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VARIABLE CENTERED METHODS AND
COMMUNITY CLASSIFICATION

H.M. André, Musée royal de 1'Afrique centrale, Entomology section, B-1980 Tervuren and Laboratoire d'Ecologie et de
Biogéographie, Université Catholique de Louvain, Place Croix du Sud, 5, B-1348 Louvain-la-Neuve.
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Abstract: Variable centered methods of classifications are briefly described and classified into three ty-
pes: multiple partitioning, initial clusters and dynamic clusters methods. A program for each has been te-
sted (OSUCL4, TABORD and PARTS). Inasmuch as biotic community composition is studied and subjected
to comparison and classification, the author proposes to use consistently variable centered classification
algorithms, particularly the multiple partitioning methods such as OSUCL4. Special attention is given to
the hierarchical interpretation of this method, initially designed as nonhierarchical, by preventing the di-
chotomous process usually associated with hierarchical procedures. Tests also indicate that the use of per-
centage dissimilarity give ecologically most easily interpretable results.

If classificatory procedures are to be used rather than
played with, ecologists must choose one or a very few
methods and use them consistently. The choice will una-
voidably be somewhat arbitrary.

Pielou (1977 : 331)

Introduction

Community ecology or biocenotics concerns assem-
blages of plants or animals living together in a given area
or physical habitat. There are many possible approaches
to classifying such assemblages. These emphasize dif-
ferent kinds of community characteristics as the bases
of classification. For instance, phytosociologists may
emphasize the floristic composition of vegetation or its
physiognomy. Because of these various approaches, ma-
ny schools have evolved in phytosociology, each with
distinctive methodologies and emphases. Their history
is reviewed by Whittaker (1962) and Shimwell (1971).
Classification of animal communities is much more re-
cent and, most often, workers emphasize community
composition.

Hereafter, biotic communities will be characterized
by their composition. Indeed, even if taxon-free approa-
ches are useful in special cases (cf. Orléci and Stofella
1986), the full species composition of communities is
thought to better express their relationships to one ano-
ther and to the environment than any other characte-
ristic (Westhoff and Maarel 1973, Whittaker 1973). The
approach implies that ecologists abstract from field data
a formal description of communities and recognize
community-types. The characteritics of the community-
type may be generalized. As emphasized by Whittaker
(1973), such a definition will describe a class, a grou-
ping of samples, by their shared characteristics and, ac-
cordingly, a community, as a class-concept, will be
inescapably an abstraction. Most often, the class con-

cept is associated with the notion of ‘average commu-
nity’ represented, in mathematical terms, by the cen-
troid of the class (see below). The centroid, as any other
abstraction, does not occur in nature, but this does not
mean that it is meaningless as stated by Beals (1973).
The conflicting views regarding abstract vs. concrete
approaches is classical (cf. Barkman 1970, 1973). Spe-
cific methods have been designed for ecologists inte-
rested in defining concrete sociological groups (see a
recent example in André 1984, 1985b).

Even if species abundances in relevés or samples, are
accepted as the primary data for community classifi-
cation, many methods remain available to ecologists.
Different requirements and associated methods have
been extensively discussed in numerous publications,
informal vs. formal, exclusive vs. polythetic, monothe-
tic vs. polythetic, qualitative vs. quantitative (see e.g.
Pielou 1977, 1984, Orléci 1978, Gauch 1982, Greig-Smith
1983, Legendre and Legendre 1983, 1984). In compari-
son, the problem of selecting hierarchical vs. reticula-
te methods has been given little attention. My aim in
writing this paper is threefold: (1) to draw attention to
the assumptions implicit in hierarchical methods, (2) to
test comparatively different ‘‘variable centered classi-
fication’’ algorithms, and (3) to propose the generali-
zation of the one which is compatible with (1).

