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Abstract—We consider the problem of estimating the accuracy of quantitative similarity
coefficients. For this purpose, we introduce a new concept of the similarity measure for the
corresponding coefficient. We show that only frequency forms of quantitative similarity
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populations based on the above-mentioned coefficients.
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1. INTRODUCTION

Similarity coefficients (SC), originally proposed by biologists, are widely used in chemistry,
sociology, linguistics, jurisprudence, and other fields, as well as in methods of processing
multidimensional data; in particular, they formed the foundation for some forms of cluster
analysis. Currently, there exist several dozen to several hundred SC (see, for example, [1]), but
statistical theory for describing SCs has virtually not been developed. For example, for different
ratios between sample sizes most of the quantitative SCs used (see definitions below) are
estimating, in essence, different values, while the data used to construct qualitative is often too
small to make reliable statistical conclusions. Existing methods for assessing the accuracy of
SCs either are based on extremely strong assumptions such as the uniform distribution of
species in the population (this most often happens for qualitative SCs) or do not have a strict
mathematical formalization at all. Several attempts have been made to construct bootstrap
confidence intervals for some SCs. In this work, we obtain exact asymptotic confidence intervals
for the most popular quantitative Bray–Curtis and Ružička similarity coefficients and propose a
criterion for testing the homogeneity hypothesis of two populations based on the previous result.

Let X and Y be two descriptive sets [2, 3] that describe two compared samples, i.e., finite sets
of species (types of objects) such that each species is associated with the number of its occurrences
in the corresponding sample. In other words, we number the species found in the two considered
samples from 1 to S and denote by Xi and Yi the number of objects of type i in the first and second
samples respectively. Denote by a the number of common species for the two sets in comparison;
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by b and c, the number of unique species for the first and second sets, respectively:

a =
S∑

i=1

I(Xi ̸= 0, Yi ̸= 0),

b =
S∑

i=1

I(Xi ̸= 0, Yi = 0),

c =
S∑

i=1

I(Xi = 0, Yi ̸= 0).

It is easy to see that S = a+ b+ c.

A similarity coefficient, or similarity index, of two populations C(X,Y ) is a dimensionless indi-
cator that reflects the measure of proximity (similarity) of these populations X and Y . As a rule,
similarity indices are considered in order to compare two populations; however, there are methods
for finding similarities between three or more sets at the same time [4, 5]. In this work, we do
not consider such comparison options and their corresponding CS. We call a CS qualitative if it
depends only on a, b, and c, i.e., the values of such SC are affected only by the presence or absence
of species in the compared populations. A similarity coefficient is called quantitative if the values
{Xi}Si=1 and {Yi}Si=1 are also used to construct it. We call quantitative SCs that depend only on
the frequencies Xi/n and Yi/m, 1 6 i 6 S, of the occurrence of species i in populations X and Y
respectively, frequency CS. Here n =

∑S
i=1Xi and m =

∑S
i=1 Yi. For any qualitative SC, one can

consider its quantitative counterpart by replacing indicators I(Xi ̸= 0), I(Yi ̸= 0), i = 1, . . . , S,
of the presence of species in a population with frequencies Xi/n and Yi/m, 1 6 i 6 S. As we will
show below, introducing other quantitative counterparts for qualitative SCs is not justified from
the statistical point of view.

Let us discuss the general requirements that are usually imposed on similarity indices [6, 7]:

A1. Symmetry: C(X,Y ) = C(X,Y );

A2. Equality to zero for disjoint sets: C(X,Y ) = 0, if a = 0;

A3. Equality to unity for identical populations: C(X,Y ) = 1 if a = b = c for qualitative KS and
Xi/n = Yi/m ∀i, 1 6 i 6 S, for frequency KS;

A4. “Monotonicity” in the amount of similarity.

For qualitative similarity indices, in particular, the last property means the following: if we
fix S and the set of species, then the value of CS should increase with the value of a. However, far
from all similarity indices satisfy conditions A1–A4; see [1]. Next, let us also define the similarity
measure µ of a qualitative SC as the value equal to this SC if, instead of the samples, the SC
was computed by general populations from which the sample data was taken. It is clear that with
sample size tending to infinity, a qualitative SC will converge to its similarity measure. We also
define the similarity measure of the quantitative SC as the value obtained by replacing Xi and Yi
in the formula for this SC with probabilities pi and qi of species i occurring in the first and second
populations respectively. In Section 2, we will show that quantitative SCs will represent consistent
estimates of their similarity measures if and only if they are frequency SCs.

