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FROGSSTAT with Phyloseqg R package

" R package (McMurdie and Holmes, 2013) to analyse community composition data in a
phylogenetic framework

It uses other R packages:

* Community ecology functions from vegan, ade4
* Tree manipulation from ape

= Graphics from ggplot2

= Differential analysis from DESeq2



Exercise 1

=>» At the end of FROGS pipeline, what kind of data do we have ?




Exercise 1

=>» At the end of FROGS pipeline, what kind of data do we have ?

FROGS biom containing:
= OTU count tables (required)
= OTU description : taxonomy

Phylogenetic tree in Newick format

Metadata: sample description in TSV file



Exercise 1

=» Take a look at the metadata




Description FoodType
DLTO.LOTO1 DeslLardons LOT1 Meat
. DLTO0.LOTO3  DesLardons LOT3 Meat
E Xe r‘ C I S e 1 DLT0.LOT04  DeslLardons LOT4 Meat
DLTO.LOTO5 DesLardons LOT5 Meat
DLTO.LOT06  DeslLardons LOT6 Meat
=>» Take a look at the metadata DLTO.LOTO7  DesLardons LOT? Meat
DLTO0.LOT08  DeslLardons LOT8 Meat
DLTO.LOT10 DesLardons LOT10 Meat
MVTO.LOTO1  MerguezVolaille LOT1 Meat
MVTO.LOT03 MerguezVolaille LOT3 Meat
MVTO.LOTO5 MerguezVolaille LOT5 Meat
FOOdType: MVTO.LOTO6  Mer Volaill L
. guezVolaille 0T6 Meat
MVTO.LOTO7 MerguezVolaille LOT7 Meat
Meat or Seafood MVTO.LOT08 MerguezVolaille LOT8 Meat
MVTO.LOT09 MerguezVolaille LOT9 Meat
MVTO.LOT10  MerguezVolaille LOT10 Meat
EnvType: 8 environment types BHTO.LOTO1  BoeufHache LOT1 Meat
BHTO0.LOTO3  BoeufHache LOT3 Meat

Meat - Ground Beef, Ground veal, Poultry sausage, Diced bacon
Seafood - Cooked schrimps, Smoked salmon, Salmon filet, Cod filet



Phyloseq Import Data
tool

PHYLOSEQ OBJECT CREATION




Phyloseq : Data import

1. Statistical analysis is done in R, so an R object

called Rdata must be created.
2. Run PhyloSeq Data import

The FROGS biom format contains:
= OTU count tables (required)

= OTU description : taxonomy

Others information used in FROGSSTAT are:
= sample description in TSV file

= phylogenetic tree in Newick format
(nwk or nhx)

3. Create 2 phyloseq objects, with and without

normalization (rename them)

FROGSSTAT Phyloseq Import Data from 3 files: biomfile, samplefile, treefile (Galaxy Version 3.2.3+galaxy2)

Abundance biom file with taxonomical metadata
0 18] [ 2: FROGS_Abundance_normalisation__normalised_abundance.biom
The file contains the OTU informations (format: biom1).
Sample tsv file
0D 0 DO 1: metadata_chaillou.tsv
The file contains the samples informations (format: tabular).
Tree file (optional)
D @ 0O | 3:FROGS_Tree_ tree.nwk
The file contains the tree informations (format: Newick - nhx or nwk).
Names of taxonomics levels

Kingdom Phylum Class Order Family Genus Species

The ordered taxonomic levels stored in BIOM. Each level is separated by one space.

Do you want to normalise your data ?

@® No

To normalise data before statistical analysis (default : No).

Email notification
@® No

Send an email notification when the job completes.

¢ Favorite

+ Options



Exercise 2

1. What are the resulting datasets ?
2. What is the difference between the resulting objects with and without normalization ?

3. Explore the HTML results



Exercise 2

1. What are the resulting datasets ?

— Rdata file: R object used by phyloseq package for statistics

- HTML report: summary of the phyloseq object




Exercise 2

2. What is the difference between the resulting objects with and without normalization ?

Ranks Names Sample metadata Plot tree

phyloseqg-class experiment-level object

Without normalization

Code

otu_table() OTU Table: [ 495 taxa and 64 samples ]
sample _data() Sample Data: [ 64 samples by 4 sample variables ]
tax_table() Taxonomy Table: [ 495 taxa by 7 taxonomic ranks ]

phy _tree() Phylogenetic Tree: [ 495 tips and 494 internal nodes ]



Exercise 2

2. What is the difference between the resulting objects with and without

normalization ?
Ranks Names Sample metadata Plot tree

Code
phyloseq-class experiment-level object
. . . . otu_table() OTU Table: [ 495 taxa and 64 samples ]
With normalization (rarefactlon) sample_data() Sample Data: [ 64 samples by 4 sample variables ]
tax_table() Taxonomy Table: [ 495 taxa by 7 taxonomic ranks ]
phy _tree() Phylogenetic Tree: [ 495 tips and 494 internal nodes ]
Code

Minimum number of sequences
kept in each sample

el Number of sequences in each sample after normalization: 7638



Exercise 2

2. What is the difference between the resulting objects with and without

normalization ?
Ranks Names Sample metadata Plot tree

Code
phyloseq-class experiment-level object
With normalization (rarefaction) otu_table() OTU Table: [ 495 taxa and 64 samples ]
sample_data() Sample Data: [ 64 samples by 4 sample variables ]
tax_table() Taxonomy Table: [ 495 taxa by 7 taxonomic ranks ]
phy _tree() Phylogenetic Tree: [ 495 tips and 494 internal nodes ]
Code

Be aware that the number of OTUs (taxa) Number of sequences in each sample after normalization: 7638
may decrease



Exercise 2

3. Explore the HTML results

Phyloseq 1.20.0

Summary Sample metadata Plot tree

Taxonomlc IEVEIS Rank names : Kingdom, Phylum, Class, Order, Family, Genus, Species

Code

Code



Exercise 2

3. Explore the HTML results

Script R

Variable names

Summary Ranks Names Sample metadata Plot tree

Sample variables: EnvType, Description, FoodType, SampleID

EnvType : DesLardons, MerguezVWolaille, BoeufHache, VeauHache, SaumonFume, FiletSaumon, FiletCabillaud, Crevet
te

Description : LOT1, LOT3, LOT4, LOTS, LOT6, LOT7Z, LOTS, LOT1@, LOT9, LOT2

FoodType : Meat, Seafood

SampleID : DLT@.LOT@1l, DLT@.LOT®3, DLTO.LOT@4, DLT@.LOT@S, DLT@.LOT@6, DLT@.LOTe7, DLT@.LOT@E, DLTE.LOT1®, MV

Ta.LoTal, MVTa.LOTe3, MVTe.LOTes, MVTe.LOoTes, MVTe.LO0Tar?, MVYTa.LOTes, MVTEe.LOTe%, MVTe.LOT1le, BHTe.LOTal, BHT
@.L0Te3, BHT@.LOT@4, BHTEe.LOT@S, BHT@.LOT@6, BHTG.LOTE7, BHTO.LOTEE, BHTe.LOT1e, WVHTE.LOTE@l, VHTE.LOT@Z, VHTE.
LOT@3, VWHT@.LO0Téd4, VHTa.LO0Tas, VHTE.LOT@Z, VHTO.LOTes, VHTe.LOTlée, SFT&.L0Tel, S5FTé.LO0Te2, SFTa.LOTe2, SFTe.LO

ode

-

the different modalities for each qualitative
variable

Warning !

Metadata order (in each sample variable) are used to
organize graphics.

So take extra care when you construct your
sample_metadata file

It may make sense to order the metadata file i.e. the
meats are together and the seafood together




Exercise 2

3. Explore the HTML results

Phylogenetic tree colored by Phylum
Summary Ranks Mames Sample metadata Flot tree .

Phylum
*  Actinobacteria
* Bacteroidetes
# Candidate division TM7
® CK-1C4-19
® Cyanobacteria

* Firmicutes

® Fusobacteria
* GNo2

©  Protecbacteria
= Spirochastes

® Tenericutes




Exercise 2

3. Explore the HTML results

Phylogenetic tree colored by Phylum
Summary Ranks Mames Sample metadata Flot tree .

=>» Information: Most represented phylum
(in OTUs count)

Phylum
*  Actinobacteria
* Bacteroidetes
# Candidate division TM7
® CK-1C4-19

® Cyanobacteria

Bacteroidota
Firmicutes
Actinobacteriota
Proteobacteria

® Firmicutes

® Fusobacteria

* GNo2
* Proteabacteria

= Spirochastes

® Tenericutes




Biodiversity analysis




The points we will cover on
biodiversity analysis

1. Exploring sample composition
2. Notions of biodiversity
3. o-diversity analysis

4. B-diversity analysis



. Biodiversity analysis

COMPOSITION VISUALIZATION




Exploring biodiversity : visualization

FROGSSTAT Phyloseq Composition Visualisation with bar plot and composition plot (Galaxy <% Favorite + Options
Version 3.2.3+galaxy?2)
Phyloseq object (format rdata)
D @© © | 4:FROGSSTAT Phyloseq Import Data NOT NORMALISED : data.Rdata = Explore the sam p le RAW or NORMALISED count

This is the result of FROGS Phyloseq Import Data tool.

Grouping variable Choose a sample variable to organize
EnvType ]| graphics: either EnvType or FoodType

Experimental variable used to group samples (Treatment, Host type, etc).

Taxonomic level to filter your data ( )
==
Kingdom <
ex: Kingdom, Phylum, Class, Order, Family, Genus, Species U J
Taxa (at the above taxonomic level) to keep in the dataset
( )
Bacteria <
ex: Bacteria (when filtering at the Kingdom level), Firmicutes (when filtering at the PH .
can be specified, i.e. Firmicutes Proteobacteria |\ 4 FO r the fl rSt u Sage, Iet the defa u It
Taxonomic level used for aggregation p N p aram ete rs
Phylum <
ex: Family (when filtering at the Phylum level). The aggregation level must be below t
Number of most abundant taxa to keep < J
—
ex: 9, i.e. Tool keeps the 9 most abundant taxa and the remaining taxa are aggregate!




Exercise 3

1. What are the resulting datasets ?
2. What is the difference between Bar plot and Plot composition ?

3. What biological information could you extract ?

4. What are the perspectives for going further?




Exercise 3

1. What are the resulting datasets ?

- HTML report: summary of the phyloseq object

Phy‘ 1.20.0
Bar plot Composition plot

- Barplot
- Composition plot




Exercise 3

2. What is the difference between Bar plot and Plot composition ?

Bar plot colored by Phylum

Crevette

FiletCabillaud

SaumonFume  FiletSaumon

VeauHache

DesLardons  MerguezVolaille  BoeufHache

= one rectangle is one OTU

7500

Phylum

= one coloris one phylum

number of sequences — these are

absolute counts

y axis

Actinobacteriota
Bacteroidota
Campylobactercta
Cyancbacteria
Desulfobacterota
Fusobactenota

Firmicutes

5000

@ouBpuUNgY

Patescibacteria

Proteobacteria

Spirochaatota

2500

f rectangle depends on number of

sequences
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DLTO0.LOT10

Sample




Exercise 3

2. What is the difference between Bar plot and Plot composition ?

Bar plot colored by Phylum

DesLardons  MerguezVolaille  BoeufHache VeauHache SaumonFume FiletSaumon FiletCabillaud Crevetle

Phylum

Abundance

Actinobacteriota
Bacteroidota
Campylobactercta
Cyancbacteria
Desulfobacterota
Firmicutes
Fusobactenota
Patescibacteria
Proteobacteria
Spirochaatota

Limitations:

= Plot bar works at the OTU-level and displays all the
OTU at the specified rank

= This may lead to cluttered graphics and
unnecessary legends

= No easy way to look at a subset of the data

= Works with absolute counts (beware of unequal
depths or used normalized function)



load-extra-functions.R

Exploring biodiversity : visualization

Another graph: plot_composition function : Bar plot

Taxonomic level to filter your data

Composition plot

| Kingdom |

= Works with relative abundances

ex: Kingdom, Phylum, Class, Order, Family, Genus, Species

= Subsets OTUs at a given taxonomic level Taxa (at the above taxonomic level) to keep in the dataset

| Bacteria |

ex: Bacteria (when filtering at the Kingdom level), Firmicutes (when filtering at the Phylum
level). Multiple taxa (separated by a space) can be specified, i.e. Firmicutes Protecbacteria

Taxonomic level used for aggregation

= Aggregates OTUs at another taxonomic level | phyium

ex: Family {(when filtering at the Phylum level). The aggregation level must be below the filtering level.