Hierarchical structure: pros and cons

As noted by Goodall (1986), classification implies no-
thing about any possible relationships between classes.
The classes are recognized as discrete groupings - that
is all. However in a hierarchical classification, the clas-
ses at any level are subdivisions of classes at a higher
level. The results are expressed in the form of a den-
drogram, i.e. an acyclic connected graph. This means
that a hierarchical procedure does not yield a classifi-
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cation directly, but it remains to be derived by cutting
accross the dendrogram. Three major solutions for se-
lecting a level - or stopping rules - are presented and
discussed by Lambert and Williams (1966) and Pielou
(1977). However, the resulting dendrogram has also an
advantage in that a simple analysis may be viewed on
several levels at once. Hierarchical procedures are al-
so supposed to be better known, less cumbersome and
more widely used in ecological work than the others
(Lambert and Williams 1966). Most have, however, a
major drawback, since they contain no provision for
reallocation of entities which may have been poorly
classified at an early stage of the analysis. Possibly this
can be done in follow-up analyses by other methods.

The mathematical or technical reasons notwithstan-
ding, the question arises as to whether hierarchical clas-
sifications are ecologically meaningful. Goodall (1986)
stated that there is little reason to assume that diffe-
rences between associations will fit into a hierarchical
stucture. This statement is not supported by the past
history of phytosociology, a history rich in numerous
hierarchical systems proposed well before the use of
modern quantitative methods (see Whittaker 1962,
Shimwell 1971). Goodall’s assertion is denied by Gauch
and Whittaker (1981) who discuss the theory of hierar-
chical classification in application to ecological commu-
nities. Furthermore, Simon (1962) cited by Gauch
(1977), Piaget (1967) and Koestler (1978) provide a phi-
losophical basis for viewing communities hierarchical-
ly. All living beings survive and reproduce within a
hierarchy of environments like a nest of Chinese bo-
xes packed into each other. To this hierarchy of envi-
ronments corresponds a hierarchy in communities.
Burges (1960) and André (1985a) focused attention on
communities which may extend for only a few centi-
meters or perhaps only a few millimeters. These micro-
associations are part of larger associations which, in
turn, are part of larger communities, and so forth. The
whole set forms a hierarchy seemingly open-ended at
the top. As emphasized by Koestler (1978), at each le-
vel of the hierarchy, communities are sub-wholes in
their own and form stable, integrated structures, equip-
ped with self regulating devices and enjoying a consi-
derable degree of autonomy.

There is however another characteristic implicit in
most hierarchical procedures in ecology, which has been
neglected by ecologists, the dichotomous process. If a
divisive procedure is used, this means that the whole
set of data is divided into two parts, each of them being
in turn divided into two parts, and so on. No serious
ecological argument supports such an approach. In ad-
dition, such an approach is likely to distort the real
structure of data as shown by the simple example of
Fig. 1. For convenience, this example involves three se-
ries of samples with only two species, one series. whe-
re species A is dominant (90, 95 and 100% as relative

A B C
TR naﬂau
apjlansfoalon

. o B F
(2304 Gleliel]
. ) 11213] [4]5]e] [7]8]9]

° sp. A u‘bundonce 100%
Fig. 1 (A) Dummy data comprising nine relevés (1 to 9) with
two species, A and B. (B) Successive partitions obtained
by using divisive and hierarchical methods with the cor-
responding dichotomous structure imposed on data (C). (D)
Successive partitions obtained by using OSCUCL4 with the
corresponding trichotomous dendrogram (E).

abundance), another where species B is dominant (sa-
me values) and a third series where species are equally
represented. Most hierarchical procedures fail to yield
an appropriate classification because they impose a di-
chotomous structure on data which obviously present
a trichotomy. If a hierarchical approach seems to suit
the ecological concept of biotic communities, the dicho-
tomous process implemented in most algorithms seems
to be unacceptable. This clearly implies that ecologists
should use either a nonhierarchical method or a hierar-
chical approach that respects the possible ‘‘polyotomy’’
of data.