The need for comparing sets faced biologists as early as the XIX century. However, methods that
allow to quantify their degree of (dis)similarity appeared only at the beginning of the XX century.
Apparently, the very first CS, IJ , which still remains the most popular among similarity indices,
was proposed by the Swiss botanist Paul Jaccard [8]. In essence, IJ is the ratio of the size of
intersection of sets of species in two populations to the size of their union,

IJ =
a

a+ b+ c
,
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274 RODIONOV, SOZONTOV

and it is a qualitative similarity coefficient. Its quantitative analogue is called the Ružička coeffi-
cient [9]:

CR =

S∑
i=1

min(Xi, Yi)

S∑
i=1

max(Xi, Yi)

. (1)

Another popular CS was offered almost simultaneously by L.R. Dice in [10] and T. Sørensen
in [11]:

IDS =
2a

2a+ b+ c
,

whose quantitative form was proposed long before them by Chekanovsky in [12]; it is also known
as the Bray–Curtis index [13]

CBC =

S∑
i=1

2min(Xi, Yi)

S∑
i=1

Xi +
S∑

i=1
Yi

. (2)

It is easy to see that the Jaccard index can be expressed via the Sørensen–Dice index as
IJ = IDS/(2− IDS). By now, dozens of qualitative SC have been proposed. Along with the Jac-
card and Sørensen–Dice indices, the most often used are Ochiai indices IO, Kulczynski’s IK , and
Morisita’s IM , see [7]. All of them monotonically increase from zero to one depending on the num-
ber of common species and, in fact, differ only in their sensitivity to small and large values of a
compared to S.

For the first time, an attempt to evaluate the accuracy of similarity indices was made by Sørensen
in [11], but his method requires not two but a sufficiently large number of samples, which is not
always feasible. A considerable number of publications have been devoted to confidence estimation
of the qualitative similarity measure under the assumption that all species in the general population
are distributed equally, see [14–17],which, obviously, never holds in practice. However, it is worth
noting that if we only have data on the presence or absence of a species in the samples and there is
no information on the number of objects of each of the species in the population, then the choice
of any other distribution is not justified. In addition, the values a, b, and c strongly depend on
the presence of rare species in the sample. As the number of observations increases, the relations
between a, b, and c can change significantly, which hinders the accuracy of statistical analysis for
qualitative SCs with small or average number of observations. In relation to confidence estimation
of the qualitative similarity measure we also note the work [18], where it is assumed that the
distribution of species in the general population is discrete lognormal, and the work [19], where it
is assumed that one dominant species occurs more often than others that, in turn, have an equal
probability of occurring in a sample.

To construct confidence intervals for qualitative similarity measures, Chao in [20–22] developed
a useful bootstrapping-based method for estimating the number of species in the general population
based on a sample. In particular, the work [22] constructs, under the assumption that the Jaccard
index is less than its similarity measure, a confidence interval for the similarity measure IJ ; it does
so, however, without any mathematical justification. Although the method is promising, Chao
was not able to construct a confidence interval for any qualitative SC under general assumptions.
We are not aware of any work that considers the problem of constructing confidence intervals for
similarity measures based on quantitative SCs.
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2. MAIN RESULTS

2.1. Statistical Correctness of Quantitative SC

First of all, we show on the basis of the Ružička similarity index (1) that quantitative SCs rep-
resent consistent estimates of their similarity measures only in case when n/m→ 1 for n,m→ ∞;
recall that n and m are the sizes of the first and second population respectively. Consider two
polynomial models in the framework of the considered problem: in trial j, one object from each
general population occurs according to the probability distributions {pi}i>1 and {qi}i>1 respectively
independently of other trials, i.e., in trial j object i occurs with probabilities pi and qi for the first
and second group respectively. We denote random variables corresponding to the occurrence of an
object of a certain type in the first and second group in trial j as ξj and ηj respectively. Thus, we
have

Xi =
n∑

j=1

I(ξj = i), Yi =
m∑
j=1

I(ηj = i).

Then, since {I(ξj = i)}j>1 and {I(ηj = i)}j>1 are sequences of independent identically distributed
random variables, according to the strengthened law of large numbers

Xi

n
a.s.−−→ EI(ξj = i) = P (ξj = i) = pi,

Yi
m

a.s.−−→ qi (a.s.—almost surely)

(3)

for n,m→ ∞.

