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methods are illustrated on data from Campos grasslands.

Abstract. The paper offers a probabilistic solution to classification and homogeneity testing in vegetation studies. The
method described overcomes the problem of having to make subjective choices about the number of groups or the acceptable
level of termination in cluster analysis. It also has advantages over other probabilistic solutions in the way that probabilities
are determined. A randomization procedure generates probabilities in pairwise relevé comparisons for input into cluster
analysis to control the homogeneity of groups, or in homogeneity testing within given groups of an existing partition. The

Introduction

Cluster analysis is a commonly used technique in plant
community classifications. Many clustering algorithms have
been offered for in conjunction with a plethora of resem-
blance indices (Anderberg 1973, Orléci 1978, Legendre and
Legendre 1983, Digby and Kempton 1987, Pillar and Orléci
1993a, Podani 1994). Despite the objectiveness of the al-
gorithms, one still has to make subjective choices, such as the
number of groups or an acceptable level of within-group dis-
similarity. Dale (1988) discusses comprehensively the ap-
proaches adopted to deal with this problem. As one
alternative, I believe that probabilistic indices of resem-
blance are useful in the evaluation of group homogeneity.
Orléci (1978:221) discusses earlier techniques along this
line, pointing out the requirement of large samples and un-
correlated variables when computing probabilities, such asin
the case of the Goodall (1966) and Feoli and Lagonegro
(1983) indices.

The technical problem in probabilistic indices is to find
a suitable method for defining probabilities. Past work sug-
gests three options: axiomatic distributions, observed dis-
tributions in the actual sample, and distributions generated in
randomization and related methods. The technique in
Goodall (1966) is an example of the first two and in Strauss
(1982), Jaksic and Medel (1990) and Pillar and Orldci
(1993a:69) of the third. Techniques of randomization are
reviewed in general terms in Edgington (1987), Manly
(1991) and Crowley (1992). Precedents for the use of ran-
domization and other Monte Carlo methods are many in re-
lated fields. Examples include Rohlf (1965) and Orlé6ci and
Beshir (1976) in population biology, and Orléci and Kenkel
(1985:80), Orléci et al. (1986), Legendre and Fortin (1989),
Podani (1991), Cornelius and Reynolds (1991), ter Braak

and Wiertz (1994) and Pillar and Orléci (1995 mscr.) in com-
munity ecology.

In this paper I build on the idea that the probability as-
sociated with a resemblance quantity can itself be interpreted
as a measure of resemblance. Goodall (1966) offered resem-
blance measures of this kind, but did not use randomization.
The randomization alternative relies on a larger reference
base, which has a good chance of improving accuracy. I
apply a randomization method with the objective to construct
community groups with maximum homogeneity in one case,
and to evaluate the homogeneity within a priori defined
groups in another case. The probabilities generated in ran-
domization are direct input for cluster analysis.

The randomization algorithm

The probabilities generated for pairwise relevé re-
semblances express how common the observed values would
be if the null hypothesis of random composition was in fact
true. Random composition implies a random assortment of
taxa among the communities described by relevés. This
would be expected if the populations were both environmen-
tally neutral and non-interacting. Different algorithms can be
used to generate random data sets according to this null
hypothesis. The problem is related to testing randomnesss of
species co-occurrences in islands, which is addressed in Con-
nor and Simberloff (1979), Wright and Biehl (1982), Gilpin
and Diamond (1987), Wilson (1987, 1988) and reviewed in
Manly (1991:233), who points out the difficulties and am-
biguities in defining a random allocation algorithm for this
purpose. It is also related to algorithms discussed in Strauss
(1982) and Jacsic and Medel (1990) for probabilistic species
clustering. Indeed, various algorithms are possible, depend-
ing on whether all taxa are equally like to occur in a com-
munity or the probability of each taxon is proportional to its
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frequency in the data, whether the number of taxa in a given
community is constant or not, and how quantitative data
should be treated.

I adopt here the algorithm described in Pillar and Orléci
(1993a:69). The input data set comprises n relevés, each con-
taining the records of s; populations. Each population
belongs to a taxon and the same taxon may appear in dif-
ferent relevés. The complete data set forms a pool list of
m=8] + S + ... + sp plant populations and corresponding
taxon-identities. The taxon-identities are likely to be
repeated in the pool. This list is used in the design of the
reference set under the null hypothesis of random composi-
tion. The reference set (Hope 1968, Edgington 1987:305)
contains all p! data sets that result by permuting the p taxon-
identities among the populations. Actually, because of
repeating taxon-identities in the list, the reference set will

5
contain Hfh! identical copies, where s is the number of non-
h=1

repeated taxon-identities listed in the data set and fy is the
frequency of occurrence of taxon h in the n relevés.
However, these repetitions will not affect the derived
probabilities. As the reference set may be too large for direct
computation, a sample with a limited number of random per-
mutations is taken (Hope 1968, Edgington 1987:43). For
this, the list in the ith relevé is formed by s; randomly allo-
cated taxon-identities from the pool, without replacement.