Variable centered classification

Hereafter, I shall focus attention on variable cente-
red classification algorithms - often called nonhierar-
chical clustering methods (Anderberg 1973) or
partitioning techniques (Everitt 1974). The term ‘‘non-
hierarchical clustering’’ is unfortunate, since, as explai-
ned in the next section, a hierarchical interpretation
may be associated with the results. The variable cen-
tered algorithms are likely not to impose a rigid hierar-
chical structure on data. From a mathematical point of
view, they are considered to be the most appropriate
partitioning techniques for treating large data sets (Le-
bart et al. 1979). As Everitt (1973) suggested, these al-
gorithms differ in three points: (1) the method for
initiating clusters, (2) the method for allocating entities
to initial cluster, (3) the method for reallocating points
once the initial classification has been completed.
Roughly, two major approaches exist to initiate a clas-
sification which give rise to two main types of algo-
rithms: multiple partitioning methods and initial cluster
methods. From the latter is derived a third type, the
dynamic clusters methods.

Multiple partitioning methods

In the first type, multiple partitioning, all the sam-
ple points are assigned to one group whose centroid is
C 1 1 (the first subscript refers to the partitioning le-
vel and the second to the cluster identification num-
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Fig. 2. Procedure followed by a multiple partitioning me-
thod (OSUCL4). (A) The centroid C ;_; of all points is esti-
mated. (B) The most distant point from the centroid is
identified. (C) The former point serves as a seed point
(C 2. 9) for the second cluster while C 5 ; moves (arrow)
following the loss of C 3 5. (D) Reallocation procedure un-
till all points are stable. (E) The most distant point from
its own centroid serves as a seed point for the third clu-
ster. (F) The final 3-class partition (stars represent cen-
troids, points represent the former position of centroids,
arrows indicate the movement followed by centroids; dot-
ted and broken lines respectively oultine intermediate and
final clusters at each partitioning level).

ber) is computed (Fig. 2A). Then this first group is sub-
divided into two clusters by selecting the point themost
distant (dissimilar) from the initial centroid C ; ; (Fig.
2B). This point and the centroid are then used as clu-
ster nuclei - also called seed points (Anderberg 1973),
center points or ‘‘étalons’’ (Diday 1971) - around which
the set of sample points can be grouped. This implies
that each sample is compared to the two seed points
and placed in the cluster with which it shows the clo-
sest link (Fig. 2C). The procedure tends to minimize the
distance between points belonging to the same cluster
or to maximize the within-group similarity. After the
group affiliation of all sample points is determined, a
second iteration starts in which again all sample points
are compared to the two new centroids C | jand C | 5.
Usually, after a few iterations, the two clusters are sta-
ble (Fig. 2D). In the next step, the seed point of a third
cluster is selected, the sample which is the most distant
(dissimilar) from its own cluster centroid (Fig. 2E) and
the process described above is repeated untill the user-
supplied number of clusters is formed.

It must be emphasized that, at each partitioning le-
vel and iteration, points are likely to be subjected to
reallocations, i.e. transferred from one cluster to ano-
ther. In actual fact at each partitioning level, clusters
may undergo four transformations: they may be main-
tained (Fig. 3A), merely divided (Fig. 3B) or involved
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Fig. 3. The four transformations possibly undergone by
clusters between two partitioning levels: statusquo (A),
mere divison (B), point transfer (C) and partial fusion (D).
The latter two transformations illustrate point realloca-
tions and imply a nonhierarchical relationship between the
two partitioning levels.

in some kind of point reallocation, either through a me-
re point transfer (Fig. 3C) or through a partial fusion
between two clusters (Fig. 3D). It must be emphasized
that the occurrence of point reallocations between two
partitioning levels negates the existence of a hierarchi-
cal relation between these two levels.

The result of the method may thus be presented in
the form of a dendrogram or otherwise, depending on
whether there were reallocations at all partitioning le-
vels. If the results are expressed in dendrogram form,
the term ‘‘nonhierarchical method’’ is inappropriate.
Furthermore, the tree is not necessarily dichotomous.
When such an algorithm is applied to data as in Fig. 1A,
the resulting dendrogram (Fig. 1E) has a trichotomous
structure. Indeed, the reallocation of points 4, 5 and
6 at level 3 (Fig. 1D) is interpreted as an indication that
the 2-groups partition is inappropriate for describing the
real structure of data. Generally, any reallocation oc-
curring between two partitioning levels is a sign that
the higher level is “‘inadequate’’.

