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Human microbiome studies
with bioinformatics approaches
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Curriculum Vitae

Speaker Name: Sunjae Lee, Ph.D.

» Personal Info

Name Sunjae Lee
Title Assistant Professor
Affiliation Gwangju Institute of Science and Technology (GIST)

p Contact Information
Address 123, Chumdangwagi-Ro, Buk-Gu, Gwangju, 61005

Email leesunjae@gist.ac.kr

Phone Number  062-715-2505

Research Interest

Systems biology, Bioinformatics, Microbiome, Metabolism

Educational Experience

2006 B.S. in Bioinformatics, KAIST, Korea
2004 M.S. in Bioinformatics, KAIST, Korea
2007 Ph.D. in Bioinformatics, KAIST, Korea

Professional Experience

2015-2018 Post-doctoral researcher, KTH — Royal institute of technology, Sweden

2018-2020 Senior Research Associate, Centre for Host-Microbiome Interactions,

King's College London, UK

2020- Assistant professor, School of Life Sciences, Gwangju Institute of Science and

Technology (GIST)

Selected Publications (5 maximum)

1.

Vishal Patel*, Sunjae Lee* et al, "Rifaximin reduces gut-derived inflammation and mucin
degradation in cirrhosis and encephalopathy: RIFSYS Randomised-Controlled Trial”, J
Hepatology, 2021

. Mathias Uhlen, Cheng Zhang, Sunjae Lee et al, "A pathology atlas of the human cancer

transcriptome”, Science, 2018

. Sunjae Lee*, Cheng Zhang* Zhengtao Liu* et al, “Network analyses identify liver-specific

targets for treating liver diseases”, Molecular Systems Biology, 2017

. Sunjae Lee*, Cheng Zhang* Murat Kilicarslan* et al., “Integrated Network Analysis Reveals an

Association between Plasma Mannose Levels and Insulin Resistance”, Cell Metabolism, 2016

. Sunjae Lee, Adil Mardinoglu, Cheng Zhang et al, “"Dysregulated signaling hubs of liver lipid

metabolism reveal hepatocellular carcinoma pathogenesis”, Nucleic Acids Research, 2016
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We humans are “microbia

100 trillio 1OX
gells human cells
20 million 100X
8€NES /' human genes

Individuals harbours own unique microbiome




Individuals harbours own unique microbiome

Only
20~30%
were
shared

Savannah Jungle Tundra

REF | Rob Knight, TED talks

Microbiome =
Our Second Genome




Why microbiome is important?

1 Microbiome determines host phenotypes
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REF | Alan W. Walkter, Julian Parkhill, Science, 2013




1 Microbiome determines host phenotypes

= 88 0 € EBE

Obesity Colitis Parkinson’s Autism Schizophrenia

1 Microbiome determines host phenotypes

Allergy (injested) *
IBD 4
T2DM [ -
Recurrent UTI

Constipation -
Osteoarthritis

Many common

Coeliac disease - Jesi] . .

Wik — diseases associated

COPD | = . . .

o ol —] with microbiome

Hypertension -

. __ changes
| ]
[ |

Cholelithiasis -
Depression =

Cataract -

Diverticular disease -

RheumatoidArthritis -
Hypercholesterolaemia - Al |e r

Venous thrombosis gy

Anxiety - . .
Fractur sk - Constipation
cne . .
Eczema .. Ausootation M Igraine
Allergy (skin) =
i T2D
Nlargy‘[rmplralory] e - . el
ncontinence
Hyperthyroidism = Asthma
AF Nominal +ve .
Cold sores Hypertension
Hypothyroidism -
VDOG])::cuia - . FDR -ve
AMD
Gout
Hearing loss -

Epilepsy =
Psoriasis

Nominal -ve

T T
0 10 20
No. associations

REF | Matthew A Jackson et al., Nature Communications (2018) 10




2 Microbiome affects individual drug response

Individual
microbiome
Drug Metabolite
No longer detected New metabolite discovered
. + incubation with i
L microbiome o S I
)L/I N) F\EL\N N HNJLG/V\_,CHJ
HaC N’L;'o deglycosylation  F.
L) ——
uac\n,o OYCHS H’l*
0 0 HO OH Capecitabine Degyleocapecitabine
(anticancer, prodrug)
Famciclovir (antiviral)

REF | Bahar Javdan et al., Cell, 2020

2 Microbiome affects individual drug response

Microbiome affects Levodopa efficiency

PLP-dependent Mo-dependent
0 decarboxylase dehydroxylase (Dadh)
HO. (TyrDC) :@/\, R506 variant  HO NH,
OH
e R =3
Levodopa (L-dopa) Dopamine m-Tyramine
Enterococcus faecalis Eggerthella lenta
0 O D
oy ] 198 — @’Y“
NH,
Carbidopa L-dopa metabolizing (S)-a-Fluoromethyltyrosine
(FDA-approved drug) human gut microbiota (AFMT)

REF | Vayu Maini Rekda et al,. Science 2019




3 Healthy microbiome can treat diseases

Pills Enema

Faecal microbiota
transplant

Colitis, C. difficile infection, etc

Healthy colon

REF | Matthew A Jackson et al., Nature Communications (2018) 13

4 Microbiome affects immunotherapy efficacy

DESPERATELY SEEKING SURVIVAL

Patients generally respond well to targeted therapies (left), which are directed at
specific mutations in a cancer, but only for a short time. Checkpoint immunotherapies
(right) do not help as many people, but those they do help tend to live longer.

Oncologists are trying to get the best out of both strategies by combining the drugs.

% Targeted therapy « |[mmunotherapy
Standard therapy Standard therapy
© N ]
=
S ¥
=%
%)
0 1 2 3 0 1 2 3
\ / Years after diagnosis
onature
REF | Bertrand Routy et al., Science, 2018 v




4 Microbiome affects immunotherapy efficacy

Fecal Microbiota
Transplantation (FMT)
with non-responder

microbiota

Fecal Microbiota
Transplantation (FMT)
with responder
microbiota

-------- Tumor engraftment

Anti-PD-1 therapy

TUMOR SIZE

Tumor size ¥ in
responder-microbiota
mice

T CELLS

Immune activation t in
responder-microbiota
mice

REF | Bertrand Routy et al., Science, 2018

* Fecal microbiota of
responders increased the
efficacy of immunotherapy!

How to study microbiome?




Principal
coordinate analysis

Unweighted UniFrac
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Metagenome-wide
association study

17

Metagenomic approaches

* 16S rRNA sequencing (ribotyping)
* Amplicon sequencing of 16S rRNA regions
e Economical costs
e Taxonomic profiling

* Whole genome shotgun (WGS) methods
* Species/strain-level in-depth analysis
* Extensive costs
e Taxonomic & functional profiling

18




Overview

* Theoretical Backgrounds
Key definitions

Taxonomy

Phylogeny

Diversity

Dysbiosis

* Bioinformatics analysis
* 16S rRNA amplicon sequencing = DADA2
* Shotgun metagenome analysis = MetaPhlan

* Prerequisite
* R programming skills

Key definitions

- 10 -




Key definitions ...

Microbe?
Microbiome?

Metagenome?

Microorganisms? Microbiota?

21

Key definitions ...

* Metagenome: study of genomes of whole biological
communities from a particular habitat

* Habitat: specific site of organism growth

Metagenome

22

-11 -




Key definitions ...

* Microbiota:
ecological communities of symbiotic and
pathogenic microorganisms found in and on all
multicellular organisms (e.g. vertebrates)

Key definitions ...

* Microbiome:
genomes of all microorganisms, symbiotic and
pathogenic, living in and on multicellular organism
(e.g. vertebrates)

* i.e. = metagenome of microbiota

-12 -




Microorganisms (0| =)

* Microorganisms = microbes = microscopic organisms with singled-cell form

e.g. bacteria, archaea, fungi, virus, and protozoan

(a) ' (b)

25

.
Y ot *%

Escherichia coli

Mycobacterium tuberculosis

26




Bacteria (Al )

Spatial organization of
human gut microbiota
established in mice

C. aerofaciens

REF | Jessica L. Mark Welch et al., PNAS, 2017

Archaea (2lot)

Bacteria Archaea Eukaryota

Slime molds

Animals

-14 -




Budding yeast Candida species

29

Key terminology...

Taxonomy?
Phylogeny?

Diversity ...?

S "G
y mb/o Sis Sb\OS\S .

DY

30
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Taxonomy!