Let us go back to the discussion of the Ružička index. Its similarity measure is obviously equal
to

µR =

S∑
i=1

min(pi, qi)

S∑
i=1

max(pi, qi)

.

Then, using the theorem on the inheritance of convergences, properties of almost sure convergence,
and relations (3), in case when n/m→ 1 for n,m→ ∞ it is elementary to show that

CR =

S∑
i=1

min
(
Xi
n ,

Yi
m

m
n

)
S∑

i=1
max

(
Xi
n ,

Yi
m

m
n

) a.s.−−→ µR.

On the other hand, for n/m = d, n,m→ ∞, the Ružička index almost surely converges to

µR(d) =

S∑
i=1

min(dpi, qi)

S∑
i=1

max(dpi, qi)

,

which for d ̸= 1 is different from µR, whereas the frequency counterpart of this index

C ′
R =

S∑
i=1

min
(
Xi
n ,

Yi
m

)
S∑

i=1
max

(
Xi
n ,

Yi
m

) (4)

converges almost surely to µR regardless of the relation between m and n. Similar reasoning is also
valid for the Bray–Curtis similarity index (2), and for other quantitative similarity indices that are
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not frequency indices. Thus, conclusions about the general population obtained on the basis of
quantitative SCs that are not frequency SCs cannot be considered reliable and statistically correct.

2.2. Asymptotic Normality of Quantitative SC

Let us consider the Ružička similarity index and construct a confidence interval for its similarity
measure. We transform this index as follows:

CR =

S∑
i=1

min(Xi, Yi)

S∑
i=1

max(Xi, Yi)

=

n+m−
S∑

i=1
max(Xi, Yi)

S∑
i=1

max(Xi, Yi)

=
n+m

S∑
i=1

max(Xi, Yi)

− 1, (5)

i.e. in fact, the Ružička index depends only on
∑S

i=1max(Xi, Yi).

First, suppose that n = m. Let pi > qi; then for n→ ∞ it holds that P (Xi > Yi) → 1 and
P (max(Xi, Yi) = Xi) → 1, i.e., for large n the occurrence of object i for the second population will
not affect the value of the Ružička index with probability close to one. We define A as the set of
numbers i such that pi > qi, A = {i : pi > qi}, and B = {i : qi > pi}. We also define

P =
∑
i∈A

pi, Q =
∑
i∈B

qi.

Then the similarity measure of the Ružička index can be rewritten in the form

µR =

2−
S∑

i=1
max(pi, qi)

S∑
i=1

max(pi, qi)

=
2

P +Q
− 1.

Theorem. Let n = m. Then for n→ ∞
√
n(CR − µR)

d−→ N (0, VR) ,

where

VR =
4(P (1− P ) +Q(1−Q))

(P +Q)4
.

Proof of Theorem. Let

ζj = I(ξj = i, i ∈ A) + I(ηj = i, i ∈ B), j > 1.

These random variables can obviously take the values 0, 1, and 2. Note that since by assumption
the number of species S is finite, then

P

(
S∑

i=1

max(Xi, Yi) =
∑
i∈A

Xi +
∑
i∈B

Yi

)
→ 1 (6)

as n→ ∞. On the other hand,∑
i∈A

Xi +
∑
i∈B

Yi =
∑
i∈A

n∑
j=1

I(ξj = i) +
∑
i∈B

n∑
j=1

I(ηj = i)

=
n∑

j=1

(I(ξj = i, i ∈ A) + I(ηj = i, i ∈ B)) =
n∑

j=1

ζj =: Tn. (7)

Thus, to prove the theorem, it suffices to show that for n→ ∞
√
n

((
2n

Tn
− 1

)
− µR

)
d−→ N

(
0,

4(P (1− P ) +Q(1−Q))

(P +Q)4

)
(8)
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and
√
n

(
CR −

(
2n

Tn
− 1

))
d−→ 0, (9)

where statistics 2n/Tn − 1 is obtained by substituting the sum Tn in the expression (5) instead of∑S
i=1max(Xi, Yi), and then use Slutsky’s lemma.