Number of most abundant taxa to keep

. 9

]
ShOWS on ly a glven num ber Of taxa ex: 9, i.e. Tool keeps the 9 most abundant taxa and
the remaining taxa are aggregated in a group 'Other’



https://github.com/mahendra-mariadassou/phyloseq-extended
https://github.com/mahendra-mariadassou/phyloseq-extended

Exercise 3

Composition within Bacteria ( 9 top Phylum )
2- What iS the difference between Bar pIOt and PlOt DesLardons MerguezVolaille BoeufHache — VeauHache SaumonFume FiletSaumon FiletCabillaud Crevette Phylum

composition ? Loo
= one rectangle is one phylum (no borderline) (or / ..
any other specified taxonomy rank)
= one coloris one phylum
= vy axis: counts are reduced to 1, so, here, we

have relative counts |
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w
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Exercise 3

Bar plot Composition plot

3. What biological information could you extract ?

Abundance

Composition within Bacteria ( 9 top Phylum )

DeslLardons MerguezVolaille BoeufHache VeauHache SaumonFume FiletSaumon FiletCabillaud Crevette Phylum

1.007
0.757
0.5
0.2
0.00-

Actinobacteriota
Bacteroidota
Campylobacterota
Cyanobacteria
Desulfobacterota
Firmicutes
Fusobacteriota

Proteobacteria

<

Spirochaetota

Other

L

.
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Exercise 3

Composition within Bacteria ( 9 top Phylum )

3_ What biOIOgical information Could you eXt ra Ct ? DeslLardens MerguezVolaille BoeufHache  WeauHache SaumeonFume FiletSaumon FiletCabillaud Cravette Phylum
B Actinobacteriota
= Meat types on the left share common Phylum " eacenidos
o, . . . . . . I Campylobacterota
composition, with a majority of Firmicutes P
(easy to remark thanks of ordered levels) o
3 B Fusobacteriota
é W Protecbacteria
é 020 | Spirochastota
. < Il Other
= Seafoods seem to be much more variable
= Firmicutes and Proteobacteria are present in all
samples, but with a wide range of abundance



Exercise 3

Bar plot Composition plot

4. What are the perspectives for going further?

Abundance

Composition within Bacteria ( 9 top Phylum )

DeslLardons MerguezVolaille BoeufHache VeauHache SaumonFume FiletSaumon FiletCabillaud Crevette Phylum

1.007
0.757
0.5
0.2
0.00-

Actinobacteriota
Bacteroidota
Campylobacterota
Cyanobacteria
Desulfobacterota
Firmicutes
Fusobacteriota

Proteobacteria

<

Spirochaetota

Other

L

.
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Exercise 3

Composition within Bacteria ( 9 top Phylum )

4 . W h at a re t h e p e rs p e Ct ive S fo r go i n g fu rt h e r? DeslLardens MerguezVolaille BoeufHache  WeauHache SaumeonFume FiletSaumon FiletCabillaud Cravette Phylum

=» What is the composition of the 9 most
abundant Families of Firmicutes ?

=» What is the composition of the 9 most
abundant Families of Proteobacteria ?

0.2
Jatatatatatataal

B Actinobacteriota
Bacteroidota
Campylobacterota

Cyanobacteria

i

Desulfobacterota
Firmicutes
Fusobacteriota

Proteobacteria

<

Spirochaetota

Abundance

Other

L

0.00-

(SIS S ]
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Exercise 4

1. What is the composition of the 9 most abundant Families of Firmicutes ?

2. What is the composition of the 9 most abundant Families of Proteobacteria ?




Exercise 4

1. What is the composition of the 9 most abundant
Families of Firmicutes ?

Taxonomic level to filter your data

Phylum

ex: Kingdom, Phylum, Class, Order, Family, Genus, Species

Taxa (at the above taxonomic level) to keep in the dataset
Firmicutes

ex: Bacteria (when filtering at the Kingdom level), Firmicutes (when filtering at the Phylum level).
Multiple taxa (separated by a space) can be specified, i.e. Firmicutes Proteobacteria

Taxonomic level used for aggregation
Family

ex: Family (when filtering at the Phylum level). The aggregation level must be below the filtering level.

Number of most abundant taxa to keep
9

ex: 9, i.e. Tool keeps the 9 most abundant taxa and the remaining taxa are aggregated in a group 'Other’

Abundance

1.00r
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Composition within Firmicutes | 9 top Family )
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Composition within Firmicutes ( 9 top Family )

E . |
DeslLardons MerguezVolaille BoeufHache  VeauHache SaumonFume FiletSaumon FiletCabillaud Crevette Family

1. What is the composition of the 9 most abundant oo

Families of Firmicutes ?
= Abundance does not reach 1 because only /
Phylum Firmicutes is displayed, the "missing"
abundance is carried by other Phyla. -
= Asseen at the Phylum level, Firmicutes are
more represented in meat types than in 25
seafoods

= Dominant Firmicutes families are not the same
in each food type Spzesed s comenn Sames Sesew SumeNS mnom sxashen

95899599 99999555 99999955 999959555 99959559 889585558 8589958955

Carnobacteriaceae
Enterococcaceas
Erysipelotrichaceae
Lachnospiraceae

Lactobacillaceae

Mycoplasmataceae

Staphylococcaceae

Streptococcaceas

|
|
|
|
Il
B Uisteriaceae
[
|
|
|

Abundance

Other

COOO0000 CO0OCO0O COCO0000 O0D0O000 00000000 OO000000 00000000 O0000000
SOOI Sesmssms [ IITLIIL ILITITILT LhLbLbhlh GUONNnng LouULLLD OOO00000
[alalalalalalalal SOMmGGE SESsssss  GNNnGnND  Lubunoin  CLLDDLDTLE 00000000




Exercise 4

2. What is the composition of the 9 most abundant oo

Caomposition within|Proteobacteria|( 9 top Family )

Deslardons MerguezVolaille BoeufHache VeauHache SaumonFume FiletSaumon FiletCabillaud Crevette Family

o . . Comamonadaceae
Families of Proteobacteria ? _
B Hydrogenophilaceae
. . I Moraxellaceae
Taxonomic level to filter your data
B Neisseriaceae
0.75°
phylum I Oxalobacteraceae
. Pseudomenadaceae
ex: Kingdom, Phylum, Class, Order, Family, Genus, Species M Rhizobiaceas
. . Q hodob:
Taxa (at the above taxonomic level) to keep in the dataset 2 B Rhodobacteraceae
_r-g 0.50- I vibrionaceae
Proteobacteria 2 W other
ex: Bacteria (when filtering at the Kingdom level), Firmicutes (when filtering at the Phylum level).
Multiple taxa (separated by a space) can be specified, i.e. Firmicutes Proteobacteria
0.25°
Taxonomic level used for aggregation
Family
ex: Family (when filtering at the Phylum level). The aggregation level must be below the filtering level. . u_ |_L
Number of most abundant taxa to keep
oB388532 20085822 S0I0S5ES SOOI S5ES DO0I055E So00853S oNSoSEES S30S5EIS
99999992 99999999 99999999 99999999 99999999 99999999 99999992 99999992
9 COPOODOD COCOOCOD DCPOLEDOD OCODCODD DOCOOODD DOCODOOD CPDOCOLD SOOLOOOD
OnDDNORE TI22TIeT mmmdnhin SoiiTaIL Dhtttons CoooofND PYpoopey 59000000

ex: 9, i.e. Tool keeps the 9 most abundant taxa and the remaining taxa are aggregated in a group 'Other’




Caomposition within Proteobacteria ( 9 top Family )

E . |
DeslLardons MerguezVolaille BoeufHache VeauHache SaumonFume FiletSaumon FiletCabillaud Crevette Family

2. What is the composition of the 9 most abundant oo
Families of Proteobacteria ?

Comamonadaceae
Hydrogenophilaceae
Moraxellaceae
Meisseriaceae

075 Oxalobacteraceae
Pseudomonadaceae

Rhizobiaceae

Rhodobacteraceae

= Asseen at the Phylum level, Proteobacteria are
particularly present in seafood samples

= SaumonFume samples with extremely high
levels of Proteobacteria are dominated by
Vibrionaceae family, while other food types are J Jj
balanced between several families o L] ._L

AMFINOMEO  CNOMEE0  EINWME0 MO0 DM IOOME MO0 NS00 T O M0 ao
0OoO00000— DO000000- COO0O0O— O0O00000- Oo0D0000D OCO00000— OOoD0000— 0000000

99999999 29999999 999599992 99999999 99999992 99999999 99999999 99599999

Vibrionaceae

Other

Abundance

0Oo000000 00000000 COO0000D 00000000 O0000000 OCO000000 OO000000D 00000000

] s mss TTTTITITILL TTTTTTIL Lbbibbbbl  @00nwnnmmneg
OOO0O000 T555555% OOOOONmn >rssssss  UUNNNGNNT Lol ooon i i 88888888




Exploring biodiversity : visualization

Remark 1 : An example of what happens when sample metadata file is not sorted in a meaningful way

Bar plot colored by Phylum Bar plot colored by Phylum

BoeufHache VeauHache DeslLardons  SaucisseVolaille Crevette SaumonFume  FiletSaumon  FiletCabillaud BoeufHache Crevette DeslLardons FiletCabillaud  FiletSaumon MerguezVolaile SaumonFume  VeauHache
10000 - 10000 -
Phylum Phylum
Actinobacteria [ Actinobacteria
Bactercidetes Bacteroidetes
7500 - 7500 -
Candidate division TM7 [ candidate division TH7
g CK-1C4-18 3 [Hck1ca1e
S Cyanobacteria 5 Cyanobacteria
5 Firmicutes 5 .F micutes
2 ) 2
< . Fusobacteria < Fusobacteria
5000 - 5000 -
GNo2 GNo2
Protecbacteria Proteobacteria
.Sp\ruchasles Spirochastes
.Tensm:ulas .Tenan‘cures
2500+ 2500 -
0- 0-
2] DU e o e a ) PEEEUEEEE COO00000 UUUDUDDU IOANNTOT nnmam DOOOnnnn s
g%I%%%?% %;;%%E;i EPEEPEPP 25553555 88888888 ﬁ%‘ﬂ‘ﬂ‘ﬂ‘%ﬁ% GOHOOOnY 00000000 IIIIIIITI QUOUOOUD rrrrreer 00000000 “rnhnnnt 55%%%%55 INI3II3TT ITIITIIIT
COQ0CCO00 OOCO0000 C000000C Soooocooo OO0O0O0000 CC00000C 00000000 90000000 CO0CO0000 OOCOOoOOD S9P00000C 00000000 C000000O0 35555335 cocosoos EEEEEErEE
e e e e e e e e el v g e s e el ; —r ——— e e T g s g o e T T T [ s e S e st sl s e g
00000000 00000000 00000000 Ghboobno Coooboon 90000000 9000DO00 BoTDOTED 0000000D Gooo0ooD 99099999 80900099 09999099 §ooooooo 99399999 C0000000
e ) > = - - = e e P e =
93253955 ORORGRs 20R0BSES 20339582 RERGARS CNGRAGNE CoGosusS SROGEIES 95253555 SP55095s 20P06585 2RAARIES 2RGASUS0 SB55I80s CROEISNs SUBESaES

Sample




Exploring biodiversity : visualisation

Composition within Bacteria ( 30 top Family )

Deslardons MerguezVolaille BoeufHache  VeauHache SaumonFume FiletSaumon FiletCabillaud Cravette Family

Remark 2 : Keep in mind that human eye B Comobacteriscese |
cannot distinguish more than 12 colors at Comamonadaceae
the same time.