Taxonomy = classification = identity

- 16 -




[ Taxonomy ]

Species Genus Family Order
Ursus ' -y

americanus a B4

(American
black bear)

Class Phylum Kingdom Domain

33

[ Taxonomy ]

Homo sapiens
Member of the genus Homo with a

high forehead and thin skull bones.

Homo
Hominids with upright posture and
large brains.

Hominids

Primates with relatively flat faces and
three-dimensional vision,

Primates
Mammals with collar bones and
grasping fingers.

Mammals
Chordates with fur or hair and milk
glands.

Chordates

Animals with a backbone.

Animals

Organisms able to move on their own,

34
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Taxonomy database

The "Phonetic searsh” option can be used when you are nat sure about the exact spalling of a srganism
name, It tiies te find the phonetically closest strings (try “Drozefils” a5 an example)

This is the top level of the database maintained by NCI Yfou can explore any of
the taxa listed below by clicking it.

= Auchaga

« Bacteria

= Eukaryota

o Vingies

= ther

= Ling iff
These are direct links to some of the used in research projects:
Atabitiousts thaliar Escherichia o Pneumecystis cariné
Eos taurug Hepatitis C ving Rattus norvegicus
Casnorhabditis elegans Hame sapisns S ek sy SR

NCBI taxonomy database:
https://www.ncbi.nlm.nih.gov/Taxonomy/Browser/wwwtax.cgi

[Depie |3

" [Jevels using filler: | nons.

I bctestide. [ prolein Ll swueee oo ooy O
Oa L L)/ zma L L GEG Py [
L Gene e LirdeOut L GEG Proies
Dusgay || 3 levels using fiter; | rone v " - —_.r-wl’-!'!s = &ASI_ T =
o L)

) ) i B0 SYSETS poerrity Ve Tesie Regatry
The “Token 581" option returns longer namaes that include the search terms, e.g. hybrid taxa. Ses what 1 PutsChem
happens if you query “Bos taurus” using the “Complete match™ option versus the “Set of tokens” optien BoAssay

Lineage (full;: ellular arganizms

o Archaea  cick on arganism name fo get more information

© Asgard group

Taxonomy
Browser

35

Taxonomy database

o o

NN fFo AcT0
EBT“ \“A T MENE ; W g ;

! 7)* TR/ 305062 308)

2t EHHA B A SANR?

_

H|CIF 012
100"

i

Ta=
=

e |

36
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Taxonomy database

) i
BlFoLACT =@ sliFo
L BT vciFsol2
Sinee 10 MBRE 3 1009
3 L Sy ’ 20|
i @ 5
VAR 100 TR 6061 0D ® @
ERUIO|QEA M 109+ 1) . g
) c) | — -
= = — °
=

=t E HFA 2{ A (Lactobacillus) = genus B &

37

Taxonomy database

=53 P Taxonomy
"> NCBI 357
Browser
Enirez PubMed Nucleolide Prolein
Search for| lactobacillus as lock
Display ||3 levels using filter: | none ~
[ Nucleotide 1 Protein [ structure ] Genome [ Popset (1 SF [ conserved Domains (] GEO D)
[ | Gane L "Han e ) sRA Experiments B Linkout BLAST (] GEO Proiiles (] Proein Clusters (] 1denticd
[ Bio Froje [1e e [ eiosystems [ Assembly (] dovar (] Genetic Testing Registry (] Host 1 viral H

[ pubChem BioAssay
Lineage (full): cellular organisms; Bacteria; Terrabacteria group; Firmicutes; Bacilli; Lactobacillales; Lactobacillaced

o Lactobacillus Linkout click on organism name to get more information.
» Candidatus Lactobacillus pullistercoris
= Candidatus Paralactobacillus gallistercoris

G Lactobacillus acetotolerans  Linkout
enus n Lactobacillus acetotolerans DSM 20749 = JCM 3825  Linkout

Lactobacillus acidophilus ATCC 4796  Linkout
Lactobacillus acidophilus CFH  Linkout
Lactobacillus acidophilus CIRM-BIA 442  Linkcut
Lactobacillus acidophilus CIRM-BIA 445  Linkout
Lactobacillus acidophilus CRBIP 24179  Linkout
Lactobacillus acidophilus DSM 20079 = JCM 1132 = NBRC 13951 = CIP 76.13  Linkout
Lactobacillus acidophilus DSM 20242  Linkout
Lactobacillus acidophilus DSM 9126  Linkout
Lactobacillus acidophilus JV3179  Lnkout
Lactobacillus acidophilus La-14  Linkout

» Lactobacillus acidophilus NCFM  Linkout
= Lactobacillus alvei Linkout
o Lactobacillus amylolyticus  Linkout

n Lactobacillus amylolyticus DSM 11664  Linkout
o Lactobacillus amylovorus  Linkout

= Lactobacillus amylovorus DSM 16698  Linkout

= Lactobacillus amylovorus DSM 20531  Linkout

= Lactobacillus amylovorus GRL 1112 Linkout

» Lactobacillus amylovorus GRL 1115  Linkout

= Lactobacillus amylovorus GRL1118  Linkout
= Lactobacillus animata

Strain

. o Lactobacillus acidophilus  Linkout \
SpeCIeS Lactobacillus acidophilus 30SC  Linkout

38

- 19 -




Database of 16S rRNA with taxonomy data

Ei?\ﬁ'

Core Data
Resource

nigh guality ribosomal RMA datsbases

de:

GERMAN NETWOI FO3

:NBI

FORMATIS INFRASTRUCTURE

Home SILVAngs Browser Search ACT Download Documentation Projects FISH & Probes Contact

SILVA

Welcome to the SILVA rRNA database project

A comprehensive on-line resource for quality checked and aligned
ribosomal RNA sequence data.

SILVA provides comprehensive, quality checked and regularly updated
datasets of aligned small (165/185, S5U) and large subunit (235/285,
LSU) ribosomal RNA (rRNA) sequences for all three domains of life
(Bacteria, Archaea and Eukarya).

SIVA are the official databases of the software package ARB.

For more background information + Click

News

17.12.2021
Merry Christmas & Happy New Year
The SILvA Team wishes you a Merry Christmas & Happy New
Year. Many thanks for using SILvA and all your support to
improve SILVA and SILVAngs. Looking forward to see you
again in 2022,
27.11.2021
de.NBI Quaterly Newsletter Issue 4/21
Main topics: A further Scientific Advisory Board conference of
the de.MBI network and ELIXIR-DE, 2nd annual meeting of the

de.NEI Industrial Forum, 4th de.NBI Cloud User Meeting,
‘Women in Data Science - Perspectives in Industry and
i 1
SILVAngs Academia Il ...and much more!
10.06.2021
Bidding farewell to "The All-Species Living Tree’ project
For the last 12 years, SILVA has been hosting The All-
ulp Species Living Tree' project (LTP). With their newest
release (LTP_2020), the LTP team has decided to host the
project on their own website. The SILVA team will
continue to integrate the LTP taxonomy and classifications into the
SILVA releases. We wish the LTP team all the best at their new home.

SILVA

silva;g%

Check out our service for Next Generation Amplicon data

39
Database of 16S rRNA with taxonon Y data
w —

B RDP Release 11 -- Sequence An: X + = ’
&« cC O & rdp.cmemsuedu ® & B vy H B Eﬂ » :‘
9 @& Lfemining st @ Cheatsheets - RSw.. @ AICISCIHCY 3. » JlEl=ota | 1 a0l &1
ABOUTRDP |  ASSIGMMENT GEMERATOR | CITATION | CONTACTS |  RELATED SITES | RESOURCES | TUTORIALS | USER

o)
“tdp
RDP Taxonomy 18 :: August 14, 2020 login
0@ @ RDP Release 11, Update 5 :: September 30, 2016
3,356,809 165 rRNAs :: 125,525 Fungal 285 rRNAs
Find out what's new in RDP Release 11.5 here.
ANNOUNCEMENTS
Cite RDP's latest tool articles.
ROP News
01/04/2022 RDP Systems Are Running RDP provides quality-controlled, aligned and annotated Bacterial and
ROP and FunGene websites are back online! Archaeal 165 rRNA sequences, and Fungal 285 rRNA sequences, and a
We experienced a multi-server hardware suite of analysis tools to the scientific community. Mew to RDP release
failure in October that took the sites 11
offline The cause has stil...
10/04/2020 RDP Taxonomy Updated + RDP tools have been updated to work with the new fungal 285
How using RDP taxonomy 18. Check the rRMNA sequence collection.
updated release and reinstall any older = Anew Fungal 285 Aligner and updated Bactarial and Archasal
versions of the rdp classifier bo s the new 165 aligner. We optimized the parameters for these secondary-
Eaxononyy. structure bazed Infarnal alignars to provide improved handling
. o for partial sequences.
;f; Jbzﬂ";iu;z”ﬁsi:;f Fungene Fipelines » Updated RDPipeline offers extended processing and analysis
The iscues cauting long delays In RDP and t?ols to process high.-thraughput seguencing data, including
Fungene Pipelines in the past week have single-strand and paired-end reads.
bien resedvid, Wsors noecd Lo re-submit the + Most of the RDP tools are now available as open source
Jobs for which resul.... packages for users to incorporate in their local workflow.
RDP 20
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Database of genomes with taxonomy data