Initial clusters methods

Jancey’s (1966) method is a typical case of the se-
cond group of algorithms. These methods begin with the
establishement of a user-supplied number of initial clu-
sters. The initial clusters are formed by the investiga-
tor or, if one wishes to avoid any personal influence,
generated automatically by the program. In a variant,
k sample points are chosen, at random or preferential-
ly, and serve as nuclei around which other samples are
clustered to the nearest center point. The centroid is
then computed for each initial cluster; these centroids
become the new nuclei around which all other samples
are clustered again. This reallocation procedure is re-
peated untill the clusters are stable. Generally to avoid
‘‘useless’’ or endless calculations, a maximum number
of iterations is either defined by the user or provided
by the program. Alternately, a stopping rule such as that
proposed by Jancey (1974) might be applied.

Such methods are also known in the literature as the
k - means methods (MacQueen 1967). Their major draw-
back, already noted by Orléci (1967), is that they re-
quire assumptions about the number of groups existing
within the population before analysis of the data.
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Dynamic clusters methods

The third group of methods is derived from the se-
cond. The procedure is decomposed into two phases.
The first one consists of getting a partition of k groups
as indicated in the second group of methods. The seed
points are chosen at random. The partitioning into k
groups is repeated m times, each time with seed points
chosen at random. The m partitionings into k groups
resulting from the m iterations allow the identification
of stable groups or strong forms. These stable groups
are formed by sets of samples which are grouped toge-
ther in all partitionings. These strong forms sensu Di-
day (1971) constitute the final classes selected by the
method. Any other group of points which has been for-
med for one or several iterations but does not belong
to a strong form corresponds to a weak form. Possibly,
points which do not belong to strong forms are grou-
ped into a residual class. In fact, these methods have
been designed for pattern recognition and pertain to
density search or density seeking techniques.

An experiment with methods
The programs tested

Only programs using variable centered algorithms,
which had been previously used in community analy-
sis were tested. These programs and their main featu-
res are presented in Table 1. The earliest was developed
by George Diehr, School of Business Administration,
University of Washington (Seattle) and applied to com-
munity analysis for the first time by McIntire (1973).
Specifically, it attempts to determine the minimum va-
riance partition of a set of n observations in p di-
mension:

{Xl'J‘i=1,2,...,ﬂ;j=1,2,...,[)}

into k clusters. The problem is to minimize the sums of
squares SS around cluster means given by

k P
S DI Ei(sh Ej:l(xij“xhj)z

where S, is the subset of observations in cluster h, and
X p; is the mean in the j th dimension of the observa-
tions in cluster h. The original program called MACLUS
was a little modified to include different metrics such
as the percentage dissimilarity (PD), also called percen-
tage difference by Odum (1950) or percentage distan-
ce, is the complement of Bray and Curtis (1957)
coefficient. The new version called OSUCL4 (André,
1981) was applied to corticolous arthropod communi-
ties by André (1983, 1985a). This program typically be-
longs to the multiple partitioning methods described in
the previous section.

A second program, TABORD, was proposed by Maa-
rel et al. (1978) for structuring phytosociological tables.
It was used for the same purpose by Jensen and Maa-
rel (1980) and Persson (1981). TABORD is essentially a
clustering procedure belonging to the initial clusters me-
thods described above. It incorporates a procedure for
obtaining tables with diagonally arranged clusters and
it offers 13 similarity coefficients and different devi-
ces to homogenize or combine clusters.

The programs PARTS and NUDYCB both belong to
the so-called dynamic clusters methods. NUDYCB, pre-
sented in Bochi (1973), was used to cluster thecamoe-
bic communities by Bonnet (1976) and collembolan
communities by Bonnet et al. (1979). The original ver-
sion of NUDYCB has been replaced by a new one; un-
fortunately, I have been unable to run it properly even
with test data. The other program, PARTS, was deri-
ved from Diday’s algorithm by Lebart et al. (1977) and
applied to soil oribatid mites by Wauthy (1982).

