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group 2

Evaluating Community Composition: A Case Study of Molluscs and their Plant Partnerships in European |
Wetlands

43 sites of interest

* Located on the border between the Czech Republic and ‘N N (o /" \ Poand
Slovakia 495N E Czech Republic
* Wetland ecosystems q 5.0 o
’f-\g Slovakia
Species of Interest — from soil samples (,n/ a\"\k_,;x.\
* 57 molluscs

490N}

* 203 vegetation species
o 43 Bryophytes |
o 160 vascular plants

¥ Environmental Parameters —from water samples
* Ca, Mg, Fe, K, Na, SO4, PO4, N.NO3, N.NH3, ClI, pH,
conductivity and redox potential ,_ ¢
Research Question:

How do the environmental conditions of various wet lands impact the

community composition of molluscs, bryophytes and vascular plants?
i.e. based on the clustering of wetlands by environmental condition, how do the mollusc andvegetation communities differ?




Do Microplastics affect the Soil Microbiome?

Bio-degradable vs. conventional
plastic

One year duration

a

Measured every season

Community sequenced

g

16S and 18S ASVs

Environmental parameters

O o o O O

pH

Soil moisture and temperature
Soil biomass and soil total C/N/P
DOC and DON

Gas fluxes

c
(C-H MP)

Does the microbial community
change after plastic addition?

Is there less of an effect from bio-

degradable plastics?
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Development of the microbial community in aged versus new g fou p 5
drinking water pipes receiving different organic carbon?

Multivariate data: 16S rRNA sequences
o Counts of amplicon sequence variants (ASVs)
o Counts of classified taxonomic levels from domain to family

Total number of samples: 144

n 24 pipes = 2 ages of pipe x 4 experimental conditions x 3 biological
replicates

n 2 types of sample (biofilm/bulk water) were collected at each pipe over 3
time points

n 24 pipes x 2 types of sample x 3 time points = 144 total samples

Additional environmental data:

o Collected from only bulk water samples (72): pH, dissolved oxygen,
temperature, total organic carbon, total cell counts (flow cytometry),
intact cell counts (flow cytometry)

o  Collected from all samples (144): 16S rRNA gene copies (qpcr)



group 6

Research Question
What environmental parameters influence the presence of
certain algal pigments and toxins, and can we identify a link
between them?

Context

The dataset is from the European Multi Lake Survey, conducted in the
summer of 2015, which assessed 369 lakes in 27 countries in Europe.
The goal of the study was to find out more about the influence of
anthropogenic activity on the eutrophication process.

Data Description
Data dimension: 369 x 34

Considered parameters:
- 18 Environmental variables: Location, depth, temperature and
nutrients (P and N)

- 16 Analyzed variables:
- 9Algal pigments
Group 6 - 7 Toxins
Myriam Abdelouhabi, Samia :
Benhalima, Janine Keller, Ana Mantzouki, E., Campbell, J., van Loon, E. et al. A European Multi Lake Survey dataset of environmental variables,

phytoplankton pigments and cyanotoxins. Sci Data 5, 180226 (2018). https://doi.org/10.1038/sdata.2018.226

Victoria Sibaja Zepeda




@i cpe Alpine plants communities in Aravo (F ZFOUP 7/

Raphaelle Simonnet ENV-513 GROUP 7

To what extent do environmental variables and marmot-induced zoogenic disturbance explain variation ‘

Dates, Existing Studies, Authors in alpine plant community composition ?

Data covers the period 1997-1999

Previous studies on the dataset : Dray et al. (2014), Choler L Ddfa set - Ardvo m————
\ -

(2005) s \ RO
Community composition of vascular plants was determined ) “ el
in 75 sites, 5 x 5 m plots. Ve \ RN
82 measured species (most abundant) out of 132 recorded ':' K \“'\
species . / . \ . o

Species abundancy matrix 6 Environmental Variables 8 Species Attributes
HYPtheses . illustration of a possible + Relative SPUth GSPeCfS * Vegeiclﬁve HEight [Cm]
Environmental varidb|esjsnowme|t timing, topographic EEEEE plant coverage on a plot : + Slope Inclination () - Max. luferg| Spread [cm]
factors, and physicc| isturbunce} are the primary . Microlopogruphic landform index - leaf elevation Cmg|e
drivers  of a|pine p|<:nf community composition, EEEEN I « Mean Snowmelt date . leaf area
explaining significantly more variation than marmot- EEEEN 5 # - ::':': « Physical disturbance due to solifluction and - Maximal leaf's cross-section thickness
induced zoogenic disturbance. 1111 T cryoturbation + Specific leaf area

1111 - Zoogenic Disturbance due to marmois activity - Mass-based leaf nifrogen content

