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Abstract

Aims: Presence/absence coefficients of (dis)similarity are generally based on

various combinations of the matching/mismatching components of the classical

2 9 2 contingency table. While a few extensions of the contingency table to

species abundance data were proposed, a generalization of such coefficients that

includes species resemblances is still lacking.

Methods: In this paper we introduce a new family of plot-to-plot (dis)similarity

coefficients, which include species abundances and interspecies resemblances in

the calculation of the matching/mismatching components of the contingency

table. Within this family, the behaviour of five similarity coefficients is exam-

ined by graphical comparisons based on simulated data.

Conclusions: This new family of similarity coefficients can equally apply to

functional or phylogenetic resemblance among species, thus providing a unified

framework for comparing species turnover among plots.

Introduction

Ecological studies often rely on similarity coefficients

between pairs of species assemblages (or communities,

plots, sites, quadrats, etc.) to explore the mechanisms driv-

ing community assembly. However, although similarity

may appear as a simple and unambiguous notion, when

we look for a suitable numerical definition, we find that it

is independent of any single way of measurement. Ecolo-

gists have developed a rich arsenal of coefficients for

expressing the similarity between two species plots and the

choice among them is governed by several criteria, the

foremost of which is whether composition is described in

terms of species presence and absence scores or species

abundances (Tam�as et al. 2001).

Presence/absence coefficients of similarity are usually

formulated based on the matching/mismatching compo-

nents of the well-known 2 9 2 contingency table. These

components express the number of species present (a) in

both plots, (b) in the first plot but not in the second, (c) in

the second plot but not in the first, and (d) the species

absent from both plots but found in other plots, such that

the sum S = a + b + c + d is the total number of species

in the entire collection of plots. Once the values of the

matching/mismatching components are determined, any

of a large number of similarity and dissimilarity measures

for presence/absence data can be calculated, such as the

simple matching coefficient (Sokal & Michener 1958)

(a + d)/(a + b + c + d) or the Jaccard (1900) index of simi-

larity (a)/(a + b + c). For an exhaustive list of presence/ab-

sence similarity measures, together with a thorough

discussion of the pros and cons of including double

absences (i.e. component d) in the calculation of plot-to-

plot similarity coefficients, see Legendre & Legendre (2012)

and Podani (2000).

Unlike presence/absence coefficients, abundance-based

measures are usually expressed in terms of the original

raw data scores, and this different formalismmakes it diffi-

cult to generalize presence/absence coefficients to the

quantitative case. Among the few attempts to redefine the

2 9 2 contingency table to account for species abundances

(i.e. Tam�as et al. 2001; Chao et al. 2006) we focus here on

the approach of Tam�as et al. (2001). LetX = {xik} denote a
matrix of S species 9 N plots with the general element xik
representing the abundance of species i in plot k. Accord-

ing to Tam�as et al. (2001), for a pair of plots k and h, the
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matching/mismatching components of the contingency

table can be defined as follows: using capital letters to

represent the abundance-based components, A is the

amount of species abundances in which the two plots

agree, summed over all species

A ¼
XS
i

min xik; xihf g ð1Þ

B is the sum of species abundances by which plot k exceeds

plot h

B ¼
XS
i

max xik; xihf g � xihð Þ ð2Þ

and C is the sum of species abundances by which plot h

exceeds plot k

C ¼
XS
i

max xik; xihf g � xikð Þ ð3Þ

To clarify the meaning of A, B and C in a more intuitive

manner, imagine species abundances are measured using

the number of individuals in each plot. In this case, A is the

number of individuals of each species shared by both plots k

and h, while B and C summarize the number of individuals

that are unique to plots k and h, respectively (Baselga 2013).

Finally, D is defined as the sum of differences

between the highest abundance value of each species in

the entire collection of plots and the highest abundance

value in the pair of plots under scrutiny. First, the maxi-

mum abundance value of each species in the entire plot

collection is determined; according to Tam�as et al.

(2001) this value represents the ‘potential abundance’

that the species could reach in the study area. The ‘mu-

tual absence’ of a given species is then obtained as the

potential species abundance minus the maximum

abundance reached by the species in plots k and h. The

summation of the mutual absences over all species in

the S 9 N matrix of species’ abundances in plots gives

the component D:

D ¼
XS
i

maxk xikf g �max xik; xihf gð Þ ð4Þ

Although mutual absences are generally not present in

the formulation of abundance-based similarity measures,

the componentD is included in Tam�as et al. (2001) to allow

full correspondence between the matching/mismatching

components of the 2 9 2 contingency table for presence/

absence data and its abundance-based counterpart.

While the work of Tam�as et al. (2001) allowed us to

generalize the matching/mismatching components of the

usual 2 9 2 contingency table to species abundances, it

has been recently recognized that similarity measures

should also incorporate information about the degree of

ecological differences between species (i.e. Nipperess

et al. 2010; Vill�eger et al. 2013; Chiu et al. 2014; Pavoine

& Ricotta 2014; Ricotta et al. 2015). Obviously, the

notion of interspecies differences is multifaceted, includ-

ing functioning (Di�az & Cabido 2001), morphology (Roy

& Foote 1997) or evolutionary history (Clarke et al.

2006). In a phylogenetic context, Ferrier et al. (2007)

proposed a method for calculating the (dis)similarity

between the species presences and absences in two plots

based on the amount of total branch length unique to

those plots. Accordingly, two well-known coefficients of

phylogenetic dissimilarity, the UniFrac measure (Lozu-

pone & Knight 2005) and the PhyloSor measure (Bryant

et al. 2008), have since been special cases of the family of

measures of Ferrier et al. (2007). By adopting the

approach of Tam�as et al. (2001), Nipperess et al. (2010)

further extended this method to incorporate species

abundance data into phylogenetic dissimilarity measures.

Irrespective of the way interspecies resemblances are

measured, the main objective of this study is to general-

ize the work of Tam�as et al. (2001) to introduce a new

family of plot-to-plot similarity coefficients, which

include interspecies resemblances in the calculation of

the matching/mismatching components of a 2 9 2 con-

tingency table (hereafter ISR-based measures, where ISR

stands for InterSpecies Resemblances).

Methods

Including interspecies resemblances in the components

of the contingency table

Regardless of their nature, interspecies differences are usu-

ally represented by a square S 9 S symmetric matrix

D = {dij} of (functional, morphological or phylogenetic)

dissimilarities between a pair of species i and jwith dij = dji
and dii = 0. If the dissimilarity coefficient d is in the range

[0, 1], it is possible to define a corresponding similarity

coefficient s as the complement of d: s = 1 – d. For any dis-

similarity measure with an upper bound dmax > 1, division

by dmax produces a normalized dissimilarity measure in the

range [0, 1]. For dissimilarity measures that do not possess

an upper bound, such as phylogenetic distances, it is still

possible to locally normalize the values dij in the range

[0, 1] by dividing each term by the maximum value found

in the data set.

As in Leinster & Cobbold (2012), based on species

abundances and similarities, we can define the (absolute)

abundance of species similar to i in plot k (Zik) as:
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Zik ¼
XS khð Þ

j

xjksij ð5Þ

where S(kh) is the number of species in the pool of plots k

and h (i.e. the species for whichmin{xik, xih} > 0). Neglect-

ing within-species differences (i.e. setting sii = 1 by defini-

tion) we always find that the relative abundance of all

species similar to i (including i itself) cannot be lower than

the abundance of species i (xik� Zik �
P

i xik, i.e. the total

species abundance in plot k). Zik is large if most species in

the assemblage are similar to i. On the other hand, if spe-

cies i is very dissimilar from the other species, Zik � xik.