The last program listed in Table 1 is COMPCLUS
(Gauch 1979, 1980). Although it is related to the varia-
ble centered classification, it does not really belong to
this group of methods as point reallocations are not al-

Table 1. Characteristics of variable centered classification programs used in community analys.

NAME TYPE DIMENSION (2) POINT RELOCATION COEFFICIENTS OPTIONS  SOLUTION TYPE
(€8] sp RE CL Sel. (3) 4) 5) (6) (7
OSUCL4 M 50 400 20 D yes ED,PD,1-cosf U M
TABORD M variable RU yes 23 coeffic. TF M 1
PARTS S 10 U 25 R yes ED SF M-U D
NUDYCB M 60 100 30 RU yes ED, x 2 SF M-U D
COMPCLUS M 3000 5000 2500 R no ED, PD T M *

(1) M = main program; S = subroutine

(2) SP = number of species; RE = number of relevés; CL = number of clusters (strong forms for NUDYCB); U = undetermined.
(3) Selection of initial seed points at random (R), user determined (U) or by selection of the most distant point (D)

(4) ED = Euclidian distance; PD = percentage distance; x 2 =

x 2 distance

(5) Miscellaneous options: F = fusion of clusters; T = selection of a treshold value for similarity; SF = selection of strong forms

sensu Diday (1971)
(6) U = unique; M = multiple

(7) M = multiple partitioning method; I = initial clusters method; D = dynamic clusters method; * = COMPCLUS altough it
is related to variable centered methods does not really belong to this group of methods as point reallocations are not allowed.



lowed. Accordingly, COMPCLUS has not been tested.
The three programs, OSUCL4, TABORD and PARTS
which were tested correspond to the three types of al-
gorithms which I already described.

The data

Using simulated data offers the advantages of exac-
tly known properties and ease of varying these proper-
ties. Simulated data may be designed to assess the
relative merits of different methods and to test their
sensitivity to specific data properties (e.g. dimensiona-
lity, diversity, noise). The experimental approach has
been frequently used to compare ordination methods
(e.g. Austin 1976, Gauch et al. 1977, 1981, Gauch and
Scrupps 1979, Feoli and Chiapella 1980, Gauch and
Whittaker 1981, Kenkel and Orléci 1986) and classifi-
cation programs (e.g. Robertson 1979).

I do not want to minimize the utility of the analysis
of simulated data, but I feel that simulated data sup-
plies theoretical results which may not be convincing
to ecologists. Finding clusters, well-defined from a ma-
thematical point of view, is not necessarily tantamount
to highlighting ecologically meaningful classes. In other
words, the distinction between statistical efficiency and
ecological meaning already pointed out by Austin
(1968), Austin and Greig-Smith (1968) and Beals (1973)
must not be overlooked.

For this reason, I used two sets of field data in the
tests. The first set, taken from Goldstein and Grigal
(1972) involves 12 plant species and 24 samples in a Ten-
nessee watershed. Densities are expressed as relative
abundances, i.e. sample totals are relativized to 100.
This data set has been extensively studied by several
authors using different ordination methods (Goldstein
and Grigal 1972, Gauch 1977, Gauch et al. 1981) and
classification algorithms (Goldstein and Grigal 1972).
This sample matrix is easily interpreted and is charac-
terized by a xeric to mesic environmental gradient (Fig.
4). All hierarchical classification programs used by Gold-
stein and Grigal (1972) produced identical four-group
classifications (namely pine, chestnut oak, oak-hickory
and yellow popolar community types, cf. Gauch 1977).
In most cases, even the hierarchical structure leading
to the construction of these four groups was identical
(see Fig. 1 in Goldstein and Grigal 1972).

