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Abstract: This new release of the package contains twenty-two FORTRAN programs written for both main-
frame computers and IBM/PC AT and XT compatible machines. Widely used standard multivariate methods
and specific data analytical techniques, some of them suggested by the author, are represented in the
package. The procedures programmed include hierarchical and nonhierarchical clustering, ordination,
character ranking, comparison of classifications and ordinations, generation of consenus partitions and or-
dinations, Monte Carlo simulation of the distribution of coefficients of partition agreement, simulated
sampling based on digitized point patterns, and information theory functions for the analysis of species
assemblages. This paper provides general information on the programs, detailed documentation is given

Introduction

The first version of the SYN-TAX package (Podani
1980) contained four programs for hierarchical cluster-
ing, three included agglomerative methods, whereas the
fourth was designed to perform an information theory
variant of association analysis. The second release
(Podani 1984c) represented a significant extension of
the first; in addition to the classification methods, many
other facilities of data analysis, such as ordination, com-
parison of dendrograms, simulated sampling, and
character ranking were included. The programs have
been used in a wide range of biological applications pro-
viding continuous encouragement to improve the ex-
isting programs and to extend the scope of the package.
The increased availability of personal computers was
another stimulation to develop SYN-TAX III .

As the previous versions, SYN-TAX IIl includes some
methods also available in other well-known packages
(e.g., ORDIFLEX, Gauch 1977; CLUSTAN, Wishart
1975). For example, NCLAS2 offers options for several
widely used hierarchical agglomerative techniques;
likewise, ordination methods have also been programm-
ed by many authors. However, even these programs
have some unique features (e.g., option for single link
and suboptimal fusions to resolve ties in agglomerative
clustering, lineprinter graphics, etc.); and the pro-
cedures never programmed elsewhere (e.g., in programs
MINGFC, PARREL, HMCL2, DENDAT, SAMPROC, and
INPRO3) make SYN-TAX III quite distinct from all other
software currently available for taxonomists and
ecologists.

Each program has two variants, the first prepared
for mainframe computers in IBM’s standard FORTRAN

IV and the second written in Micrsoft FORTRAN 77, ver-
sion 4.0, for IBM XT, AT and compatibles. These alter-
natives produce practically identical results, but there
are some minor differences in printouts, file handling,
etc. Upon request, the package will be modified to any
other installation with at least 2564 K RAM.

The programs may be logically arranged into five
groups: 1) cluster analysis; 2) ordination; 3) evaluation
and comparison of ordinations and classifications; 4)
simulated sampling and analysis of synphenetic pattern;
and 5) character ranking. Of course, the distinction be-
tween these categories is not sharp. For example, pro-
gram MINGFC has been designed to construct a hierar-
chical set of consensus partitions, but the clustering
algorithm may also be used to analyze distance matrices
calculated by other programs. Further relationships are
established by jointly used subroutines and chaining
(the output saved by one program is potential input for
others in many cases).

First, a general description of the SYN-TAX III pro-
grams is presented. Then, basic information on each
program is provided following the five-group classifica-
tion of the programs. Detailed input-output specifica-
tions and examples are not discussed here, these are
included in the user’s manual (Podani 1988c).

Features of SYN-TAX III

The programs have many standardized features for
the convenience of the user. These are collected here
so that the discussion of programs may be confined to
their special characteristics.

Modes of operation

The programs may be run in two different modes. In
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interactive mode the parameters and options must be
specified during program execution. A menu is dis-
played on the screen whenever the user is prompted
for reply. In this mode only the input data, input for-
mat, and - in some programs - labels for variables are
read from files. The interactive mode is recommended
for beginners and is in fact the most convenient way
of specifying input/output options if a single analysis
is done only. However, if one wishes to use several com-
binations of parameters within the same run of the pro-
gram (this is allowed in several programs), the batch or
noninteractive mode becomes more straighforward.
Also, batch execution is a convenient way to run jobs
while away from the computer. In this case almost all
parameters and options must be collected in a separate
file and the user is asked only a few questions regard-
ing mode and files at the start of the analysis.

As far as basic computations are concerned, there
are no differences between the two modes. Some pro-
grams, however, offer more facilities in the interactive
mode. For instance, in program PRANA the scattergram
of transformed ordinations may be printed only in the
interactive mode because the option whether or not to
print the scattergram would be complicated to specify
in advance.