The quantity Zik thus measures the ordinariness of species

i. Starting from the species ordinariness Zik, we can now

expand the method of Tam�as et al. (2001) to calculate a

generalized version of the matching/mismatching compo-

nents of the 2 9 2 contingency table including informa-

tion on interspecies resemblances. This is obtained simply

by substituting the quantities Zik for xik in Eqs 1–3:

A ¼
XS khð Þ

i

min Zik; Zihf g ð6Þ

B ¼
XS khð Þ

i

max Zik; Zihf g � Zihð Þ ð7Þ

C ¼
XS khð Þ

i

max Zik; Zihf g � Zikð Þ ð8Þ

As for Eq. 5, the sum in Eqs 6–8 is over all species

S(kh). In other words, it is over all species that are

actually present in at least one of the two plots h and k,

without reference to the species absent from both plots

but found in other plots of the S 9 N matrix of species’

abundances in plots (see Leinster & Cobbold 2012;

Ricotta et al. 2015).

According to this restrictive definition of the A, B and C

components, a formal definition of theD componentmakes

only little sense. This is because the calculation of the A, B

and C components in Eqs 6–8 is based on a plot-level spe-

cies pool, whereas the calculation of the term maxk{Zik} of
the D component (see Eq. 4) usually refers to the matrix-

level species pool. Nonetheless, for the sake of complete-

ness and in analogy to Tam�as et al. (2001), a less restrictive

definition of the A, B and C components that takes into

account all species in the S 9 N matrix, together with the

corresponding D component, is shown in Appendix S1. In

Appendix S1 an alternative definition of the new A, B, C

and D components, which is based on species relative

abundances instead of absolute abundances is also shown.

Starting from this generalized definition of the 2 9 2

contingency table, virtually all presence/absence similarity

coefficients can be generalized to include ecological differ-

ences among species, thus providing a new family of mea-

sures. Note that for zero interspecies similarities (i.e. sij = 0

for i 6¼ j) Eqs 6–8 recover the A, B and C components of

Tam�as et al. (2001), while for zero interspecies similarities

and unit abundances Eqs 6–8 recover the a, b and c match-

ing/mismatching components of the traditional 2 9 2

contingency table.

Case study

The relationships between selected similarity coefficients

calculated from the generalized contingency table and

their traditional presence/absence counterparts were

investigated by graphical evaluation of artificial data repre-

senting an ideal ecological gradient (Gower & Legendre

1986; Tam�as et al. 2001; Podani & Mikl�os 2002). The basis

for the comparative evaluation is the S 9 N matrix in

Table 1, in which nine plots (P1–P9) are characterized in

terms of 15 quantitative variables (the abundances of

species S1–S15). The matrix was constructed such that all

species have a unimodal response of varying length and

intensity (abundance) to a hypothetical one-dimensional

gradient, such that the species optima are located at differ-

ent positions along the gradient. In some cases this uni-

modal response is truncated at one extreme of the gradient

(see e.g. Species S1 or S14 in Table 1). The comparison of

plot P1 with itself and with the remaining plots provides

nine similarity values. We used profile diagrams to show

the effect of species turnover on the similarities.

In this paper we compared the presence/absence version

of five traditional similarity coefficients, the Jaccard,

Sokal-Sneath, Sørensen, Ochiai and Kulczynski indices

(formulas in Table 2) with their abundance-based ana-

logues (calculated with Eqs 1–3) and with three different

ISR-based analogues (all calculated with Eqs 6–8 but with

different interspecies similarity matrices).

For calculation of the presence/absence coefficients,

the abundance data of Table 1 were converted to binary

presence and absence data. For calculation of the ISR-

based coefficients, we used three different interspecies

similarity matrices (M1–M3; see Appendix S2). In

matrix M1, interspecies similarities reflect the species

ecological differences along the artificial gradient of

Table 1. To this end, interspecies similarities were set

roughly proportional to the distance between the loca-

tions of the species optima and to the difference

between their optimal abundances. For example, in

Table 1 the optimum of species S9 is located in plot P4,

while the optimum of species S12 is located in plot P8.

Accordingly, the distance between their optima along
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the ideal gradient of Table 1 is Od = 4. Similarly, the

difference in their optimal abundances is Oa = 4 – 2

= 2. Based on these quantities, the interspecies similarity

sij between species S9 and S12 was calculated as:

sij = 1 � (Od + Oa)/10. Therefore, for the specific case

of S9 and S12, sij = 1 – (4 + 2)/10 = 0.4. Note that if

Od + Oa > 10, sij = 0 by definition, such that the species

i and j are considered maximally dissimilar from each

other. Note also that, according to this way of calculat-

ing interspecies distances, species S1 and S2 in Table 1

are maximally similar to each other, meaning that for

this pair of species sij = 1. Finally, in matrix M2 inter-

species similarities were generated assigning to each pair

of species a value 0 ≤ sij ≤ 1 drawn at random from an

even distribution, while in M3 all interspecies similari-

ties were uniformly set to sij = 0.33.

For each similarity index in Table 2 we calculated (1) its

presence/absence version, (2) its abundance-based version

according to Eqs 1–3 and (3) three ISR-based versions (us-

ing the interspecies similarity matrices M1–M3 in Appen-

dix S2). All ISR-based indices were calculated according to

the distinct definitions of the matching/mismatching

components proposed in this paper (i.e. Eqs 6–8 and Eqs

A1–A3, A5–A7, and A10–A12 in Appendix S1). All calcu-

lations were performed with the new R script available in

Appendix S3.

Results

For the artificial ecological gradient in Table 1, the analyses

performed with the various definitions of the matching/

mismatching components proposed in this paper yielded

qualitatively similar results (see Appendix S4). Therefore,

we report here only results from the ISR-based indices cal-

culated with Eqs 6–8. Figure 1 illustrates the IRS-based

version of the indices in Table 2 calculated with Matrix

M1. In Fig. 1, the profiles of all similarity coefficients show

essentially the same pattern, meaning that although all

coefficients summarize plot-to-plot similarity from differ-

ent viewpoints, they generally show a consistent beha-

viour in response to the artificial ecological gradient in

Table 1. The profiles of the Sørensen, Ochiai and Kulczyn-

ski coefficients have very similar shapes. This is not surpris-

ing as for identical b and c components all three indices

reduce to the same expression a/(a + b).

Figure 2a–c illustrates the graphical comparison

among the presence/absence versions of the Jaccard,

Table 1. Artificial data matrix for the graphical comparison of the indices

in Table 2. The data represent an ideal ecological gradient with simplified

unimodal species responses of varying length and abundance. The matrix

was generated randomly and then rearranged according to a sequential

location of species optima from P1 to P9. Non-zero species abundances

are shown in grey. The locations of all species optima are shown in bold.