First we prove relation (8). Note that {ζj}nj=1 are independent identically distributed random
variables, and we will find Eζ1 and V arζ1. We have that

Eζ1 = EI(ξ1 = i, i ∈ A) + EI(η1 = i, i ∈ B)

=
∑
i∈A

P (ξ1 = i) +
∑
i∈B

P (η1 = i) =
∑
i∈A

pi +
∑
i∈B

qi = P +Q,

V arζ1 = V arI(ξ1 = i, i ∈ A) + V arI(η1 = i, i ∈ B) = P (1− P ) +Q(1−Q).

The central limit theorem implies that

√
n

 1

n

n∑
j=1

ζj − (P +Q)

 d−→ N (0, P (1− P ) +Q(1−Q)) , n→ ∞.

Using the delta method for the function g(x) = 2/x, we get that

√
n

 2n
n∑

j=1
ζj

− 2

P +Q

 d−→ N

(
0,

4(P (1− P ) +Q(1−Q))

(P +Q)4

)
, n→ ∞,

which implies relation (8).

Let us now prove relation (9). Using (6) and (7), we get for n→ ∞ that

√
n


S∑

i=1
max(Xi, Yi)

n
− Tn

n

 d−→ 0. (10)

Since by the law of large numbers Tn/n→ P +Q in probability for n→ ∞, then relation (10)
implies that

∑S
i=1max(Xi, Yi)/n also tends in probability to P +Q. Dividing the left-hand side (10)

by Tn
∑S

i=1max(Xi, Yi)/(2n
2), we have by Slutsky’s lemma that

√
n

2n

Tn
− 2n

S∑
i=1

max(Xi, Yi)

 d−→ 0,

which implies (9). This completes the proof of the theorem.

We now turn to studying the frequency counterpart of Ružička’s index C ′
R (4). The following

statement says that the asymptotic behavior of C ′
R is different from the asymptotic behavior of the

Ružička index at n = m→ ∞.

Proposition 1. For n,m→ ∞ and n/m→ d > 0 it holds that

√
n(C ′

R − µR)
d−→ N (0, VR(d)) ,

where

VR(d) =
4(P (1− P ) + dQ(1−Q))

(P +Q)4
.
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Proof of Proposition 1. Using the fact that
∑

i∈AXi and
∑

i∈B Yi can be represented as sums
of independent identically distributed random variables and are independent, we obtain from the
central limit theorem that

√
n

(
1

n

∑
i∈A

Xi − P

)
d−→ N(0, P (1− P ))

and

√
m

(
1

m

∑
i∈B

Yi −Q

)
d−→ N(0, Q(1−Q))

with n→ ∞ and m→ ∞ respectively, which under the assumptions of the proposition by Slutsky’s
lemma implies that

√
n

(
1

n

∑
i∈A

Xi +
1

m

∑
i∈B

Yi − (P +Q)

)
d−→ N(0, (P (1− P ) + dQ(1−Q))). (11)

The rest of the proof repeats, with slight changes, the corresponding steps of the proof of the
theorem.

Now let us consider the frequency form of the Bray–Curtis index (2),

C ′
BC =

S∑
i=1

min(Xi/n, Yi/m) = 2−
S∑

i=1

max(Xi/n, Yi/m),

and examine its asymptotic behavior. Note that the frequency form of the widely used Ochiai index
IO = a/

√
(a+ b)(a+ c) is also equal to C ′

BC . Relation (11) and a modification of formula (10) for
n ̸= m the following statement.

Proposition 2. Under the assumptions of proposition 1 it holds that

√
n(C ′

BC − µBC)
d−→ N (0, VBC(d)) ,

where µBC =(2−P−Q) is the Bray–Curtis similarity measure and VBC(d)=P (1−P )+dQ(1−Q).

2.3. Confidence Estimates of Quantitative Similarity Measures

In order to construct confidence intervals for Ružička and Bray–Curtis similarity measures, we
need to estimate the asymptotic variance of the corresponding frequency SCs. Consider a random
set of numbers A′ = {i : Xi/n > Yi/m}. Let us show that

P̂ :=
1

n

∑
i∈A′

Xi
P−→ P, Q̂ :=

1

m

∑
i∈A′

Yi
P−→ Q, n,m→ ∞.