In quantitative data a performance value, such as density,
cover, or frequency observed in the community is attached to
each population. The observed performance value is taken as
being inherent in the plant population and not subject to ran-
domization. The assumption that the community has an in-
ternal structure in which some populations are dominant is
implicit in this. Performance values of populations that end
up assigned to the same taxon-identities in the same random
relevé are pooled. Likewise, repeated taxon-identities are
pooled in qualitative data, but the value attached to the
pooled population remains one. Because of pooling popula-
tions, the number of taxa in a random relevé, its richness,
may be smaller than the observed but will not be larger. It is
assumed that the total performance value in a relevé and
secondarily its richness define the carrying capacity of the
site, its environmental limit. Figure 1 illustrates the genera-
tion of random data sets.

It has to be assumed that the measuring scale of perfor-
mance is linear to allow simple additivity of the measure-
ments in the randomization procedure, for which Fig. 1 is
example. In other words, the sum of the measured perfor-
mances of two populations taken individuaily should equal
what would have been measured if they were not considered
distinct. I should note that transformations may not establish
additivity.

Having an element of the reference set, either randomly
generated or the observed, the analysis continues with the
computation of a resemblance matrix between relevés. Any
resemblance function that can reveal relevant structures in
the data is admissible. In a resemblance matrix of n relevés,

there are n(n-1)/2 distinct pairwise comparisons that are
potentially informative. For each pairwise comparison of
relevés i and j the test involves an observed resemblance
value dj and an associated distribution under the null
hypothesis. This distribution defines the probability
P(df 2 dj)) that any randomly chosen value dfj from among
those that materialize in the reference set will be at least as
large as dij.

The randomization process is performed by an iterative
algorithm. The n(n-1)/2 pairwise resemblance values of the
matrix computed at each iteration are compared with the cor-
responding values in the resemblance matrix computed with
the observed data set. After a large number of iterations, each

probability P(df} 2 dj)) is obtained as the proportion of itera-
tions in which randomly generated df} was at least as large

as the observed dij. The minimum P(d} > djj) is 1/total num-
ber of iterations) . The result is a matrix of probabilities.
Since the observed data set is counted as one iteration, in at
least one iteration df} is itself the observed value dij. When d;
measures dissimilarity, 1 -P(d§ > djj) =P(df} < djj)is used,
so thatlarge P(d} < djj) values will correspond to large dis-
similarities. The example in Figure 1 explains the modus
operandi. The number of iterations must be large, so that the
probabilities will be close to the exact ones that would be
obtained in complete evaluation of the reference set (Hope

1968). As suggested by Crowley (1992), the number of itera-
tions must be at least 1000 for a 5% significance level.

Assessing relevé group homogeneity

The probabilities generated by the randomization meth-
od are used to test the commonness of the observed resem-
blances. The one complement 1 -P(dﬁ 2 djj) is a measure
of the extent to which the observed dissimilarity dij departs
from its expected value when the relevés are constructed by
random assignment of taxon-identities under a random com-
position null hypothesis. On the basis of these probabilities
one can decide whether the dissimilarity of two relevés can
be considered extreme (very small or very large). An extreme
value is indicated if P(d§ = djj) is smallor 1 - P(dg = dy)is
small. Any threshold value o can serve as the limit to what
is to be regarded as a sufficiently small probability. Usually
o is 0.05 or 0.01. A small P(dj} > dy) indicates greater dis-
similarity than would be expected by chance and a small 1 -
P(d% > dj) indicates that the dissimilarity is smaller than
could be expected by chance. The latter is the more likely
case in actual samples. If it is true, the relevé pair is con-
sidered indistinguishable. In other words, the idea of indis-
tiguishability is broadened beyond the case of the least
dissimilar pair, allowing one to declare that they belong to
the same community type. I apply this idea to set limits in the
evaluation of homogeneity within relevés groups.