Species Plots

P1 P2 P3 P4 P5 P6 P7 P8 P9

S1 2 1 0 0 0 0 0 0 0

S2 2 1 0 0 0 0 0 0 0

S3 3 2 1 0 0 0 0 0 0

S4 4 3 2 1 0 0 0 0 0

S5 0 1 0 0 0 0 0 0 0

S6 0 0 1 0 0 0 0 0 0

S7 2 3 4 3 2 1 0 0 0

S8 0 1 2 3 2 1 0 0 0

S9 1 2 3 4 3 2 1 0 0

S10 0 0 0 1 2 1 0 0 0

S11 0 0 0 0 0 1 0 0 0

S12 0 0 0 0 0 0 1 2 1

S13 0 0 0 0 1 2 3 4 5

S14 0 0 0 0 0 0 1 2 3

S15 0 0 0 0 0 0 0 1 2

Table 2. Traditional similarity coefficients for presence/absence data used

in this study. Only coefficients ignoring the value of the d component were

considered.

Index Name Formula Source

Jaccard a
aþ bþ c

Jaccard (1900)

Sørensen 2a
2aþ bþ c

Sørensen (1948)

Ochiai affiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
aþ bð Þ aþ cð Þ

p Ochiai (1957)

Kulczynski 1
2

a
aþ bð Þ þ a

aþ cð Þ
h i

Sokal & Sneath (1963)

Sokal-Sneath a
aþ2bþ 2c

Sokal & Sneath (1963)

Fig. 1. Response of the ISR-based similarity functions (see Table 2)

calculated with Matrix M1 to the artificial ecological gradient in Table 1.

Plot P1 is compared to all plots P1–P9 in Table 1.
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Sokal-Sneath and Ochiai coefficients with their abun-

dance-based and ISR-based analogues. Due to their simi-

larity with the Ochiai index, the Sørensen and Kulczynski

coefficients are not shown here, but see Appendix S4. In

all cases, the curves of the presence/absence indices and of

the abundance-based indices show a non-linear decreasing

pattern in response to the artificial gradient of Table 1. The

same decreasing behaviour, although with a different

curve shape, is shown by the ISR-based measures calcu-

lated with matrix M1. That is, if interspecies similarities sij
reflect to some degree the species sorting along the gradi-

ent of Table 1, the ISR-based index is able to rank the plot-

to-plot similarities correctly. However, due to the non-zero

values of most interspecies similarities in matrix M1, the

plot-to-plot similarity values of the ISR-based indices are

systematically larger than the corresponding presence/

absence and abundance-based indices.

In contrast, the ISR-based indices calculated with matri-

ces M2 and M3 rank the plot-to-plot similarity values dif-

ferently, with a number of distinct local maxima and

minima that are absent from the other index profiles.

Hence, unlike for presence/absence and abundance-based

indices, the similarity values of the ISR-based coefficients

depend on the complex interplay of species abundances

and interspecies similarities. Note here that the similar

shapes of the ISR-based index profiles calculated with

matrix M2 and M3 mean that, on average, a random dis-

tribution of interspecies similarities (matrix M2) produces

the same results as the uniform distribution of sij values of

matrixM3.

Discussion

In this paper we developed a methodological framework

for measuring the similarity among plots including the

similarity among species within plots. The proposed frame-

work is very flexible in the calculation of interspecies simi-

larities, which can be obtained in a variety of ways from

phylogenetic or functional data sets containing a combina-

tion of scale types (i.e. quantitative, ordinal, nominal and

binary variables). This flexibility is particularly desirable, as

it is nowwell established that a single measure is unable to

summarize all aspects of plot-to-plot similarity. Juh�asz-

Nagy (1993); see also Podani et al. 2005) first imagined the

measurement of an ecological variable, such as a similarity

coefficient, as an iterative process involving successive

levels of increasing abstraction (i.e. from presence/

absence-based measures to abundance-based measures,

and to ISR-based measures). At each step of this ‘complex,

plural and dynamic approach’ (sensu Juh�asz-Nagy), the

view angle is restricted to zoom in on a specific aspect of

the given problem, increasing at the same time the number

of possible viewpoints.

In this paper, the extension of presence/absence indices

to measures including interspecies resemblances, offers a

number of different options that are shown in the main

text (Eqs 6–8) and in Appendix S1, such that practitioners

should determine which definition of the generalized con-

tingency table is more adequate within the context of their

analyses. Nonetheless, the suggested index generalizations

were not proposed as a mere addition to the dozens of

available similarity measures. Rather, they enable plot-to-

plot comparisons at several levels of increasing biotic com-

plexity while excluding confounding effects that may be

due to differences in the way the indices are computed,

and that may mask the ecological processes under scrutiny

(Tam�as et al. 2001).

Comparing the new indices, Fig. 1 shows that while the

new ISR-based measures tend to rank plots in the same

order, nonetheless the index values can be highly variable

(a) (b) (c)

Fig. 2. Response of the presence/absence (Pres/Abs), abundance-based and ISR-based generalizations of the Jaccard, Sokal-Sneath and Ochiai similarity

coefficients to the artificial ecological gradient in Table 1. Plot P1 is compared to all plots P1–P9 in Table 1. M1, M2 and M3 denote the ISR-based

coefficients calculated with matrices M1, M2 and M3, respectively.
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depending on how the three A, B and C matching/mis-

matching components are combined. Therefore, to com-

pare two species assemblages, the same index needs to be

used. This is a well-known property of the standard indices

that use a, b, cmatching/mismatching components. Indeed

once an index has been chosen (e.g. the Jaccard index),

care should be taken in interpreting and communicating

the results of the index. While most similarity indices pro-

posed for combining the a, b, c matching/mismatching

components vary between the same limits (0 and 1), they

usually do not provide comparable similarity values for the

same pair of plots. This renders the automatic conversion

of the index values to a qualitative scale, such as very low,

low, moderate, high and very high (dis)similarity based on

a 0.2 interval scale, impossible, thus making cross-study

comparisons with different indices highly misleading

(Bloom 1981). This well-known property of standard

indices also applies to the new ISR-based measures. On the

other hand, as the different indices have slightly different

properties, they summarize plot-to-plot similarity from

different viewpoints (Pavoine & Ricotta 2014).

Depending on interspecies resemblances and unlike

conventional presence/absence or abundance-based

indices, ISR-based indices usually provide non-zero simi-

larity even for a pair of plots with no species in com-

mon, as different species may share some degree of

similarity due to common phylogenetic ancestry and/or

common functional characteristics. This is a very useful

property if one wishes to calculate e.g. the functional

similarity among plots under similar environmental con-

ditions in different regions of the world. In addition, it

has been recently shown that dissimilarities among com-

munities result from two different processes: species

turnover (or replacement) and species gain and loss, also

called richness difference or nestedness (Lennon et al.

2001; Baselga 2010). While the debate concerning the

best ways of additively partitioning dissimilarity coeffi-

cients is on-going (e.g. Carvalho et al. 2013; Legendre

2014), Podani & Schmera (2011) and Carvalho et al.

(2012) independently proposed to decompose the Jac-

card dissimilarity 1 – (a)/(a + b + c) = (b + c)/(a + b + c)

into two additive portions: species replacement 2 min

{b,c}/(a + b + C) and richness difference |b � c|/(a + b

+ c). Podani et al. (2013) next proposed an extension of

the Jaccard dissimilarity decomposition to abundance

data. Based on the generalization of the matching/mis-

matching components of the contingency table proposed

in this paper, the additive dissimilarity decomposition

can be further extended to ISR-based dissimilarities

using a unified algebraic framework.