3B Genome Taxonomy Database x 4+ 4 = 2 %
& C (@ @ gtdb.ecogenomicorg QA & & B Vv 2 > @
2 ¥ & Uemininglist @ Cheatsheets-RSw.. @ Mo[=Ciacy % » Jleb =02 19 87 &8

x s~ Forum elp ~ A Fleids ~

= GTDS Release 202 is now avallablel Files are svailabie for download from

** OUT NOW : A standardized archasal tmxonomy for the Genoma Taxonomy Databass. Avallable in

BACTERIA (254,090)
SPECIES
GENERA I 12 037
FAMILIES B 2826 Australian
ORDERS M 1.163 Centre for
CLASSES i 360 Ecogenomics
PHYLAN 127

Feedbask o=
reciass<caton 3 weiemes

Welcome to GTDB

GENOME TAXONOMY DATABASE

258,406 genomes
Release 06-R5202 (27th April 2021)

GTDB

41

Phylogeny?

42
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Phylogeny = evolutionary relationship

Phylogeny

 Evolutionary history between organisms

Insects ’ K
Reptiles J ﬁ
Common

Ancestor Fishes @3r <= g

Amphibian » ,h—;&'
——

m.gj

F—M nkeys

anates‘x
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Evolutions of SARS-CoV-2 strains

& Newtstrain / ncov / gisaid [ glob X

£

¢« > Cc o

T @ & Lfemininglst @ Cheatshests- RS, ) MOIRGINESH

@ ouin with et

Showing 1710 of

‘ DOCS  HELP OGN

Datas=t
neew =
ghsaid -
gabal -
Date Range o
20194220 E s
B LAy D RESET
Color By o
Clade -
Filter Data [
Trea Options o
Lyt

= RECTANGULAR
4 Ramial

T UNROOTED
|# cuoex
(R

Braschiengih
TME  DIVERGENCE

https://nextstrain.org/sars-cov-2/

# nextstrainorg/neov/gisaid/global

LM AT -

211 [Delta] g

a B & B v x B ﬁi’ i
Jetwois | 1@ #7 &S

P CHM333 - Principle... »

v, Misintained by Ure Mextatraln tean, Ensbled by data fr w.(@.

nomes sampled bitwesn Dec 3019 and fan 2027,

. =

u

[ Phylogeny ]

X
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Evolutions of SARS-CoV-2 strains

Phylogeny

Clade

https://nextstrain.org/sars-cov-2/

Q || ZOOM TO SELECTED

RESET LAYOUT

HK.3

23H (HK.3) €

[ Phylogeny ]

203 & #Ho|

46
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[ Phylogeny ]

Evolutions of SARS-CoV-2 strains

Frequencies (colored by Clade )

100%
80% -

60%

23F (EG.5.1)
20% 23H (HK.3) 231 (BA.2.86)

Aug 2023-5ep 2023-0Oct 2023-Nov 2023-Dec 2024-Jan 2024-Feb

https://nextstrain.org/ncov/gisaid/global/6m

47

[ Phylogeny ]

Evolutions of SARS-CoV-2 strains

Kazﬁstan

Mongolia

Uzbekistan P
Tajikistan

N
? Afghanistan
ran

Sri @nka

Malflves

nesia

Papua New
Guinea

https://nextstrain.org/ncov/gisaid/global/6m

48
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Phylogenetic trees of isolated gut bacteria

Phylum annatation
. Baclervideles .
B Actinobacteria
W Firmicutes
B Protecbactera
. Fusobacteria

REF | Yuangiang Zhou et al., Nature Biotechnology, 2019 .

Phylogenetic trees of “metagenome-assembled genomes”

Cell Host & Microbe

The Prevotella copri Complex Comprises Four
Distinct Clades Underrepresented in Westernized
Populations

Graphical Abstract Authors
1 Adrian Tett, Kun D. Huang,

Westernized lifestyle @ A Non-Westerr
P copri prevalence 20.6% P cogid prevale

. " .
-
. .
22 countries o
in 3 continents

P. copri
Clade B
n=150

REF | Yuangiang Zhou et al., Nature Biotechnology, 2019 50
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[ Phylogeny ]

Website - iTOL: interactive Tree of Life

w.v/,-.nwuww mm.mmwwmmm nmﬂn o Yeripe
SN W 11 ., SPfAes
fu%ﬂ%%%%% mnwmm.m% wm. w\
N T
4/#%% N %L iy

1-IRQRpE o EERT
- i ey
M o ) o=
T el e
=

LoLng
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SIsie
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&8 m&m«\.\w%%#.wwww

e
£ s w».?%\m

51
52

[ Phylogeny ]

REF | https://itol.embl.de/
- 26 -

Tree file format
* PhyloXML format

* Newick format
 Nexus format




Newick format

0.1
_.A
F 0.2 B
0.3
—.
0.5 E c
0.4
oD
G b o nodas are namad
(4.B.(C.D)): leaf nodes are named
(A,B,(C,DJE)F: all nodes are named
(:0.1,:0.2,0:0.,3,:0.4):0.5) all but root node have a distance to parent
(:0.1,:0.2,(:0.3,:0.4):0.5):0.0: all have a distance to parent
(A:0.1,B:0.2,(C:0.3,D:0.4):0.5): distances and leaf names (popular)
(A:0.1.8:0.2.(C:0.3.0:0.4)E:0.5)F: distances and all names
((B:0.2,(C:0.3,0:0.4)E:0.5)F:0.1)4; a lree rooted on a leal node (rare)

Nexus format

#NEXUS

(Begin TaKA; TAXA + DATA + TREES
Dimensions ntax=4;

TaxLabels SpaceDog SpaceCat Spacelrc SpaceElf

End;

'S

7
Begin data:
Dimensions nchar=15;
Format datatype=dna missing=? gap=— matchchar=.;
Matrix
[ When a position is a ‘matehchar®, it means that it [s the same as the first entry at the same position. [
SpaceDog  atgctagetagetcg

SpaceCat ... .. ?7...-.a
Spaceldre .t -.0. [ same as atgttagotag—tgg |
SpaceElf ..t -.a.

End;

N\

(BEGIN TREES;
Tree treel = ({{SpaceDog,SpaceCat),Spacelre, Spacek|f));
\EMD

-27-




[ Phylogeny ]

PhyloXML format

<phy loxm| xminz:xsi="http://www.w3. 0rg/2001/ %M Schema—instance”
x=i:schemal ocat ion="http://www . phyloxm| .org http:/fwww.phyloxml .org/1.10/phy loxm| . x=d"
xmlnz="http://www.phy loxml .org">
<phylogeny rooted="true">
<name>example from Prof. Joe Felsenstein's book "Inferring Phylogenies"</name>
<description>MrBayes based on MAFFT alignment</description>
<clade>
<clade branch_length="0.08">
<conf idence type="probability">0.83</confidence>
<clade branch_length="0.102">
<name>#</name>
<fclade>
<clade branch_length="0.23">
<name>B</name>
</clade>
</clade>
<clade branch_length="0.5">
<name>C</name>
</clade>
</clade>
</phy logeny>
</phy loxm|>

Customized XML format

[ Phylogeny ]

© iTOL: Interactive Tree Of Life X+ o S
€ - C O & itolemblde/# o Q % & Y % | M 3

o & Life mining list 2021 A7 A -G.. @) Cheatsheets — RStu... » Jlergoa | 13 o7l ==

. EEm §
Unlimited number of datasets.