The matrix of observed resemblances will have a cor-
responding matrix of probability values that can be input into
cluster analysis as can any other resemblance matrix. The ob-
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Data table
Observed relevés, Levé
iteration 1: Relevés
Taxa % ; ; 01
Relevé a: 1 4 > 5 4
2 2 3 021
Relevé b: 2 5 +
3 2 N .
Dissimilarity matrix D
Relevé c: 1 1 ,
2 4 _a b ¢
3 1
Pool of g 0 g g
taxon-identities o .
1,
Data table
Random relevés, Relevés
iteration 2:
Taxa $% 1 51
Relevé a: 2 4 2 05
32 —’ 3 20

Relevé b:

W
[ S,
‘ N O

Relevé c: 1 1
2 4

2 1 -a_b c

a 0 9 4

b 0 11

C 0

... Repeat the steps with random data sets many times ...

In a run with 1000 iterations the resuits are:

Probabilities

(of finding a a b c
dissimilarity smaller a o0 0.31 0.25
than the observed if b 0 0.03
the hypothesis of c 0
random composition is

true)

Figure 1. Randomization algorithm applied to artificial data under the random composition hypothesis. The main text
describes concepts and technique. Three vegetation relevés (a, b, ¢) are involved. The number of taxa is three. Performance
values are cover percentage estimates divided by 10. Each taxon-identity in the pool is repeated as many times as the num-
ber of relevés in which it occurs in the data. The cover values remain unchanged in the expanded matrix, only taxon-iden-
tities are permuted. Population quantities that are identified by the same taxon in a random relevé are pooled.
Resemblance matrices in this case were computed based on the absolute value function. For example, in the observed data
set dap = 14-01 + 12-51 + 10-2] = 9. Note that the observed data is iteration 1. In a run of 1000 iterations the 1 -P(doij > dij)
probability of obtaining a d°sp < 9 was 0.31, included as the second element in the probability matrix. When interpreting
the diagram, the reader should follow pathways indicated by arrows starting with the observed relevés. Note that dj; is an
element of D and d°%; is an element of D°.
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Table 1. Resemblance values for 15 Campos relevés (data from Pillar 1992). Matrix A contains in the upper half squared
Euclidean distances and in the lower half the one complements (1-P(d°%; > djj)) of the corresponding probabilities generated
in randomization under random composition hypothesis. The number of iterations is 1000. Rows and columns correspond
to relevés a to o. The 1-P(d’%; 2 d;)) value indicates how rare is a resemblance value. For instance in A, for relevés a and b
the probability of obtaining a distance smaller than 120 is 0.041, which is sufficiently low to regard the relevés as not being
significantly different. The opposite is indicated for relevés a and d where the probability corresponding to 197 is 0.424.
Compare these values to the frequency distributions in Fig. 2. Matrix B contains Goodall type probabilistic dissimilarity in-

dices (Goodall 1966) computed by program PINDEX (Orléci 1990).

A a b c d e f g h i j k

a0 120 92 197 91 8 100 76 128 188 193
0410 204 213 211 201 206 178 198 118 187
.005 .189 O 251 59 101 66 56 180 158 261
.424 402 498 0 186 242 221 207 119 171 160
015 345 .0 311 0 70 69 63 171 215 232
.006 .225 .008 .506 .003 O 65 57 143 223 256
009 225 .0 .345 001 .0 O 56 158 206 193
0O .18 .0 385 .003.0 0 O 156 170 233
061 258 .14 .05 .208 .06 .072 .118 O 136 243
.108 .015 .046 .088 .209 .193 .141 .074 .031 O 287
287 .188 .503 .137 .514 517 .172 .48 .569 .558 0

005 .211 .0 507 .01 .01 .002 .01 .076 .089 .52
015 .047 013 .22 .124 .051 .045 .033 016 .0 .607
.0 .161 .042 .403 .022 .0 .003 .001 .035 .218 .572
.575.46 53 .2 561 .546 .318 .429 .563 .575 .001

os 5 gt e TG ~H O QL O O

9998 1 0

e 99971 8973 .99950

f .9994.9995 .9998 1 99200

gl .9868 8747 1 9996 9933 0

h .9989.9977 9353 | 9959 .9999 .8497 0

i .9907.9999 | 9801 1 9997 | 1 0

i1 .9593 .9592 9983 1 .9999 .8647.9932 9978 0

k .9998.9982 1 78551 1 1 1 9999 1 0

I 99821 9949 1 .9996 .9894 .9999 .9947 .9978 .9999 {
m .9977.9997 .9996 | 1 1 9987 1 9942 9723 1
n 92141 1 9995 9818 .9998 .9995 9533 .9978 | 1