To conclude, we hope the proposed indices will help

shed light on new aspects of ecological data that would

remain undetected using standard similarity measures that

do not include (phylogenetic and functional) information

on the species.
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Appendix S1 
Definition of some alternative versions of the ISR-based matching/mismatching components 
of the generalized 2×2 contingency table. 
 
Unlike in the main text, if the absolute abundances of species similar to i are calculated as 

S
ik jk ijj

Z x s=∑  taking the sum over all species in the matrix of S species × N plots, we can 
define a new contingency table with components 
 

{ }min ,
S

S ik ih
i

A Z Z=∑                       (A1) 

 

{ }( )max ,
S

S ik ih ih
i

B Z Z Z= −∑                     (A2) 

 

{ }( )max ,
S

S ik ih ik
i

C Z Z Z= −∑                     (A3) 

 
Here, the subscript S means that the sum in Eqs. (A1–A3) is taken over all S species of the 
S×N matrix. This enables us to define a DS component of the generalized contingency table in 
analogy to Tamás et al. (2001; see Eq. 4 in the main text): 
 

{ } { }( )max max , Z
S

S k ik ik ih
i

D Z Z= −∑                  (A4) 

 
Besides dealing with absolute abundances, a definition of the matching/mismatching 
components of the generalized contingency table based on relative abundances is also 
possible. In this case, the A, B and C components are defined as: 
 

{ }min , z
S

S ik ih
i

A z=∑                       (A5) 

 

{ }( )max ,z
S

S ik ih ih
i

B z z= −∑                     (A6) 

 

{ }( )max ,z
S

S ik ih ik
i

C z z= −∑                     (A7) 

 
where S

ik jk ijj
z p s=∑  is the ordinariness of species i in plot k, pik is the corresponding relative 

abundance, such that 0 ≤ pik ≤ 1 and (k) 1S
iki

p =∑ , and S(k) are the species in plot k. The 
lower-case letter zik is used here for denoting the species ordinariness computed from relative 
abundances pi. 
In analogy to Eq. (A4), we can further define the corresponding DS component as: 
 

{ } { }( )max max , z
S

S k ik ik ih
i

D z z= −∑                  (A8) 
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As an alternative, since the quantity zik is comprised in the range [0, 1], we can also substitute 
the term { }maxk ikz  in Eq. (A8) with the theoretical upper bound for zik. Accordingly, the 
component DS can also be defined as: 
 

{ }( )1 max , z
S

S ik ih
i

D z= −∑                     (A9) 

 
such that, like for the presence/absence case, A+B+C+D = S. 
Like for absolute abundances, if in Eqs. (A5–A7) the sum is taken over the species S(kh) that 
are actually present in at least one of the two plots k and h, we can define an additional 
contingency table with components: 
 

{ }
( )

min , z
S kh

ik ih
i

A z= ∑                       (A10) 

 

{ }( )
( )

max ,z
S kh

ik ih ih
i

B z z= −∑                     (A11) 

 

{ }( )
( )

max ,z
S kh

ik ih ik
i

C z z= −∑                     (A12) 

 
where ( )S kh

ik jk ijj
z p s= ∑ . Eqs. (A10–A12) are computed based on the plot-level species pool 

S(kh). However, due to the presence of an upper bound for the quantity zik, in analogy to Eq. 
(A9), we can define a D component as: 
 

{ }( )
( )

1 max , z
S kh

S ik ih
i

D z= −∑                     (A13) 

 
Note that the different formulas for the D components are included here for completeness, and 
to allow a one-to-one correspondence between the presence/absence measures of similarity 
that comprise mutual absences and the newly proposed families of ISR-based similarities. 
According to Eqs. (A1–A13) and (6–9) in the main text, virtually all presence/absence 
(dis)similarity coefficients can be generalized to include ecological resemblances among 
species. For example, the dissimilarity index recently proposed by Ricotta et al. (2014) is 
actually the classical Sørensen index of dissimilarity (b+c)/(2a+b+c) for presence and absence 
data calculated according to Eqs. (A10–A12). 
In this view, although the various definitions of the generalized contingency table proposed in 
this paper start from different assumptions (i.e. absolute vs. relative abundances and plot-level 
vs. matrix-level species pools), nonetheless they use the same methodological approach, thus 
maintaining a consistent general structure. Practitioners should determine which definition of 
the generalized contingency table is more adequate within the context of their analyses. 
Dealing with relative abundances the quantity ( )S k

ik jk ijj
z p s=∑  calculated for one single 

species assemblage k is the expected ordinariness of species i in k (independently of any other 
plot). That is, the expected similarity between an individual of species i and an individual 
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chosen at random from plot k. Based on this quantity Leinster & Cobbold (2012) defined the 
average ordinariness of a given species assemblage as the expected similarity between two 
individuals chosen at random with replacement from the assemblage ( )( )S k S k

ik jk iji j
z p p s= ∑ ∑ . 

Intuitively, average ordinariness z is inversely related to diversity. For instance, a standard 
measure of diversity is given by the complement 1 z− , which is known as the Rao (1982) 
quadratic diversity ( ) ( )S k S k

ik jk iji j
Q p p d=∑ ∑  (i.e. the expected dissimilarity between two 

individuals chosen at random with replacement from a given community). Leinster & 
Cobbold (2012) also showed that the reciprocal of average ordinariness 1 z is the species 
equivalent of Q (i.e. the theoretical species richness of a perfectly even community with the 
same Rao diversity as the original community; see Ricotta & Szeidl 2009). Hence, in a sense, 
species ordinariness zi is located at the crossroad of diversity theory and multivariate 
dissimilarity measures. 
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Appendix S2 
Interspecies similarity matrices M1–M3 used for the calculation of the ISR-based versions of 
indices in Table 2. 
 
In matrix M1, interspecies similarities sij reflect the species ecological differences along the 
artificial gradient of Table 1; for additional details, see the main text. In matrix M2, 
interspecies similarities were distributed randomly, and in matrix M3, all interspecies 
similarities were uniformly set to 0.33ijs =  with 1iis =  by definition. 
 
Matrix M1 
 

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
S1 1 1 0.9 0.8 0.8 0.7 0.6 0.6 0.5 0.6 0.4 0.3 0 0.1 0.2 
S2 1 1 0.9 0.8 0.8 0.7 0.6 0.6 0.5 0.6 0.4 0.3 0 0.1 0.2 
S3 0.9 0.9 1 0.9 0.7 0.6 0.7 0.7 0.6 0.5 0.3 0.2 0 0.2 0.1 
S4 0.8 0.8 0.9 1 0.6 0.5 0.8 0.6 0.7 0.4 0.2 0.1 0.1 0.1 0 
S5 0.8 0.8 0.7 0.6 1 0.9 0.6 0.6 0.5 0.6 0.6 0.3 0 0.1 0.2 
S6 0.7 0.7 0.6 0.5 0.9 1 0.7 0.7 0.6 0.7 0.7 0.4 0 0.2 0.3 
S7 0.6 0.6 0.7 0.8 0.6 0.7 1 0.8 0.9 0.6 0.4 0.3 0.3 0.3 0.2 
S8 0.6 0.6 0.7 0.6 0.6 0.7 0.8 1 0.9 0.8 0.6 0.5 0.3 0.5 0.4 
S9 0.5 0.5 0.6 0.7 0.5 0.6 0.9 0.9 1 0.7 0.5 0.4 0.4 0.4 0.3 
S10 0.6 0.6 0.5 0.4 0.6 0.7 0.6 0.8 0.7 1 0.8 0.7 0.3 0.5 0.6 
S11 0.4 0.4 0.3 0.2 0.6 0.7 0.4 0.6 0.5 0.8 1 0.7 0.3 0.5 0.6 
S12 0.3 0.3 0.2 0.1 0.3 0.4 0.3 0.5 0.4 0.7 0.7 1 0.6 0.8 0.9 
S13 0 0 0 0.1 0 0 0.3 0.3 0.4 0.3 0.3 0.6 1 0.8 0.7 
S14 0.1 0.1 0.2 0.1 0.1 0.2 0.3 0.5 0.4 0.5 0.5 0.8 0.8 1 0.9 
S15 0.2 0.2 0.1 0 0.2 0.3 0.2 0.4 0.3 0.6 0.6 0.9 0.7 0.9 1 

