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Omics paradigm

microbiome
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processing

metagenomics
bioinformatics:

measurement {

data

compensate for things
that went wrong before




Metagenomics (+ other omics) pipeline

AR
o
taxonomic

profile

contaminant removal

. assembl
quality contrgl y

gene
predictions

mOTU marker genes T
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functional categories

imp3.readthedocs.io

functional
annotations

e

functional profile

binning

g
s,

S
N
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growth
inference

genome

reconstructions

IMP3

variant calling




Metagenomics (+ other omics) pipeline

reads

.
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2,3
preprocessing
assembly 5'1 2 4
analysis 6,7.8
S
| 110 111
taxonomy summary

imp3.readthedocs.io

IMP3



What does sequencing data look like?

”N83696 36: 889068609 BGTDB:1:1101:9696: 1978 1:N: B 226 == M N

ANNNNNNN A A NAA AGAACN NCNN — N G — NNNNNNN NNNNNNC A A NNNNNNNNNNNNANNNNN NNNNNNNNNNTNNNGNNNN N

ACNNNNNNNGGTNNA NNNGGCNNNAGNNNGGANAATGACGNTCGAACAGGCATGCCCTTCGGAATAC . ______.

GGGOGNGG9BGGGGGFFGGGGGH###£44 : : DGGGGGFGGGGGGGGGGGGGGGGE#9CFGGGGGGGGE : DFGE : #4 .
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“ine 3: anything «sline 4: Quality at each position

TCTNNNGGGGGAGACGAGACTCAACAC
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@M@3696:36:000000008-BGTDB:1:1101:16337:1218 1:N:0:226 .

TTAAGTTCAGCGGGTATCCCTACCTGCTCCGCGGTCAAAAGTTGCAAAAAGGCTTGTTGGACGCTGACC . JCTCCGAAACCAGTAGGCCGGCTGCCAACGACTTTAAGGCGAGTCTCCAGCGGACTGGAGACAAGACGCCCAACACCAAGCA
AAGCTTGAGGGTACAAATGACGCTCGAACAGGCATGCCCTTTGGAATACCAAAGGGCGCAATGTGCGTT

A .

GGFGGGGEEGGE : FFRFGGGEE6GCG8FFGGEFGFGE, EFGGGFAFGCFFGEFGGGGGFGBECEGEGGF . }6GGDGGEGG, DEGEGFGGEEEGCEEFGFEFGEGFGCGFGEGGCFCEGGGEEDCEEFFFFGG?FGGE6666=66==D5ECFD
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ACAAGCCGCGCTTGAGGGCAGTAATGACGCTCGGACAGGCATGCCCCCCGGAATACCCGEGEGCECAAT
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i
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Where do errors come from?
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Sequencing

short read sequencing

llumina

711Gl

UNIVERSITY OF AMSTERDAM
M T ife Sciences

long read sequencing

€D rrceio

Oxford

NANOPORE

Technologies




Short read sequencing

Genomic DNA

W

shear ¢

‘ apply to flowcell
attach adapters to

create sequencing library /

B UNIVERSITY OF AMSTERDAM
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- Select ~200-300 bp fragments

cluster generation by
solid phase PCR
(bridge amplification)

sequencing by synthesis with reversible terminators

w o |
(18] (]9 :
_> (1] o0

3

— -

https://bitesizebio.com/13546/sequencing-by-synthesis-explaining-the-illumina-sequencing-technology/



Short read sequencing

1) DNA/RNA

|

2) Molecular library
|

3) Signal amplification L\

4) Sequencing array IS W%

| 1 R

Stepwise sequencing by polymerase

5) Sequencing using fluorescently labeled nucleotides

B UNIVERSITY OF AMSTERDAM

Ell | o Sciences Patterson, J., Carpenter, E.J., Zhu, Z. et al. BMC Genomics 20, 604 (2019)



Short read sequencing

A B C D
e o (1)
(1 — —
: (’4 >
b S e A i —_— 5 ’
T ’ — ’ } —r
\ / S (2 —::?our:nmcrgGonomo
o i PRI, ; s Samplo 1 Barcode
’//_: W — w— Sample 2 Barcode

J T . ——— . -
i / Z - —

A. Two representative DNA fragments from two unique samples, each attached 1o a specific barcode sequence that identifies the sample
from which it orignated.