Input data and format

All but one SYN-TAX III programs, the exception be-
ing PARTEST, require input data in form of either a raw
data matrix, distance matrix or some special arrays (con-
taining descriptors of classifications and ordinations,
coordinates, etc.). The raw data matrices must be full,
with variables in rows (except in program PRINCOMP).
Condensed forms are not supported. Missing entries in
the data matrices are usually not allowed because they
are treated as zeros. If special resemblance functions
are used which are applicable to missing values, each
missing entry is to be indicated by a dummy value
preceded by a negative sign. If a distance matrix is in-
put, only the upper semimatrix and the diagonal are re-
quired and are read by columns into a one dimensional
array. The SYN-TAX III programs cannot analyze asym-
metric matrices.

The free input format for data has to be provided by
the user on the first record of the data file in most pro-
grams. Usually real field specification must be used
even if integers are read. Some programs require that
data be prepared in a fixed input format.

Files

The mainframe (MF) versions use device 1 for input
data and device 2 for parameters. Files 3, 4 and 7 are
reserved for temporary data storage and output arrays
which can be analyzed by other programs (see next sec-
tion). There is an option to save printed output on file

8 instead of sending it to the display. These input/out-
put devices must be specified prior to execution accord-
ing to the rules of the actual operation system.

For personal computer (PC) versions, the filenames
and extensions must be specified runtime in both in-
teractive and batch modes. Entering filenames may be
avoided using the default names listed in the menu.
Save files with default names must be renamed after
program execution to prevent overwriting them in the
next run of any SYN-TAX program. Thus, saved resuits
may be retrieved when required (see below).

Chaining

The SYN-TAX save files contain intermediate or final
results that can be used as input for other programs.
The agglomerative clustering programs save den-
drogram merge matrices for subsequent dendrogram
comparisons. All hierarchical classificatory programs
may be instructed to output the sequence of objects in
the dendrograms for use in analysis of concentration
(BLOCK) and comparison of partitions (PARCOM2). The
agglomerative programs prepare and save merge
matrices for dendrogram comparisons by programs
DENCOM and DENDAT. The distance matrices
calculated and saved by a SYN-TAX III program may
be further analyzed by other programs. Ordination
scores are written onto files for Procrustes analysis to
compare ordinations or to construct a consensus ordina-
tion (PRANA). Sampling simulator programs (ELSAMZ2,
SAMPROC) output raw data matrices for clustering, or-
dination and pattern analysis. Finally, the ranking pro-
cedures save the rearranged data matrix so that
multivariate analyses based only on highly ranked
variables become possible.

Lineprinter graphics

Many different graphics libraries exist, but they may
not always be available. Therefore, to ensure univer-
sal applicability of the package, plotting procedures are
not included. Instead, dendrograms and scattergrams
are produced by the lineprinter. They appear in the
same form independently of the type of printers used.
The dendrograms, as output by five programs, may take
up several pages if many objects are classified. In order
to show fine details of the hierarchy, the full den-
drogram is not printed. All fusion levels are shown but
edges below the lowest actual level are cut. The number
of characters determining height of the dendrograms
is specified by the user (72 is recommended for output
on the screen, 120 for printers). Ordination scattergrams
are produced by four programs. The configuration of
points is shown in two dimensions selected by the user.
Objects are identified by serial numbers on the ordina-
tion plane, the maximum number of objects is 999. To
keep the number of overlapping, and therefore omit-
ted, serial numbers to the minimum, only a reduced or-



dination space is portrayed which is determined on the
basis of the actual extreme values on the axes. The
height of the ordination plane is 60 characters, the
width is specified by the user (recommended values are
76 for display and 120 for printer) except in program
BLOCK where the fixed value of 76 is large enough to
show the maximum of 20 points (releve and species
groups). Program ELSAM2 prints a map showing the
location of plot centres in simulated sampling.

System requirements, dimensions, problem sizes

The MF versions are dimensioned so that they can
be run on an IBM 370 under the CMS operation system
with 512 K virtual memory. For many of the PC pro-
grams two executable codes have been made, one for
IBM XT compatibles with 360 K RAM and the other for
AT machines with 520-640 K. For example, the
‘‘smaller’’ version of program NCLAS2 classifies up to
200 objects, whereas the ‘‘large’’ version can handle
as many as 420 objects. In inany programs 360 K is large
enough for any practical poblem size thus allowing all
machines to use the same executable code. It is assum-
ed that the operation system in MS-DOS 2.1 or higher.

