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DePnitionof correspondencanalysis

CorrespondencanalysiqdCA)

An ordinationmethodpreservingthe chi-square distantamong
objects...

E applicable tomultivariatefrequencyor presenceabsence data

In ecology

Community composition dataspeciesabundanceor presence
absencehbiomasgdata, E) canbeanalysedoy CA.
Mathematicabropertiesof data

Data mustbe nonnegative (i.e. ! 0), frequency-liké, and
dimensionallyhomogeneous

1The chi-square distani®describedn detailin the course obissimilarities
2Examplesbiomassor energydata;monetaryunits(e.g $, £, ", ).




Computatiorsteps

Example community

composition data
Pl P2 P3 P4 5 [, 1]

: ! # | #
Stel %45 10 15 O 10& %80&

Y=!'fij§= Ste2 o425 8 10 0 3 g 0446 g
Ste3 % 7 15 20 14 12% .%68%

M, ¥= . 77 33 45 14 257% f. =194
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Computethe matrix wherep; =f; /f,,
of contributions to p. =f, /.,
chi-square p, =f, /T,

= #1 (0, %E, / E, ]
Mat = = p'J 0/(p'+p+l ' —[ IJ
atrix Q qlJ§ p|+ p|+ $ \/

The statistics{@, ! E; ) /4B in the numerator ard called
Ocomponents of chi-squareO in contingency table analysis.

They are the square roots of the statistics that are summed to produce the Pears
chi-square statistidReferenceLegendre & Legendre (2012, eq. 6.26).
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Computethe matrix wherep; =f; /f,,

of contributions to p. =f, /.,
chi-square p, =f, /T,

i Y0P, :#_ (Oij E; )/\/EU

!
Matrix Q = g, §:§ p & I

HSpI  Sp21 - Sp3NML Spa4lll - Sp5HN

o (@ Sitel | 10169 -0.070 -0.059 -0.173 -0.007
Site2 | 10113 10004 -0015 -0131 -0.086

Site3 -0.276 10.072 110.076 !10.295 110.079

Total inertia sun(ﬁﬁ ) = 0.285 sumof the CAeigenvalues




Crossproductmatrix:

?L 0.118 #0.031 #0.033 #0.125 #0.033')
.~ g#003l 0010 0010 0033 0006
QQ., =& #0033 0010 0010 0035 0.008 )

§#0.125 0033 0035 0134 0.036 )

§#0.033 0.006 0.008 0.036 0.014%

Computeeigen- decomposﬂman'Q (Q'Q' ¥ ) =0

Eigenvalues! ; = 0.278) , = 0.007

Matrix of eigenvalues $ 0.278 0.000

# 0.000 0.007 g

Maximumnumberof eigenvalues 0 in CA:lk=minf  1cb 1)



AxisIll Axis2

# 1 &

PL 5,l065L 10,078

U - s2 %0172 "0536
(c! k)

$3 %0181 "0272
4 0694 10.067

%II
5 g;"0.183 110.793

Matrix of eigenvectoref QQ,,, :

NN

Matrix of eigenvectoref QQ}.,, :
Axisl!!ll - Axis2

) _ | $ I |
lg(r! 0 :!QU" #0.5 — Stel & #0481 0597 )
Ste2 g #0.345 #0.802 )

Ste3
€ %!!0.806 110.012 2



Data transformationiseforeCA?

Do not usethe chord Hellinger or chi-square transformation on
the dateébeforesubjectingghemto CA.

CA mustbecomputedonraw abundancelata.

Sometimesusersapply the log(y+1) transformation tioequency
databefore CA In orderto reducethe importance oéxtremely

highabundancealuese.g in microbialecology

The resultsmay still be meaningfu] but themathematicsuffer

becausethe row and column sums of the raw abundancedata

table, which are used in the calculation of the chi-square
transformationleading to the@# #matrix, do not h#veir usual

mathematicameaningof sumsof frequencies
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Scalingsin CAbiplots

As in PCA,biplots are graphs invhich objectsand variables are
representetbgether

Scalingtype 1:
¥Preserveshe chi-square distaneenongthe sites
I IPlot matriced- for sites and/ for species

Scalingtype 2:
¥Preserveshe chi-square distaneenongthespecies
| IPlot matrices? for sites arfélfor species

Computethefollowing matricesusedin theseplots:
Viaiy = D(p,; ) >°U \?(r! K~ D(p,,) 9

_\(n 05 —\/n 05
|:(r! K) — \Q Iﬁ(c! k) \Y




CA biplot
scaling type 1

o Sp.5

O Sp. b&i :
gileLs | Site 3

o Sp.3

o Sp.2

o Sp.4

In scalingl biplots, the sites arat
chi-square distances of oarother
(e.g D(Site.1, Site.3)bluearrow).