All datasets can be be displayed simultaneously, with fine-grained interactive
control of their position, size and other visualization parameters.

| —— bos sacs——— I 00 -+ -+ . coBess00c000c-00-8s00 0 .
[ — oo We—— PR PRES SROSRET RSSO DM e s :

Note: See the details on ITOL access modes and subscri ptions

[ g 'l’//‘//
A /7 /
- / /
g =
< —Z. =
Manag Annotate
Organ?ze your trees into workspaces and 19 dataset types. Full control over Create high quality tree figures for your
pro;ects,. and access them from an}/ branch colors, widths and styles. publications. Direct What-You-See-Is-
browser. Simply drag and drop multiple Individually adjustable label fonts, sizes What-You-Get export of what is
tree files onto a project to upload them and styles. Check our gallery of user displayed on the screen. Export into
all at once. created trees, various vector or bitmap formats.
& Create an account 2 Upload a tree @ Explore help

56
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Example

(Cat,Dog,(Monkey,Human));

R POL0L 5

Cat

Human

Monkey

[ Phylogeny ]

57

Example

(Cat:0.5,Dog:1.2,(Monkey:2,Human:2.2):1.3);

|Node i

Cat
Branch length: 0.5

¥

[ Phylogeny ]

Basic | Advanced H Datasets " Export ‘

Mode Circular Rectangular Unrooted
Rotation: (0%
Mode  Branchlengths U= Igners
options Invert tree: Yes No
Santed: Yes T Ne
Labels " Display  Hide
Font:  Afial
Font style: 20 :-E\ B I &
Label Position: | Aligned Attips
optio Mignment: T le Right
Rotation: On off
shift: |Op
tnesle: (1o s [lYTHT 7
:;::s Color gradient: on *0«
Dashed lines: (0.3 + [l
&y e viows v O Undo = B fes
—
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Phylogenetic tree

Branch length

“—>

Dog Clade = a group of
taxa sharing ancestor
Cat /
Root —
Human
Node Monkey
Branch

59

Phylogeny — sequence alignment

* Inferring regions of homology
* 16S rRNA, house-keeping genes (multi locus sequence typing) etc

* Tools: Clustal, MUSCLE, T-Coffee, etc

60

- 30 -




Building distance matrix

MULTIPLE SEQUENCE ALIGNMENT

moow>»

all individual

pairwise ahignment
and construction

of distance matrix

ABCDE

" -
120 30 -
2736 8 ~
0 33 20 27 ~

mOO0»

calculating a guide
tree: C & D the closest
pair, A & B the next
closest par

1

REF | https://www.slideshare.net/ArghadipSamantal/multiple-sequence-alignmentjust-glims-of-viewes-on-bioinformatics 61
Distance-based methods Y !
UPGMA s
* Neighbour-joining method
* UPGMA method —%ZWM.
H. platycephalus|
.. . H. platycephalus
* Minimum evolution method %I — (.
014 012 010 O 006 004 02 000
b)
Criterion-based methods
* Seeing sequences as characters
* Maximume-likelihood method
* Maximum parsimony method
REF | Robert E Bingham et al., Bulletin of the Museum of Comparative Zoology, 2018 62
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Phylogenetic tree

Rooted vs unrooted trees

Species A Species C \ Species A
/< Species B J
Root Species C Vs. / \
Species D Species D Species B
UPGMA NJ

Phylogenetic tree

Scaled vs unscaled branches (i.e. with or without branch lengths)

/< Species A Species A
Root Species B Vs. Root Species B Species C
— Species C
Species D Species D
<+—>

One unit

-32-




Phylogenetic tree vs cladogram

No meaning on branch lengths

5 2 8 ¢
a & - & ) ®) ©)
)
@A)
(@
CLADOGRAM PHYLOGENETIC TREE

65

R package, ggtree

A B c
library(ggtree)
set.seed(2017-02-16)
tree <- rtree(50)
ggtree(tree)

ggtree(tree, layout="slanted")

D E F
ggtree(tree, layout="circular")
ggtree(tree, layout="fan", open.angle=120)
ggtree(tree, layout="equal_angle")
ggtree(tree, layout="daylight")
ggtree(tree, branch.length="none')
ggtree(tree, branch.length='none', layout='circular')
ggtree(tree, layout="daylight", branch.length = 'none')

= Lo

REF | https://guangchuangyu.github.io/ggtree-book/chapter-ggtree.html e
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PhyloPhlan (ver3.0

@ Acidobacteria

Actinobactera
Aquilicae
Bacteroidetes
Melainabactena

© Sacchanbacteria (Patescibacteria)

Chlamydiae
Chiorobl
Chloroflexi

© Cyancbacteria

PhyloPhlan
=

Clade-specific markers

@ Elysiri

Archaea
Crenarchaeota
Euryarchaeota

Isolate
genomes

MAGs

INPU
Configuration e
choices

v

v

Mapping

BLAST Diamand

Markars
identification
and selection

MSA

MUSCLE  MAFFT

REARCH AR e ot e OTIN ARTRAL

Trimming Tree
vimAlgappy  FASML FastTree

B e
PhyloPhlAn 3.0 —)rﬂ“ BUT

Multiple
Phylogeny
SeqUence Il
alignment

A

$ &

87,173 GenBank
reference genomes

154,723 57,841,793 UniRef90
MAGs gene families

Phylogeny

Estimated mutation rates

Taxonomic assignment
|o exisling SGBs

%

Diversity

68
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Microbes are living as a community

Microbial biofilm

Intracellular
Signaling

Intercellular
Signaling

Organlc
ACIdS
<= H,-producer
Metabollc 6 .

Interactions Hy-utilizer

o -
< ¢ Fermenters

Sugars

69

Community state

Why microbial diversity?

* Insurance hypothesis

* Biodiversity ensures ecosystems against decreases in their functionality

* In gut, rich diversity is also crucial and protective for sustaining a microbial equilibrium

Unrhanqed b
Viss MO Ma ; “@ | \,f o
b4, \} 94, \} 94, \,%b y 8 AV RRLLAY
g Z :
) Y '
i ¢ : Stable state A : A e
Stable state A i Stable state A « s ki i ST R NN O Al
& “
N s - . - Pulsed perturbation {for example,
Period of perturbation (pulse) an Infection or treatment with antibiotics)
Time Time

Resilience

70
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Key terminology

* Diversity
* Richness + Evenness

* Coverage

Diversity

* Alpha-diversity
* Gamma-diversity
* Beta-diversity

Site 3

- 36 -




Diversity

* Gamma-diversity = total diversity in a landscape
= alpha + beta diversity

—_— —~—

—
- —_

73

Diversity

* Alpha-diversity = diversity within ecological units or
habitats

Alpha-diversity = 3 Alpha-diversity = 2

74
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Diversity

Unitl Unit2

Vs.

Which unit has a higher diversity?

75

Diversity

* Diversity = measure of richness + evenness

* Richness = number of species present

* Evenness = measuring how different species in
community are similar in numbers

76
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Diversity

Samplel

Sample2

Sample3

Sampled

—

Richness
Richness = 2 Richness =3 Richness =4 Richness =4
REF | http://www.evolution.unibas.ch/walser/bacteria_community_analysis 77
Samplel Sample2 Sample3 Sample4d

111 1N

Evenness

78
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Diversity

Samplel Sample4

® o, ® 09
Vs.

o O ° O 00y

o ® 9

79

Diversity

* Alpha-diversity Observed Chaol Shannon
comparison = A 2500 |
normally, mean { é
alpha diversity 750 2000 ’
measures are 4

compared

—
-
|
#
-l
-
White .—.-
-4

g

8 & 2 8 & H & 5 2 =z
£ F £ 3 g F s g v £ 3
2 - 2 - 2 -

80
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Diversity

* Well-known alpha diversity indices
e Shannon & Inverse Simpson

Shannon Inverse Simpson
R 1 1 )
; o o Y

P, = the proportion of samples belonging to i species in the dataset
R = a number of species, i.e. richness

81

Diversity

* Beta-diversity = differences in diversity between habitats

—_ —~—

~< Beta-diversity = 3 -

—
- -

82
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Diversity

Beta-diversity comparison
anGut

* Comparing compositional
differences

o
=1

Popular Beta-diversity measure

Axis.2 [18%]

“-. Skin

Categorical Phylogenetic

: Vagina
Presence/ Jaccard Unifrac g
absence _ _
04 02 00
Axis. 1 [23%]
Bray-Curtis Weighted
Abundance unifrac