ol 1 1 9611 .9999 | l 1 9999 1 I

jective is to generate probabilistically justified homogeneous
groups. For this the whole matrix of probabilities, treated as

adissimilarity matrix, is the input in complete linkage cluster A
analysis (Sneath and Sokal 1973:222). This clustering al- 891
gorithm minimizes the dissimilarity between the most dis- ]
similar relevés  within  the groups formed in the 404
agglomerative process. Complete linkage clustering is ad-

vantageous in this case since the level of within group dis- o]

similarity at each node corresponds to the largest pairwise |

- P(di} 2 djj) of the relevés in the group joined at the node 80
and, therefore, will indicate directly the probabilistic level of
group homogeneity. I this level is not larger than the
specified threshold value o, the group is considered a
homogencous vegetation type.

40

Figure 2. Frequency distributions of 1000 randomly
generated distance values for selected Campos relevé pairs.
Shaded areas under histograms correspond to the propor-
tion of random distances that are smaller than the ob-
served. The numbers 120, 197, 274 indicate the observed
squared Euclidean distance taken from the upper half of
matrix A in Table 1.
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Figure 3. Complete linkage clustering of Campos relevés
(labels a to o) based on (A) 1-P(d°; >dij) probabilities
generated in randomization (lower half of matrix A in
Table 1); (B) Goodall’s (1966) index (Table 1B) and (C)
Euclidean distance (upper half of matrix A in Table 1). The
methods are described in the main text. Horizontal scales
indicate the maximum distance within the group merged at
the level in tree C, and the probability of the group merged
being heterogeneous in trees A and B. At the probability
threshold 0.05, 5 homogeneous groups are recognized in
tree A [(a, ¢, f, g, h, ¢, 1, n), (b), (d), (i, j, m) and (k, 0)]. This
is not much different from tree C. In tree B, the group
structure is completely different.

In another case, the objective is to evaluate homogeneity
probabilistically within relevé groups in the context of an ex-
isting partition. For this, for each group a submatrix of prob-
abilities is extracted from the original probability matrix,
containing the comparisons of relévés belonging to the group
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11 (12.5%)

!
(22.3%)

Figure 4. Ordination of 60 Campos relevés. The labels 1 to 6
identify vegetation types in Pillar et al. (1992): 1. Facelis-
Paspalum, 2. Aristida-Borreria-Paspalum, 3. Baccharis-An-
dropogon, 4. Desmodium-Axonopus-Paspalum, 5. Eryngium,
6. Eleocharis-Centella.. . The ordination is Principal Coor-
dinates on a matrix of Euclidean chord distances. The data
set is in Pillar (1988).

within which homogeneity is to be assessed. For the group
being homogeneous, the largest pairwise probabilistic dis-

similarity 1 - P(d{} 2 d;)) of the relevés in the group must not
be larger than the specified threshold value o.

Finding homogeneous groups in real data

The data set contains 15 relevés from Campos grasslands
described by 27 character-set types (CSTs in Orl6ci and
Orléci 1985, Orléei 1991, Pillar 1992, Pillar and Orléei
1993a,b). The CSTs are defined by the states of 5 characters:
growth-form 1 (stoloniferous, rhizomatous, else), growth-
form 2 (solitary, rosette, caespitose), leaf cross section
(straight, folded, rolled, else), leaf width (ordered classes)
and stem (culm) tissue type (herbaceous, woody, no stem).
The complete data set is in Pillar and Orléci (1993a). A
character-based description is a peculiarity of the example,
not strictly required for the test. Table 1 contains the resem-
blance values and corresponding probabilities obtained by .
randomization and using one of Goodall’s techniques
(Goodall 1966). Figure 2 gives the frequency distributions of
pairwise resemblances generated through randomization.

The dendrogram in Fig. 3A indicates five homogeneous
groups of relevés at probability threshold 0.05. The
dendrogram in Fig. 3B is based on the Goodall index. Fig.
3C displays a non-probabilistic cluster analysis based on
Euclidean distances. It is evident that the group structure
derived with the Goodall index has little connection to the
group structures revealed by the other methods. Goodall et
al. (1987) point out that the Goodall index is problematic for
quantitative data in the presence of many zeros. As an alter-
native they recommend another algorithm (AFFINC) which
involves data manipulations beyond what I would consider
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Figure 5. Homogeneity tests in 6 community types identified in the caption of Fig. 4. The clustering algorithm is complete
linkage applied to probabilistic relevé resemblances within the type. The probabilities were generated in randomization in
the set of 60 relevés. The horizontal scales indicate 1 - P(d%; > dij) probabilities. Numbers on the vertical scales are relevé
labels. The most homogeneous type is Baccharis-Andropogon with 1 - P(d%; 2 dij) = 0.06 and the least Facelis-Paspalum (1 -

P(d’%; 2 dij) = 0.63).

appropriate under the circumstances (see also Goodall and
Feoli 1988).