The second set of data is more complex as it invol-
ves 50 species and 72 relevés. Beta diversity is high and
is estimated to 4.05 HC by using the empirical formula
of Gauch and Scruggs (1979). It concerns arthropod
communities living in corticolous epiphytes in southern
Belgium and is taken from André (1985a). As in the first
set, data are expressed as relative abundances. DCA or-
dination (Fig. 5B) applied to the matrix allowed the re-
cognition of three gradients: the first axis corresponded
to a gradient from crustose to foliose lichens; the se-
cond was interpreted as a juxta to a discortical envi-
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Fig. 4. Tennessee watershed data. (A) DCA ordination. Cir-
cles represent relevés (1 to 24), diamonds represent cha-
racteristic species (C: chesnust; H: hickory; O’: chesnut
oak; O’’: white oak; P: shortleaf pine; Y: yellow popolar).
(B) Classification obtained with OSCUCL4 using PD from
n=2 to 6 partitioning levels.

ronmental gradient while the third axis was related to
seasons. The use of OUSCL 4 allowed the recognition
of five major classes and twelve facies (Fig. 5A). Two
classes are confined to special habitats or sites at cer-
tain seasons, viz. a Pseudochermes fraxini (Homopte-
ra) community found on Fraxinus during summer and
a Vertagopus arborea (Collembola) community obser-
ved in foliose lichens collected from one site during win-
ter. The three other classes were directly related to the
epiphytic cover, viz. a Dometorina plantivaga (Oriba-
tida) community found in crustose epiphytes, an Eue-
remaeus oblongus / Trichoribates trimaculatus
(Oribatida) community sheltered by foliose lichens and
an Entomobrya nivalis (Collembola) / Cerobasis guestfa-
licus (Psocoptera) community observed in fruticose li-
chens. This set of data is interesting in that it supported
the hypothesis that arthropod communities were rela-
ted to the three major types of epiphytes. However, a
point was misclassified by OSUCLA4 in the sense that a
sample from foliose lichens was grouped together with
the nine samples collected from fruticose lichens.

Running programs

Programs were run on UCL’s IBM 370. Cluster ana-
lyses were performed on both data sets and all metrics
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Fig. 5. Corticolous arthropod communities. (A) Hierarchical classification into 5 classes and 12 facies obtained with
OSUCLA4 using PD. (B) DCA ordination where classes and facies are respectively outlined with continuous and dotted
lines. Species are identified by initials while classes and facies are designated by Roman numerals with a letter. Rele-
vés are indicated by symbols; shape and shading respectively refer to the eépiphytic types and sites (see the inset) (from

André, 1985a).

available in the programs were tested. However in or-
der to avoid an excessive number of different partitio-
nings, only default options provided by programs were
used and special devices such as the cluster fusion of-
fered by TABORD were not tested.

Comparing classifications

Methods of comparing classifications are discussed
by Rohlf (1974). The program used in my study is
GOODM (Goldstein and Grigal 1972). GOODM is a pro-
gram for calculating the degree of association between
alternative classifications of the same points and relies
on a measure proposed by Goodman & Kruskal (1954).
The similarity coefficient ranges from zero to one. The
larger the coefficient, the more similar are the two clas-
sifications being compared. However, the fundamen-

tal criterion for evalutation and comparing clustering
methods remains the level of understanding gained
from classifications.

Results

Tennessee watershed data

Testing all three programs with all similarity coeffi-
cients involved 17 runs and gave rise to 6 different clas-
sifications (Table 2). The influence of the metrics is
obvious since the same algorithm gives different clas-
sifications depending on the selected coefficient (4 clas-
sifications obtained with TABORD and 2 with OSUCLA4).
Conversely, the selection of the same metric used with
different programs (for instance, the Euclidian distan-
ce available in all three programs) does not imply iden-



Table 2. Triangular similarity matrix between the diffe-
rent classifications of the Tennessee watershed data.

(1) (2 (3) (4) (5) (6)
(1) o o o O O O
(2) 0.97 o o o O O
(3) 0.94  0.97 ® o O 0O
(4) 0.88 0.91 0.94 o O O
(5) 0.48  0.48 0.46 0,48 Y .
(6) 0.20  0.17 0.17 0.18 0.00 ®

(1) classification obtained with most coefficients of TABORD
and OSUCL4

(2) PARTS

(3) OSUCLA4 used with (1 - cos 6)

(4) TABORD used with the dispersion coefficient and another
non metric coefficient

(5) TABORD used with variance

(6) TABORD used with error sum

tical classifications.

