 19(6):796-813. doi:
10.1089/cmb.2012.0022. PMID: 22506536; PMCID: PMC3375638.
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PacBio Assembly Algorithms

PBJelly

Gap Filling
and Assembly Upgrade

English et al (2012)
PLOS One. 7(11):e47768

PacBioToCA
& ECTools

Hybrid/PB-only Error
Correction

Koren, Schatz, et al (2012)
Nature Biotechnology. 30:693—700

HGAP & Quiver

Pr(R|T)
Pr(R | T) = [[Pr(R, | T)
'

Quiver Performance Results
Comparison o REference Gename
M. ruber ;3.1 MB ; SMBRT® Cells)

Initial Assembly |Quiver Consensus
av 43.4 54.5
Acturacy 95.95540% 95,95564%
. Differences 141 11

PB-only Correction &
Polishing

Chin et al (2013)
Nature Methods. 10:563-569

PacBio Coverage
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2500

2000
Half of data in reads: >20 kb

1500

Reads

1000
Top 5% of reads: >40 kb
) III'I
Longestreads: >60 kb
d IIIIIIIIIIIIIIIII--L---

10,000 20,000 30,000
Read Length

Fernan Aglero
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ECTools: Error Correction with pre-assembled reads

https://github.com/jgurtowski/ectools

—XX ) — ¢ ¢ S S O EEEE—— - SE—— ¢ S—

Short Reads -> Assemble Unitigs -> Align & Select - > Error Correct
Can Help us overcome:
1. Error Dense Regions — Longer sequences have more seeds to match

2. Simple Repeats — Longer sequences easier to resolve

However, cannot overcome lllumina coverage gaps & other biases
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A. Short read assembly B. Multiplicity C. Short read bridging
with & SPAdes

|~ Unbridged

= graph

SPAdes 1+,3+,5+
contig path
-~
Bridged
= graph
k-mer size
optimum Bridges simplify the graph by resolving

A thorough sweep of k-mer sizes finds an A greedy algorithm assigns copy numbers to repeats between single-copy contigs. Short
optimal assembly graph with few dead ends. contigs using depth and graph connections. read bridges are made from SPAdes paths.

D. Long read bridging

Repeat region in unbridged graph Consensus read sequence Path finding

Trim ends '

q . Multiple sequence q
Semi-global long read alignment alignment ' Bridged graph

Consensus ' 'l

Bridges made using long reads can resolve larger repeats than short-read bridges. They are made from long reads which align to two ar more
single-copy contigs. The bridge sequence comes from the graph path between the two contigs, not the long reads, providing greater accuracy.
When multiple possible bridge paths exist, the best path is chosen based on agreement with the long-read consensus sequence.

E. Bridge application
Bridges are assigned a quality score based on available evidence. They

are applied to the graph in order of decreasing quality, ensuring that when
contradictory bridges exist, only the most supported option is used.

i i ishi Mismatchs d Il indel
F. Contig merging G. Polishing Vismaiches and smayl inde's
Align short reads '
with @ —— =
[y e —x—
Polish with
L] @Pllon

Bridges are merged
with their neighbours The final assembly is polished using the accurate short reads to
to create long contigs. reduce the rate of mismatches and small insertions/deletions.

Unicycler

Unicycler is designed
specifically for hybrid
assembly (that is, using
both short- and long-
read sequencing data) of
small (e.g., bacterial,
viral, organellar)
genomes.

Unicycler employs a
multi-step process that
utilizes a number of
software tools
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Hi-C: proximity ligation + secuenciacion

Estudio no sesgado a escala genomica de

interacciones a nivel de la cromatina

Revela arquitectura cromosdmica a diferentes

niveles

* Territorios cromosomicos

* Regiones donde la cromatina es abierta vs cerrada
* Estructura de la cromatina a escala de megabases %

(millones de bases)

Crosslink DNA Cut with Fill ends
restnction and mark
enzyme wath biotin

1
| !ﬁ,

-

Purify and shear DNA;  Sequence using

pull down biotin

Cromosoma

Fibra de Cromatina

"Perlas en una cuerda"
ADN desplegado en los
nucleosomas

A Doble hélice

paired-ends

55

& o

?
Z Erez Lieberman-Aiden E, et al. Comprehensive Mapping of Long-Range

Interactions Reveals Folding Principles of the Human Genome. Science (326),
289-293, doi: 10.1126/science.1181369 (2009).

van Berkum, NL, et al. Hi-C: A Method to Study the Three-dimensional
Architecture of Genomes. J. Vis. Exp. (39), €1869, d0i:10.3791/1869 (2010).
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Hi-C: proximity ligation + sequencing

Hi-C revela interacciones A obsened
intercromosomicas +
intracromosomicas

Ayudan a mejorar ensambles:
corrijen mala asignacion de
contigs a scaffolds o
cromosomas), ademas de
identificar inversions y C  Observed/Expected
translocaciones, en estudios '
comparativos.