Corynebacteriaceae
Enterococcaceas
Erysipelotrichaceae
Family XI

Flavobacteriaceas

Example of the 30 most abundant Families
among Bacteria

Fusobacteriaceae
Hydrogenophilaceae
Lachnospiraceas

Lactebacillaceae

Abundance

Leptotrichiaceae
Listeriaceae
Microbacteriaceae
Micrococcaceas
Moraxellaceae
Mycoplasmataceae

Neisseriaceae

Oxalobacteraceae

|
[T T

Sopmes IIIITIT T
SESSSEST  vfererenctenen
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|. Biodiversity analysis

DIVERSITY INDICES




Exploring biodiversity : descriptors

* The richness corresponds to the number of OTUs or functional groups present in communities.
It characterizes the composition.

= The diversity takes into account the relative abundancy of species. It characterizes the structure

%*%*
-
Bk

e W
T
-
e
e W W

Ecosystem 2

Ecosystem 1




Exploring biodiversity : descriptors

* The richness corresponds to the number of OTUs or functional groups present in communities.
It characterizes the composition.

= The diversity takes into account the relative abundancy of species. It characterizes the structure

Ecosystem 1

Richness : Ecol = Eco2
Diversity: Eco2 > Ecol



Exploring biodiversity : statistical indices

3 levels of diversity:

= a-diversity: diversity within a community

Qv Community
8

= B-diversity: diversity between communities

= B-dissimilarities/distances /8
- >

y

= dissimilarities between pairs of communities
= often used as a first step to compute diversity

= y-diversity: diversity at the landscape scale (blurry

for bacterial communities) Landscape




Exploring biodiversity : statistical indices

There are qualitative, quantitative and phylogenetic indices:

Qualitative (Presence/Absence) vs. Quantitative (Abundance )
= Qualitative indices give equal weight to all species, dominant or rare

= Qualitative indices are more sensitive to differences in sampling depths

= Qualitative indices emphasize differences in taxa diversity while quantitative are more
sensitive to increases in composition differences

Phylogenetic indices
= Require a phylogenetic tree

* phylogeny allows to attenuate clustering errors because 2 different OTUs can be
phylogenetically close



1. Biodiversity analysis

a-DIVERSITY INDICES




4 a-diversity indices

Richness
Chao

Shannon

-l S

Inv-Simpson




Richness

Richness : Ecol = Eco2

Richness

Number of observed species




a-diversity: Chaol

Richness Chao
Number of observed species Richness + (estimated) number of unobserved species
0] Sreal = 1000
Schao = 889
Srich =471

Chbsenved

. FALSE
. TRUE

Number of species

0 3 H 9 12
Obsernved abondance




a-diversity: Chaol

Chaol is an abundance-based estimator. This means that the data it needs relate to the abundance of taxa in the sample.

This index estimates the number of unobserved species from those that have only been observed once or twice. This
diversity index is a minimum estimator. In order for it to fit the dataset, it is necessary that singletons and duplicates
represent a significant part of the information

Many taxa, species, are represented by a few individuals (rare species) and others can be represented by many individuals
(abundant species).

Well, chaol is based on the rare species.

So we need to know how many species are represented by 1 individual (singleton) and how many species are represented
by 2 individuals (doubletons):

Sest = Sops + F2/2G

Sest (nb of species we want to estimate), S, (nb of species observed), F (nb of singletons) and G (nb of doubletons)

obs

If the chaol is close to the richness - the part of the missed OTUs is low = the sequencing depth is good.



a-diversity: Chaol

Example of a abundance table, after FROGS processing, with OTUs filtering with 0.005% threshold:

observation_name observation_sum complexe-ADN-1  echantillonl-1  echantillon1-2  echantillon1-3  echantillon2-1  echantillon2-2  echantillon2-3

Cluster_1 298637 56 227 234 120 36754 59089 56534
Cluster_2 155012 633 20604 38077 45508 g417 10454 10655
Cluster_3 52753 2469 14 76 63 37 3 19
Cluster_4 34062 3459 5041 11453 12799 0 37 B84
Cluster_5 30263 3 10 13 13 570 306 300
Cluster_6 26805 1301 7 51 35 21 6 16
Cluster_7 25237 1015 7 30 34 16 5 14 Si ng I etons
Cluster_8 20483 893 & 34 19 18 16
Cluster_9 26069 2504 32 60 a7 26 - 22 an d
Cluster_10 17383 712 5 23 17 19 8 13
Cluster_11 16674 715 6 27 25 26 7 dou b|eton5
Cluster_12 11420 0 37 76 79 19 24 13
Cluster_13 9414 189 0 24 12 & 0 8
Cluster_14 7972 493 3 7 11 7 5
Cluster_15 7267 13 0 19 12 11 7 — Chaol Computation pOSSible
Cluster_16 7131 150 3 8 11 0
Cluster_17 5407 4953 7 @ 0 13 :
Cluster_18 6538 28 10 18 16 &
Cluster_19 5633 3 12 12 45 24
Cluster_20 5223 183 0 5 12
Cluster_21 4078 12 0 6 9 4
Cluster_22 4507 0 10 13 20 13 2
Cluster_23 4232 3 0 10 4
0

Cluster_24 3404 160 4
Cluster_25 3857 @ 0 3
Cluster_26 2616 1

Cluster_27 2781

B0
mmnlcgu-o

B8
6
5 0
9
o



a-diversity: Shannon and Inv-Simpson

a-diversity is equivalent to the richness : number of species

Shannon Inv-Simpson
Evenness of the species abundance Inverse probability that two sequences sampled at
distribution random come from the same species

Even

Interpretation :

Sinvsimp = 5,45 Sinvsimp = 15 15 observed species, but according to
Sshan = 1log(7,85) Sshan = log(15) Shannon, the uneven community acts
Srich =15 Srich =15 like there is 7.85 equally abundant

o ‘ species (5.45 for invSimp)
IIII---------- IIIIIIIIIIIIIII
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a-diversity indices

1. Chaol close to Richness = all species have been detected

2. higher Shannon index - higher homogeneity - greater diversity

3. greater invsimpson index - greater diversity




Exploring biodiversity : a-diversity

a-diversity indices available in phyloseq :

= Species richness : number of observed OTU
* Chaol : number of observed OTU + estimation of the number of unobserved OTU

= Shannon entropy / Jensen : the width of the OTU relative abundance distribution. Roughly, it
reflects our (in)ability to predict OTU of a randomly picked bacteria.

= Simpson : 1 - probability that two bacteria picked at random in the community belong to
different OTU

* Inverse Simpson : inverse of the probability that two bacteria picked at random belong to
the same OTU

= Other estimators of alpha diversity exist (Chao2, ACE, ICE,...), however the indices presented
above allow us to understand alpha diversity with sufficient precision



Exploring biodiversity : a-diversity

FROGSSTAT Phyloseq Alpha Diversity with richness plot (Galaxy Version 3.2.3+galaxy2)

vy Favorite ~ Options

Phyloseq object (format rdata)

D © © 8 FROGSSTAT Phyloseq Import Data SUBSAMPLED: data.Rdata < - EXp lore the sam P le NORMALISED count

4

This file is the result of FROGS Phyloseq Import Data tool.

Experiment variable

EnvType Choose a sample variable to organize graphics
The experiment variable that you want to analyse. te St on Eanype

The alpha diversity indices to compute
= Select/Unselect all \

Observed

Chao1

Shannon . ] . . .

i ngsco > Choose which a-diversity indices you want to compute
impson

O ACE

O Fisher

Email notification J
® o

Send an email notification when the job completes.



Exercise 5

1. What are the output files ?

2. Which interpretation could you make on the boxplot results ?

3. Does EnvType has an impact on a-diversity indices ?




Exercise 5

1. What are the output files ?

—> Tabular file: contains the detailed value of indices in each sample

- HTML report: graphical and statistical results




Exercise 5

1. What are the output files ?

— Tabular file: contains the detailed value of indices in each sample

BHTO.LOTO1
BHTO.LOTO3
BHTO.LOTO4
BHTO.LOTOS
BHTO.LOTOG
BHTO.LOTO?
BHTO.LOTOE
BHTO.LOT10
COTO.LOTO2
COTO.LOTO4

Observed
a9
129
137
127
135
126
172
155
73
145

Chaol

90.875

134.2

152
122.526315789474
136
141.260869565217
189.652173913043
173.9
87.5263157804737
168.25

se.chaol
2.25640704112416
3.98819923457003
£.65612088483201
3.97261840192821
1.30982775947977
F.7960250320146
B.66767047151361
9.42281349546639
7.85749286229502
10.9999445485673

Shannon
2.46283438240559
3.01399812576965
2.77419314445453
2.82022278153272

2.6365904270666
2.36922299088595
3.32220303923076
2.96129954607031

0.968874907875041
3.1208274916296

InvSimpson
6.4374614755645
11.6378947553209
7.04904738429417
7.543304761220893
6.30810073317464
5.65591172677601
11.229239517499
7.55645792419119
1.935691052993309
11.0298385276267




Exercise 5

1. What are the output files ?

- HTML report: graphical and statistical results




Rarefaction curves

Alpha Diversity Indice Anova Analysis

Richness plot with boxplot

Richness plot

Code

Alpha diversity distribution in function of EnvType
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Exercise 5

1 sample
One graph per asked indice

1 dot

- Crevette

- FiletCabillaud

- FiletSaumon

- SaumonFume

- VeauHache

- BoeufHache

- MerguezVolaille

- DeslLardons

- Crevette

- FiletCabillaud

- FiletSaumon
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Rarefaction curves

Alpha Diversity Indice Anova Analysis

Richness plot with boxplot

Richness plot

Code

Alpha diversity distribution in function of EnvType
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Exercise 5
more readable thanks to boxplots




Same legend for all indices

Alpha diversity distribution in function of EnvType
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2. Which interpretation could you
make on the boxplot results ?

Exercise 5




Exercise 5

2. Which interpretation could you
make on the boxplot results ?

= Same image in same scale for Richness and Chaol
—> most species have been detected

= High variability in the number of OTUs per
EnvType

= Many taxa observed in DeslLardons
(highest observed richness)

= Most foods have low effective diversities
(Shannon & InvSimpson)
—> communities are dominated
by few abundant taxa

Alpha Diversity Measure

Alpha diversity distribution in function of EnvType
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[ ]
E Xe rC I S e 5 Richness plot Richness plot with boxplot Alpha Diversity Indice Anova Analysis Rarefaction curves

3. Does EnvType has an impact on a-diversity indices ?

e Whatis an ANOVA used for?

— Test the significance of the previous observations by performing an ANOVA of alpha-diversity

indices against the covariate of interest (EnvType)




Richness plot Richness plot with boxplot Alpha Diversity Indice Anova Analysis Rarefaction curves

B B G i i i
#Perform ANOVA on Observed, which effects are significant

[ ]
E X r I anova.Observed <-aov( Observed =~ Depth + EnvType, anova_data)
summary(anova.Observed)

Df Sum Sg Mean Sq F value Pr(>F)

EnvType 7 57656 8237 7.705 1.68e-06 ***
. Residuals 56 59864 1069
3. Does EnvType has an impact on
Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

a-diversity indices ?