Location
@ human gut metagenome
®  human oral metagenome

&  human skin metagenome

human vaginal metagenome

Diversity

Jaccard distance
= fraction of shared types
=1-(AnB)/(AUB)

)
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Diversity

Bray-Curtis distance

= sum of absolute differences over total abundance

/(N + W)

X

Species 1| GG
Species 2| Il
Species 3| NG
Species 4| G
Species 5 INIEGN

2 Ixi-yi|/(3xi+2yi)

Y

Species 1
Species 2
Species 3
Species 4
Species 5

IX-Y|

Species 1| |
Species 2
Species 3| NG
Species 4| Il

Species 5

85

Diversity

Unifrac distance

D=1

il

il

REF | Benjamin Callahan lecture

fraction of unshared branch lengths over tree
(WM+m)/(W+H + |)

D=~05

*weighted unifrac considers abundance clgéanges

-43




Coverage

e Sampling is inevitable

Total richness =5

87

Coverage

* Sampling is inevitable

DREY:

Richness =4

88
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Coverage

e Sampling is inevitable

Richness =3

89

Coverage

* Sampling is inevitable

Richness =4

90
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Coverage

e Sampling is inevitable

Richness =5

Coverage
e Sampling is inevitable

* Coverage
e proportion of community revealed by sampling
e Let’s say 100 species in the community

* 80 marker gene sequences might give 80% or less
coverage

* 20 marker gene sequences might give 20% or less
coverage

e Can be checked with rarefaction curves

- 46 -




Rarefaction curve

Rarefaction curve

still increasing,
notconverged.

Horizontal
asymptote,
converged.

-

Number of observations

Dysbiosis
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“All disease begins in the gut”

Ancient Greek physician
Hippocrates

95

Humans are enriched with symbiotic bacteria

G
Sl
MICROBIAL CELLS ) @,‘)‘:w‘{"-’
i oomon NN
* Microbes outnumbers human cells o N
“o,l,"§' :?;u‘ 1y = N
IS ﬁ%;;@’ﬁf?}{f‘{o\
‘crobi : RS
 All the human microbiota roughly weighs 1-2 kg 5 ﬁhb?ﬁ}}%‘%ﬁ
(= 1-3% of total body mass) qaag;;qf RN )
. . W E o SN,
(= same weight to “liver”) 2 iikinﬂ
g i
4y N
; e U
* Generally non-pathogenic A }%\
s e
* Many are symbiotic

 Commensal
* Opportunistic pathogens

HUMAN CELLS
~30 TRILLION

96
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Dysbiosis?

Dysbiosis

e “changes” in the microbiome
* “imbalance” in the microbiome
 “specific “ alteration in the microbiome

A
CHANGE @IMBALANCE
“altered microbial ‘pathological
: composition” (65, 66) \ imbalance within
~“achange the intestinal microbiota” (71, 72)
in the normal

foUbl'Of "
m(67 68)8 “alterations
L in the homeostasis

of the microbiota” (73, 74)

REF | Katarzyna B Hooks & Maureen A O’Malley, mBio, 2017
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Candida

Streptococcus o
Klebsiella

Proteus

Escherichia
coli

Peptococcus
P Staphylococcus

®ecosh

99

Terminology

e Symbiont = an organism living in symbiosis with
another

* Pathobiont = a symbiont that is able to promote
pathology only wen specific genetic or
environmental conditions are altered in the host

REF | Lara Jochum & Barbel Stecher, Trends in Microbiology, 2020

100
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Terminology

* Dysbiosis = condition of having imbalance in
microbial community

* Eubiosis = microbial balance within the body

* Symbiosis = living together

101

Terminology

Elie Metchnikoff (1845-1916) Elliott Furney (1848-¢1910) C. Arthur Scheunert (1879-1 d

LTUKE

Elie Metchnikoff (| X| L| 2 I Bf AL

* Pointing out resident microbes that
could be “normal” or “pathological”

A MODERN METHOD

Elliot Furney

* coined “eubiosis” and “dysbiosis” in a
science fiction novel Problem(s] .. in the digestive tract | beliove that extensive knowledge

can only be solved by long-term 15 10 be expected here, and that

“Eublosis, kving made easy,
. . research on the intestinal flora A " , dysbiosis of the intestinal flora,
* Not the context of microbiology of humans and animals in the S Do A g as | shall call , may play
normal and pathological state’ @ decisive role’
(5, p. 832) (9, p. 121)

Helmut Haenel

fant,
Helmut Haenel (1919-1993) Eubiosis (one infant, postmortem)

. . . T4
* The first to promote dysbiosis and §5 /0
. . . 8% ifidus - group
E u bIOSIS as we see |t tOCl ay 5§ 8 - - A;Ir:mc Lactobacilli and Streptococel
884 @ Staphylococci
34 (mostly Staph. aureus)
§‘ o DKlebsiella - Enterobacter-group
) h h Y E . kgi/ ) \g‘) cco Co
.
C A rt u r SC e U n e rt J: Jej. ||p Il 72 tra. sigm,
small intestine large intestine

* First claimed associations between gut

Dysbiosis (21 infants, postmortem)

dysbiosis and diseases z_to
§3 B
e § 8 e ~ = Aerobic Lactobacilli and Streptococci
s
Bl 5"~ Klebslella - Enterobacter-group
g 'é 4 taphylococci
g _é_, (mostly Staph. aureus)
<82 oteus
g% asts
b | oClostridia

"D, b, D, D, 3
up. low. up. low. Cé. C3
S gj. dei. I 1., $2® tra. sigm

smallintestine large intestine 102

REF | Katarzyna B Hooks & Maureen A O’Malley, mBio, 2017
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Dysbiosis = disease

Metabolic Cardiovascular diseases
syndrome

Rheumatoid

arthritis NAFLD/ NASH/ HS

Endotoxemia/
septicemia Hypertension

Endocrinal imbalance

Systemic

inflammation
Colorectal cancers
Diabetes/

> ” Diarrhea/ constipation/
Insulin resistance

Celiac disease/
Gastroenteritis

IBD/ IBS/ UC/
Crohn’s disease

ysbiosis

Obesity/ Adiposity

Gut Microbiota

Dysbiosis = disease
A B
Healthy Ulcerative Chron’s
colitis disease o

-52 -




Dysbiosis = disease

¢
3 »
- g
!
U .
e

ormal Colon

105

Dysbiosis = disease

Atopic dermatitis

106
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Cause of dysbiosis?

e Dietary changes

e Decreased in fermentable fibre
* Antibiotics
* Glyphosate (herbicide)

e Sweetener: e.g. saccharin

* Medications: e.g. PPIs, steroids,
chemotherapy

Antibiotics:
-A

% Water oo
g, 350 Pure saccharin ¢
3

8

3 250

)

o

8

m 150

0 15 30 60 90 120
Time (min)
O
7% N OH
@)
g|yphoscfe

107

Low fibre diet = dysbiosis = inflammation

(A) Healthy colon

(8) Colon of IBD patients

Nor

Outer mucus layer
C'M’"*’ ) ,ms an ’n»s a»
' % 1S,
\‘ ms\ - u.s\ - u.s\ -
’ ' ' ' : s MS 5 HiS
SRR S2UNSINTING
HiS 4 < B
Inner mucus layer L "is - "‘*Mﬁfi = ..,s‘
H, -7 s 5 '
g . ' o "’hs s S /7« =
N (St o st o e
- <m S8 : :_.;':? m B \“ .
gy WAA ) Degrading
mucus by
| H,S reducing
ma : bacteria
Closed mucus network Degraded mucus network
— % N / \ >
Y J)-( ~ Y £ kX
{ TN 1-\\__/ = _/ \ b. A
e B0 & 7o Dysbiosis
NN S N, N 4N
/)“\/\_ /’ _{/ \\ JI \\_ \\’/ \\\
/ ./ \/ \;,J/ \-T/
2 oS -5 mm— '4125* 2 HS s+ Co—"S-S-S m—
MUC2 Muc2 *
Trisulfide formation 108

Trends in Molecular Medicine

-54 -




Low fibre diet = dysbiosis = inflammation

High-fibre diet Fibre-free diet

109

Low fibre diet = dysbiosis = inflammation

Cecum Inflammation
(10 dpi)

High fibre diet + Low fibre diet +
pathogens pathogens

110
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Low fibre diet = dysbiosis = inflammation

RFEET
B 25

il
Ar e

g HH

Hr
=]}

oA
o2

Stox

Rebalancing the gut microbiome?