Assessing community type homogeneity in real data

This example involves 6 vegetation types described in
Fig. 4. The data set contains 60 grassland relevés described
by 60 species near Porto Alegre in Campos vegetation
(Rambo 1956, Cabrera 1971). The numbers 60/60 are coin-
cidental. Randomization is applied to the entire data set to
generate probabilities for 60(60-1)/2 pairwise relevé chord
distances (Orl6ci 1967). Six matrices of probabilities for the
test are extracted from the master probability matrix, relevant
to pairwise comparisons of relevés within community types.
Complete linkage clustering is performed on the prob-
abilities within the types. The result (Fig. 5) shows that only

the Baccharis-Andropogontype is homogeneous at a reason-
ably low threshold level (0.06). The other types would have
to be further divided to attain this level of group homo-
geneity.

Discussion

It is seen from the foregoing text that relatively simple
(albeit computationally tedious) manipuiations can provide
a randomization solution to classification and homogencity
testing. The advantage of this is that a well-justified criterion
determines the termination of cluster analysis or the intercep-
tion of a dendrogram to define community types. This is not
50 in the other methods where probabilities come from
theoretical distributions or from the observed distribution
within the sample. The problem with these is that the as-



sumptions of the theoretical distribution are not met or the
sample is too small. The randomization and Monte Carlo
methods in Strauss (1982) and Jaksic and Medel (1990)
could be adapted to vegetation data, but they generate a com-
mon distribution instead of a distribution for each pairwise
comparison, which is problematic in defining the sig-
nificance of cluster nodes. Furthermore, Jaksic and Medel’s
algorithm, instead of random reordering, applies random
sampling with replacement in the re-assignment of descrip-
tors to units and, therefore, is appropriate only to data sets in
which sampling units are selected by random sampling, since
this must be assumed in such a Monte Carlo method (see
Crowley 1992). This requirement may be very restricting in
vegetation studies.

The randomization techniques designed for group com-
parisons (see, e.g., Edgington 1987, Manly 1991, Pillar &
Orléci 1995 mscr.) are not appropriate for testing group
homogeneity as defined here. There would be a circular ap-
proach because the tests would use the same compositional
data that were used in cluster analysis to maximize the dif-
ferences among groups; it is likely that significance will be
declared. These methods, defined under a random partition
null hypothesis, are more appropriate to test whether relevé
groups defined by one set of variables (factors) are sig-
nificantly different when described by another set of vari-
ables.

Nevertheless, some comments are needed on the ran-
domization algorithm used here. It may be argued that pool-
ing populations belonging to the same taxon within random
relevés determines that more common taxa will tend to be
pooled more frequently than less common ones, and thus the
ratio between the frequency in the list and the probability of
being present in a relevé will be larger for the less common
taxa. In spite of this, taxa observed in more relevés will be
proportionately more common in the reference set. By exten-
sion, an observed coincidence of rare taxa will also be rare in
the reference set (Goodall 1966). This is important, since
otherwise any taxon would have the same probability ir-
respective of its frequency in the observed data set. This is
not desired, because (for example) two relevés sharing a rare
taxon in the data set would not appear any different from the
point of the test than if they were sharing a common taxon.
The alternative in Strauss (1982) and Wilson (1987) is not
appropriate because their constraint, that the number of taxa
on each site and the number of sites each taxon occurs in a
random data set are the same as those in the observed data
set, would not fit under the null hypothesis defined here. A
typical example is when a species occurs in all relevés; fol-
lowing such a constraint there would not be any random al-
location of this species because it would have to be allocated
a priori to all relevés.

I should note also that the probabilities and the percep-
tion of homogeneity are local and may only be valid within
the same data set. A different probability may arise for the
same relevé pair, or homogeneity may be differently per-
ceived within the same group, if new relevés are added to or
relevés are removed from the set (Orléci 1978:64). A pos-
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sible solution to this problem is to use process sampling, in
which the sample stability measured by a specific stress
function indicates optimal sample size (Orléci and Pillar
1989) and implies "stable” probabilities. Similarly, the use of
a different resemblance measure may produce different
probabilities.
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