The effect of marmotinduced zoogenic disturbance on . Seed mass

plant community composition is context-dependent and

. A , N . for each 5*5 plot (may overlap on a site) N
varies mgmﬁccnﬂy across environmental grudlenls, with » N

. . . - . -0- . ~5.10% -« - 10-25%
environmental variables and zoogenic disturbance 0-0-5% 1=-35-107 2-10-25% ﬂ

& level scale estimating the cover of each plant species

together explaining more variation than either factor + 3-25-50% « 4-50-75% « 5->75%
C]lc‘ne fhrough CDmplemenfﬂrY meChﬂniSmS‘
First explora’rlons Preprocessing Next steps
+ Community ptilr:r':rn.sb ) Data loading & Quality Check « Unconstrained Ordination with Principal Component Analysis (PCA) of
* El-‘IVIr-‘(Jﬂn.'lEﬂI’Q Istri utl(?ns , . Numerical variables and categorical variables environmental variables and zoogenic disturbance due to marmot activities -
« Distribution of Zoogenic Disturbance and correlation identify main gradients.
with environmental variables and species atiributes Transformation of variables :
+ Preliminary relationships (linear or non-linear) « Log, Square root, Hellinger transformations . Constrained ordination relating species composition to environmental variables by
Distribution of Zoogenic Disturbance (ZoogD) « Abundance of species by site constraining the ordination axes to be linear combinations of predictor variables.
¥ 7 Diversity indices : « Clustering of species to identify a trend and similarities
o3 - Shannon diversity, Simpson diversity
i « Variance Partitioning: Pure environmental effects vs pure zoogenic effects, test of
Distance matrices : statistical significance
« Bray-Curtis (for abundance data)
- « Jaccard/Sorensen (for presence/absencs) . Comparison of methods and results with literature, visualisation and Interpretation
of the results
12
Sources
hifs: lo. com/elPac—ifurl-ie: Fo2F wrvew alovica, oo sk 2 Fah o Rl Bpsi=AC w21
- & i d. i 8997 8449 8ved = 0CBUGRxgl wolCMDI3arDapADF QAAAAAJAAAAABA]
. 5. Droy o ., “Combining the fourth-comer and the RIQ mathod for s asting Il rotponecs be cnvironmartal voriclion,”
high no some Feology, wol. 95, no. 1, pp. 14-21, Jan. 2014, doi- hilps://doi o/ 10.1890/13-0196.1

Philippa Choler, “Corsisiant Shils in Alpina Plank Trois iong @ Masolopogrophical Grodien,* vol. 37, no. 4, pp. A44-
453, Mo, 2005, dai: hits:/,/dei.crg,/10. 1657,/1 523 0430{2005)037[04 4d:ciop]2.0.00,2.

ZoogD Categories



Data structure:

- 92 permanent plots monitored over 30 years

- 1743 records covering 85 plant species

- Environmental variables: potential radiation,
heat load, elevation, aspect, slope

Study objectives:

- Understand how environmental factors
influence vegetation recovery

- Study local community structures and
succession dynamics over time

- Assess whether sites follow similar

successional pathways over time and =

characterize the trajectories of (PN

community composition change.

Identify spatial dependencies within

and across time periods

Research questions:
How do plant community composition and species
richness change over time after the volcanic eruption?
Which environmental factors best explain the variation in
vegetation regqvery"
Can we use environmental gradients to build predlctlve
“models for vegetaﬂon recovery? o

Ve:"geta't\i\c‘m\ recbvery after the volcanic
eruption of Mount St. Helens in 1990

Analytical approach:

- Aggregate observations into
three 10-year groups to reduce
temporal autocorrelation

- Use ordination methods for
community composition

- Study spatial structure and

environmental gradients

Assess how local community

composition changes over time

and whether recovery follows

similar pathways.across sites

Baptiste Carmier, Etienne De Labarriere,
Frédéric Lardet, Maurus Lozza,
Marc-André Mauron



Recap

First session Second session
n data exploration o transformations
0 summary statistics 0 resemblance
0 visualization dis/similarity,
distance
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reminder: Bray-Curtis dissimilarity

[ P T
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Dissimilarity Matrix

I
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Ordered Dissimilarity Matrix



Classification

Aim: to find discontinuities (breaks/gaps) in

data and to group similar objects in order : =

to...
o name them (e.g. to ease communication) 2
o explore patterns and structure of dataset
o identify groups, types (typology)

0D R W R O O~

Groups/clusters should be internally homogeneous and clearly
distinguishable from the other groups.