MatricesF andV form a pairsuch
thatthe sites¢oordinategjiven by
matrix F) areatthecentroid(also
calledcentre of masr barycentre
of thespeciesn matrixV.

Scalingl is mostappropriataf one
IS primarily interestedn the distance
relationshipsamongthe sites

Examplecomputedanddrawnusingfunction
CA.newil() of the boolNumericalecology
with R, 29 edition(Borcardet al., 2018).



CA axis 2

CA biplot
scaling type 1

o Sp.5

. Sp.4
oSp. b . .
\p. Sl_te._1 .

o Sp.2

CA axis 1

¥ The contributions of trepeciedo
the sites areel3ectedvy the site-to-
speciedlistances in thbiplot (e.g
Site.2,redarrows.

¥ Thespeciesarearoundthe sites, in
positionsrel3ectingtheir abundances
ateachsite.

In theexample

speciedl is closerto sites 1 and 2
thanit is to site 3becausdt is more
abundantatsites 1 and 2.
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CAscalingl biplot preserveghe chi-square distancesnongthe sites
Canwe verify thatproperty?

Computethechi-square
distanceamongthe sites in
theraw data matrixy

Site.1 Site.2
Site.2 0.21578
Site.3 1.11479 1.10026

ComputetheEuclidean
distanceamongtherows of F
(giving the positions of the sites
In the CAscalingl biplot)



CA axis 2

-15 10 -05 0.0 0.5 1.0

-2.0

CA biplot

scaling type 2

e Site.1

= Sitel3

-1.0

-0.5

0.0

0.5

CA axis 1

1.0

1.5

2.0

In scaling2 biplots, thespeciesare
at chi-square distances of one
another

(e.g D(Sp.1, Sp.5)bluearrow).

¥ MatricedP### &iommatpairsuch
thatthespecieqin matrix®##) aae
the centroidsof the sites in matri¥##

o! Sp. 2 and 3 are thmostsimilar.
o! Sp. 1 and 4 are themostdistant.

¥ The sites a@roundthespeciesin
positionsrel3ectingsp. abundances
atthe sites€.g Sp.5,redarrows.

o! Speciesis moreabundantt
sites 1 and hanatsite 2.

0! Speciesl is moreabundantt
sites 1 and #hanatsite 3.

o! Speciestis only foundat site 3
(symbolssuperposed



CA axis 2

0.0 0.5 1.0

-0.5

-1.0

-1.5

-2.0

CA biplot

scaling type 2
Scaling2 is mostappropriataf one
IS primarily interestedn the distance
e Site.1 . . )
e relationshipsamongthespecies
o Sp.5
Sped3
o Sp.1 5 %h3 ® Sitet
e Site.2
I I I I I I I
-10 -05 0.0 0.5 1.0 1.5 2.0

CA axis 1
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CAscaling?2 biplot preserveshe chi-square distancesnongthespecies
Canwe verify thatproperty?

Computethechi-square
distanceamongthespecies
In theraw data matrixy

Sp.1 Sp.2 Sp.3 Sp.4
Sp.20.773
Sp.3 0.744 0.065
Sp.4 1.9051.149 1.165
Sp.50.831 0.296 0.242 1.105

ComputetheEuclidean
distanceamongtherows of P
(giving the positions of the

speciesn CA scaling2 biplot)



Two other types of CAcalingsmay also be available in software:
Scaling type 3 b

¥ This Osymmetric scgling() IS a compromise betsoadéingsl and 2.
Draw together matricePyRR#HARHPER (OrHHHHIHEHHIHHHT) for sites

and PR B ) for species.

¥ This scaling does not preserve the chi-square distances among t
species or among the sites.

Scaling type 4 b

¥ Useful in the analysis of a contingency table crossing two qualitative
descriptors or two factors. Draw a joint plot uskhgvhich preserves the
chi-square distances among the rows, Bnd# # #which preserves the
square distances among the columns of the contingency table.

¥ This hybrid scaling correctly represents the chi-square distanc
relationships among the states of each of the two qualitative descriptors.