Indeed,

P

∑
i∈A′

Xi ̸=
∑
i∈A

Xi

 6
∑
i∈A

P (Xi/n < Yi/m) +
∑
i∈B

P (Xi/n > Yi/m) → 0

by the law of large numbers. Using the law of large numbers and the properties of convergence in
probability again, we have

P̂ =

 1

n

∑
i∈A′

Xi −
1

n

∑
i∈A

Xi

+
1

n

∑
i∈A

Xi
P−→ P, n,m→ ∞,

and the convergence of Q̂ to Q in probability can be proved similarly.
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Using the theorem on the inheritance of convergences and properties of convergence in proba-
bility, it is easy to show that for n,m→ ∞ and n/m→ d it holds that

V̂R(d) :=
4(P̂ (1− P̂ ) + nQ̂(1− Q̂)/m)

(P̂ + Q̂)4
P−→ VR(d),

V̂BC(d) := P̂ (1− P̂ ) + nQ̂(1− Q̂)/m
P−→ VBC(d).

Thus, under the same assumptions we obtain from Slutsky’s lemma that

√
n(V̂R(d))

−1/2(C ′
R − µR)

d−→ N(0, 1) and
√
n(V̂BC(d))

−1/2(C ′
BC − µBC)

d−→ N(0, 1), (12)

which allows us to write asymptotic confidence intervals for Ružička and Bray–Curtis similarity
measures: with probability tending to 1− α the Ružička similarity measure belongs to the interval(

C ′
R − u1−α/2(V̂R(d))

1/2n−1/2;C ′
R + u1−α/2(V̂R(d))

1/2n−1/2
)
,

where u1−α/2 is the quantile of level 1− α/2 of the standard normal distribution; the confidence
interval for the Bray–Curtis similarity measure can be written similarly.

2.4. Testing the Homogeneity Hypothesis Using CS

Finally, we consider the problem of testing the homogeneity hypothesis for the compared popu-
lations. At first glance, the use of the Pearson chi-square two-sample criterion solves this problem.
However, this criterion has certain applicability conditions, which populations obtained in practice
do not always satisfy. In particular, often compared groups of species contain several dominant
species, and all other species are found in the amount of 1–2 specimens, which prevents the direct
use of the chi-square criterion. On the other hand, it is always possible to test the homogeneity
hypothesis for two populations using similarity coefficients.

Thus, we will test hypothesis H0 : µR = 1. In case of coinciding general populations, the sim-
ilarity measure of these two populations is equal to one if property A3 is fulfilled for the corre-
sponding SC, so instead of µR in the definition of the hypothesis one can substitute any other
similarity measure, quantitative or qualitative, that satisfies this property. We will construct a test
criterion H0 using the frequency index Ružička C ′

R. Since this index is always ≤ 1, we propose the
following criterion:

if C ′
R + u1−α(V̂R(d))

1/2n−1/2 < 1, then reject H0,

where u1−α is the quantile of level (1− α) of N(0, 1). It follows from (12) that this criterion will
have asymptotic significance level α. Using the Bray–Curtis frequency index C ′

BC , one can similarly
propose another criterion for testing H0 :

if C ′
BC + u1−α(V̂BC(d))

1/2n−1/2 < 1, then reject H0; (13)

it also has asymptotic significance level α.

3. MODELING

The purpose of this section is to demonstrate the asymptotic properties of the proposed con-
fidence intervals and homogeneity criteria based on SCs. Let us first consider the problem of
confidence estimation for the Bray–Curtis similarity measure of two populations with 10 species in
each, obeying the distributions {pi}10i=1 and {qi}10i=1 respectively. For the simulation, we chose trun-
cated Poisson distributions with parameters 3.5 (dark columns) and 5 (light columns) respectively;
histograms of the corresponding distributions P = {pi}10i=1 and Q = {qi}10i=1 are shown on Fig. 1.
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Fig. 1. Histogram of distributions {pi}10i=1 (dark columns for λ = 3.5) and {qi}10i=1 (light columns for λ = 5).
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Fig. 2. Confidence intervals for the Bray-Curtis similarity measure and the value of the Bray–Curtis frequency
index depending on n (a — n = 2m; b — n = m/3).
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Fig. 3. Confidence intervals for Ružička similarity measure and the value of the Ružička frequency index
depending on n, m = n.

Figure 2 shows the plots of the upper and lower boundaries of confidence intervals (dashed lines)
for confidence level α = 0.95 for the Bray–Curtis similarity measure for the distributions P and Q
and the plot of the frequency index of the Bray–Curtis similarity index C ′

BC (solid line) depending
on n. On the left, n = 2m; on the right, n = m/3. The true value of the Bray–Curtis measure for
these distributions is µBC = 0.76 with accuracy up to the third decimal place (dash-dot line).