Maximum problem size does not always depend on
limitations of memory. For example, the number of
variables (i.e., rows of the data matrix) is unrestricted
in programs NCLAS2, HMCLZ2 and PRINCOOR; the up-
per limit is determined by the maximum file size allowed
by the operation system. In case of mixed data,
however, some limitations hold (namely the maximum
is 999). In program PRINCOMP the number of observa-
tions may not exceed 999 because this is the maximum
number of points that can be displayed in scattergrams.

Cluster analysis

In the SYN-TAX III package major emphasis is plac-
ed on classification; seven programs are devoted to
cluster analysis. Four of them (NCLAS2, HMCLZ2,
INFCL2, and MINGFC) include agglomerative
algorithms, whereas program ASSINZ2 is divisive. Pro-
gram PARREL has been designed to improve output or
random partitions iteratively according to a global op-
timality criterion. Program MINSPAN, written for con-
structing minimum spanning trees, is also included in
this category because of its obvious relationship to the
clustering methods.

The agglomerative programs share several features.
Specific routines are included to solve fusion am-
biguities often encountered during the clustering pro-
cess especially if binary data are analyzed. Packages
currently available resolve ties by arbitrary choices and
the user is not even warned that the fusion sequence
is not unique. Spurious details that are potentially in-
troduced in this way into the analysis may have serious
impact on the results as demonstrated by Podani (1980).
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The agglomerative programs have two options for tie-
breaking: 1) tied pairs are fused according to a single
linkage criterion, and 2) the fusion of tied objects is
omitted and a suboptimal fusion with which no ties are
associated is done instead (Podani 1988 describes the
details). In addition, programs NCLAS2, HMCL2 and
INFCL2 may be run in the ‘‘traditional’”’ manner, i.e.,
disregarding ties by arbitrary fusions.

I. Program NCLAS2

Distance-optimizing hierarchical classification is per-
formed. Eight methods compatible with the Lance-
Williams (1966) recurrence equation may be selected:
1) single linkage, 2) complete linkage, 3) average
linkage, 4) centroid, 5) beta-flexible (Lance-Williams
1967), 6) median, 7) simple average, and 8) beta-gamma
flexible (DuBien-Warde 1979). The program provides 29
distance coefficients, some of them being dissimilarity
or similarity measures expressed in distance form. In
interactive mode squared distances or dissimilarities
may also be used. Two functions can be applied to data
sets with mixed variable types and missing values. Prior
to calculating the distances, five data standardization
and transformation procedures may be chosen.

The algorithm fuses reciprocal nearest neighbors
(RNN) in each cycle of the clustering process for
methods 1, 2, 3, 5, and 7. These strategies satisfy the
reducibility condition (Bruynooghe 1978, Gordon 1987)
allowing such an acceleration of the analysis. However,
only a single fusion (of the closest pairs) is done in
methods 4, 6 and 8 because the above condition does
not hold for these strategies.

II. Program HMCL2

It performs homogeneity-optimizing hierarchical
classification. The basic combinatorial equation (Podani
1979, 1988b) is compatible with the following eight
strategies:

1) Minimization of average distance within new clusters
(Anderberg 1973, Podani 1979);

2) Minimization of sum of squares within new clusters
(Anderberg 1973);

3) Minimization of variance in new clusters (Anderberg
1973);

4) Minimization of the increase of weighted average
distance (Podani 1988b);

5) Minimization of the increase of unweighted average
distance (Podani 1988b);

6) Minimization of the increase of sum of squares (Ward
1963, Wishart 1969, Orloci 1978);

7) Minimization of the increase of variance (Diday et
al. 1982); and

8) Lambda flexible (Podani 1988b).

The distance coefficients and standardization pro-
cedures agree with those offered by program NCLAS2.
The user has a choice whether reciprocal nearest neigh-
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bors or only the closest pairs are fused in each cycle
of the analysis; for methods 2, 3 and 6 the RNN
algorithm is straightforward. For the other methods the
reducibility condition does not hold and the alternative
algorithms may produce quite different results.