CA examples @

ComputeCA for the spider datasingfunction CA.newi) B

# Load function CA.newr ()
# Read the file "Spiders_28x12_spe.txt"
spiders <- read.table  (file.choose ()

spiders.CA <- CA.newr (spiders)
par( mfrow =c(1,2))

biplot (spiders.CA , scaling =1)
biplot (spiders.CA , scaling =2)

FunctionCA.newr.Ris foundin thematerialof the book
Numericalecologywith R, 2d edition (Borcardet al., 2018).




CA axis 2

CA biplotsfor the spider data

CA biplot
scaling type 1

o Arct.peri
o Site26
o Pard.lugu
o Alop.fabr
2 Sie34
e Site23
o Site27
o Site28
o Alop.acce o Sitel
o Sitel2
» SS9
o Pard.mont
T T T
-4 2 0

CA axis 1

CA axis 2

CA biplot
scaling type 2

e Site26
o Arct.peri
° Sjte8
. §j egz I:;Fgﬁgéégu
o Olle .
+-Site3Fabr $§lEie
o Site27 ita
o Site28 Site25 =1
u] Alop.a'cceIte e Site
e Sitel
o Pard.mont
e Sitel12
o Sisiikb9
T T T
-4 -2 0
CA axis 1




ComputeCA for the DoubgrshdatausingveganOscd) B

library  (vegan)
load ( Doubs.RData ) # File Doubs.RData
Doubs.ca <- cca(spel[-8,])

par( mfrow =c(1,2))
plot( Doubs.ca , scaling =1, main="Doubs  fish , scaling 1")
plot( Doubs.ca , scaling =2, main="Doubs  fish , scaling 2")




CA2

CA biplotsfor the Doub$shdata

Doubs fish, scaling 1 Doubs fish, scaling 2
m —
3 2
,
N 4
6
9 10
— —
AN
<
O
O —
\—I| —]
CBa N
Teso
| | ! | | | | | ! | |
-2 -1 0 1 2 3 -2 -1 0 1 2



R code for th@ribatid mite datausingveganQOscy) D

library (vegan)
data(mite)
mite.ca <- cca (mite)

par( mfrow =c(1,2))
plot( mite.ca , scaling =1, main=" Oribatid mites, scaling 1")
plot( mite.ca , scaling =2, main=" Oribatid mites, scaling 2")

Exercise run thesdines of code in R and examine thiplots.




Anotherapplication of CA

In vegan function vegemité) prints compactcommunity data
tables. Therows and/or columnscan be reorderedby explicit
iIndexing using valuesprovided by users by anenvironmental
variable, omusingtheresultof a clustemanalysisor an ordination.

Correspondencanalysisis the ordinationmethodof choice for
reorderingthe sites and/or thspecieswhen producingsuch a
reorderedtable. Thetheoretical basis for the production of
reorderedtables by CAwas explained by ter Braak (1987,
section#5.2.3).

# Example P Reorder the Doubs data using CA results
# Runthe following code in R

library  (vegan)

Doubs.ca = cca(spe) # Compute CA results
vegemite (spe, use= Doubs.ca )




Effectsof rarespecieon CA

We will now look at the inBuence on CAiplots of specieghat
are rare in the data set

1. For a rarespecies a given differencein valuesbetweentwo
sites increasesthe chi-square distandeetweenthe sites more
thanthesamedifferencefoundfor acommonspecies

In that sensethe chi-square distanggveshigherweightsto the
rare than to the common speciesin the calculation of the
distance.

[Propertydemonstrateth the course odissimilarities]

1 Rarespeciesspeciewith smalltotalabundancer with few occurrences in the data ble.




2.#Inscaling 1 biplots, rare specieswith few occurrencesnay take
extremevalues,meaningthatthey may be locatedfar from the origin.
Firstexample(artibcialdata):

Spl Sp2 Sp3 Sp4 SpS Spb Sp7
Site.l 45 10 1510 3 2 O
Site2 25 810 3 2 3 0

1

Site3 7 15 20 12 5 0 10
Site4d 251020 3 3 2 O
Site5 7151010 2 3 O
Site.6 45 8 15 12 5 0 10

Sp.sums 154 66 90 50 20 10

Occur. 6 6 6 6 6 4 2 O

Species and 7have thesmallesihumbersof occurrences.