It is easy to see that the constructed confidence intervals differ little in their behavior from
the asymptotic confidence intervals constructed on the basis of the standard condition for the
asymptotic normality of the estimate. In particular, with increasing sample sizes, the width of
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Fig. 4. Confidence intervals for the Bray–Curtis similarity measure depending on n in case of samples from
the same population.

confidence intervals decreases, and the true value of the similarity measure almost always falls into
the confidence interval.

Figure 3 shows plots of confidence interval boundaries for the Ružička similarity measure; they
have the same properties as confidence intervals for the Bray–Curtis similarity measure. Here,
the confidence intervals and the values of the Ružička frequency coefficient C ′

R themselves are
constructed for two different pairs of discrete distributions, whose histograms are displayed on the
corresponding plots, depending on n with n = m.

Finally, we turn to the problem of testing the homogeneity of two populations using similarity
coefficients. Figure 4 shows the upper bound from criterion (13) at α = 0.025 (dashed line) for
the Bray–Curtis similarity measure (equal to one in this case) for samples from a single general
population of 10 species, depending on n for n = m; the distribution histogram is also shown in the
figure. The plot also shows the lower boundary of the symmetric confidence interval (that is, the
confidence level of this interval is 0.95) and values of the Bray–Curtis frequency index (solid line),
with which these confidence intervals have been constructed. Note that confidence intervals for
different values of n do not always contain one, i.e., for small n the theoretical level of significance
of criterion (13) is apparently underestimated. This is due to the fact that in this case, the Bray–
Curtis similarity coefficient is always lower than its similarity measure due to the characteristic
features of the SC’s definition.

4. CONCLUSION

In this work, we have considered the problem of estimating the accuracy of quantitative similarity
coefficients. An exhaustive review of publications on this topic has shown that so far no satisfactory
algorithm has been proposed that would have a rigorous justification and would let one find the
boundaries of the confidence interval for a similarity measure of any SC and/or estimate its variance.
In this work, we have proposed a method for constructing asymptotic confidence intervals for
similarity measures of the two most commonly used CS, Bray–Curtis and Ružička. Using the above
method, one can obtain confidence intervals for similarity measures of any other frequency SC.
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There remain open questions about the degree of sensitivity for various SCs and the relationship
of asymptotic and bootstrap confidence intervals, which we will consider in future work.

ACKNOWLEDGMENTS

The work of I.V. Radionov in Sections 1 and 2 was supported by the Russian Science Foundation,
project no. 19-11-00290 provided by the Steklov Mathematical Institute of the RAS.

REFERENCES

1. Cha, S.-H., Comprehensive Survey on Distance/Similarity Measures between Probability Density Func-
tions, Int. J. Math. Model. Meth. Appl. Sci, 2007, vol. 1, no. 4, pp. 300–307.

2. Semkin, B.I., Descriptive Sets and Their Applications, in Issledovaniya sistem. 1. Slozhnye sistemy
(Systems Research. 1. Complex Systems), Vladivostok, 1973, pp. 83–94.

3. Semkin, B.I., The Axiomatic Approach to Introducing Measures for Ordering and Classification of
Descriptive Sets, Patt. Recogn. Image Anal, 2011, vol. 21, no. 2, pp. 164–166.

4. Diserud, O.H. and Ødegaard F., A Multiple-Site Similarity Measures, Biol. Lett, 2007, vol. 3, no. 1,
pp. 20–22.

5. Baselga, A., Jimenez-Valverde, A., and Niccolini, G., A Multiple-Site Similarity Measure Independent
of Richness, Biol. Lett, 2007, vol. 3, no. 6, pp. 642–645.

6. Cheetham, A.H. and Hazel, J.E., Binary (Presence-Absence) Similarity Coefficients, J. Paleontol., 1969,
vol. 43, no. 5, pp. 1130–1136.

7. Pesenko, Yu.A., Printsipy i metody kolichestvennogo analiza v faunisticheskikh issledovaniyakh (Princi-
ples and Methods of Quantitative Analysis in Fauna Studies), Moscow: Nauka, 1982.

8. Jaccard, P., Distribution de la flore alpine dans le bassin des Dranses et dans quelques régions voisines,
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