 
 
 
Matrix M2 
 

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
S1 1 0.39 0.57 0.45 0.62 0.02 0.15 0.13 0.98 0.59 0.37 0.34 0.93 0.46 0.46 
S2 0.39 1 0.09 0.30 0.11 0.11 0.14 0.65 0.93 0.54 0.16 0.31 0.20 0.69 0.11 
S3 0.57 0.09 1 0.20 0.39 0.13 0.39 0.29 0.14 0.15 0.65 0.80 0.42 0.30 0.03 
S4 0.45 0.30 0.20 1 0.57 0.01 1.00 0.72 0.71 0.08 0.43 0.70 0.10 0.88 1.00 
S5 0.62 0.11 0.39 0.57 1 0.78 0.20 0.65 0.21 0.95 0.23 0.51 0.08 0.44 0.05 
S6 0.02 0.11 0.13 0.01 0.78 1 0.77 0.56 0.18 0.70 0.15 0.14 0.69 0.86 0.54 
S7 0.15 0.14 0.39 1.00 0.20 0.77 1 0.43 0.58 0.85 0.09 0.08 0.75 0.38 0.90 
S8 0.13 0.65 0.29 0.72 0.65 0.56 0.43 1 0.43 0.54 0.81 0.92 0.26 0.19 0.20 
S9 0.98 0.93 0.14 0.71 0.21 0.18 0.58 0.43 1 0.03 0.43 0.09 0.97 0.36 0.95 
S10 0.59 0.54 0.15 0.08 0.95 0.70 0.85 0.54 0.03 1 0.02 0.01 0.46 0.73 0.39 
S11 0.37 0.16 0.65 0.43 0.23 0.15 0.09 0.81 0.43 0.02 1 0.82 0.97 0.47 0.13 
S12 0.34 0.31 0.80 0.70 0.51 0.14 0.08 0.92 0.09 0.01 0.82 1 0.55 0.69 0.20 
S13 0.93 0.20 0.42 0.10 0.08 0.69 0.75 0.26 0.97 0.46 0.97 0.55 1 0.43 0.59 
S14 0.46 0.69 0.30 0.88 0.44 0.86 0.38 0.19 0.36 0.73 0.47 0.69 0.43 1 0.25 
S15 0.46 0.11 0.03 1.00 0.05 0.54 0.90 0.20 0.95 0.39 0.13 0.20 0.59 0.25 1 
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Matrix M3 
 

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
S1 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S2 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S3 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S4 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S5 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S6 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S7 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S8 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 0.33 
S9 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 0.33 
S10 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 0.33 
S11 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 0.33 
S12 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 0.33 
S13 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 0.33 
S14 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 0.33 
S15 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 1 

 



dissABC<-function(abundances, dissimilarities, option = 1:4, method = 
c("J", "S", "O", "K", "SS")) 
{ 
 
     if(inherits(dissimilarities, "dist")) dissimilarities <- 
as.matrix(dissimilarities) 
     if(any(dissimilarities>1)){ 
        warning("Phylogenetic dissimilarities are not in the range 0-1. 
They have been normalized by the maximum") 
        dissimilarities <- dissimilarities/max(dissimilarities) 
    } 
    if(any(!colnames(abundances) %in%rownames(dissimilarities))) stop("At 
least one species in the matrix of abundances is missing in the matrix of 
dissimilarities")  
    if(any(!colnames(abundances) %in%colnames(dissimilarities))) stop("At 
least one species in the matrix of abundances is missing in the matrix of 
dissimilarities")  
    dissimilarities <- dissimilarities[colnames(abundances), 
colnames(abundances)] 
    dataset <- t(abundances) 
    similarities <- 1-as.matrix(dissimilarities) 
    if(option[1]%in%c(1, 2)) rel_abu <- dataset 
    else{ 
        total <- colSums(dataset) 
        rel_abu <- sweep(dataset, 2, total, "/") 
    } 
    num.plot<-dim(dataset)[2] 
    num.sp <- dim(dataset)[1] 
    names<-list(colnames(dataset), colnames(dataset)) 
    sim.matrix<-matrix(0, nrow=num.plot, ncol=num.plot, dimnames=names) 
    for (i in 2:num.plot) { 
    for (j in 1:(i-1)) { 
     if(option[1]%in%c(1,3)) {    
            garde <- (1:num.sp)[(rel_abu[, j]+rel_abu[, i])>0] 
            sim <- similarities[garde, garde] 
            x <- rel_abu[, j] 
            x <- x[garde] 
            y <- rel_abu[, i] 
            y <- y[garde] 
            mat_folk <- sim*x 
            mat_folk2 <- sim*y 
        } 
     else{ 
            mat_folk <- similarities*rel_abu[, j] 
            mat_folk2 <- similarities*rel_abu[, i] 
     } 
        Zik <- colSums(mat_folk) 
        Zih <- colSums(mat_folk2) 
        tabZ <- rbind.data.frame(Zik, Zih) 
        A <- sum(sapply(tabZ, min)) 
        B <- sum(sapply(tabZ, max)-Zih) 
        C <- sum(sapply(tabZ, max)-Zik) 
        if(method == "J") index <- A/(A+B+C) 
        else if(method == "S") index <- 2*A/(2*A+B+C) 
        else if(method == "O") index <- A/(sqrt(A+B)*sqrt(A+C)) 
        else if(method == "K") index <- 0.5*(A/(A+B)+A/(A+C)) 
        else if(method == "SS") index <- A/(A+2*B+2*C) 
        sim.matrix[i, j] <- index 
    } 
    } 



    sim.matrix <- sim.matrix + t(sim.matrix) 
    sim.matrix <- sim.matrix + diag(rep(1, num.plot)) 
    return(sim.matrix) 
} 
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Appendix S4. Manual for using the R script and examples. 
 
Manual for using the R function “dissABC” for calculating plot-to-plot ISR-based similarities (the R 
script of the function is available in Appendix S3). This program is free software: you can redistribute 
it and/or modify it under the terms of the GNU General Public License http://www.gnu.org/licenses/. 
 
Disclaimer: users of this code are cautioned that, while due care has been taken and it is believed 
accurate, it has not been rigorously tested and its use and results are solely the responsibilities of the 
user. 
 
Description: given a matrix of S species’ relative or absolute abundance values × N plots, together 
with an S × S (phylogenetic or functional) dissimilarity matrix, this function calculates a matrix with 
the values of the ISR-based similarities for each pair of plots, as proposed in the main text and 
Appendix S1. 
 