Species occurseverywherebut has amalltotalabundance



CA axis 2

CA biplot
scaling type 1

# Matrix  V, species in scaling 1 biplot
Axisl Axis2 Axis3 Axis4

Sp.1-1.102 0.587 -0.201 -0.043

Sp.2 0.687 -1.243 -0.263 -0.303

Sp.3 0.316 -0.344 1.534 0.621

Sp.4 0.857 -0.203 -1.880 1.267

Sp.5 0.607 0.296 0.537 -0.311

Sp.6 -0.993 -2.902 -0.700 -4.468

Sp.7 2.540 2.795 0.026 -2.088

Rarespecies#6 and 7 low occurrences)
arelocatedfar from the center of the plot.
¥Species is foundin sites {1,#2,#4 ,#1};
pullsthesesites to théower-left corner.

¥ Specie# 7is found in sites {3, 6}; it
pulls thesesitestowardsthe upperright
corner of the plot.
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CA biplot
scaling type 1

CA axis 2

# Matrix V, species in scaling 1 biplot
o Sp.7
Axisl Axis2 Axis3 Axis4
Sp.1-1.102 0.587 -0.201 -0.043
Sp.2 0.687 -1.243 -0.263 -0.303
Sp.3 0.316 -0.344 1.534 0.621
Sp.4 0.857 -0.203 -1.880 1.267

ospl o, - Sp.5 0.607 0.296 0.537 -0.311
« Siie De-2l Sp.6 -0.993 -2.902 -0.700 -4.468

T Sp.7 2.540 2.795 0.026 -2.088
e Site.5
o Sp.2

¥ Rare species#5 (small abundancesis
nearthe center on all axdsecausat is

o Sp.6 presengtall sites.

[ [ [ [ [

1 0 1 2 3

CA axis 1



CA axis 2

CAtype 1 biplot

ﬂ- —
o Site 26
o — o Pard.lugu
a Alop.fabr | eSite8
Site 24 & Site 22 : 8§ Sites 19-21
Site 23 @ Sites 2, : Sites 15-18
Site 27 4-7,13-14 | Zora.spin
A T SifelRe L= < £ora.spin ||
() Site 28 @ Site ZS.SIte 3. 'T'roc'ferr'
o Alop.acce Site 1 Aulo.albi
! Pard.nigr
! Arct.lute
esidry  [Fardpull
Sites 10,11 ®Sité 9 P
N :
T u] Pa:rd .mont
I I i |
4 -2 0 2

CA axis 1

Seconcexample the spider data b

Two speciesare rare in occurrences
and totalabundance

Occurrences Towbund
Arct.peri 6 39
Arct.lute V4 26

¥ RarespeciesArct.periis locatedfar

from the center of the plot.

¥ It only has high abundanceat
site#26whereit is the only dominant
species

¥ Arct.peri pulls site 26towardsthe

upper-leftcorner of the plot.
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CA axis 2

CAtype 1 biplot

Seconcexample the spider data.
Two speciesare rare in occurrence

0 Arct.peri | and totalabundance
o Site 26 | Occurrences Totbund
O Pard.lugu
Arct.peri 6 39
u} Alop..fabr ‘ gj:e 819_21
WAIAT mr) geess | Arctlute 7 2
Site 27 ® 47,1314 L .Spi
"""""""""" Site28@ - --——qjig 25%5iic e g‘%‘?'or%t i T

o Alop.acce Site 1 Aulo.albi
. r

| Arctlute Rare species Arct.lute is near the
sies 10110 wsieo  [Alopeune]|  center of the plot.
o Pard.mont . .
- ¥ Itis found at 7 sitesthat have a
diversibed and average species
composition.

¥ # 7 species (including Arct.lute),
found in several sites, arenear the
centre of the plot.

P
CA axis 1
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3. Comparedto commonspecies rare specieswith small occurrences
have asmallinfduence on the brst fesigenvaluesand axes in CA.

For that reason rare speciescan be removed from the data table
without major change to thisplot.

An efbcientmethodto select andemoverarespeciedrom a data table
wasproposeddy DanielBorcard Thismethodis describedn Legendre
& Legendre (2012, Box 9.&vith permission of DBorcard.

Example



Elimination of rarespeciesan example

Theexampleconcern®shbiomassata:
47 underwatetransectss 156bshspecies

collectedduring underwatersurveysby researcher®ierre Labrosse
and Eric Clua (Secretariat of the PacibcCommunity near the
village of Manukain the Tongdslands South Pacibc.