e Administration of probiotic bacteria

* Administration of prebiotics to favour the overgrowth
of probiotic bacteria

e Administration of probiotics & prebiotics (called
synbiotics)

* Phage therapy

e Fecal microbiota transplant
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Bioinformatics analysis

16S rRNA amplicon sequencing

-57 -




16S rRNA = universal phylogenetic marker

o L |

Present in all species
Ubiquitous

Extreme sequence
conservation

Single copy

Well-annotated

references
115

16S rRNA = universal phylogenetic marker

Highly conserved

10
09
o8
07
06

Mean frequency of
most common residue
in 50 base window

05

0 100 200 300 400 SO0 600 700 800 9S00 1100 1200 1300 1400 1500

Hypervariable regions

116
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16S rRNA region has 9 hypervariable regions

68 136 433 576 821 980 1u17 1243
~ o ol
) [ 537+ 3 =) ) [ 1100F 3
V1 V. V: V4 V5 V6 v7 Vi Vs
Y 33ca | & &= & ==
V1-v3 ~510 bp
V3-v4 ~428bp

V3TV,5 ~548 bp Frimer Mame D]

Yz SEQ 1D N

V4 ~252 bp w BT

T2 SEQ 1D Ny,

~562 bp V6-V9 :':"; !
T
V1-V9 (Full-length) "":"

Pacific Biosciences ~1400b, p ::I; >

EDSR X

S1F i ¥
SRR D Ny

L] L] (] L]
Useful for taxonomical classifications .

Next-generation sequencing
for 16S rRNA amplicon sequencing

Illumina Pacific Biosc Oxford Nanop:
———
TTTTTT™)
Y
TTTTTT™)
)
ARAARA e/
> A T c, ©
£, I )
8|y A
11| il W\\ \W‘
W W w w WA
5 1TAGG ATCC TTTAGCCTAA
Time

lllumina MiSeq used commonly (2 X 300bp):
it can cover 500~600bp 16S rRNA amplicons mostly

118
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16S rRNA sequencing workflow

Breaking cell wall ~!

Feces-*'z,‘ /

DNA isolation
from sample

£ 1 @
& =
E_ @ PCR amplification

High-throughtput sequencing
of amplified 16S rRNA genes of bacterial 16S rRNA gene
Data processing, quality control
and analysis using bioinformatic tools
3 [ ——=1 =S
£ Al pre—me—y =S
==y =t e
3 ==
- e
o e=a -
.
Phylum
Taxonomic classification using Class z;
existing reference databases Order Healthy individual Patient
Family ] N ——
Genus S
S‘ECJIE-‘J' L
119
Quality assessment & trimming
o Removing adapters, PCR primers & low-quality bases
o Removing PCR chimeric sequences
o Common when closely related sequences are amplified
oL A
. \ RN oo rc
PrimerBarcodeSequenceSequenceSequence....SequencePoorQualitySequence
P
~~ =S
WTTACCGCGGCTGCTGGACGAGTGCGTGATAACAACACTAGACGCATGT...CTANNATNNNNCNNN
e ————— ‘/{‘/‘/
— x/// =
'/'//
5(‘//
Identification and removal of Final set of high-
PCR chimeras quality sequences
120
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Binning sequences into operational
taxonomy unit (OTU)

oTU 1
———————— oTU 2
—— =
oTUu 3
Final set of high-
quality sequences OTU clustering

121

Binning sequences into operational
taxonomy unit (OTU)

oTuU 1

* Operational taxonomy unit (OTU)

* A group of sequences grouped together oTy3
based on sequence similarity ‘

* 97% identity threshold used frequently
* Not necessarily equivalent to taxonomic

OoTU 2

OTU clustering

entities

—2 35000 MQOT:I.

* Two ways of OTU clustering/picking ’g - =

* Reference-based (closed & open) - i

* De novo g - ™00
g o e t= : 90% 1D OTUs
PSSP

Sequences Sampled

|||'|
I <

1 !
|
|

122
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Amplicon sequence variants (ASV)

Amplicon sequence variant

* asingle DNA sequence recovered
from a high-throughput marker
gene analysis

* Basically, it infers true sequences
from sequencing reads

* It allows sequence variations by a
single nucleotide change

Operational
Sample Amplicon Taxonomic Units
Sequences Reads (de novo)
PR
7 Y
. * I "
- | T
o0 .- \ 7N
L]
r e - - 7
o -..- \
. AS ’
~ ’
R
PCR/fsequencing Pick OTUs

OTU methods

Amplicon sequence variants (ASV)

Amplicon sequence variant

* asingle DNA sequence recovered
from a high-throughput marker
gene analysis

e Basically, it infers true sequences
from sequencing reads

* It allows sequence variations by a
single nucleotide change

Amplicon
Sample Amplicon Sequence Variants
Sequences Reads (ASVs)
e ®
°
'.
[ ] . O‘o [ J
PC Rlscuucncm'g Remove/correct errors

ASV methods
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ASV pipeline: DADA2 R package

DADA2: High-resolution
sample inference from
Illumina amplicon data

Benjamin J Callahan', Paul | McMurdie?,
Michael ] Rosen®, Andrew W Han?, Amy Jo A Johnson? &
Susan P Holmes'

We present the open-source software package DADA2 for

and ing Illumi amplicon errors
(bttps://github.com/banfjnab/dada2). DADA2 infers sample
sequences exactly and resolves differences of as little as
1 nucleotide. In several mock communities, DADA2 identified
more real variants and output fewer spurious sequences than
other methods. We applied DADA2 to vaginal samples from a
cohort of pregnant women, revealing a diversity of previously
undetected Loctobocillus crispatus variants,

Nature Methods (2016)

BRIEF COMMUNICATIONS |

We previously introduced the Divisive Amplicon Denoising
Algorithm (DADA), a model-based approach for correcting
amplicon errors without constructing OTUs*. DADA identified
fine-scale variation in 454-sequenced amplicon data while out-
putting few false positives®

Here we present DADA2, an oper / if T changed i

b/dada?.
cb/dada2,

githubcony/beny upp —
and tmproves the DADA algorithm. DA Bari o] ~.

ity-aware mode of llumina amsplicon ( rTor rales: clusters _
inferred by dividing amplicon reads ir T sequences

the error model (Online Methods). [

applicable to any genetic locus. The i
the full amplicon work{low: filtering,
ence, chimera identification, and men \

We compared DADAZ to four alg \
UPARSE, an OTU-construction algar \
false-positive results; MED, an algori \
fine-scale resolution in Hlumina amp)

mothur (average linkage) and QIIMI| b

We benchmarked these algorithn

T-----------::::.l

]
)
b
] ~ -
] N
1] add new -
1 cluster: TPV
] K .k“‘ k-clustering
! T
: : :
‘I it inconsistent with error model ) 1
) [}
uences
N | seaence [ “oeen | §
)
\\ 1 cluster clusters 1
) s
3 {
\\. if sequences moved [}
3. L]

125
Simulated dataset validation
mothur (an) DADA2
§ - ’ :
%% 2 B
8 oo &7
s 8- o ® -
8 84 o°§ 8 8-
g % -
E E = o O ‘E E ]
= 1 I | [ [ . [ [ [ [ [ [ [
0 100 200 300 400 0 50 100 200 300
True abundance True abundance
TP: 978 TP: 1042
FP: 272 FP: 0
FN: 77 FN: 13
126
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Mock community validation (Bokulich data)

Kopylova, et al (201 6). mSystems
4000 - Open-source sequence clustering methods improve the state of

the art.
3000+
200
1000+

Correct
0 -—- ---H - - — answer

muthur SUMHGIust Ewlarm ucl1us’t UF’AhSE
Method

# OTUs
S

127

Library sizes less affect ASV detection

Observed Features v. Library Size

:

UPARSE,

Number of Features (OTU or Seq) Observed
2
1

200
Library Size (thousands seq reads) e
83
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ASV vs OTU

OTUs

De novo Closed-ref

Precise . P
Tractable

Reproducible

L[

~ v
X v
v X

Comprehensive

129

DADAZ2 pipeline tutorial

C O & benjnebgithubio/dadaZ/tutarial htmi (=}

& uife mining fist @) Cheatshests-RStu.. 4 Mo|=ciECs T

B CHM33I - Principle.. @ Making Your First R Google Keep (@ Twitter video downl.

dada2 Install Tutorial BigData ¥ Documentation = X Evaluation =

DADAZ2 Pipeline Tutorial (1.16)

» walk through ve

11.16 of the DADAZ pipeline on a small multi-sample dataset. Our starting paint is a set of llumina-sequenced
dl-end fasty fles that have been split (o "demultiplexed”) by sample and from which the barcodes/adapters have already been removed
The end product is an amplicon sequence variant [ASV] table, a higher-resalution analogue of the traditional OTU table, which records the
number of times each exacl amplice EnCe was observed in each sample. We also assign taxonomy to the outpul sequences, and
demonstrate how the data can be imported into the popular phyloseq R package for the analysis of microbiome data,

g :
Starting point
T'his workflow assumes that your sequencing data meets certain criteria:

» Samples have been demultiplexed, Le. splitinto individual per-sample fastq files,
* Non-biological nucleotides have been removed, e.g primers, adapters, linkers, etc
» li paired-end sequencing data, the forward and reverse fastq files contain reads in matched order.