III. Program INFCL2

Information statistics serve as descriptors of cluster
homogeneity in agglomerative clustering. Unlike in the
preceding two programs, the solution of information
theory clustering is not combinatorial, so the whole data
set must be retained in computer core throughout the
calculations. Only binary data are analyzed, other scores
are automatically transformed to binary form. The
methods are as follows:

1) Minimization of the pooled entropy of variables
(preferential information heterogeneity or local distinc-
tiveness, cf. Juhasz-Nagy - Podani 1983; often termed
as ‘information content’) in the new clusters;

2) Minimization of the increase of pooled entropy (‘in-
formation analysis’, Williams et al., 1966, Orloci 1969);
3) Minimization of the mutual information of variables
in the new clusters (Podani 1980); and

4) Minimization of the increase of mutual information
among variables (Orloci 1969).

The fusion algorithm uses either reciprocal nearest
neighbors or closest pairs. It seems, however, that all
the four methods satisfy the reducibility condition
(although a proof is needed) so that the first algorithm
is preferable.

IV. Program MINGFC

Its underlying principles radically differ from those
of the other three agglomerative methods. The fusion
of two objects is conditioned upon the ‘goodness’ of the
whole classification rather than upon pairwise measures
(Podani 1988a). The optimality criterion is relatively
simple: the average of within-cluster distances divid-
ed by the average of between-cluster distances. Two
objects are amalgamated if the increase of this ratio
upon their fusion is the minimum. The final result is
an incomplete ‘dendrogram’ with the last fusion level
missing (for this the ratio is undefined). The program
contains no routines for calculating distance matrices;
they can be prepared in advance by program NCLAS2.
In addition to general purpose clustering, the method
can be used to generate a series of nested consensus
partitions for a set of k different partitions of the same
objects (Podani 1988a).

V. Program ASSINZ

Monothetic divisive clustering (‘association analysis’)
is performed using one of two information theory divi-
sion criteria:
1) Sum of mutual information between species pairs (Po-

dani 1979a); and
2) Information fall (i.e., decrease of pooled entropy,
Lance-Williams 1968).

The analyses are based on binary data even if quan-
titative scores are entered. During calculations the
whole data set is stored in memory. There is no stopp-
ing rule applied; the subdivision of a group stops if its
size is not greater than a specified threshold or if two
or more variables are found and their distributions con-
flict. Since the small groups are not split into individual
objects, no merge matrices are saved and the printed
dendrogram differs from those produced by programs
I-1v.

VI. Program PARREL

Objects in a starting partition are relocated iteratively
to minimize the ratio of average within-cluster and
average of between-cluster distances. The starting par-
tition is either randomly generated or derived from
hierarchical classifications. In the general situation, pro-
gram PARREL improves a partition of objects based on
any distance matrices calculated by other SYN-TAX IIT
programs. A special application is the improvement of
suboptimal consensus partitions generated by program
MINGFC.

VII. Program MINSPAN.

This program constructs a minimum spanning tree
from distance matrices. The options for distance func-
tion and data transformation are those offered by pro-
grams NCLAS2Z and HMCL2. In each step of the
computations two points are connected if they belong
to separate subgraphs and their distance is the minimum
(cf. Sneath-Sokal 1973). The output contains a list of
these steps, but no graphical result is printed. The user
is advised to run program PRINCOOR for principal coor-
dinates analysis with the same options and then the tree
may be easily drawn on the resulting scattergram of the
first two dimensions. This program is included among
the classificatory methods since the successive removal
of the longest edges from the graph implies a divisive
counterpart of nearest neighbor clustering (cf. Pielou
1984).

Ordination

The purpose of ordination is to evaluate continuous
variation in the data by reducing dimensionality (see
e.g., Orloci 1978, Pielou 1984, Digby-Kempton 1987, for
an exhaustive treatment of the topic). Although only
two ordination programs have been included, they of-
fer a wide variety of metric scaling procedures. All
analyses are based on the eigenanalysis of symmetric
real matrices. The resulting scattergrams are either
displayed on the screen or sent to the printer. The out-
put of starting matrices, eigenvectors and percentage
contributions is optional. Ordination scores are saved



for subsequent evaluation by clustering or Procrustes
analysis.

VIII. Program PRINCOMP

Its basic strategy is principal components analysis
from matrices of cross products, covariances or correla-
tions (noncentered PCA, centered PCA, and standard-
ized PCA, respectively). Furthermore, three types of
correspondence analysis (CA), particularly useful to
analyze categorical data, may be performed: 1) raw
coordinates are weighted averages of column coor-
dinates, 2) symmetric weighting, and 3) column coor-
dinates are weighted averages of row coordinates. The
lower the eigenvalues the greater the differences among
the results of alternative analyses. For details of the
underlying principles of PCA and CA see Legendre-
Legendre (1983), Pielou (1984) and Greenacre (1984).