Multivariate groups are often fuzzy (multiple gradients, continuous
variation), and therefore these methods might not be the best ones
(alternative: ordinations)

=PrL



example: morphometerics
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Morphological Index
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Classification

Unsupervised Supervised

search for main gradients and homogeneous use external criteria to classify the dataset

groups in the data. > you supply information/rules about how

» No a priori knowledge/assumptions to classify

» Results depend mainly structure of the

dataset. « assignment of samples to groups

remain the same despite changes in the

- distance/similarity metric, choice of structure of the dataset

clustering method

« assignment of samples into groups may « examples are classification and
change even with slight changes of the regression trees (CART), random
dataset (e.g. by adding more samples) forest classifier, artificial neural

« examples of unsupervised methods are networks (ANN), etc.

cluster analysis, TWINSPAN

(k-means clustering, can either be supervised or unsupervised)

=PrL



General overview of unsupervised
clustering

Selection of a resemblance criteria
(Dis)similarity or distance between objects

Partition (non-hierarchical) Hierarchical clustering
clustering
- maintain hierarchy of similarity
- split objects into groups (e.g. within group (groups can cluster
TWINSPAN - Two Way INdicator inside other groups)

SPecies ANalysis)

- number of groups can be set
initially (k-means) => dendrograms

e.g. cluster analysis

Selection of a grouping criteria

o Are two objects (or descriptors) sufficiently similar to be assigned
to the same group ?

o Most methods consider mutually exclusive groups (binary
membership).

=PrL



dendrograms

node
-

‘ branch

\ l
|

group
cluster

(dissimilarity)

distance
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dendrograms

(dissimilarity)

distance
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dendrograms
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The order of tips on
dendrograms can not be
used for the interpretation of
resemblance!

6
;|

10

10




classification of classification methods

Ward

Clustering
h
Hierarchical Non-hierarchical
W | Fopd
W W A
agglomerative divisive K-means
h W W p

Singel- Complete- Average- Centroid Median

Linkage Linkage Linkage
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.

single-linkage > ,

he table withmy &= - =8~ average-linkage g

best friend °. " the table with the
o :._ YW highest average

M % AR NPTy . 4““‘ ”frlendlmess

complete Imkage s w
the table at with the

person | don’t like the
most is still not that bad




Simple linkage Complete linkage

4 N 4 N ’ . 7’ N
I:’ . .. ‘\‘ ’,’ . . . ‘\ ,/ M. \‘
1 ) 1 ]
I‘ & — o o© Y @ |
1
\\ . /I \ /I \ . I' \. . i‘
AR e \\ e ) / \ ’
N~ S~ __- \\\ ”/ \\\ ,f’
Cluster 1 Cluster 2
Cluster 1 Cluster 2

Distance between clusters is defined by the distance

. Distance between clusters is defined by the
between their closest members.

distance between their furthest members.

Average linkage ward linkage

,” \\\ I' *\
] \ !
- | e ol
1 1
\ 7 v ’
\ ’ A /7
\\ z, \\ ,/
S~ _- ~ o - - -~ "I‘——’ ‘I~___,
e Cluster 1 Cluster 2 Cluster 1 Cluster 2
— o —
Cluster 1 Cluster 2
1. Minimize ESS 2. Minimize intra
of joint clusters cluster ESS
The percentage of the number of points of each cluster is . )

~

3. Subtract the sum of intracluster ESS from
joint clusters ESS

calculated with respect to the number of points of the two
clusters if they were merged.

Specifies the distance between two clusters, computes the sum
of squares error (ESS), and successively chooses the next
clusters based on the smaller ESS.
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Single linkage algorithm

Ponds
Ponds

212 214 233 431 432
212 =
214 (1D —
233 ().CHHD 0071 -—
431 (1CHHD (0.063 {).300 —_—
432 (L CHHY 0.214 (3,200 0,500 ==

similarity matrix
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Single linkage algorithm

pairs of samples sorted

Ponds according to similarity
Ponds
212 214 233 431 432 —
51 — Sa0 Pairs formed
214 0.600 = 0.600 212-214
233 0.000 0.071 - :VI\ 0.500 431-432
431 0.000 0.063 0.300 - . s
432 (.000 0.214 0.200 0.500 - 0.300 233-431
) an 2 0.214 214-432
similarity matrix
0.200 233-432
214-2
—_— 0.071 214-233
Similarity 0.6 0.5 0.4 0.3 yo. 0.1 0.0 <: 0.063 214-431
T T 1 T T T 1 ) - )
212 —— 0.000 212-233
214 —d
432 I 0.000 212-43]
431 ' 0.000 212-432
233

resulting dendrogram
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pair group methods (PGM)