HHRH AR HRH AR AR HRARARIRRHRRHA A TR AN AHH AR AR AR A A
#Perform ANOVA on Chaol, which effects are significant

anova.Chaol <-aov( Chaocl -~ Depth + EnvType, anova data)
H H summary(anova.Chaol)
Anova Interpretatlons Df Sum Sg Mean Sq F value Pr(>F)
EnvType 7 65691 9384 8.482 4.85e-07 **%*
Residuals 56 61954 1106
Signif. codes: 0 '#%%' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

B G i
#Perform ANOVA on Shannon, which effects are significant
anova.Shannon <-aov( Shannon -~ Depth + EnvType, anova_data)
summary (anova.Shannon)

Df Sum Sq Mean Sq F value Pr(>F)
EnvType 7 7.61 1.0866 1.695 0.129
Residuals 56 35.89 0.6409

B G i i
#Perform ANOVA on InvSimpson, which effects are significant
anova.InvSimpson <-aov( InvSimpson ~ Depth + EnvType, anova_data)
summary(anova.InvSimpson)

Df Sum Sq Mean Sq F value Pr(>F)
EnvType 7 392.8 56.12 1.261 0.286
Residuals 56 2492.7 44.51




Exercise 5

HRARE AR A HH AR R R HH AR TR AR AR B AR A AR AT ARG R AN AT AN AR AR AR
#Perform ANOVA on Observed, which effects are significant
Ianova.observedl<—aov( Observed -~ Depth + EnvType, anova_data)

summary (anova.Observed)
Df Sum Sqg Mean Sq F value Dri>E)

EnvType 7 57656 8237 7.705|1.68e-06 ***
Residuals 56 59864 1069
Signif. codes: 0 '***' 0,001 '**' 0.01 '*' 0.05 '.' 0.1 ' "1

3. Does EnvType has an impact on a-diversity indices ?

Anova interpretations

Does the EnvType have an effect on Observed indice ?

B e i b i b i i i i
#Perform ANOVA on Chaol, which effects are significant

anova.Chaol K-aov( Chaol -~ Depth + EnvType, anova data)
summary (anova.Chaol)

Df Sum Sg Mean Sgq F value Pr(>F) :

EnvType 7 65691 9384 8.482 |4.85e-07 ***
Residuals 56 61954 1106
Signif. codes: 0 '***' 0,001 '**' 0.01 '*' 0.05 '.' 0.1 " ' 1

HRARE AR A HH AR R R HH AR TR AR AR B AR A AR AT ARG R AN AT AN AR AR AR
#Per form ANOVA on Shannon, which effects are significant
<—aov( Shannon -~ Depth + EnvType, anova_data)
summary (anova.Shannon)

Df Sum Sq Mean Sq F value Pr(>F)

EnvType 7 7.61 1.0866 1.695 | 0.129

Residuals 56 35.89 0.6409

HARH AR AR AT AR T AR A AT AT AR AR TAA AR AR AR
#Perform ANOVA on InvSimpson, which effects are significant
anova.InvSimpson [<-aov( InvSimpson -~ Depth + EnvType, anova d:
summary (anova.InvSimpson)

Df Sum Sq Mean Sq F value Pr(>F)
EnvType 7 392.8 56.12 1.261 | 0.286

Residuals 56 2492.7 44.51



Exercise 5

HRARE AR A HH AR R R HH AR TR AR AR B AR A AR AT ARG R AN AT AN AR AR AR
#Perform ANOVA on Observed, which effects are significant
|anova.0bserved|<—aov( Observed -~ Depth + EnvType, anova_data)
summary (anova.Observed)

Df Sum Sqg Mean Sq F value Pr(>F)

EnvType 7 57656 8237 7.705]1.68e-06 ***
Residuals 56 59864 1069
Signif. codes: 0 '***' 0,001 '**' 0.01 '*' 0.05 '.' 0.1 ' "1

3. Does EnvType has an impact on a-diversity indices ?
Anova interpretations

= Environments differ in terms of richness but not in
terms of Shannon and InvSimpson diversity

“This means that all EnvTypes have similar structures
(equivalent distributions between several minor OTUs
and few dominant OTUs). Even if 2 samples of
"Crevette" displayed very high invSimpson (their
bacteria were thus more homogeneously distributed),
these two samples were not sufficient to make
"Crevette" significantly different from the others
EnvType.

=» There is no significant difference between the
EnvType

B e i b i b i i i i
#Perform ANOVA on Chaol, which effects are significant

anova.Chaol K-aov( Chaol -~ Depth + EnvType, anova data)
summary (anova.Chaol)

Df Sum Sg Mean Sgq F value Pr(>F)

EnvType 7 65691 9384 8.482 |4.85e-07 ***
Residuals 56 61954 1106
Signif. codes: 0 '***' 0,001 '**' 0.01 '*' 0.05 '.' 0.1 " ' 1

HRARE AR A HH AR R R HH AR TR AR AR B AR A AR AT ARG R AN AT AN AR AR AR
#Per form ANOVA on Shannon, which effects are significant
<—aov( Shannon -~ Depth + EnvType, anova_data)
summary (anova.Shannon)

Df Sum Sq Mean Sq F value Pr(>F)

EnvType 7 7.61 1.0866 1.695 | 0.129

Residuals 56 35.89 0.6409

HARH AR AR AT AR T AR A AT AT AR AR TAA AR AR AR
#Perform ANOVA on InvSimpson, which effects are significant
anova.InvSimpson [<-aov( InvSimpson -~ Depth + EnvType, anova d:
summary (anova.InvSimpson)

Df Sum Sq Mean Sq F value Pr(>F)

EnvType 7 392.8 56.12 1.261 | 0.286
56 2492.7 44.51

Residuals




B i

#Perform ANOVA on Observed, which effects are significant
Ianova.observedl<—aov( Observed -~ IDepth + EanypeI anova_data)

summary (anova.Observed)

Df Sum Sqg Mean Sq F value Dri>E)

EnvType 7 57656 8237 7.70511.68e-06 ***
E ° 5 Residuals 56 59864 1069
Xe rCISe Signif. codes: 0 '**x' (0,001 '**' 0,01 '*' 0.05 '.' 0.1 " ' 1
3. Does EnvType has an impact on a-dive rsity indices ? AR AR AT AA AT AA AR RAARAA AT
#Perform ANOVA on Chaol, whi ignificant
. . anova.Chaol F—aov( Chaol -~ iDepth + Eanype,ianova_data)
Anova interpretations Summary (anova.Chaol)
Df Sum Sg Mean Sgq F value Pr(>F) :
= Depth does not appear in the results, so there is no PTG ] et
effect of depth.
Signif. codes: 0 '*%%' 0,001 '*+' 0.01 '*' 0.05 '.'" 0.1 ' " 1
“This is expected as the sequencing depth is
equ ivalent between sam D les Rt e e
#Per form ANOVA on Shannon, which effects are significant
. . <—aov( Shannon -~ I Depth + Eanype,I anova_data)
“If Depth appears as a significant effect, you should TETRATY (anov3 . Shannon)
normallze Df Sum Sq Mean Sq F value Pr(>F)

EnvType 7 7.61 1.0866 1.695 | 0.129

Residuals 56 35.89 0.6409

HARH AR AR AT AR T AR A AT AT AR AR TAA AR AR AR
#Perform ANOVA on InvSimpson, which effgg;g are _siagnificant
anova.InvSimpson [<-aov( InvSimpson -~ | Depth + EnvType,| anova d:
summary (anova.InvSimpson)

Df Sum Sq Mean Sq F value Pr(>F)
EnvType 7 392.8 56.12 1.261 | 0.286

Residuals 56 2492.7 44.51



Exercise 5

Rarefaction curve interpretations

Richness plot Richness plot with boxplot Alpha Diversity Indice Anova Analysis

250~
200~
150~
100~

50 -

250~
200-
150-
100~
50-
0-

OTU Richness

250~
200~
150-
100~

50-

Q=

DesLardons

VeauHache

FiletCabillaud
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1
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EnvType
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Richness plot Richness plot with boxplot Alpha Diversity Indice Anova Analysis

DeslLardons MerguezVolaille BoeufHache

Exercise 5

250-
200~
150-
100-
. . . 50-
Rarefaction curve Interpretations 0- EnvType

VeauHache SaumonFume FiletSaumon DeslLardons

= Most of the curves reach a plateau 250-

MerguezVolaille

///—::’,: BoeufHache
/_

VeauHache

? SaumonFume
FiletSaumon

“DeslLardons reach the plateau later e e e e, N
which correspond to a higher Observed FiletCabillaud Crevette v D e e e

p g 250 - Crevette

200 -

150 -

100 -

50~
0-

]

o

o
1

=
i
o

= A deeper sequencing doesn't add
more OTUs

OTU Richness
g 3

o
1

0 2000 4000 6000 80000 2000 4000 6000 8000
Sample Size




V. Biodiversity analysis

B-DIVERSITY INDICES




Exploring biodiversity : B-diversity

Many diversity indices are available with the Phyloseq 3 communities:
package through the generic distance function. A B C

OTU 1

Different dissimilarities capture different features of the
communities.




Exploring biodiversity : B-diversity

There are different ways to measure beta diversity on a
dataset, which give different results.

A B C
In this example, 3 ways : orut TN ‘

= qualitatively, communities are very similar

3 communities:

= quantitatively, communities are very different

* phylogenetically, two communities seem to be closer than
the third one.

Which distance to choose?

= No wrong answer. Each beta-diversity indices will
characterize communities differently ‘ @O



Exploring biodiversity : B-diversity

If we compare 2 communities A and B:
Jaccard index:

" Fraction of species specific to either A or B - qualitative index

Bray-Curtis index:

" Fraction of the community specific to either A or B - quantitative index




Exploring biodiversity : B-diversity

= 2 communities, Red and Blue

= 15 OTUs with different abundances in Red community and Blue community

154
g 1o+
z
E I .
5
ol ‘ [ I Il N [ [ [ Il B
ot otz otuz otud otus ot otu7 otuB otud atul0 ottt atuiz otu13 otul4 otuls

abondance




Exploring biodiversity : B-diversity

Red & Blue
Jaccard index: abundances
= Proportion of species/OTUs specific to either Red or I .
Blue | ‘_ o

. . . Il B BE =N =
— qualitative index b e e

ot otu out ot otut

Jaccard

= Pink = common OTUs between the 2 communities (5)
» Red= OTUs specific to Red community (5)
= Blue= OTUs specific to Blue community (5)

Jaccard point of view

D.,. = 10/15 = 0.667

o [N [N (NN [ Y U Y N NN N O N N




Exploring biodiversity : B-diversity

Bray-Curtis index Red & Blue

= Proportion of the abundance specific to either Red or Blue - abundances
quantitative index

= Ration (sum of specific abundances)/ (total abundances) ‘_ e e e e S

atu10 ottt otz otita otuts 15

= 1t OTU does not contribute (same abundance for Red and
Blue communities)

= OTU 2, 3, 4 and 5 contribute up to the excess in one of the
communities (8+8+3+3+10) in the sum of specific Bray-Curtis point of view
abundances
(Pink is not taken into account in this sum) I I

= (8+8+3+3+10) / (24+26+28+17+9+10) = 0.281




Exploring biodiversity : B-diversity

Indices comparison with different distributions:

- between Red & Bluel communities III
g o) ..- [ | [ ] [ ] [ | [ | [ | [ ] [ | [ |
- between Red & Blue2 communities | I I I I |

W D

g @==]




Exploring biodiversity : B-diversity

Jaccard and Bray-Curtis indices are
calculated by pairs (in french “deux-a-

deux”) so we here compare pair X indices
with pair Y indices

Indices between Red & Bluel (pair X)

D _=0.091 ;
.=0.667

Indices between Red & Blue2 (pair Y)

D _=0.909
I I =0.667 I I

g ased




Exploring biodiversity : B-diversity

Indices between Red & Bluel (pair X)

| D, =0.091 |
| D, =0.667 |

or Blue2 inY).

1. Jaccard indices of X an Y are identical - same " |
specific fraction (there are as many OTUs specificto
Red or Bluel in X, as there are OTUs specific to Red

2. Pair X: Bray-Curtis index is low because shared OTUs
between Red and Bluel communities are abundant

g0
£
ém

and specific OTUs are at low abundance. Indices between Red & Blue2 (pair Y)
[ D,. =0.909 ]
5. PairY: Bray-Curtis index is high because OTUs - [ D, = 0.667 ] {
specific to Red or Blue2 are abundant and shared
OTUs are at low abundance ' I I I I I I I I
] I N N N



Exploring biodiversity : B-diversity

3 ways to measure beta diversity with the same data set
- 3 different results.