Dependencies: none. 
 
Usage: dissABC(abundances, dissimilarities, option = 1:4, method = c("J", "S", "O", "K", "SS")) 
 
Arguments 
abundances: a matrix (or data frame) of N plots × S species containing the absolute abundances of all 
species in the plots. Columns are species and plots are rows. Column labels (species names) should 
be assigned as in the object ‘dissimilarities’. 
 
dissimilarities: an S × S matrix (or data frame) of (phylogenetic or functional) dissimilarities among 
species rescaled in the range [0, 1] or an object of class ‘dist’ [obtained by functions like vegdist in 
package vegan (Oksanen et al. 2013), gowdis in package FD (Laliberté & Shipley 2011), or dist.ktab in 
package ade4 for functional dissimilarities (Dray et al. 2007), or functions like cophenetic.phylo in 
package ape (Paradis et al. 2004) or distTips in package adephylo (Jombart & Dray 2010) for 
phylogenetic dissimilarities]. Note that dissimilarities among species need first to be rescaled in the 
range [0, 1]. If the dissimilarities are outside the range 0-1, a warning message is displayed. 
 
option: a numeric, either 1, 2, 3, or 4 (if several are given only the first one is considered). If 1, 
equations 6-8 of the main text are used for calculating components A, B, C. If 2, equations A1-A3 
from Appendix S1 are used. If 3, equations A5-A7 from Appendix S1 are used. If 4, equations A10-A12 
are used. 
 
method: a character, either "J", "S", "O", "K", or "SS" (if several are given only the first one is 
considered). "J"=the Jaccard index is used; "S"=the Sørensen index; "O"=the Ochiai index; "K"=the 
Kulczynski index; "SS"=the Sokal-Sneath index. 
 
Output: the function returns a matrix with the values of the proposed ISR-based similarities among 
plots. 
 
Example 
 
Load Appendix S3 in the R console. The appendix contains the R function dissABC. 
 
source("PATH THROUGH APPENDIX S3.txt") 
 
In the instruction above, replace PATH THROUGH APPENDIX S3 by the actual path 
through the Appendix file in your computer. Alternatively use: 
source(file.choose()) 
 
Load Appendix S5 in the R console. The appendix contains Table 1 from the main text: 
 
ab <- read.table("NAME OF APPENDIX S5.txt", h=T, row.names=1) 
 

http://www.gnu.org/licenses/
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In the instruction above, replace ‘NAME OF APPENDIX S5’ by the actual name of this 
Appendix file. 
 
ab 
   S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
P1  2  2  3  4  0  0  2  0  1   0   0   0   0   0   0 
P2  1  1  2  3  1  0  3  1  2   0   0   0   0   0   0 
P3  0  0  1  2  0  1  4  2  3   0   0   0   0   0   0 
P4  0  0  0  1  0  0  3  3  4   1   0   0   0   0   0 
P5  0  0  0  0  0  0  2  2  3   2   0   0   1   0   0 
P6  0  0  0  0  0  0  1  1  2   1   1   0   2   0   0 
P7  0  0  0  0  0  0  0  0  1   0   0   1   3   1   0 
P8  0  0  0  0  0  0  0  0  0   0   0   2   4   2   1 
P9  0  0  0  0  0  0  0  0  0   0   0   1   5   3   2 
 
ab contains species as columns and plots as rows. 
 
Now load the matrices of dissimilarity among species. These matrices are contained 
in appendices S6 to S8. Use the same process as above to load the files: 
 
D1 <- read.table("NAME OF APPENDIX S6.txt", h=T, row.names=1) 
D2 <- read.table("NAME OF APPENDIX S7.txt", h=T, row.names=1) 
D3 <- read.table("NAME OF APPENDIX S8.txt", h=T, row.names=1) 
 
D1 contains similarities among species as defined by 1-M1 were M1 is the matrix of 
similarities given in Appendix S2. Similarly, D2 contains 1-M2; and D3 contains 1-
M3, see for example: 
 
1-D1 
     S1  S2  S3  S4  S5  S6  S7  S8  S9 S10 S11 S12 S13 S14 S15 
S1  1.0 1.0 0.9 0.8 0.8 0.7 0.6 0.6 0.5 0.6 0.4 0.3 0.0 0.1 0.2 
S2  1.0 1.0 0.9 0.8 0.8 0.7 0.6 0.6 0.5 0.6 0.4 0.3 0.0 0.1 0.2 
S3  0.9 0.9 1.0 0.9 0.7 0.6 0.7 0.7 0.6 0.5 0.3 0.2 0.0 0.2 0.1 
S4  0.8 0.8 0.9 1.0 0.6 0.5 0.8 0.6 0.7 0.4 0.2 0.1 0.1 0.1 0.0 
S5  0.8 0.8 0.7 0.6 1.0 0.9 0.6 0.6 0.5 0.6 0.6 0.3 0.0 0.1 0.2 
S6  0.7 0.7 0.6 0.5 0.9 1.0 0.7 0.7 0.6 0.7 0.7 0.4 0.0 0.2 0.3 
S7  0.6 0.6 0.7 0.8 0.6 0.7 1.0 0.8 0.9 0.6 0.4 0.3 0.3 0.3 0.2 
S8  0.6 0.6 0.7 0.6 0.6 0.7 0.8 1.0 0.9 0.8 0.6 0.5 0.3 0.5 0.4 
S9  0.5 0.5 0.6 0.7 0.5 0.6 0.9 0.9 1.0 0.7 0.5 0.4 0.4 0.4 0.3 
S10 0.6 0.6 0.5 0.4 0.6 0.7 0.6 0.8 0.7 1.0 0.8 0.7 0.3 0.5 0.6 
S11 0.4 0.4 0.3 0.2 0.6 0.7 0.4 0.6 0.5 0.8 1.0 0.7 0.3 0.5 0.6 
S12 0.3 0.3 0.2 0.1 0.3 0.4 0.3 0.5 0.4 0.7 0.7 1.0 0.6 0.8 0.9 
S13 0.0 0.0 0.0 0.1 0.0 0.0 0.3 0.3 0.4 0.3 0.3 0.6 1.0 0.8 0.7 
S14 0.1 0.1 0.2 0.1 0.1 0.2 0.3 0.5 0.4 0.5 0.5 0.8 0.8 1.0 0.9 
S15 0.2 0.2 0.1 0.0 0.2 0.3 0.2 0.4 0.3 0.6 0.6 0.9 0.7 0.9 1.0 
 
 
To obtain the dissimilarities among plots, one needs to choose the equations to be 
used for the components A, B, and C thanks to parameter "option" and the way the 
parameters will be combined as explained in Table 2 of the main text, thanks to 
parameter “method” (see above for details). For example, to use equations (6-8) 
from the main text, one needs to specify option=1, and to use the Jaccard index, 
one needs to specify method="J", leading to: 
 
dissABC(ab, D1, method="J", option=1) 
      P1    P2    P3    P4    P5    P6    P7    P8    P9 
P1 1.000 0.923 0.830 0.763 0.618 0.441 0.202 0.192 0.192 
P2 0.923 1.000 0.892 0.816 0.629 0.445 0.229 0.229 0.234 
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P3 0.830 0.892 1.000 0.925 0.717 0.515 0.307 0.302 0.303 
P4 0.763 0.816 0.925 1.000 0.786 0.575 0.393 0.404 0.404 
P5 0.618 0.629 0.717 0.786 1.000 0.737 0.515 0.512 0.499 
P6 0.441 0.445 0.515 0.575 0.737 1.000 0.648 0.616 0.589 
P7 0.202 0.229 0.307 0.393 0.515 0.648 1.000 0.624 0.509 
P8 0.192 0.229 0.302 0.404 0.512 0.616 0.624 1.000 0.813 
P9 0.192 0.234 0.303 0.404 0.499 0.589 0.509 0.813 1.000 
 