Cheid

—

Chr 14
+ + + +

B Expected (genome average) G Chr14

Fo T Covente i
il Genes IN l‘ k;‘lz | N“hilhﬁi mu M
akzrmet - ol ML L
wocser L LLLLALUMMAALL S

onssel J | RLSOLGNL | LA
Eigenvector WMMM

’ jl ' Chr 14 ' 1
iC

e

Chr 14

Chr 14

Chid

Erez Lieberman-Aiden E, et al. Comprehensive Mapping of Long-Range
Interactions Reveals Folding Principles of the Human Genome. Science (326),
289-293, doi: 10.1126/science.1181369 (2009).
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Assessment / Validation

ASSEMBLY VALIDATION
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Métricas para evaluar assemblies

N50

Calidad del ensamble en términos de contiguidad
N50 es similar a una mediana o media de longitudes de contigs

Es la longitud del contig mads corto a partir del cual el 50% de las bases se
encuentran repartidas entre él mismo y otros contigs mas cortos

Ej si tenemos 7 contigs con longitudes
- 1,1,3,5,8,12, 20

El N50 es 12 porque:
* 1+1+3+5+8+12+20=50 (lalongitud acumulada de todo el ensamble)
* 50/2 =25 (la mitad de la longitud sumada de todo el ensamble)

* Y si empezamos desde el contig mas corto y vamos sumando hasta conseguir llegar a
una longitud acumulada >=25 ...

e 1+41+3+5+8+12=30

* O sea, el sexto contig (de longitud 12) es el primero en el que alcanzamos o pasamos la
mitad de la longitud del ensamble
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Métricas para evaluar assemblies

L50

. El nimero minimo de contigs cuya longitud suma 50% del tamafiio del
ensamble

. Ej si tenemos 7 contigs con longitudes

- 1,1,3,5,8,12,20

 EIL50 es 6 porque seis es el nimero de contigs con los que alcanzamos
o pasamos la mitad de la longitud del ensamble

N90
Similar al N50 (pero pide 90% de las bases)
NG50

. Similar al N50 pero en lugar de referirse a la longitud total del ensamble, se
refiere a la longitud total del genoma

. Util porque el N50 no permite comparar entre ensambles de diferentes
tamanos (pero NG50 si)

Y hay mas métricas .... Ver https://en.wikipedia.org/wiki/N50, L50, and_related_statistics
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https://en.wikipedia.org/wiki/N50,_L50,_and_related_statistics

Una métrica es solamente eso. Una herramienta.
Usarla con cuidado!

PROBLEMAS con el N50!

Si intentamos optimizar el N50 podemos forzar
(recompensar) malos ensambles

* Un assembler agresivo puede excederse al unir contigs

simplemente buscando incrementar el N50
* Ej1,1,3,5,8, 12,20 (contigs del ejemplo anterior, N50 = 12)
« 1,1, 3,5, 8, 20, 20 (aggressive join de los contigs de longitudes 8 y 12)
* Ahora el N50 es 20

134 Fernan Agiiero




Auto-consistencia
* Mapear de nuevo reads contra contigs

* Chequear errores o inconsistencias
Segunda opinion / validacién externa

* Usar dos métodos de secuenciacion complementarios
* lllumina + PacBio
* lllumina + Nanopore
* Validar regiones por PCR
* Util para validar o para resolver regiones dificiles
e Hi-C (chromatin contact maps)
* Hi-C, 3-C Seq, Capture-C
* Familia de métodos para caracterizar interacciones a nivel de cromatina

* Mapas de regiones del genoma que estan cercanas entre si

 Mapa 6ptico global del genoma
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https://en.wikipedia.org/wiki/Optical_mapping

J. Setubal and J. Meidanis, Introduction to Computational Molecular
Biology, PWS Publishing Company, Boston, 1997

D. Gusfield, Algorithms on Strings, Trees and Sequences, Cambridge
Universtiy Press, 1997.

Compeau PEC, Pevzner PA, Tesler G. How to apply de Bruijn graphs
to genome assembly. Nature Biotechnol 29: 987, 2011.

Li H, Holmer N. A survey of sequence alignment algorithms for next-
generation sequencing. Briefings in Bioinformatics 11: 473, 2010.

Riberiro FJ et al. Finished bacterial genomes from shotgun sequence
data. Genome Res 22: 2270, 2012

Nagarajan, N., & Pop, M. (2013). Sequence assembly demystified.
Nature Reviews Genetics, 14(3), 157-167. doi:10.1038/nrg3367

Rice, E. S., & Green, R. E. (2018). New Approaches for Genome
Assembly and Scaffolding. Annual Review of Animal Biosciences,
7(1). doi:10.1146/annurev-animal-020518-115344
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