A B C
In this example : ot N ‘

v"qualitatively, communities are very similar

3 communities:

v’ quantitatively, communities are very different

= phylogenetically, two communities seem to be closer than
the third one.




Exploring biodiversity : B-diversity

Unifrac index:

OTU1
" Fraction of the tree specific to either A or B
OTUZ2
Weighted-Unifrac index : OTU3
= Fraction of the diversity specific to either A or B
OTuU4



Exploring biodiversity : B-diversity

Unifrac index:

= Fraction of the tree specific to either A or B Unifrac— D specific_branch_length
Z all branch length

' ® OTU1
FPessssssssssccccsnssnnnnn. i
E becemeenene- OTU2 Cemcccacnann OTU?2
Community A Community B
@ OTU3 ® 0OTU3
® OTUA4 beeennnnnnn. OTU4

3 OTUs identified by sequencing: OTU3, OTU4 in community A and OTU1, OTU3 in community B



Exploring biodiversity : B-diversity

Unifrac index:

= Fraction of the tree specific to either A or B Unifrac— D specific_branch_length
Z all branch length

' ® OTU1
FPessssssssssccccsnssnnnnn. i
E becemeenene- OTU2 Cemcccacnann OTU?2
Community A Community B
@ OTU3 ® 0OTU3
® OTUA4 beeennnnnnn. OTU4

OTU1 and OTU4 are specific, OTU3 is shared in the 2 communities and OTU2 are absent in the 2 communities



Exploring biodiversity : B-diversity

Unifrac index:

) ® OTU"
* Fraction of the tree specific to either Aor B ‘ $ 07U
Specific branches = 3
OTU3
If all branch lengths are equal to 1, only branches | } ® OTU4
present in at least one community are taken into
account :
OTU1
_ Z specific_branch_length OTU2
Unifrac= = 3/5=0.6 Shared branches = 2 |
Z all branch length | OTU3

= Pink = common OTUs between the 2 communities OTU4
= Red= tree branch specificto A

= Blue= tree branch specific to B



A reduced branch is a branch
whose distance is weighted by the

relative abundance of the OTU
\

Weighted-Unifrac index:

* Fraction of the diversity specific to either A or B

Posossosce=- OTU1
geececcccccccccccccccccan [
: Cememnnnnn. OTU2
! Community A 5
® OTuU3
8

\

Z reduced branch length

WUnifrac=
Z non_reduced branch length

Community B




Exploring biodiversity : B-diversity

Weighted-Unifrac index:

Z reduced branch length

* Fraction of the diversity specific to either A or B WUnifrac=
Z non_reduced branch length

EEEEE TR OTU1 7
________________________ ; O oT1u1
E : .......... OTU2 :. ........... OTU2

Commuinity A : Community B 3
® OTU3 ® OTU3

8

(otu4 Losonananans OTU4

Here the specific OTUs (OTU1 and OTU4) are the most abundant and are also the most phylogenetically distant.



Exploring biodiversity : B-diversity

Weighted-Unifrac index:

Z reduced branch length

Fraction of the diversity specific to either A or B WUnifrac=
Z non| reduced branch length
0.7
EEEEEEEEEEL OTU1

________________________ : - ©otu1
E . OTu2 fececcaacans OTU?2

Community A 02 Community/B 0.3
- ® 0OTU3 - ® OTU3

0.8 .

— Ootus / LR OTU4

\ A reduced branch is a branch

whose distance is weighted by the

. ratio of the abundance of each branch - relative abundance of the OTU 88



Exploring biodiversity : B-diversity

Weighted-Unifrac index:

Z reduced branch length

= Fraction of the diversity specific to either A or B WUnifrac=
Z non_reduced branch length
10-0.7]/|0+0.7| Blue b " |0 —0,7] N |0 —0,7| 14122
ue branches = = =
10-0.7/]0+0.7] ® o |0+0,7] [0+0,7]
0-08

Red branches = =
OTU2 |0+ 0,8 |

11— 0,3] +|o,2—o,3| _0,7+0,1_
|1+03]| 10,2+03] 03 05

0,73

0.2-0.3|/|0.2+0.3] Pink branches =

| * OTU3
1-0.3]/]1+0.3] Z reduced branch length = 3,73

|0-0.8)/|0+0.8]

O oTu4



Exploring biodiversity : B-diversity

Weighted-Unifrac index:

reduced branch length
* Fraction of the diversity specific to either A or B WUnifrac= 2 = —ens
Z non_reduced branch length

@ oTu1
Z non reduced branch length =5
OTuU2
@ 0OTU3 WUnifrac— Y reduced _branch_length 3,73

= 0,75

Z non_reduced branch length 5
(HoTu4




Exploring biodiversity : B-diversity in brief

qualitative indices: presence/absence regardless of abundance
quantitative indices: compare differences in abundance of OTUs

phylogenetic indices: integrate phylogenetic information to qualitative or quantitative indices (weighted
or unweighted indices)

Bray-Curtis index : to evaluate the dissimilarity between two given samples, in terms of abundance of
OTUs present in each sample. When Bray-Curtis index close to 0 means abundant OTUs are shared and in
the same quantities between communities.

Jaccard index: beta diversity index, qualitative, takes into account the fraction of specific OTUs

Unifrac index: beta diversity index, qualitative, takes into account the fraction of specific phylogenetic
branches

Weighted-Unifrac index: beta diversity index, quantitative, takes into account the relative abundance of
OTUs shared between samples



Exploring biodiversity : B-diversity

=» What do you conclude in terms of Jaccard, Bray Curtis, Unifrac and weigthed Unifrac values for
these 4 pairs of communities?

AB AB
——". — .
0 in common — —
— — .
0 specificto A e .
— — .
l— [ ]
I : specificto B
AB AB
— % —
-® C B
—% —
-0 L @-
— % e
-® —0
_.. p— ..
R —— 0. ———————— 0‘




Exploring biodiversity : B-diversity

=» What do you conclude in terms of Jaccard, Bray Curtis, Unifrac and weigthed Unifrac values?

Low Unifrac / High Jaccard

——. —.
. —
— —— .
— ——
— % o
% —$:
—  ® —:9
_.. @
_.. ._..

High Jaccard: same amount of specific OTUs
I Low Unifrac: small distance between specific branches _




Exploring biodiversity : B-diversity

=» What do you conclude in terms of Jaccard, Bray Curtis, Unifrac and weigthed Unifrac values?

Low Unifrac / High Jaccard High Unifrac / High Jaccard
— . —
— ", — .
— ——
— .
— N
I .
— % —e.
-® o
— % o
-0 L @-
——% —-<
-0 —.0
_.. o ()
—— .. —— .'

High Jaccard: all OTUs are specific to A or B
I High Unifrac: all the branches are specific to A or B —




Exploring biodiversity : B-diversity

=» What do you conclude in terms of Jaccard, Bray Curtis, Unifrac and weigthed Unifrac values?

Low Unifrac / High Jaccard High Unifrac / High Jaccard
— . —
— ", — .
— ——
. .
— e
. .
Low wUnifrac / High Bray Curtis
—T % —
-® o
— % o
-0 L @-
——% —-<
-0 —.0
_‘. o ()
-® | -®

High Bray-Curtis: OTUs are shared but abundant OTUs are not the same in each community
Low weighted-Unifrac: abundant OTUs in a community have a phylogenetically close relative in the other community




Exploring biodiversity : B-diversity

=» What do you conclude in terms of Jaccard, Bray Curtis, Unifrac and weigthed Unifrac values?

Low Unifrac / High Jaccard High Unifrac / High Jaccard
— . —
— ", — .
— ——:
. .
— g
. .
Low wUnifrac / High Bray Curtis High wUnifrac / High Bray Curtis
— % —
-® ‘.
— % —
) e @
—T % E— <
-® @
_‘. e @ ()
-® -®

High Bray-Curtis: OTUs are shared but abundant OTUs are not the same in each community
High weighted-Unifrac: abundant OTUs in a community are phylogenetically distant to any OTU in the other community




Exploring biodiversity : B-diversity

Phyloseq supports currently 43 beta diversity distance methods,
(see phyloseq distanceMethodList documentation )

unifrac, wunifrac,
dpcoa, jsd, manhattan, euclidean, canberra,
bray, kulczynski, jaccard, gower, altGower, morisita, horn, mountford, raup, binomial

chao, cao...


https://www.bioconductor.org/packages/devel/bioc/manuals/phyloseq/man/phyloseq.pdf

Exploring biodiversity : B-diversity

FROGSSTAT Phyloseq Beta Diversity distance matrix (Galaxy Version 3.2.3+galaxy2) % Favorite ~ Options

Phyloseq object (format rdata)

Explore the sample NORMALISED count

D 0 DO 8: FROGSSTAT Phyloseq Import Data SUBSAMPLED: data.Rdata - =

This is the result of FROGS Phyloseq Import Data tool.
Grouping variable Choose a sample variable to organize
EnvType graphics.
~ Experimental variable used to group samples ( Ireatment, Host type, etc).

The methods of beta diversity
Select/Unselect all

Unifrac . . . .
Weighted Unifrac Choose which beta diversity distances
Bray-Curtis you want to compute

Jaccard (as cc method in betadiver vegan funcion)

You can ask another beta-diversity method

N.B. if the tree is not available in your RData, you cannot choose Unifrac or Weighted Unifrac

Other method

The other methods of beta diversity that you want to use (comma separated value). c.f. details below.



Exercise 6

Try it with the 4 most commonly used distance methods

1. What are the output datasets ?

2. A priori, abundant OTUs are they shared among samples?

3. Compare Jaccard and Unifrac, what can you conclude ?

4. Compare Unifrac and weighted Unifrac, what can you conclude ?



Exercise 6

1. What are the output files ?

I”

- Tabular file: a tabular file per distance method containing the “all samples against al
matrix of beta diversity distance

- HTML report: heatmap representing the distance matrix computed

FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html {wunifrac.tsv)

FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html (unifrac.tsv)

FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html (cc.isv)
FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.hitml (bﬂ?.ﬁv\

FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html For Jaccard




Heatmap plot of the beta distance : bray Heatmap plot of the beta distance : cc

Jaccard

Exercise 6

FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html

distance

0.75
0.50
0.25

0.00

Unifrac




Exercise 6

Bray-Curtis Jaccard

Heatmap plot of the beta distance : bray Heatmap plot of the beta distance : cc

Each square represent a comparison between 2 samples
Lighter means more similar

The diagonal represents the comparison of a sample
with itself

Along the diagonal we can spot clearer square
structures

We can assume that these are the different EnvTypes as
the samples are ordered.

Unifrac - Weighted-Unifrac




Bray-Curtis Jaccard

[ ]
Heatmap plot of the beta distance : bray Heatmap plot of the beta distance : cc
5 B
1 = 1
-
]

2. A priori, are abundant OTU they shared
among samples ?

Unifrac Weighted-Unifrac




Bray-Curtis Jaccard

[ ]
Heatmap plot of the beta distance : bray Heatmap plot of the beta distance : cc
5 B
1 = 1
] = a
-I

2. A priori, are abundant OTU they shared among
samples ?

Jaccard lower than Bray-Curtis

Weighted-Unifrac is lower than Unifrac

The abundance accentuates the differences i.e. the
distances are greater, i.e. the images are darker

abundant OTUs are community specific

Unifrac Weighted-Unifrac




Bray-Curtis Jaccard

[ ]
Heatmap plot of the beta distance : bray Heatmap plot of the beta distance : cc
5 B
1 = 1
-
]

3. Compare Jaccard and Unifrac, what can you
conclude ?

Unifrac Weighted-Unifrac




Exercise 6

3. Compare Jaccard and Unifrac, what can you
conclude ?

Jaccard and Unifrac are close.

the phylogenetic distances do not accentuate
the qualitative data of the Jaccard (neither
darker, nor lighter), the species are thus close

OTUs are distinct but phylogenetically related

Bray-Curtis Jaccard

Heatmap plot of the beta distance : bray Heatmap plot of the beta distance : cc

Unifrac Weighted-Unifrac




Bray-Curtis Jaccard

[ ]
Heatmap plot of the beta distance : bray Heatmap plot of the beta distance : cc
5 B
1 = 1
-
]

4. Compare Unifrac and weighted Unifrac,
what can you conclude ?

Unifrac Weighted-Unifrac




Exercise 6

4. Compare Unifrac and weighted Unifrac,
what can you conclude ?

Unifrac higher/darker than weighted
Unifrac so distance between samples are
more important

taking into account the abundances makes
the samples less distant (lighter)

abundant OTUs in both communities are
phylogenetically closed.