¥ The specieswith the smallest number of occurrenceswere
removedstepby step CAwasrecomputedit eachstep

¥ Foreachstep the totalinertia wasnoted aswell as the prst few
eigenvalues

lLegendre & Legendre (2012), Box 9.2, g0-481.



Tozal inertia in CA (a) s

L] L] L] Ll L L L2 L2 L] L] Ll
c 1 2 3 4 5 6 7 8 9 10
Species occurrences removed

61 species with 1 to 4 occurrences (out of 156 species) were remov

step by step.

(a)!These 61 species generated 24% of the inertia in the data mati

0.60

0.55
0.50 1
0.45 1
0.40 1
0.35 1
0.30 1

0.25

O~ Eigenvalue !
- Eigenvalue 2
~&~ Eigenvalue 3

—O— Eigenvalue 4
L3 L] Ll Ll Ll Ll L] L] L

0 1 2 3 4 5 6 7 8 9 10
Species occurrences removed

subjected to eigenvalue decomposition by CA.

(b)!Decrease of individual eigenvalues: removing these 61 species h:

little effects on the brst four eigenvalues.

This example supports the statement above, tiaae Gpecies can be

removed from the data table without major change tdipietO.
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4. An alternative method to reduce the inf3uence of rare species
down-weighting of rare specie® method proposed by Hill
(1979) and implemented in tiECORANA ordination program. It

IS also available iCANOCO.

In R: downweightingis an option in functiondecoran§ of
{vegan}. Also available in {vegan} in the stand-alone function
downweigh().



i Arch effect, detrendingand DCA

Speciedhaveunimodaldistributionsalongenvironmentagradients.

Speciespopulationssucceedingone anotheralong an environmental
gradientform a continuuntalledcoenocline

T

A simulatedcoenoclinealonganenvironmentagradient &bscisspa
FromWhittaker(1972).




@R

Simulatea coenoclinewith functioncoenocling) of coenocliner
19 specieghatonly differ by the positions afheir uptimumvalues.

library  ( coenocliner )

x<- seq(l, 100, 1) # Ecological var. values

opt <- seq(from=5, t0=95, by=5) # Species optima along X

tol <-rep(2.5, 19) # Species tolerance

h <- rep(20, 19) # Maximum abundance

Y <- coenocline (X, responseModel =" gaussian ",
params = cbind (opt = opt, tol = tol ,h=h),
countModel =" poisson ", expectation = TRUE)

plot(Y, type ="I", Ity = "solid", xlab ="Ecological

variable", ylab ="Abundance", main=" Coenocline ")




Coenocline

O —
I I I I I I
0 20 40 60 80 100

Ecological variable

15 20

Abundance
10
|

There are 69%erosin the data ble (100 $ 19).

CA is an appropriatemethodfor ordination ofthis type of databecausehe
unimodaldistribution of aspeciesesembles Gaussiariunction

@xercise ThespeciesymbolsalongCA axis lare in thesameorderastheirecologica
optimaalongthe gradientGeneratdhe coenoclinedata (R code of thereviousslide),
analysethemwith CA (functionccg) of vegar), thenrepresenthe speciesn abiplot.
Q\Iote: thespeciesare notshownin thefollowing two slides y




Arch effect, coenocline, CA

Arch effect - % g
Ordinationof the siteslisplaying -l 3 ' s
a quadraticshapewith the ends ° 5
notfoldedinwards o | > S
Reasonthe chi-square distance ° o
preservedn CA has arupper % g S T F——
bound 2 5
. . ] Oo C)o
An archis typical of coenoclines 3 - o o
representeth CA ordinations. % O
OOC)O OOOO
o “0ogico0®
F.i T T T i T T T
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5
CAl
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"#$%§A
1 (1,2) =0.04 &=

(13) —013 D ? —
1(1,3) =0.13 g 1 (1,90)=5.62 & *
3 = S
> .
> .
O
@)

1(1,4) =0.32

1(1,5) =0.71

1(1,6) =1.41 :

1(1,7) =2.46 c (1R0)3R.62 | (1,80)=5.62

1(1,8) =3.68 o

1 (1,9) =4.67 Oo

1 (1,10)=5.22 o
o
o

o
o o

e

-0.5

1 (1,60K5.62 &

@)

-1.0

) : )
%, LIDROESE2 e,

o : o°
O% N &O
OO0
vk

L
—

Chi-square distancdsetweenSite!1andselectedsitesalongthe coenocline
The distancereachesa maximumafter 13 steps and does not increase
thereafterThe plotreactsby forming an arch.