If these criteria are not tr
beginning this workflow. 5

Getting ready

Firstwe load the dagaz package. If you don't already have it, see the dadaZ instal

o your data (are you sure there aren't any primers hanging around?] you riced to remedy those issues before

= the FAC) for recommendations for some common issues.

|ibraryl dacs: Bl e *dada?™

https://benjjneb.github.io/dada2/tutorial.html

130

- 65 -




Function prediction - PICRUSt

OTU table
(sample x
marker gene
count matrix)

(Reference OTU tree
(e.g., derived from
Greengenes)

Gene content table
(inc. marker gene count)
(e.g., derived from IMG)

=

PICRUSt workflow

Known gene content (genome is
known for tip in reference tree)

Inferred ancestral gene content

Inferred contemporary gene
content

Unknown gene content

Infer ancestral
gene contents
(Incl. marker
gene counts)

[: Relerence data set
Data file (PICRUSt
O outputs and
intermediate files)
[ e

Marker gene
copy number
predictions

Infer gene
contents for tips
with unknown
gene content

=

() =]

{uoneusop paindwoosid)
aJuajejul Juajuod auay

=
ry

Normalize OTU table

(divide OTU table counts

by marker gene copy
numbers to estimate

abundance of each OTU)

Normalized
OTU table

=
r§"
S

7 :& (multiply gene

each sample)

Infer metagenomes

contents by inferred
number of OTUs for

i Gene table ~
(sample x functional
A\ gene count matrix)

131
F ti dicti PICRUSt
a b
: MOQO061:
193 Uronic acid
metabolism
4 & 8 0008 T
&
=
g 0.006 - l &
2 Ty Id .i
0.02 £ 0.004- i 1
&
0.002 A .l 2. o K
? °
0 04 = « A A
g o e e
§ V Airways (PICRUSY) 0.004 -
@ Ainvays (WGS) g MOO076:
V Gl tract (PICRUSY) Dermatan sulfate
-0.02 @ Gl tract (WGS) 2 degradation
¥ Oral (PICRUSY) g 0.0034
@ Oral (WGS) 5
¥ Skin (PICRUSY g .
@ Skin (WGS) & 0002+ )
o 4 ¥ Urogenital (PICRUSY) Pt : - mil-
: @ Urogenital (WGS) £ T O
L - L L n L 2 0.001 4
—0.04 —0.02 0 0.02 004 0.06 .. 2 l 2 »
PC1 (34.3%) ] . g
H - L s &
04 ~ = A=
132
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Shotgun metagenome analysis

From sequencing one gene Into sequencing the entire genome
16S genel gene2 gene 3
— TR — g
i { =— = = = I—
genome genome

E—3 N
B E—3 —_—
o
e— [
—— — ..—..:..—.. g
_——za— e
g P e e ISR g o Byl A e e
[ —— —l = = —
16S
REF | BioBakery 133

Shotgun metagenomics enables complete
overview of a complex microbiome

(Co)assemble reads into contigs

v

T: and fi <

v

Map reads to annotated contigs

W
prediction tools W W

Read-based taxonomic profiling

e
clustering analysis m Map reads to genomes or marker genes [ \
- \—-

Available microbial proteins,
Co-occurrence/

Functions/pathways Annotated pathways
T | || S A s
Read-based metabolic profiling
Phylogeny Map reads to annotated genes,
reconstruction Size: -MBs proteins or pathways
Strain tracking - s/
mm (. pipetine ) (2. Pro-processing) (3. Sequence analysis ) (4. Post ) (5. Vaidation )
REF| Christopher Quince et al., Nature Biotechnology, 2017 134
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Overview of shotgun metagenome analysis

Shotgun sequencing reads

Taxonomic
profiling / ﬁ

Samples

& EgeNOG

Samples

Microbes

Genes or
Pathways

N

Functional
profiling

ssembly

Sequence reads

/
\17 l/\\//

De novo
assembly

* Gene catalogue

¢ Metagenome-
assembled genomes

* Metagenomics
species 135

Taxonomic profiling (species/strain-level)

De novo assembly -
metagenome-assembled genomes

Q..

/ \A Assembly-based profiling

Quality control of MAGs

Ordination on
MAG abundange

Genome-level characterization ~
for abundant MAGs

MAGs

MAGs

Functional modules

Using reference genomes

Ordination on functions

e

| Case samples

Sample

/ Strain-level phylogenies

Ordination on taxa

A%, °

m Control samples

12!—: /
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Read-based profiling

Kraken

Query sequence

©

) E— — )

C ) cE— — )

* Index-based profiling T2

: ) S — S— 3
] G ]
}kmam

* Kraken, centrifuge ‘@Mmm» Classication
,?~r tree and path
* Marker gene-based profiling '/fx 1\ U5 ﬂm (10) (o)
LN ol N rrphisdintog
* mOTU, metaPhlan 00 600 O 0
* Metagenomic species (MGS)- provedersrwtorit s
based profiling metaPhlan

* Meteor/MOMR

Healthy Liver cirrhosis

Actinomyces sp. ICMAT
Actinomyees sp. oral taxon 849 1.0
Unclassified Actinomyces -,
Actinomyces sp. Marseille-P2825 .
Actinomyces sp. Marseille-P2985 - 2
Actinomyces massiliensis — F= S=i 1)
Aggregatibacter aphrophilus i3
Unclassified alloprevotella

Campylobacter concisus 2 z'rf—i'i-" mj&}—
Unclassified Campylobacter 4 i #5 5]  § ] m S

Metagenomic species (MGS)

137

MetaPhlan: clade-specific marker gene based profiling

o Each genome — bag-of-genes representation

o Only conserved genes in the clade are saved

o Inter-clade uniqueness index elimination

o Single-copy genes were preferred of multi-copy genes

a
85 B
: Buymibns
63 Rossoura

138
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mOTU: universal phylogenetic marker -
based profiling

Phylum

Class

Order

Family

Genus

Species----

b

MOTUrn [

o -

20

Percentage of total per sample

https://motu-tool.org/

40 60

@ mOTU RefMeta
@ mOTU Meta

Additional MGs
-4 Percentage
identity cutoff

m Observed richness
E Relative abundance

By COG

C0G ID €0G nama

coGoo12 Predicted GTPase, probable translation factor
COGO016 Phenylalanyl-tfiNA synthetase alpha subunit
COGO01E Arginyl-tRNA syrithatase

| COGOo4s Ribosomal protein 512

COGO04Y i protein 57

COGODS? Ribosomal protein §2

COGODED Ribasomal protein L11

coGooel Ribesomal grotein L1

|COGDOES DMA-directed RNA pal . beta subunit/:
COGOOET Ribasomal protein 13

COGDoBS Ribosornal protein L4

COGDOS0 Ribosornal protein 12

COGODS1 Ribagornal protein 132

COGODS? Ribosomal protein 53

Coooe: Ribasomal protein L14

CoGO094 Ribosomal protein LS
|COGO0GE Ribosamal protein S8

R ! .