Bray-Curtis

Heatmap plot of the beta distance : bray

Unifrac

Jaccard

Heatmap plot of the beta distance : cc

Weighted-Unifrac




Exploring biodiversity : B-diversity

“In general, qualitative diversities (Jaccard, Unifrac) are more sensitive to factors that affect
oresence/absence of organisms (such as pH, salinity, depth, etc) and therefore are useful to
study and define bioregions (regions with little of no flow between them)...

“... whereas quantitative distances (Bray-Curtis, weighted-Unifrac) focus on factors that affect
relative changes (seasonal changes, nutrient availability, concentration of oxygen, depth, etc.)
and therefore useful to monitor communities over time or along an environmental gradient.

Different distances capture different features of the samples.

There is no "one size fits all"




Exploring the structure

We will try to identify structures, relationships between samples
related to environmental factors




|. Structure Visualisation

ORDINATION AND HEATMAP PLOTS

We have calculated distances now, we will use ordination methods to
explore them.




Structure visualization : with PCA ?

* Each community can be described by its OTU abundances, which could be used for a PCA, but
high number of OTU make interpretations difficult

* Moreover, PCA maximizes variance and can therefore emphasize differences of rare OTUs

between samples instead of giving a good representation of resemblances.
Variance is not a very good measure of B-diversity.

= PCA is not design to use diversity indices and/or distances as it requires independency between

variables and does not fit to distance matrix, which is not constructed with samples and
variables.

B-diversity indices thus required dedicated PCA-like methods.

Purpose of the tool : ordinate samples based on B-diversity indices and offer tools to visualize it:
produce ordination plots and heatmaps.




Structure visualization : Ordination plot

The Multidimensional Scaling (MDS or PCoA) is equivalent to a Principal Component Analysis (PCA)
but preserves the B-diversity instead of the variance.

The MDS tries to represent samples in two dimensions
while preserving the distances

1- calculation of a distance matrix. 2- The samples ordination :

Distance Matrix N




Structure visualization : Heatmap

" Heatmap is an other representation of the abundance table.

" |t tries to reveal if there is a structure between a group of OTUs and a group of samples.

“Heatmap
* Finds a meaningful order of the samples and the OTUs

= Allows the user to choose a custom order (in R)
= Allows the user to change the colour scale (in R)

" Produces a ggplot2 object, easy to manipulate and customize




Structure visualization :

Ordination plot and Heatmap

FROGSSTAT Phyloseq Structure Visualisation with heatmap plot and ordination plot
(Galaxy Version 3.2.3+galaxy2)

Phyloseq object (format rdata)

O @ (] 8: FROGSSTAT Phyloseq Import Data SUBSAMPLED: data.Rdata

This is the result of FROGS Phyloseq Import Data Tool.

The beta diversity distance matrix file

O 0@ O 17: FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html (cc.tsv)

vy Favorite « Options
M2 Explore the sample NORMALISED count
To see all, launch once per distance to ordinate
. B (Bray, Jaccard, Unifrac and Weighted-Unifrac matrices)

These file is the result of FROGS Phyloseq Beta Diversity tool.

Experiment variable

EnvType

Choose a sample variable to organize graphics

The experiment variable that you want to analyse.

Ordination method

MDS/PCoA

Choose the ordination method (most
commonly used is MDS/PCoA)

Email notification

Send an email notification when the job completes.

No

= e



Structure visualization : Ordination plot and Heatmap

Try it with the 4 distance matrices

1. What are the output datasets ?
2. What is the best distance matrix to use to better separate samples ?

3. Guess why Lardon are somewhere between Meat and Seafood ?

4. Based on your favourite distance matrix, what can you conclude on the heatmap ?




Structure visualization : Ordination plot and Heatmap

1. What are the output datasets ?

- HTML report: ordination plot
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EnvType

® Deslardons
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FiletSaumon

& FiletCabillaud

®  Crevette




Structure visualization : Ordination plot and Heatmap

2. What is the best distance matrix to use to better separate samples ?
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= Qualitative distances (Unifrac, Jaccard) separate meat products from seafood ones

=» detected taxa segregate by origin




Structure visualization : Ordination plot and Heatmap

3. Guess why Lardon are somewhere between Meat and Seafood ?
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Structure visualization : Ordination plot and Heatmap

3. Guess why Lardon are somewhere between Meat and Seafood ?
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“DesLardons is somewhere in between =» contamination induced by sea salt




Structure visualization : Ordination plot and Heatmap

Other conclusions ?

1. Quantitative distances (weighted Unifrac ) exhibit a ‘meat — seafood’ gradient (on axis 1)
with DesLardons in the middle and a ‘SaumonFume - everything else’ gradient on axis 2.




Structure visualization : Ordination plot and Heatmap

Other conclusions ?

2. Note the difference between weighted-UniFrac and Bray-Curtis (2 quantitative indices) for
the distances between BoeufHache and VeauHache.
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Structure visualization : Ordination plot and Heatmap

Other conclusions ?

3. On Bray-Curtis, on axis 2, we can observe the distribution of Saumon Fumé samples. Axis 1
shows the distribution of MerguezdeVolaille samples
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Structure visualization : Ordination plot and Heatmap

Other conclusions ?

4 The 2D representation captures only parts of the original distances

Ellipse are not always an advantage for visualization because it accentuates the 2D effect




Structure visualization : Ordination plot and Heatmap

4. Based on your favourite distance matrix, what can you conclude on the heatmap ?

Try to identify:
= Block-like structure of the abundance table

" Interaction between (groups of) taxa and
(groups of) samples

» Core and condition-specific microbiota




Heatmap plot with EnvType

Exercise 7 S——— — —— i —

4. Based on your favourite distance — =
matrix, what can you conclude on the “' e
heatmap ? ===
-~ | OTU shared by all samples = Abundance
= ?: r;__:_ - = == 256
matrix based on Jaccard distance ° e = =—— S "
(qualitative) which "sorts" the OTUs. Sy —— - - - - = = = §
Then a color is applied according to the e =S = = =
abundance of OTUs (yellow to red). = — ___:-: =
= —=
-— Sl =




Heatmap plot with EnvType
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matrix, what can you conclude on the

4. Based on your favourite distance
heatmap ?




Crevette

:___

FiletSaumon  FiletCabillaud

SaumonFume

Heatmap plot with EnvType
DesLardons MerguezVolaille BoeufHache VeauHache

_r:

Abundance

bl

T
e

T
|
m
7

it

40896

2 o
o —

-

| __:__JgﬁJ J;

It

i _____
_________ﬁ___ ___ |

OTUs abundantly present only in

meat products

i

JACCARD

= COTO.LOTDA
= COTo.LOTd

1Il| |- coto.Lores

= COTO.LOTDS
=COTO.LOTEd
=COTO.LOT1a
= COTo.LOTeR
= COTO.LOTOT

= FCTO.LOTEA

= FCTO.LOTDE
= FCTO.LOTOT
= FCTO.LOTI0

FCTO.LOTDA

I J=rFocToLoToi

| “_“__J_;__ (1= FoTo LaTee

= FCTO.LOTOS

|- FsTO.LOTO8
= FETOLOTI0
|- FsTO.LOTOE
= FETO.LOTO!
- FETO.LOTOZ
- FETO.LOTO?
- FETO.LOTOS
- FETO.LOTOE

= SFTO.LOTO4
= SFTO.LOTIS
= SFTO.LOTOZ
= SFTO.LOTI
= SFTO.LOTOT
= SFTO.LOTOE
=sFTaLOT0s @
= SFTO.LOTIS m.
= VHTOLOT) od
= VHTO.LOTOZ ¢
= VHTOLOTOE
= VHTOLOTOR
- VHTALETIO
- VHTOLETOR
- VHTA LETOT

| l=WHTO LETO4

=BHTOLCT]!
=BHTOLCTOT
=EBHTOLCTO4

= BHTO LOTOS

= MVTOLDTIO
= MVTO.LOTOS
= MVTOLOTOR
= MVTO.LOTOE
= MVTO.LOTOS
= MVTO.LOTOT
= MVTO.LOTOE
= MVTO.LOTO

= OLTO.LOTAS
= OLTO.LOT4
= OLTO.LOTA
|- DLTO.LOTOR
= OLTOLOTID
= OLTO.LOTOE
|- oLTa LoTaT
= OLTO.LOTAS

Exercise /

matrix, what can you conclude on the
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heatmap ?

nLo

Note: no evidence for seafood.




|. Exploring the structure

HIERARCHICAL CLUSTERING




Exploring the structure : clustering

Clustering aims to represent samples in a tree based on a distance matrix and a linkage function:

3 clustering algorithms:

Complete linkage: tends to produce compact, spherical clusters and guarantees that all samples in a cluster are
similar to each other.

Ward: tends to also produce spherical clusters but has better theoretical properties than complete linkage.

Single: friend of friend approach, tends to produce banana-shaped or chains-like clusters.

Complete Ward Single
A B

>\ d(A, B) )Y'




Exploring the structure : clustering

FROGSSTAT Phyloseq Sample Clustering of samples using different linkage methods (Galaxy Version 3.2.3+galaxy2) ¢ Favorite + Options

Phyloseq object (format rdata)

D @ © | 8 FROGSSTAT Phyloseq Import Data SUBSAMPLED: data.Rdata - & | Explore the sample NORMALISED count
This is the result of FROGS Phyloseq Import Data tool.
The beta diversity distance matrix file Choose th e beta d ive rSity d ista nce
(3 @ 03 | 18: FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html (unifrac.tsv) v = matrix: i.e. Unifrac
This file is the result of FROGS Phyloseq Beta Diversity tool.
Experiment variable Choose a sample variable to organize
Envype graphics: i.e. EnvType

The experiment variable that you want to analyse.

Email notification

® o
Send an email notification when the job completes. The three different linkage functions will be used,

generating three different dendrograms




Exercise &

Try it with « a good » distance method matrix on EnvType and on FoodType

=» Which linkage method seems to better fit the data ?




Exercise &

ward.D2 linkage clustering tree complete linkage clustering tree

single linkage clustering tree

.

A e

B _ \_ = - oo mm
M DeslLardons W BoeufHache ® SaumonFume ™ FiletCabillaud B DesLardons B BoeufHache ® SaumonFume ™ FiletCabillaud ™ DesLardons B BoeufHache ™ SaumonFume ™ File'léabillaud
W MerguezVolaille W VeauHache W FiletSaumon B Crevette ™ MerguezVolaille ™ VeauHache m FiletSaumon m Crevette W MerguezVolaile ™ VeauHache W FiletSaumon W Crevette

the Ward clustering allows to classify the

communities according to the EnvType groups



Exercise &

= Consistently, for these datasets, with the ordination
plots, clustering works quite well for the UniFrac distance

" The method (Ward.D2) give almost a perfect separation
between the different type of food

Remarks

Clustering is based on the whole distance whereas
ordination represents parts of the distance (the most it can

with 2 dimensions)

ward.D2 linkage clustering tree

S R R T e TILLL T‘|'T'|'T‘|'T'|'T"‘I"'T*"r“
\\\\\ -\“ﬂ““ﬂﬂﬂ T“f"""r"""f‘-f-"_ij"ﬂ‘-_ﬂ-_!:] TITLLLT

5 .}}}3

e A B S e
WﬂMMHWﬂLIIf
SESSans S=s SSISISaSm

B DeslLardons W BoeufHache W SaumonFume ™ FiletCabillaud
B MerguezVolaille M VeauHache M FiletSaumon W Crevette




Complete Single

E Xe rC i S e 8 ward.D2 linkage clustering tree

= Not as well clustered with Jaccard indices

= DeslLardons is in the middle of seafood.