OSUCL4 used with PD or ED highlights a hierarchi-
cal structure similar to that found by using hierarchi-
cal algorithms MINFO, MDISP and CLUSTER (Goldstein
and Grigal, 1972). It turns out that it is nonsense to go
beyond a four-class partitioning since, from a 5-class
partition, classes are peeling off, i.e. loss of a point at
each partitioning level (relevé 12 at level 5, 15 at level
6, 24 at level 7, etc). Peeling seems to be a good indica-
tor to define a stopping rule.

My last comment concerns PARTS which was una-
ble to identify the four classes defined by phytosocio-
logits. Indeed, PARTS recognized only three groups of
6 points, a 5-point group and isolated relevé 15. Rele-
vé 15 is of course the most dissimilar within its class
(see Fig. 4), but this does not justify its rejection as an
outlier.

Corticolous arthropod communities

Running all programs with the 72 x50 matrix leads
to 11 different classifications. A hierarchical structure
is highlighted when OSUCILA4 is used with PD but the
structure is not dichotomous as explained previously.
Five major classes related to the epiphytic cover are re-
cognized and subdivided into 12 facies. The use of ED
yields different classifications depending on the pro-
gram. The similarity between classifications by TA-
BORD and OSUCLA is 0.84. It varies from 0.67 to 0.77
between TABORD and PARTS and from 0.79 to 0.91
between OSUCL4 and PARTS. Once again the use of dif-
ferent metrics leads to the construction of very diffe-
rent classifications between which the similarity may
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be as low as zero! PARTS gave as many classifications
as there were runs. Partitioning into 6 classes (five real
classes plus one residual) results in a major class com-
prising 31, 38 stat. 43 points out of 72 depending on the
run and is found to be difficult to interpret and relate
to habitats. The similarity between the different clas-
sifications obtained with PARTS was found to be as low
as 0.87. Similarly, TABORD gives rise to a great num-
ber of classifications depending on the metric used and
the random selection of initial seed points.

To investigate the ecological significance of results,
relevés were also classified into 9 classes related to their
origin (epiphyte, phorophyte, site). This a priori (theo-
retical) classification was compared to those obtained
by using OSUCL4 with different coefficients. The most
similar classification was obtained with PD (similarity
0.82) followed by (1-SIMI) (0.75), ED applied to stan-
dardized densities (chord distance of Orléci 1967) (0.76)
and lastly ED applied to relative abundances (0.64). Low
similarity coefficients do not imply that the classifica-
tions are bad, but merely means that it is difficult to
relate those classifications based on species composi-
tion to habitat.

Inspection of the details reveals that some groups of
relevés are almost always identified whatever the pro-
cedure. This is the case of class I which comprises four
samples taken on Fraxinus and dominated by Pseudo-
chermes fraxini. In contrast, facies Illc comprising on-
ly the series of four samples taken from Lecanora
conizaeoides on Betula was often overlooked. This is
easily explained if the composition of the four relevés
are compared to the centroid, i.e. the average compo-
sition of the group. The mean composition is characte-
rized by the dominance of two oribatid species,
Carabodes labyrinthicus which represent over 40% of
arthropods and Dometorina plantivaga which represent
over 20%. Three relevés have a composition close to
this mean composition. However, the winter relevé dif-
fers slightly in that the two oribatid species respecti-
vely represent only 18 and 11% of arthropods and are
dominated by the collembolan Entomobrya nivalis
which represents 21%. Although the ranges of species
are similar, such a modification of the most dominant
species is sufficient to induce ‘‘misclassifications’’. This
is an illustrative example of the sensitivity of certain
algorithms or coefficients to the most abundant species
irrespective of the full range of species. In extreme ca-
ses, some algorithms give so much weight to dominant
species that they tend to be monothetic.