40 universal markers
were selected

139

mQOTU: universal phylogenetic marker -
based profiling

Simulations based on metagenome-assembled genomes

a mOTUs2 b mOTUs1 c MetaPhlAn2 d Kraken
g 0 5 0 & 0 g 0
k=) =) . =) 1<) -
L 4 st 2 4 & L2 4 2 4 .
g & 2 & 5 g =
g 2 # s 2{f ¥ 3 2 g 2{p o
o . o R o o a®
§ oy o R g o1sf 23]
5 i 8 5 B 5 3 1
o @ ¥ 1] 5]
a -4 e o0 o o -4 S FHDOBIL SHSHE & 44 & a -4 ar o -4 O T @O m e A
=% =3 = =4 b =4 =3 =g =1 0 4 -3 -2 -1 0 =4 =g < =0 9
Expected rel. ab. (log10) Expected rel. ab. (log10) Expected rel. ab. (log10) Expected rel. ab. (log10)

e Species identification f Species quantification g Shannon diversity (species)

1.00 .. _ j 4 T . ® Kraken

e o %y Q 1.5 =
0.75 A ° el | ] MetaPhlAn2
i 0 1

8 2 i % + mOTUs1
2 050 3 T
E } o 3 = Other tools
o ©

0.25 .. 5 05 g o ® moTUs2

My 2 o £ ® mOTUS2 default
0.00 0.0 * w % 8 mOTUs2 (not re-normalized)
0.00 025 0.50 0.75 1.00 A A 0
o e ’ GO 5° 9“\\‘“1\[4%“3“ SO G0
Recall e e

https://motu-tool.org/
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Metagenomic species-based profiling

a 100 -
o < % 1 ] & "5
A ! . A 8 604
A4 w4 = 4 A4 A4 8 89
Deep sequencing e m % 40
and de novo LN_| o ;. s . g
gene assembly | .. —— == o o B. adolescentis = w!th CAG:2298
> < > < > 2 557 Nonredundant == without CAG:2298
gene catalog T T T T T
20 50 100 200 500
Apundance Time since first sampling (days)
profiles of gene
catall
9 b 795 adoescentis  — with cAG:2208
6 — without CAG:2298
Random
seed gene .- =
Canopy NG g
clustering by 4 °
co-abundance RTe” aSEee z
MGS MGS CAG MGS 2
Q2
MGS augmented assembly ns'.,
Sequence reads
o sample ¢ MGS-specific reads =
___;b =+ .&_ =3 (HQgenome) r r - - T T
= Matching reads ~ - ~ Standard genome 3 0 0.2 0.4 0.6 08 1.0

to MGS assembly Annual persistence probability
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Metagenomic species-based profiling

Co-abundant
Healthy Liver cirrhosisy/ gene markers

Actinomyces sp. ICM47 —EL of MGS
Actinomyces sp. oral taxon 849
Unclassified Actinomyces
Actinomyces sp. Marseille-P2825
Actlnomyces sp. Marsellle-P2985 =+

Unclassified alloprevotella
Alloprevotella tannerae
Campylobacter concisus 2
Unclassified Campylobacter

142
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Plotting microbiome composition - Krona plot

https://github.com/marbl/Krona/wiki/KronaTools

143

Subspecies analysis - meta-SNV

g i - ™
Load balancing [optional]
Coverage estimation ——>  Database indexing
. 1, v
4 SNV calling N
samtools mpileup — metaSNV caller
|
v
Population SNVs Individual SNVs

/

Allele frequencies

v

High resolution
analysis

v

Codon changes, FST,

\ pN/pS

Post-processing & analysis

\\

——>  Distance matrices

Subspecies
identification

Distinctive marker

PCo2 (9.40%)

SNVs & gene content

Capnocytophaga sputigena

°
b

o..J°
%
B

e tongue
dorsum

e supra-gingival
plaque

L4

)

PCo1 (22.50%)

144
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Growth-rate estimation: GRiD

oriC

slow growth

/

N

fast growth

ter

oriC

Different sequencing depths from replication of origins

145
L] L] L]
Growth-rate estimation: GRIiD
.
a ?
@ File A Reordered
Contigs  Coverage § E ;g contigs’ coverage
22 2 15
45 : 2 5
13 35
-_— 15 » = File B
Sort based BEnm LW~ g
4 Oncoverage E-%-@ A IS (5
25 Sao 13 | Sorif 19
19 5 gg 4 25
3o <
3 30 Concatenate contigs
0 oe based on reordering;
GRID=1.5 calculate average across
Species heterogeneily = 0.04 Noisa glimination 10 Kb window
oy 2 . ] calculate coverage & oz . b
g -1.0 |AD i+ g |ratio at peak and g -10 "k-“‘ -;??";
§ 5|l = o e B p | R
& 20 H .|using position of  &° i . Perisplasmic space 17
§’" .o dnaA and dif, and Z -2.0 : Y GAD = 1.15
0 dif calculate species — 0 915'» Cl= |J|5~ 117
500 2000 heterogeneity el A
G location (Kby Genome location (Kb ] & :
enome location (Kbp) 1) “bm g -20]y
— -\ .‘ 2
g s I Ssn.uc ?I;S -
2 % Cl=7.1-7.64
H i i 1 v
https://github.com/ohlab/GRiD e
‘\ _ - p| cell division

1 2 3
Genome location (M

4
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HUMANN?Z2 - Functional profiling

a HUMARMZ input: First search tier: Second search tier: Third search tier: Compute gene family
meta'omic sequences 1D known spacies Map reads to ID'ed Translated search and pathway abundances
(DA or RNA reads) using marker genes species’ pangenomes unclassified reads (community + stratified)

Species 1 Species 2 et /_), v —

- — - Feature RPK

-— -_— p—t G —
= = 2 0 —— xw- " GeneX 8
—_ PP D ==0 - Ry GeneX | Species1 2
- —_- 1 and 2 marker — GeneX | Species2 3
_——_—_ ecruit re m Prc W 7 GeneX | Unclassified 3

Movel Species 2 pangenome

https://huttenhower.sph.harvard.edu/humann2/
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HUMANN?2 - Functional profiling

Phosphopantothenate < Purine ribonucleosides
biosynth. (PANTO-PWY) degradation (PWY0-1296)
-1 -1
MW Bacteroides vulgatus W Streptococcus parasanguinis
_ Bacteroides ovatus mm Streptococcus salivanus
® -2 Bacteroides uniformis mm Streptococcus infantis
§ Bacteroides dorei mm Streplococcus mitis
2 Bacteroides stercoris B Granulicatella adiacens
3 -3 = Alistipes putredinis = Atopobium parvulum
s 2 Bacteroides massiliensis @ Streptococcus australis
2 =3 Bacteroides caccae = Leptotrichia sp oral taxon 215
@ -4 [ Parabacteroides merdae & Oribacterium sinus
? Bacteroides xylanisolvens mm Leptotrichia wadei
] Eubacterium rectale m Megasphaera micronuciformis
g -5 mm Bacteroides thetaiotaomicron wm Streptococcus sp SK140
-l m Other @ Other
=3 Unclassified = Unclassified
o 76 HMP stool samples <« Community total 73 HMP tongue dorsum samples
d Adenosine ribonucleotides g sﬁale ) e Glutaryl-CoA
de novo biosynth. (PWY-7219) Stratifications degradation (PWY-5177)
0 I fractions of total, -
linear scale

T -1
.s mm [ actobacillus crispatus
g -2 = Lactobacillus gasseri Facoal ‘ -,
3 &= Lactobacillus jensenii = Faecalibacterium prausnitzil
2 -3 = Lactobacillus a'r1qrs mm Coprococcus catus
i 3 : gtahrg:wm#a vaginalis =3 Unclassified
=& 3 Unclassified
3 s

=6

34 HMP posterior fornix samples

76 HMP stool samples
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End of lecture

* Thank you for all students and collaborators
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SW All lab members ...
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Elizabeth Witherden Mathieu Almeida
David Moyes Florian
Gordon Proctor Dusko Ehrlich
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Ordination Methods

Project high-dimensional data onto lower dimensions

P taxa

1111111111111

-..‘J
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o
=
=
-
=
o
o
=

2
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1111111111111

||||||||||||||

Axis.2 [14.4%]
=
=

1111111111111

N samples
o
-]
o
"
o
—
M2
-]
]
o
N

1111111111111

0,0,0,0,0,1,2.1,8,00 04

1111111111111

0,0,0,094,0,0,0,01 2

1111111111111

oo 07
Axisd [39.5%]

P-dimensions 2-dimensions

-+ diet

© BK
= Weslam

Multi-dimensional Scaling

Why MDS? It works with any distance!

Two
Many dimensions
dimensions

Input distance matrix can by Bray-Curtis, Unifrac, ...
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Lambda

MDS Scree Plot

These values are the relative quantity of
variability represented in each new dimension

1

3

5 7 9 11
MDS Dimension
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