Once again,

Different distances capture different features
of the samples.

W DeslLardons ® BoeufHache ® SaumonFume ™ FiletCabillaud
W MerguezVolaille ™ VeauHache = FiletSaumon W Crevette

There is no "one solution fits all"




Diversity partitioning




Diversity partitioning

Do the structures seem linked to metadata ? Does the metadata have an effect on the composition
of our communities ?

To answer these questions, multivariate analyses :
test composition differences of communities from different groups using a distance matrix

compare within-group to between-group distances

124

€54

C44

C34

Cc24

Ciq

B5+

B44

B34

B24

Bi4q

A5+

A4

A3+

A2+

aid

Al Az A3 A4 A5 Bi B2 B3 B4 BS Ci €2 C3 C4 C5




Diversity partitioning : Multivariate ANOVA

Idea : Test differences in the community composition from different groups using a distance matrix.

B3

B2-

How it works ?
= Computes sum of square distance
= Variance analysis B1-

Sample

Al -

no-

A -

B2 B3

B1

A1 A2 A3
Sample




Diversity partitioning : Multivariate ANOVA

FROGSSTAT Phyloseq Multivariate Analysis Of Variance perform Multivariate Analysis of Variance (MANOVA) o kovorite = Options
(Galaxy Version 3.2.3+galaxy2)
Phyloseq object (format rdata)
D © O 8 FROGSSTAT Phyloseq Import Data SUBSAMPLED: data.Rdata = Explore the sample NORMALISED count
This is the result of FROGS Phyloseq Import Data tool.
The beta diversity distance matrix file Choose the beta dive rsity distance
O @ O 18 FROGSSTAT Phyloseq Beta Diversity: beta_diversity.nb.html (unifrac.tsv) s matrix: Unifrac
This file is the result of FROGS Phyloseq Beta Diversity tool.
Experiment variable Choose the variable to explain the
EnVTypd ’ variability between samples: EnvType

The experiment variable that you want to analyse.

Email notification

® o

Send an email notification when the job completes.

To simultaneously test several variables, you can
use “+” symbol as “EnvType+FoodType” to test only additive effects or “*” symbol as

“EnvType*FoodType” to test for additive effects and interactions between variables




Exercise 9

Try it with a good beta distance matrix with EnvType and FoodType

1. Does EnvType have an influence on the beta diversity variance ?

2. What about FoodType ?




Exercise 9

1. Does EnvType have an influence on the beta diversity variance ?

Call:
adonis{formula = dist ~ EnvType, data = metadata, permutations = 9999)

Permutaticon: free

) . . Mumber of permutations: 9999
With Unifrac distance

Terms added sequentially {first to last)

Df Sums0fSgs MeansSgs F.Model R2 Pr{>F)}
EnvType ) 6.1842 @,88356 11.1684 8,58255 1le-g4 =%%
residuals 56 4,422 @.87914 @,41745
Total 63 la.6174a 1.caagg

Signif. codes: @ '"¥**!' @2.@@1 "**' @,@1 '*' @.@85 "." 8.1 ' ' 1




Exercise 9

1. Does EnvType have an influence on the beta diversity variance ?

Environment type explains roughly 58% of the total variation, which is very high

With Unifrac distance

Call:
adonis{formula = dist ~ EnvType, data = metadata, permutations = 9939}

Permutation: free
Number of permutations: 9999

Terms added sequentially {first to last)

Df Zums0fsgQs Meansqs F.Hodel B2 Pr{>F}
EnvType 7 £.184% @.88356 11.164]8.58255 1s-24 =** |
Residuals G& 4.4328 6.a7914 8.41745
Total B3 l1a8.&517a 1.8a088

zignif. codes: @ '*¥¥' @.@81 "**' 4,81 '*' 8.85 "." 8.1 ' ' 1




Exercise 9

2. What about FoodType ?

Call:
adonis{formula = dist ~ FoodType, data = metadata, permutations = 9999)

Permutaticn: free
Mumber of permutations: 9999

With Unifrac distance
Terms added seguentially {(first to last)

Df Sums0fsgs Meansqs F.Model R2 Pr{>F}
FoodType 1 1.7858 1.78579 12.537 8.1682 le-g4 *=%
rResiduals &2 2.8312 @.12224 8,.8318
Total B3 18.617a 1.aq8a

Signif. codes: @ '"¥*¥*' g.eg1 "**" 4,01 '*"' B8.85 "." .1 ' ' 1




Exercise 9

2. What about FoodType ?

Food type explains only 17 % of the total variation

With Unifrac distance  cau:

adonis{formula = dist ~ FoocdType, data = metadata, permutations = 9999)

Permutaticon: free
Mumber of permutations: 9999

Terms added sequentially {first to last)

Df Sums0fSgs Meansqs F.Model R2 Pr{»F}
FoodType 1 1.7858 1.7857% 12.537)@.1682 12-g4 ==+ ||
Residuals &2 2.8312 B8.14244 a.8318
Total B3 18.&8178@ 1.a0a8a

signif. codes: @ '¥¥¥' @g.@@1 "**' @.81 'F' 8.85 "." 8.1 ' ' 1




Differential abundance
analysis




Differential abundance analysis

Are there OTU with differential abundance between 2 conditions ? And which are they ?

To answer these questions, we perform a differential abundance analysis using DESeq2 on
the phyloseq object

The package DESeqg2 provides methods to test for differential expression by use of negative
binomial generalized linear models




Differential abundance analysis

Are there OTU with differential abundance between 2 conditions ? And which are they ?

To answer these questions, we perform a differential abundance analysis using DESeq2 on
the phyloseq object

The package DESeq2 provides methods to test for differential expression by use of negative
binomial generalized linear models

Be aware to use data without normalisation

DESeq has is own normalisation method suited to this kind of data.

It uses the postcount function optimised for metagenomic count table




Differential abundance analysis

=>» 1t step: launch DESeq2 Preprocess tool to create the dds object — the DESeq2 objet

FROGSSTAT DESeq2 Preprocess import a Phyloseq object and prepare it for DESeq2 differential abundance analysis ¥ Favorite
(Galaxy Version 3.2.3+galaxy?2)

+ Options

Phyloseq object (format rdata)

O 0 D 6: FROGSSTAT Phyloseq Import Data NOT SUBSAMPLED: data.Rdata

This is the result of FROGSSTAT Phyloseq Import Data with normalise option set to NO (DESeq2 is more powerful on unnormalised counts).

Experimental variable

EnvType

The factor suspected to have an effect on OTUs' abundances. Ex: Treatment, etc.

Do you want to correct for a confounding factor?

@No

If yes, specifiy counfouding factor.

Email notification
. No

Send an email notification when the job completes.

Explore the sample RAW count

Choose the factor on which the differential
abundances will be compared

Specify a confounding factor if necessary
(example : testing antibiotic treatment effect
with 2 different mice phenotypes, or testing
drought effect on soil microbiome with two
soil compositions)




Differential abundance analysis

=>» What are the output datasets ?

—> Rdata file: dds object with results of the DESeq analysis

=>» 2" step: launch DESeq?2 visualization tool to explore the dds object




Differential abundance visualization

FROGSTAT Deseq2 Visualisation to extract and visualise differentially abundant OTUs (Galaxy Version 3.2.3+galaxy2) % Favorite ~ Options
Phyloseq object (format rdata)
0O 0 o 6: FROGSSTAT Phyloseq Import Data NOT SUBSAMPLED: data.Rdata - B
This is the result of FROGS Phyloseq Import Data, used in FROGSSTAT DESeq2 Preprocess tool
DESeq?2 object (format rdata)
0O 0 o 24: FROGSSTAT DESeq?2 Preprocess: dds.Rdata - B

This is the result of FROGSSTAT DESeq2 Preprocess tool.

Experimental variable

EnvType

The factor suspected to have an effect on OTUs' abundances (one of the variables used in FROGS DESeq2 Preprocess tool). Ex : Treatment

Is your Variable quantitative or qualitative?

qualitative

If qualitative, choose 2 conditions to compare.

Condition 1 considered as reference

BoeufHache

One condition of the experimental variable (e.g. with).

Condition 2 to be compared to the reference

VeauHache

Another condition of the experimental variable (e.g. without).

Adjusted p-value threshold

0.05

Threshold used for statistical significance of the differentially abundant OTUs analysis.

Explore the sample RAW count

Result of FROGSSTAT DESeq?2 preprocess

Factor on which the differential abundances
have been tested

Specify qualitative or quantitative

Precise the two conditions to compare
Compare BoeufHache vs VeauHache

Statistical significance threshold (default 0.05)



Differential abundance visualization

What are the output datasets ?

- HTML report: result table and several plots

Differentially abundant OTU table Pie chart Volcano plot MA plot Heatmap plot




Differential abundance visualization

Differentially abundant OTU table Pie chart Volcano plot MA plot Heatmap plot

Since we only have a binary factor we can use the following syntax to format the log2 fold change from the fitted model if not,
we will use the other syntax with contrast=c()

Code

You chose to compare VeauHache to the reference modality BoeufHache. This implies that a positive
log2FoldChange means more abundant in VeauHache than in BoeufHache.

Then we extract significant OTUs at the p-value adjusted threshold level (after correction) and enrich results with taxonomic
informations and sort taxa by pvalue.




Differential abundance visualization

oTU baseMean log2FoldChange IfcSE stat pvalue padj Kingdom
A All All All
Cluster_53 16.7845 -7.93954 1.21935 -6.51127 7.45192e-11 2.61563e-8 Bacteria
Cluster_43 10.4196 15.6431 2.48659 6.29099 3.15446e-10 5.53607e-8 Bacteria
Cluster_120 7.49645 5.21487 0.842194 6.19200 5.94040e-10 6.95027e-8 Bacteria
Cluster_4 284.010 -4.46973 0.730032 -6.12265 9.20307e-10 8.07569e-8 Bacteria
Cluster_85 5.25312 -14.8545 2.69005 -5.52204 3.35093e-8 0.00000235236 Bacteria
Cluster_174 2.99262 -17.3671 3.27384 -5.30481 1.12788e-7 0.00000659810 Bacteria
Cluster_44 22.0406 -6.03398 1.14995 -5.24715 1.54472e-7 0.00000677746 Bacteria
Cluster_141 9.26135 5.96649 1.13629 5.25083 1.51415e-7 0.00000677746 Bacteria

Differentially abundant OTU table

Only significantly differentially abundant
OTU are displayed

(with an adjusted p-value < previously defined
threshold - set here to 0.05)

p-value are adjusted using the Benjamini-
Hochberg method




Differential abundance visualization
OTU baseMean log2FoldChange lfcSE stat pvalue padj Kingdom

A All

More abundant in BoeufHaché than VeauHaché

1 Cluster_53 16.7845 -7.93954 <4—T1.21935 -6.51127

2 Cluster_43 10.4196 15.6431 2.48659 6.29099 3.15446e-10 5.53607e-8 Bacteria

3 Cluster_120 7.49645 5.21487 «-0.842194 6.19200 . ) )
More abundant in VeauHaché than BoeufHaché

4 Cluster_4 284.010 -4.46973 0.730032 -6.12265 9.20307e-10 8. . Bacteria

5] Cluster_85 5.25312 -14.8545 2.69005 -5.52204 3.35093e-8 0.00000235236 Bacteria

6 Cluster_174 2.99262 -17.3671 3.27384 -5.30481 1.12788e-7 0.00000659810 Bacteria

7 Cluster_44 22.0406 -6.03398 1.14995 -5.24715 1.54472e-7 0.00000677746 Bacteria

8 Cluster_141 9.26135 5.96649 1.13629 5.25083 1.51415e-7 0.00000677746 Bacteria




Differential abundance visualization

Why log2Foldchange ?