Arithmetic averages of
distances or
dissimilarities

Centroids
of groups

UPGMA (average)

el Grouping by mean

weighing

UPGMC (centroid)
Grouping by centroids

association
With e WPGMC
weighing SIeUpITE by. phr;)portlonal Grouping by median
weights
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UPGMA (unweighted pair group method with arithmetic mean)
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UPGMA (unweighted pair group method with arithmetic mean)
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UPGMC (unweighted pair group method with centroids)
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Ward agglomerative clustering

e Minimizes the variance within
groups

e Robust method

e Tends to produce dendrograms
with compact groups of equal size

=PrL



TWI NSPAN (Two Way INdicator SPecies ANalysis)

TWINSPAN is a divisive method: o e
1. Samples are ordinated s b /’ P L
2. A crude dichotomy is formed: the g N %\"?*;} Sl
ordination centroid is used as a dividing line "7 Tl

L R ! L g 1 A .. iy ! (7 N WU .} B
4050 133 B0 20D 23 MO0 3EQ a9l 4?0‘_ 200 50 600 650 0D

between two groups (negative and positive) : P S B B B0

3. The dichotomy is refined by a process _
comparable to iterative character weighting ko

1
| Ademia angraiio 10,4
1
r=73 —
Iralu_ e Div =79

4. Dichotomies are ordered so that similar =024 Fi 190 sl

[ VR
C l U S te rS a re n ea r e a C h Ot h e r Brachypodium pinsatum 1{4,3) mld"w,’nE"."'T'-{""Iio'""‘. I, o ') .
o 3 Euphorbia ampedaloides 100,10)
v = 3 Ruscus Byrcamas 2{2,18)
M= .'-!1. i
E b (. lﬁn _;_;4

t—_ua

5- Stopping Criteria !-.‘J."'ly caesiuy 1(4,31 Hala m'r.rm:.r 0,11}

Caves gri J' sfid Ohpliseriny ur:.,.u.ru.l'_,l"m'rrn'

- Number of samples per group r 1 e Dl

- Number of divisions s T Py g
Eg too small Eg=0.23 Fg=10.31 Fg=10.30

implemented in R: twinspanR
=PrL



Comparison of methods

Criteria for «good> classification (ease of interpretation):

n Compact Groups
Minimal intra-group variance
Elements grouped at low distance level

o0 Groups of comparable sizes
Roughly the same number of elements in each group
No or very few groups with only one element

n Distinctly separated groups
Maximal inter-group variance

Often difficult to satisfy these criteria simultaneously

=PrL



statistics

cophenetic matrix (distances)
Symmetric matrix of the distance in the dendrogram

10 1 5 3 ;
8 —
1 4.0 8.98 8.98
2 6 o 8.03 8.03
-% /g/ —> 6.51
o | __—
4-
Mean .
27 association Objects 2 3 4
* Original matrix of 1 400 6.00 11.84
0- . AT
1 2 3 4 distances or dissimilarities 9 7 91 10.86
3 6.51

cophenetic correlation

o  Correlation between the cophenetic distances and the original
dissimilarities

example R= 0.79, indicating that 79% of the variance of the
original association matrix is reproduced in the dendrogram
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Shepard Diagrams

Comparison of the cophenetic distance matrix and the original dissimilarity matrix
of each object.

] S
8 2_
i o CEDOOD 0 0 O O
@ o & cof GESEFORPFPomC
-0 -
o o o0
T e OO edlin o B E TOT
g o
-
EL -
- Cophenetic R=0.72
]
o 1 | | | |
0.6 0.7 0.8 0.9 1.0

Ruzicka dissimilarity

narrow scatter around a 1:1 line indicates a good representation
while large scatter or a nonlinear pattern indicates a lack of
representativity.
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Choice of the optimal number of groups

Fusion levels - Ward/Chord Silhouette-optimal number of clusters
I Y I |
@ 8
o 17
g o I
= 14
© 13
5 ' ¢ ’
g 24 o Package ‘NbClust
E
g 5 October 12, 2022 ‘
3
Type Package | | |
Title Determining the Best Number of Clusters in a Data Set ' '
0.5

Version 3.0.1 > e
Depends R (>=3.1.0)

Date 2015-04-13

Author Malika Charrad and Nadia Ghazzali and Veronique Boiteau and Azam Niknafs

o ] , of clusters
Maintainer Malika Charrad <malika.charrad.1@ulaval.ca>
Description It provides 30 indexes for determining the optimal number of clusters in a data set and of-

fers the best clustering scheme from different results to the user.
URL https://sites.google. com/site/malikacharrad/research/nbclust-package
License GPL-2
NeedsCompilation no
Repository CRAN
Date/Publication 2022-05-02 13:01:42 UTC ‘ |
e =1
Dr:-timu'm ! ! !
4 5 10 15 20

k (number of groups)
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