Figure 1 from the main text can be obtained as follows: 
J <- as.matrix(dissABC(ab, D1, method="J", option=1))[, 1] 
SS <- as.matrix(dissABC(ab, D1, method="SS", option=1))[, 1] 
S <- as.matrix(dissABC(ab, D1, method="S", option=1))[, 1] 
O <- as.matrix(dissABC(ab, D1, method="O", option=1))[, 1] 
K <- as.matrix(dissABC(ab, D1, method="K", option=1))[, 1] 
 
plot(1:9, J, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=18) 
lines(1:9, SS, type="b", pch=15) 
lines(1:9, S, type="b", pch=17) 
lines(1:9, O, type="b", pch=12) 
lines(1:9, K, type="b", pch=1) 
legend("bottomleft", c("Jaccard", "Sokal-Sneath", "Sorensen", "Ochiai", 
"Kulczynski"), pch=c(18,15,17,12,1), lty=1) 
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With the other three options, the response of the ISI-based similarity functions 
(calculated with matrix M1) to the artificial gradient would have led to: 

par(mfrow=c(1,3)) 

J <- as.matrix(dissABC(ab, D1, method="J", option=2))[, 1] 
SS <- as.matrix(dissABC(ab, D1, method="SS", option=2))[, 1] 
S <- as.matrix(dissABC(ab, D1, method="S", option=2))[, 1] 
O <- as.matrix(dissABC(ab, D1, method="O", option=2))[, 1] 
K <- as.matrix(dissABC(ab, D1, method="K", option=2))[, 1] 
 
plot(1:9, J, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=18) 
lines(1:9, SS, type="b", pch=15) 
lines(1:9, S, type="b", pch=17) 
lines(1:9, O, type="b", pch=12) 
lines(1:9, K, type="b", pch=1) 
legend("bottomleft", c("Jaccard", "Sokal-Sneath", "Sorensen", "Ochiai", 
"Kulczynski"), pch=c(18,15,17,12,1), lty=1) 
 

J <- as.matrix(dissABC(ab, D1, method="J", option=3))[, 1] 
SS <- as.matrix(dissABC(ab, D1, method="SS", option=3))[, 1] 
S <- as.matrix(dissABC(ab, D1, method="S", option=3))[, 1] 
O <- as.matrix(dissABC(ab, D1, method="O", option=3))[, 1] 
K <- as.matrix(dissABC(ab, D1, method="K", option=3))[, 1] 
 
plot(1:9, J, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=18) 
lines(1:9, SS, type="b", pch=15) 
lines(1:9, S, type="b", pch=17) 
lines(1:9, O, type="b", pch=12) 
lines(1:9, K, type="b", pch=1) 
legend("bottomleft", c("Jaccard", "Sokal-Sneath", "Sorensen", "Ochiai", 
"Kulczynski"), pch=c(18,15,17,12,1), lty=1) 
 

J <- as.matrix(dissABC(ab, D1, method="J", option=4))[, 1] 
SS <- as.matrix(dissABC(ab, D1, method="SS", option=4))[, 1] 
S <- as.matrix(dissABC(ab, D1, method="S", option=4))[, 1] 
O <- as.matrix(dissABC(ab, D1, method="O", option=4))[, 1] 
K <- as.matrix(dissABC(ab, D1, method="K", option=4))[, 1] 
 
plot(1:9, J, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=18) 
lines(1:9, SS, type="b", pch=15) 
lines(1:9, S, type="b", pch=17) 
lines(1:9, O, type="b", pch=12) 
lines(1:9, K, type="b", pch=1) 
legend("bottomleft", c("Jaccard", "Sokal-Sneath", "Sorensen", "Ochiai", 
"Kulczynski"), pch=c(18,15,17,12,1), lty=1) 
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Equations used for the ISR-based components: Left= equations A1, A2, A3; Middle = A5, A6, A7, Right 
= A10, A11, A12. 

 

Figure 2 from the main text can be obtained as follows: 
par(mfrow=c(1,3)) 
J1 <- as.matrix(dissABC(ab, D1, method="J", option=1))[, 1] 
J2 <- as.matrix(dissABC(ab, D2, method="J", option=1))[, 1] 
J3 <- as.matrix(dissABC(ab, D3, method="J", option=1))[, 1] 
U <- as.dist(matrix(1, 15, 15)) 
attributes(U)$Labels <- paste("S", 1:15, sep="") 
Jab <- as.matrix(dissABC(ab, U, method="J", option=1))[, 1] 
pres <- ab 
pres[pres>0] <- 1 
Jpa <- as.matrix(dissABC(pres, U, method="J", option=1))[, 1] 
 
plot(1:9, Jpa, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=1, main="Jaccard") 
lines(1:9, Jab, type="b", pch=18) 
lines(1:9, J1, type="b", pch=15) 
lines(1:9, J2, type="b", pch=17) 
lines(1:9, J3, type="b", pch=12) 
 
SS1 <- as.matrix(dissABC(ab, D1, method="SS", option=1))[, 1] 
SS2 <- as.matrix(dissABC(ab, D2, method="SS", option=1))[, 1] 
SS3 <- as.matrix(dissABC(ab, D3, method="SS", option=1))[, 1] 
SSab <- as.matrix(dissABC(ab, U, method="SS", option=1))[, 1] 
SSpa <- as.matrix(dissABC(pres, U, method="SS", option=1))[, 1] 
 
plot(1:9, SSpa, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=1, main="Sokal-Sneath") 
lines(1:9, SSab, type="b", pch=18) 
lines(1:9, SS1, type="b", pch=15) 
lines(1:9, SS2, type="b", pch=17) 
lines(1:9, SS3, type="b", pch=12) 
 
O1 <- as.matrix(dissABC(ab, D1, method="O", option=1))[, 1] 
O2 <- as.matrix(dissABC(ab, D2, method="O", option=1))[, 1] 
O3 <- as.matrix(dissABC(ab, D3, method="O", option=1))[, 1] 
Oab <- as.matrix(dissABC(ab, U, method="O", option=1))[, 1] 
Opa <- as.matrix(dissABC(pres, U, method="O", option=1))[, 1] 
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plot(1:9, Opa, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=1, main="Ochiai") 
lines(1:9, Oab, type="b", pch=18) 
lines(1:9, O1, type="b", pch=15) 
lines(1:9, O2, type="b", pch=17) 
lines(1:9, O3, type="b", pch=12) 
 
 
legend("bottomleft", c("Pres/Abs", "Abundance", "M1", "M2", "M3"), 
pch=c(1,18,15,17,12), lty=1) 
 

 

 

 