B. Ubraries for each sample are pooled and sequenced in paraldl. Each new read contains both the fragment sequence and its sample-
identifying barcode.

C. Barcode sequences are used to de-multiplex, or differentiate reads from each sample.

D. Each set of reads is aligned 1o the reference sequence.

B UNIVERSITY OF AMSTERDAM
-3 1ife Sciences https://www.illumina.com/techniques/sequencing/ngs-library-prep/multiplexing.html 10



Short read sequencing

P

@

¢ & £
Pedutatah

-4

B UNIVERSITY OF AMSTERDAM

=¥ 1.ife Sciences https://en.wikipedia.org/wiki/File:Sequencing_by_synthesis_Reversible_terminators.png



Short read sequencing

MiSeq Series ©
Run Time 4-55 hours
Maximum Output 15 Gb
Maximum Reads Per Run 25 million
Maximum Read Length 2 x 300 bp

B UNIVERSITY OF AMSTERDAM
“M 1 ife Sciences

NextSeq 550 Series ©
12-30 hours
120 Gb
400 million

2 x 150 bp

"

NextSeq 1000 & 2000
11-48 hours
360 Gb"
1.2 billion*

2 x 150 bp

NovaSeq 6000

~13 - 38 hours (dual SP flow
cells)
~13-25 hours (dual S1 flow cells)
~16-36 hours (dual S2 flow
cells)
~44 hours (dual S4 flow cells)

6000 Gb
20 billion

2 X 200**

12



Short read sequencing

4-channel

B UNIVERSITY OF AMSTERDAM
~® Life Sciences

TGCT C
Base calling

https://www.illumina.com/science/technology/next-generation-sequencing/sequencing-technology/2-
channel-sbs.html

13



Short read sequencing

4-Channel Chemistry

2-Channel Chemistry

Image 1
Image 2 &
Image 3 o
Image 4
Result G T C

Image 1 £
Image 2 .
Result G T c

B UNIVERSITY OF AMSTERDAM
~® Life Sciences

https://www.illumina.com/content/dam/illumina-marketing/documents/products/techspotlights/cmos-

tech-note-770-2013-054.pdf
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Long read sequencing: Pacbio SMRT

Aluminum

Glass

Intensity mp

s ion
Excitation Emissio

B UNIVERSITY OF AMSTERDAM
“M 1 ife Sciences

Eid, J., et al. (2009) Science, 323(5910), 133-138. 15



Long read sequencing: Pacbio SMRT

Start with high-quality
double stranded DNA

Ligate SMRTbell
adapters and size select

Anneal primers and
bind DNA polymerase g

B UNIVERSITY OF AMSTERDAM
“M 1 ife Sciences

Circularized DNA
is sequenced in
repeated passes

'

I

1

I

I

¢

I

The polymerase reads |
are trimmed of adapters . S :

to yield subreads .

|

I

|

I

I

i

I

) Consensus is called
from subreads

>99.9% accuracy

https://www.pacb.com/smrt-science/smrt-sequencing/hifi-reads-for-highly-accurate-long-read-sequencing/



Long read sequencing: ONT

Inhomogeneous
translocation speed

Low signal-to-noise

Multiple nucleotides
simultaneously

Loss of information
by event-calling

Faulty segmentation

Difficulty predicting
homopolymer length

Unrepresentative
training data

o

(=)
Sample preparation

* Updates to
MinION chemistry

Nanopore sequencing

current (pA)
L.
i

ool % M- vs RNN-based

ime (o) Raw base calling
Signal detection
Optimized
* training data

W E“. Modeling
' n—y strand progression

A T TCAG C

Ignoring DNA
modifications
Raw signal processing(optional)
and base calling
Consensus calling
Polishing
from raw data
Post-sequencing processing
& UNIVERSITY OF AMSTERDAM Rang, F.J., Kloosterman, W.P. & de Ridder, J. Genome Biol 19, 90 (2018)

“M 1 ife Sciences

Xu, L., Seki, M. J Hum Genet 65, 25-33 (2020)
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Quality?