Foldchange:
It's the ratio of the normalized counts between VeauHache and BoeufHache

log2 is used for interpret and scale reasons:

= Positive values denote an increase, and negative a decrease of abundance

= Jog2FC=1 means a doubling

"= |og2FC =2 means a quadrupling
= |og2FC=-1 means a halving

= |og2FC=-2 means a quartering




Differential abundance visualization

oTU baseMean log2FoldChange IfcSE stat pvalue padj Kingdom
A All All All
Cluster_53 16.7845 -7.93954 1.21935 -6.51127 7.45192e-11 2.61563e-8 Bacteria
Cluster_43 10.4196 15.6431 2.48659 6.29099 3.15446e-10 5.53607e-8 Bacteria
Cluster_120 7.49645 5.21487 0.842194 6.19200 5.94040e-10 6.95027e-8 Bacteria
Cluster_4 284.010 -4.46973 0.730032 -6.12265 9.20307e-10 8.07569¢-8 Bacteria
Cluster_85 5.25312 -14.8545 2.69005 -5.52204 3.35093e-8 0.00000235236 Bacteria
Cluster_174 2.99262 -17.3671 3.27384 -5.30481 1.12788e-7 0.00000659810 Bacteria
Cluster_44 22.0406 -6.03398 1.14995 -5.24715 1.54472e-7 0.00000677746 Bacteria
Cluster_141 9.26135 5.96649 1.13629 5.25083 1.51415e-7 0.00000677746 Bacteria

Differentially abundant OTU table

You can sort by numeric columns
and filter on taxonomy




Differential abundance visualization

=2 Which species have the highest positive log2Foldchange ?

oTU baseMean log2FoldChange IfcSE stat pvalue padj Kingdom
A All All All
Cluster_53 16.7845 -7.93954 1.21935 -6.51127 7.45192e-11 2.61563e-8 Bacteria
Cluster_43 10.4196 15.6431 2.48659 6.29099 3.15446e-10 5.53607e-8 Bacteria
Cluster_120 7.49645 5.21487 0.842194 6.19200 5.94040e-10 6.95027e-8 Bacteria
Cluster_4 284.010 -4.46973 0.730032 -6.12265 9.20307e-10 8.07569¢-8 Bacteria
Cluster_85 5.25312 -14.8545 2.69005 -5.52204 3.35093e-8 0.00000235236 Bacteria
Cluster_174 2.99262 -17.3671 3.27384 -5.30481 1.12788e-7 0.00000659810 Bacteria
Cluster_44 22.0406 -6.03398 1.14995 -5.24715 1.54472e-7 0.00000677746 Bacteria
Cluster_141 9.26135 5.96649 1.13629 5.25083 1.51415e-7 0.00000677746 Bacteria

Differentially abundant OTU table




Differential abundance visualization

=2 Which species have the highest positive log2Foldchange (more present in VeauHaché than BoeufHaché) ?

oTU baseMean log2FoldChange
A Al It's the Cluster_9 which is a Weissella ceti
9  Cluster 9 150.302 28.4432
Phylum Class Order Family Genus Species
All All All All All All

Firmicutes Bacilli Lactobacillales Lactobacillaceae Weissella Weissella ceti




Differential abundance visualization

Pie chart to view OTUs number of Differential Abundance test

. Differentially Abundant (log-fold change < 0)
. Differentially Abundant (log-fold change > 0)
. Not Differentiallly Abundant

Most of the OTUs are not significantly affected between the
conditions (DESeqg2 hypothesis !!)

35 OTUs are significantly affected between conditions

162



—logso(adjusted p-value)

Differential abundance visualization

Volcano Plot » "
Colored by effect sign olcano plo

visualization of OTUs log2FoldChange and
their associated adjusted p-values

Only OTUs with a significant adjusted
-, p-value are colored

padj = 0.05

20 10 0 10 20 30
log,(FoldChange)




Differential abundance visualization

Post Normalisation DESeq2: MA plot of log2FoldChange
L]
S A A : . :
visualization of the relation between
° log2foldchange between conditions, and mean
0 - e e abundance of OTUs

- | (significantly affected OTUs are colored)

S . . Colored OTUs on the right : abundant OTUs
0 g e e ‘ . affected by the conditions

log2 fold change
0
I

-10

| Colored OTUs on the left : affected rare

| | . T I | I OTUs
5e-01 5e+00 5e+01 5e+02

mean of normalized counts Triangles represent OTU out of scale




Differential abundance visualization

Post Normalisation DESeq2: MA plot of log2FoldChange
0

=» Which Cluster is the triangle spotted?

log2 fold change
0
I

-] v vV Vv

-10

5e-01 5e+00 5e+01 5e+02

mean of normalized counts




Differential abundance visualization

Post Normalisation DESeq2: MA plot of log2FoldChange -
MA plot
[ s |
3 — A l A I
. =» Which Cluster is the triangle spotted?
n — 0... ¢
] we ... 1 |
@©
S abundance
i=] ©
o
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L? | ® o’ ‘ ‘ ‘
® ® A All
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o 9  Cluster 9 150.302 28.4432
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mean of normalized counts
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Differential abundance visualization
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Cluster_130 -

visualization of the DESeq2 normalised
abundances of differentially abundant
OTUs grouped by condition

Abundance Here, we observe only the significant 35
Iz“ OTU that are differential abundant ‘
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Differential abundance visualization

Compare FiletSaumon vs SaumonFume

Experimental variable

EnvType

The factor suspected to have an effect on OTUs' abundances (one of the variables used in FROGS DESeq2 Preprocess tool).
Ex : Treatment

Is your Variable quantitative or qualitative?

qualitative v

If qualitative, choose 2 conditions to compare.

Condition 1 considered as reference

FiletSaumon

One condition of the experimental variable (e.g. with).

Condition 2 to be compared to the reference

SaumonFume

Another condition of the experimental variable (e.g. without).




Differential abundance visualization

Differentially abundant OTU table Pie chart Volcano plot MA plot Heatmap plot

Since we only have a binary factor we can use the following syntax to format the log2 fold change from the fitted model if not,
we will use the other syntax with contrast=c|()

Code

You chose to compare SaumonFume to the reference modality FiletSaumon. This implies that a positive
log2FoldChange means more abundant in SaumonFume than in FiletSaumon.

Then we extract significant OTUs at the p-value adjusted threshold level (after correction) and enrich results with taxonomic
informations and sort taxa by pvalue.




Differential abundance visualization

oTU baseMean log2FoldChange IfcSE stat pvalue padj
A All All All
1 Cluster_4 284.010 -4.97034 0.718373 -6.91888 4.55218e-12 2.25333e-9
2 Cluster_85 5.25312 -17.5013 2.66091 -6.57717 4.79475e-11 1.18670e-8
3 Cluster_55 19.0634 -4.83859 0.825830 -5.85906 4.65500e-9 7.68076e-7
4 Cluster_123 10.3886 7.90236 1.39576 5.66171 1.49873e-8 0.00000185468
5 Cluster_31 37.4358 -5.51672 1.04587 -5.27478 1.32918e-7 0.0000131588
6 Cluster_13 139.041 4.03643 0.838190 4.81565 0.00000146724 0.000121047
7 Cluster_27 41.5512 -5.32505 1.13155 -4.70599 0.00000252641 0.000178653

Diferentially abundant OTU table




Differential abundance visualization

Pie chart to view OTUs number of Differential Abundance test

Most of the OTU are not significantly affected between your
conditions
Only 47 OTUs are significantly affected between conditions

. Differentially Abundant (log-fold change < 0)
. Differentially Abundant (log-fold change > 0)
. Not Differentiallly Abundant




Differential abundance visualization
weanoPlot

=» Which Cluster is it ?
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Differential abundance visualization

— logyo(adjusted p-value)

7.5+

5.0+

0.0+

Volcano Plot
Colored by effect sign

©,

padj = 0.05

-10

Iogz( FoIdChange)

10

Volcano plot

= Which Cluster is it ?

Cluster_85: Flavobacterium omnivorum

oTuU baseMean log2FoldChange *

A All

2 Cluster_85 5.25312 -17.5013
22  Cluster_76 12.5611 -8.43272
9 Cluster_73 7.76604 -6.95033




Differential abundance visualization

Post Normalisation DESeq2: MA plot of log2FoldChange
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Differential abundance visualization

Heatmap plot of DA otus, between 2 conditions
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Differential —
analysis

FROGSStat Summary

| #° FROGS Phyloseq Import Data %

|
|
| Sample tsv file

Biom file

Tree file

data (rdata)

html (htmi)

o
{ Py \
FROGS Deseq?2 Preprocess X
Phyloseq object (format rdata)
dds (rdata)
\, J

r #° FROGS Deseq2 Visualization x\
Phyloseq object (format rdata)
DESeq2 object (format rdata)

htm (htmi) J

S—

Which OTUs are
differentially abundant?

LPh)doseq object (format rdata)

# FROGS Phyloseq Composition x )
Visualization

What is the sample composition ?

html (html) )

r # FROGS Phyloseq Alpha Diversity %)
Phyloseq object (format rdata)
alphaD (tabular)

htm (htmi) )

( # FROGS Phyloseq Beta Diversity x
|
kphyoseq ohject (format rdata)

htmi (htrmi)
betaD (tabular) y
(f FROGS Phyloseq Structure x
Visualization

Phyloseq object (format rdata)

The beta diversity distance matrix file

thl {htmi) ).

#° FROGS Phyloseq Sample Clustering %

Phyloseq object (format rdata)

The beta diversity distance matrix file

\ i (ntm) )
# FROGS Phyloseq Multivariate x
Analysis Of Variance

Phyloseq object (format rdata)

The beta diversity distance matrix file

What are the sample diversities ?

What is the samples dissimilarity ?

Is there any relation between
species or communities?

how do the communities cluster?

=

@ml (htmi)

Which variable influence the diversity ?

—

Composition
analysis

Structure
analysis




FROGSStat Summary

#° FROGS Phyloseq Import Data %

Biom file

Sample tsv file

data (rdata)

html (htmi)

(} FROGS Deseq2 Preprocess % )

Phyloseq object (format rdata)

dds (rdata)
\, J

il

il

/

r #° FROGS Deseq2 Visualization x\

Phyloseq object (format rdata)

DESeq2 object (format rdata)

htm (htmi) J

Which OTUs are
differentially abundant?

& FROGS Phyoseq Conpostion % What is the sample composition ?
Phyloseq object (format rdata)
htmi (htm) ) i e

rf' FROGS Phyloseq Alpha Diversity 8\

What are the sample diversities ?

Phyloseq object (format rdata)

alphaD (tabular)

htm (htmi) )

( # FROGS Phyloseq Beta Diversity x

[
Phyloseq object (format rdata)

htmi (htrmi)

betaD (tabular) y

(I' FROGS Phyloseq Structure x
Visualization

What is the samples dissimilarity ?

Phyloseq object (format rdata)

The beta diversity distance matrix file

thl (htmi) )

#° FROGS Phyloseq Sample Clustering %

s there any relation between -
species or communities? L

Phyloseq object (format rdata)

The beta diversity distance matrix file

\ i (ntm) .
# FROGS Phyloseq Multivariate x
Analysis Of Variance

ward D2 linkage clustering tree

how do the communities cluster?

Phyloseq object (format rdata)

The beta diversity distance matrix file

@ml (htmi)

Which variable influence the diversity ?

Terms added sequentially (first to last)

DF SuMs0fsas Meansas F.odel 22 Pr(sF)
EvType 7 6.1549 2.33356 11,154 0,56255 le-gd <t

1.00002

e bl e mes e 1



Conclusion and advices
reminder




FROGSTAT advices

= Before starting, check taxonomy format : how many levels? What are their names ?

= Carefully construct your sample _metadata TSV file, and after its import, check that your
variable order is smart

" Keep in mind that :

* Phyloseq composition and structure analyses need to be perform on normalised (=rarefied)
counts

= DESeq analysis needs to be performed on counts without normalisation
= Different indices or distance methods will give different but complementary information

= Test different distances and choose which one fits better your data
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