Conclusions

As stressed by Popper (1959), similarity presuppo-
ses the adoption of a point of view or interest. In other
words, things are similar in different aspects and any
two things which are similar from one point of view may
be dissimilar from another. Accordingly, only confusion
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will arise if ecologists do not agree about the adoption
of such a point of view.

In the introduction, biotic communities were charac-
terized by their species composition, precisely by the
full range of their component species and not only by
the dominant one. Mathematically speaking, this point
of view must be formalized. Relative abudances (rele-
vé totals relativized to 100) are thought to better ex-
press the species composition than any other data
transformation. Indeed, any field ecologist will imme-
diatly understand what means a statement such as
‘‘Species A represents 80% of individuals in communi-
ty X"'. Furthermore, test results indicate that relative
abundances used for community classification give sa-
tisfactory results, i.e. ecologically meaningful classes.

However, the performance of a transformation is af-
fected by the choice of the similarity coefficient. The-
se coefficients have been discussed in numerous
publications. Recently, criteria governing the choice of
a coefficient have been discussed by Legendre et al.
(1985) while tables displaying decision-making proces-
ses have been published by Gower & Legendre (1986).
In fact, much depends on our perception of similarity
(Orléci 1978) and the nature of data (Gower and Legen-
dre 1986). Gauch (1973, 1979, 1982) encourages the use
of PD, explains that the dissimilarity value of PD con-
forms well to the mental scaling of dissimilarities origi-
nating from ecologist’s field observations, and attributes
this conformity to the linear weighting of species abun-
dances by PD which emphasizes dominants somewhat
but still considers minor species. From a mathematical
point of view, Gower and Legendre (1986) also encou-
rage the use of PD for clustering (at least if double ze-
ros, i.e double absences of species, are to be excluded)
because this coefficient weighs equally a given diffe-
rence for variables with different ranges of variation
and because it is characterized by a high resolution. On
the basis of the results presented herein, PD used in
combination with relative abundances proves to be a
good - if not the best - choice for community classifica-
tion. That PD give ecologically more easily interpreta-
ble results is consistent with the conclusions of
Bannister (1968), Beals (1973), and even Williams et al.
(1966) who selected PD because of ‘‘its historical in-
terest’’.

A last source of confusion is provided by the choice
of a classification algorithm likely to conform to the
point of view selected by ecologists. While the present
analysis must be regarded as exploratory, and in some
respects inconclusive, the variable centered classifica-
tion algorithms, especially the multiple partitioning me-
thods such as OSUCL4, have proved to deserve more
attention. This algorithm, although it was designed as
a non-hierarchical procedure, is unique in that it is li-
kely to detect - and not to impose - a hierarchical struc-
ture in the data. Furthermore, the possible hierarchical

classification is not necessarily a dichotomous dendro-
gram. Finally, even if there are no real stopping rules,
a careful monitoring of point reallocations will allow
the identification and rejection of inadequate partitions,
i.e. partitions which do not reflect the real structure
of data. In this respect, the algorithm might offer a so-
lution to the problem of finding a correspondance bet-
ween the levels in a hierarchical numerical classification
and the levels of the syntaxa, a solution fundamental-
ly different from that proposed by Feoli and Lausi
(1980). Study of point reallocations also allows the iden-
tification of outliers. This is especially useful when ou-
tliers have to be deleted prior to data analysis trough
ordination methods.

For very large data sets requiring preliminary clas-
sifications, initial clusters methods based on faster pro-
cedures may be preferred. TABORD, or possibly
COMPCLUS (dimensioned for a 3000 x 5000 matrix) are
convenient even if the solution provided is not unique
and varies depending on the number and selection of
initial seed points.

I am quite aware that the arguments propounded
above and the resulting choices are somewhat arbitra-
ry. Unavoidably, any classification will partly reflect
community structure and partly reflect the thought pat-
tern of ecologists (Whittaker 1962, Gauch 1982). Una-
voidably also, clustering procedures involve a numerical
process and any classification depends partly on the da-
ta and partly on the process itself (Williams 1971). The
whole Art consists of choosing a numerical process that
fits the ecologists thinking, and finding the procedure
that meets the ecologists’ requirements and concepts.
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