GGGGGGGGYBGGGGGFFGGGEGH e Y . : DGGGGGFGGGGGGGGGGGGGGGG#9CFGGGGGGGGH :DFGH i sy ###I
CFREHEHERE[2 [BE2HBHEHEREHERO-0BER ) 2888%0/801<DFF78)07F :FEF:FFFFFFFFFFF<BFFBF?<7?FFFFF

Phred+33 score:

| "#S%& " ()*+,~./0123456789: ; <=>? RABCDEFGHI
I I I I
D e s e R TR A B R e

B UNIVERSITY OF AMSTERDAM
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Quality scoring

An important technical aspect of our work is the
use of log-transformed error probabilities rather
than untransformed ones, which facilitates working
with error rates in the range of most importance
(very close to 0). Specifically, we define the quality
value g assigned to a base-call to be

g =-10Xxlog,,(p)

where p 1s the estimated error probability for that
base-call. Thus a base-call having a probability of
1/1000 of being incorrect is assigned a quality value
of 30. Note that high quality values correspond to
low error probabilities, and conversely.

B UNIVERSITY OF AMSTERDAM

% . . Ewing B, Green P. Genome Research. 1998 8(3):186-94
Life Sciences



Quality scoring

| "#S%& " ()*+,-./0123456789: ; <=>? EABCDEFCHI

error 1 0.63 0.1 0.01 0.0025 0.00079 0.0001
probability

q=-10X1og;,(p)

UNIVERSITY OF AMSTERDAM
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Quality scoring

ceccescscsssscscencccsnsssessesess IITITTYTIITTYYI YT ITITIYTIIIY I T I T I T I I T . ccccccccccccacncnansnsse

« . LLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLL

1"#8%&" ()*+,~-./0123456789: ; <=>? @ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]" ~“abcdefghijklmnopgrstuvwxyz{|}~

33 59 64
Dasasnnsannnansssnnassnss 26...31
=5eeeal

DiaRonsiasnnnesassssanness 26...31
S - Sanger Phred+33, raw
X - Solexa Solexa+64, raw
I - Illumina 1.3+ Phred+64, raw
L - Illumina 1.8+ Phred+33, raw

B UNIVERSITY OF AMSTERDAM
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reads
reads
reads

reads

| |

73 104 126
.40

eeDccceccccccceccccssnncccnncocs 40
eeDccecccecccnccnanccccnccnnnnas 40 —

..41 —

typically (0, 40)
typically (-5, 40)
typically (0, 40)

typically (0, 41)

21



Quality scoring

novaseq data:

@SRR15010442.1
CCTGTTTGCTCCCCACGCTTTCGCGCCTCAGCGGCAGTTACAGACCAAAAAGCCGCCTTCGCCACTGGTGTTC
CTCCACATCTCTACGCATTTCACCGCTACACGTGGAATTCTACCCCCC

4

F:FFFF, FF:FFFF: FEFFFFFFFFFFEFF : FFF, FFFFF, FEFFFFFF : FFFFFFFFFFFFFE : FEFFFF : FF
:FFFFFFFFFF, FF:F:FFFFFFFF:F:F: FFFFFF, F, FF, FEFFFF

B UNIVERSITY OF AMSTERDAM
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Quality scoring

novaseq data:

@SRR15010442.1

CCTGTTTGCTCCCCACGCTTTCGCGCCTCAGCGGCAGTTACAGACCAAAAAGCCGCCTTCGCCACTGGTGTTC

CTCCACATCTCTACGCATTTCACCGCTACACGTGGAATTCTACCCCCC
_|_

F:FFFE, FE:FFFF :FFFFFFFFFEFEFFFE cFEFE, FEFEE, FEFFFFEE cFEFFFFFFFFFFERE c FEFFEE P
:FFFFEFEFFFEFE, FECF cFEFFFFEE (PP FFEEEE, B, FE, FEFFEEE

"Wleea' ()*4],|-./0123456789[:|; <=>2? @ABCDEF|GH:
|

!
| |
) {5 o [ B [ e

error 0.63 0.079 0.0032 0.0002
probability

B UNIVERSITY OF AMSTERDAM

“M 1 ife Sciences




Quality reports

Quality scores across all bases (Sangerflllumina 1.9 encoding)

40 HE|NN
summary of 1 dataset: . g !!!!!l I'i"l

1234567891213 18-19 24-25 30-31 36-37 42-43 48-49 54-55 60-61 66-67 72-73 78-79 84-85 90-91 96-87
Position in read {bp)

UNIVERSITY OF AMSTERDAM
Life Sciences
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Quality reports

summary of 1 dataset:

forward reads: reverse reads:

Quality scores across all bases {(Sanger / lllumina 1.9 encoding) Quality scores across all bases (Sanger / lllumina 1.9 encoding)
20 HHHHEBEBEEBHEBEEEERE 20 HHPBERRRRRRRL
- e . kR L T e
fa = =
o e anste el ~ oo ot
30 N N e S
32 . 32 !=’
30 30
28 28
26 26
24 24
22 22
20 20
18 18
16 16
14 14
12 12
10 10
8 8
6 6
4 4
2 2
. 1234567891213 18-19 24-25 30-31 36-37 42-43 48-49 54-55 60-61 66-67 72-73 78-79 84-85 90-91 96-97 0 1234567891213 18-19 24-25 30-31 36-37 42-43 48-49 54-55 60-61 66-67 72-73 78-79 84-85 90-91 96-97
Position in read (bp) Position in read (bp)

UNIVERSITY OF AMSTERDAM
Life Sciences
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Quality reports

summary of 1 dataset:

Percent of seqs remaining if deduplicated 93.94%
100
% Deduplicated sequences

% Total sequences
90

80

70

60

50

40

30

20

10

1 2 3 4 5 6 7 8 9 =10 =50 =100 =500 =1k =5k =10k

lgl UNIVERSITY OF AMSTERDAM Sequence Duplication Level
“M 1 ife Sciences
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Quality reports

summary of 1 dataset:

B UNIVERSITY OF AMSTERDAM
“M 1 ife Sciences

100

S0

80

70

60

50

40

30

20

10

% Adapter

lllumina Universal Adapter
lNlurmina Small RNA 3' Adapter

Nextera Transposase Sequence
SOLID Small RNA Adapter

1234567809 1213 18-19 24-25 30-31 36-37 42-43 48-49 54-55 60-61 66-67 72-73 78-79 84-85 90

Position in read {bp)

27



Data preprocessing: filtering & trimming
* remove adapter sequences

* remove low-quality ends

* remove dark-cycle poly-G ends

UNIVERSITY OF AMSTERDAM
M T ife Sciences



Data preprocessing : filtering & trimming

| Read ——>
e T Aigned region
| Read —>
|- Aligned Region -I
e
| Read —>
|— Aligned Region -I
[r———
| Redd —>
Aligned Region i e—

Key

. Any technical sequence - Valid Sequence

. Adapter . Trimmed Sequence

B UNIVERSITY OF AMSTERDAM
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Anthony M. Bolger, Marc Lohse, Bjoern Usadel, Bioinformatics, Volume 30, Issue 15, 2014, Pages 2114-2120
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Data preprocessing -
remove contaminants!

* remove uninformative sequences:
* phiX spike-in
* host genome

 for rRNA-depleted RNAseq: remove rRNA

UNIVERSITY OF AMSTERDAM
M T ife Sciences



Data preprocessing -

remove contaminants!

Mukherjee et al. Standards in Genomic Sciences 2015, 10:18
http://www.standardsingenomics.com/content/10/1/18

Z7

Standards in
SiGs

COMMENTARY Open Access

Large-scale contamination of microbial isolate
genomes by lllumina PhiX control

Supratim Mukherjee'", Marcel Huntemann', Natalia lvanova', Nikos C Kyrpides'? and Amrita Pati’

QIPLOS |suppmom

RESEARCH ARTICLE
Removing contaminants from databases of
draft genomes

Jennifer Lu'2*, Steven L. Salzberg'>*

B UNIVERSITY OF AMSTERDAM
“M 1 ife Sciences

PERSPECTIVE
published: 22 October 2021
doi: 10.3389/fmicb.2021.755101

Check for
updates.

'.\' frontiers
in Microbiology

Genomic Sciences

Contamination in Reference
Sequence Databases: Time for
Divide-and-Rule Tactics

Valérian Lupo'2, Mick Van Vlierberghe', Hervé Vanderschuren?, Frédéric Kerff2,
Denis Baurain™ and Luc Cornet'?

Steinegger and Salzberg Genome Biology
https://doi.org/10.1186/5s13059-020-02023-1

(2020) 21:115

Genome Biology

Check for
updates

Terminating contamination: large-scale
search identifies more than 2,000,000
contaminated entries in GenBank

Martin Steinegger'23* and Steven L. Salzberg?#>

31
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