Horseshoe effect, coenocline Horseshoe effect, coenocline

PCA, raw data PCA, Hellinger-transformed data
~ 4 : :
: < b :
(a) | 5 1(b) |
S S o o
- - S OoO : OoO Q ~ Q@ : @p
69 o : 0 % o 7 0 : o
o) o : o o o) : o
o o i o o 3 S
o) Oo : OO o o} o
o : 0 o o
O e © - rmr e CRRREEPR e o P ST SRS Oenemnennn
o H o © o o
N e} (0] N (e} o
O o o ®] o o)
o o o a8 () o
- ] OO OO g — OO OO
o o ' % S
o o 5 o
o o o) o
OoO OoO < | OoO Ooo
N OO o Q 0 e
Oo0g i oo0P OOOo °
@
o S
I I I I I I I I I I
2 1 0 1 2 0.4 -0.2 0.0 0.2 0.4
PC1 PC1

An ordination plotdisplayinga quadraticshapewith the enddoldedinwards
¥ Ahorseshoés typical of coenoclinesepresenteth PCA ordinations.
(a) Raw data: awobbly horseshoeThe small numberof species(19) in this

simulation,comparedto the numberof sites (100)producessite vectorswith
irregularnorms Thisis ref3ectedby awobbly line in the PCA plot.

(b) Hellinger-transformedlata:regularhorseshoeAfter Hellingertransformation,
sitevectorshaveuniformlengthsof 1, producingaregularhorseshoe



Detrending

A postireatmenif CAresultsto stretch tharchandmakeit linear.

¥Detrendingby segment$Hill & Gauch 1980): axis lis divided into
anarbitrarynumberof segments. Thmeanof the group of sites iaach
segments movedto theabscissathatmeanbecome® on axis 2.

2.0 A A 4 A A 2.() A A A A A
(a) (b)
1.5 - 15 1 -
1.0 4 10 4
“ :_; . .
5 054 : 05
- -
o ~ .
13 6 14
0.0 4 - - 00 A
lto5 150019
05 4 L 05 -
'l 0 15 to 19 a0
-15 -10 {5 00 05 10 15 -15 -10 05 00 05 1.0 1.5
CA axis ] CA axis |

© Legendre & Legendre (2012, Figure 9.12).



Detrendings carriedout indetrendedorrespondencanalysisgDCA).

| IComparative and simulatiorstudies have strongly criticized
detrendingbecausat distortsthe ordination structure/ith no gain
for interpretation|t is seldomusednowadays

Seediscussion in Legendre & Legendre (2012, pp. 486-487).

Alternativemethodto eliminatethearcheffect

Compute extendeddissimilarities (DeOath1999). ThemodibedD,,,
matrix producesan ordinatiorwherethe sites arerderedmorelinearly
alongthe gradienthanin thearchor indetrendingoy segments.

See the documentation bles dtinctions xdisg) in {mvpar} and
stepacroq3 in {vegar} and the referencestherein Use principal
coordinate analysis (PCoA) for ordination of thetransformedD_,,
matrix.



Algorithmsfor CA

CA is astatisticalmethodof dataanalysis(not astatisticaltes).

As in PCA,threedifferentalgorithms(or methodsof calculatior)
canbeusedto implementit:

I 1Eigenvaluedecompositio{EVD); eiger{@i@####) in R.

| ISingularvaluedecompositio(SVD); svd@##) in R.
Thesetwo algorithmsare interchangeabl@aJthoughstatisticians
oftenprefersvd), which offersgreatemumericalaccuracy

I HAn iterative algorithm developedby Clint & Jennings(1970)
was adaptedto correspondencanalysisby Hill (1973). Itwas
thenusedby terBraakin theCanocoordination package.

Detailsarefoundin Legendre & Legendre (2012, Section 9.2.7).




Choosean ordinatiormethod

¥ Forcommunity composition data,secorrespondencanalysis
(CA) if you want to emphasizethe role of rare speciesin the

ordination plot.

CA Is the correctchoice if you expect rare speciesto be
Indicative ofparticularenvironmentatonditions.

The validity of this kind of conclusionwill dependon the
following assumption the rare species have beenestimated
without bias like the morecommonspeciesisthatthe case?

¥ Toobtain an ordinationthat gives the sameimportance to the
common and rare species apply the Hellinger or chord
transformation to thecommunity data anduse PCA Seethe
courses orspeciedransformations and on bethversity
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