The same analysis with Sørensen and Kulczynski coefficients leads to: 

par(mfrow=c(1,2)) 
S1 <- as.matrix(dissABC(ab, D1, method="S", option=1))[, 1] 
S2 <- as.matrix(dissABC(ab, D2, method="S", option=1))[, 1] 
S3 <- as.matrix(dissABC(ab, D3, method="S", option=1))[, 1] 
Sab <- as.matrix(dissABC(ab, U, method="S", option=1))[, 1] 
Spa <- as.matrix(dissABC(pres, U, method="S", option=1))[, 1] 
 
plot(1:9, Spa, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=1, main="Sorensen") 
lines(1:9, Sab, type="b", pch=18) 
lines(1:9, S1, type="b", pch=15) 
lines(1:9, S2, type="b", pch=17) 
lines(1:9, S3, type="b", pch=12) 
 
K1 <- as.matrix(dissABC(ab, D1, method="K", option=1))[, 1] 
K2 <- as.matrix(dissABC(ab, D2, method="K", option=1))[, 1] 
K3 <- as.matrix(dissABC(ab, D3, method="K", option=1))[, 1] 
Kab <- as.matrix(dissABC(ab, U, method="K", option=1))[, 1] 
Kpa <- as.matrix(dissABC(pres, U, method="K", option=1))[, 1] 
 
plot(1:9, Kpa, xlab="number of the plots which plot 1 is compared to", 
ylab="Similarity", type="b", ylim=c(0,1), pch=1, main="Kulczynski") 
lines(1:9, Kab, type="b", pch=18) 
lines(1:9, K1, type="b", pch=15) 
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lines(1:9, K2, type="b", pch=17) 
lines(1:9, K3, type="b", pch=12) 
 

 

Same legend as above. Left Sørensen coefficient; Right: Kulczynski coefficient 
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S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
P1 2 2 3 4 0 0 2 0 1 0 0 0 0 0 0 
P2 1 1 2 3 1 0 3 1 2 0 0 0 0 0 0 
P3 0 0 1 2 0 1 4 2 3 0 0 0 0 0 0 
P4 0 0 0 1 0 0 3 3 4 1 0 0 0 0 0 
P5 0 0 0 0 0 0 2 2 3 2 0 0 1 0 0 
P6 0 0 0 0 0 0 1 1 2 1 1 0 2 0 0 
P7 0 0 0 0 0 0 0 0 1 0 0 1 3 1 0 
P8 0 0 0 0 0 0 0 0 0 0 0 2 4 2 1 
P9 0 0 0 0 0 0 0 0 0 0 0 1 5 3 2 



S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
S1 0 0 0.1 0.2 0.2 0.3 0.4 0.4 0.5 0.4 0.6 0.7 1 0.9 0.8 
S2 0 0 0.1 0.2 0.2 0.3 0.4 0.4 0.5 0.4 0.6 0.7 1 0.9 0.8 
S3 0.1 0.1 0 0.1 0.3 0.4 0.3 0.3 0.4 0.5 0.7 0.8 1 0.8 0.9 
S4 0.2 0.2 0.1 0 0.4 0.5 0.2 0.4 0.3 0.6 0.8 0.9 0.9 0.9 1 
S5 0.2 0.2 0.3 0.4 0 0.1 0.4 0.4 0.5 0.4 0.4 0.7 1 0.9 0.8 
S6 0.3 0.3 0.4 0.5 0.1 0 0.3 0.3 0.4 0.3 0.3 0.6 1 0.8 0.7 
S7 0.4 0.4 0.3 0.2 0.4 0.3 0 0.2 0.1 0.4 0.6 0.7 0.7 0.7 0.8 
S8 0.4 0.4 0.3 0.4 0.4 0.3 0.2 0 0.1 0.2 0.4 0.5 0.7 0.5 0.6 
S9 0.5 0.5 0.4 0.3 0.5 0.4 0.1 0.1 0 0.3 0.5 0.6 0.6 0.6 0.7 
S10 0.4 0.4 0.5 0.6 0.4 0.3 0.4 0.2 0.3 0 0.2 0.3 0.7 0.5 0.4 
S11 0.6 0.6 0.7 0.8 0.4 0.3 0.6 0.4 0.5 0.2 0 0.3 0.7 0.5 0.4 
S12 0.7 0.7 0.8 0.9 0.7 0.6 0.7 0.5 0.6 0.3 0.3 0 0.4 0.2 0.1 
S13 1 1 1 0.9 1 1 0.7 0.7 0.6 0.7 0.7 0.4 0 0.2 0.3 
S14 0.9 0.9 0.8 0.9 0.9 0.8 0.7 0.5 0.6 0.5 0.5 0.2 0.2 0 0.1 
S15 0.8 0.8 0.9 1 0.8 0.7 0.8 0.6 0.7 0.4 0.4 0.1 0.3 0.1 0 



S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
S1 0 0.61 0.43 0.55 0.38 0.98 0.85 0.87 0.02 0.41 0.63 0.66 0.07 0.54 0.54 
S2 0.61 0 0.91 0.7 0.89 0.89 0.86 0.35 0.07 0.46 0.84 0.69 0.8 0.31 0.89 
S3 0.43 0.91 0 0.8 0.61 0.87 0.61 0.71 0.86 0.85 0.35 0.2 0.58 0.7 0.97 
S4 0.55 0.7 0.8 0 0.43 0.99 0 0.28 0.29 0.92 0.57 0.3 0.9 0.12 0 
S5 0.38 0.89 0.61 0.43 0 0.22 0.8 0.35 0.79 0.05 0.77 0.49 0.92 0.56 0.95 
S6 0.98 0.89 0.87 0.99 0.22 0 0.23 0.44 0.82 0.3 0.85 0.86 0.31 0.14 0.46 
S7 0.85 0.86 0.61 0 0.8 0.23 0 0.57 0.42 0.15 0.91 0.92 0.25 0.62 0.1 
S8 0.87 0.35 0.71 0.28 0.35 0.44 0.57 0 0.57 0.46 0.19 0.08 0.74 0.81 0.8 
S9 0.02 0.07 0.86 0.29 0.79 0.82 0.42 0.57 0 0.97 0.57 0.91 0.03 0.64 0.05 
S10 0.41 0.46 0.85 0.92 0.05 0.3 0.15 0.46 0.97 0 0.98 0.99 0.54 0.27 0.61 
S11 0.63 0.84 0.35 0.57 0.77 0.85 0.91 0.19 0.57 0.98 0 0.18 0.03 0.53 0.87 
S12 0.66 0.69 0.2 0.3 0.49 0.86 0.92 0.08 0.91 0.99 0.18 0 0.45 0.31 0.8 
S13 0.07 0.8 0.58 0.9 0.92 0.31 0.25 0.74 0.03 0.54 0.03 0.45 0 0.57 0.41 
S14 0.54 0.31 0.7 0.12 0.56 0.14 0.62 0.81 0.64 0.27 0.53 0.31 0.57 0 0.75 
S15 0.54 0.89 0.97 0 0.95 0.46 0.1 0.8 0.05 0.61 0.87 0.8 0.41 0.75 0 



S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 
S1 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S2 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S3 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S4 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S5 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S6 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S7 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S8 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 0.66 
S9 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 0.66 
S10 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 0.66 
S11 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 0.66 
S12 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 0.66 
S13 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 0.66 
S14 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 0.66 
S15 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0.66 0 
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