IX. Program PRINCOOR

The classical solution to the metric multidimensional
scaling problem (cf. Mardia et al., 1979) is provided, the
method is also known as principal coordinates analysis
(Gower 1966). Options for distances and standardiza-
tions are the same as in programs NCLAS2, HMCL2, and
MINSPAN. The analysis may start from raw data or
directly from distance matrices. If the input distances
do not satisfy the metric axioms, the results may also
be interpreted with certain limitations (see e.g., Digby-
Kempton 1987, for the treatment of negative eigen-
values).

Evalutation of classifications and ordinations

The numerous clustering procedures usually provide
different solutions for the same set of objects, unless
the group structure is obvious. Similarly, scaling pro-
cedures may also yield diverging results. In addition to
choices regarding a particular method, the selection of
sampling design, variables and data types used, etc., is
also important in influencing classifications and ordina-
tions. This problem calls for comparisons to reveal the
relative impact of our decisions upon the results. Com-
parisons may also be necessary when temporal effects
(e.g., in succession studies) are to be indicated.

Besides comparisons, the alternative results may be
synthesized by consensus methods so that the consen-
sus classification or ordination reflects agreements and
disagreements among the competing results. When
variables and objects are simultaneously classified,
analysis of concentration is recommended to assess
block structure in the rearranged data matrix.

The SYN-TAX III package is intended to support such
purposes. In addition to program MINGFC, already
discussed among the clustering programs, six other pro-
grams contain procedures for the evaluation of results
of multivariate analyses.

X. Program BLOCK

This program prints rearranged binary data matrices
(e.g., phytosociological tables) and performs analysis of
concentration (Feoli-Orloci 1979). The classification of
objects and variables must be done in advance using any
method of data’ analysis. For example, species and
reléves may be classified in two runs of program
NCLAS2Z which provides a revised sequence of the
clustered items. The sequence vectors and the original,
non-ordered data matrix represent input for program
BLOCK. The printed output includes chi 2 statistics,
canonical correlations and results of a symmetric CA
of row and column groups of the rearranged data table.
Ordination scattergrams show the configuration of
points in the first two dimensions.

XI. Program DENCOM

Many coefficients of dendrogram dissimilarity are
computed: Euclidean distance and absolute differences
using 1) topological differences, 2) cophenetic dif-
ferences, and 3) cluster membership divergences (for
details, see Podani-Dickinson 1984). Further measures
are: 4) number of object triplets for which the
ultrametric relationships conflict in the two den-
drograms (Dobson 1975) and its normalized form, 5)
mismatched edge difference (Podani 1982), 6) absolute
edge difference (Robinson-Foulds 1979), 7) edge mat-
ching coefficient (suggested by Podani 1982 after
Robinson-Foulds 1979). Since the calculation of func-
tion (4) is tedious for large dendrograms, its computa-
tion may be rejected.

Two dendrograms are compared in a single run. The
dendrograms are described by two merge matrices.
Each matrix specifies the fusion sequence of objects and
clusters in terms of m-1 rows, where m is the number
of objects classified. There are five columns in the
matrix, the first two contain cluster identifiers, the se-
cond two indicate cluster sizes, and the fifth contains
the hiearchical levels. The identifier of a cluster is
always the smallest serial number of its component ob-
jects. SYN-TAX III programs I-IV prepare the merge
matrices of dendrograms in this way.

XII. Program DENDAT

This program has been written in order to prepare
data for the multivariate analysis of several den-
drograms that represent hierarchical classification of
the same objects. Any combination of 5 characteristics
of dendrogram structure may be incorporated in the
analysis. These are topological difference, cophenetic
difference, cluster membership divergence, subtree
membership divergence, and partition membership
divergence (Podani-Dickinson 1984). The descriptors
are standardized so that they equally contribute to the
distances between dendrograms. Normally a Euclidean
distance matrix is output, but if other function of den-
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drogram dissimilarity is sought, a data matrix of den-
drogram descriptors may result. The input is a sequence
of merge matrices prepared as described above.

XIII. Program PARCOM2

This program compares two partitions using twelwe
distance and dissimilarity coefficients: 1) chiZ2, 2)
1-Cramer (Anderberg 1973), 3) mutual predictive
power, 4) predictive power of either partition to the
other (both by Goodman-Kruskal 1954), 5) 1-simple
match (Rand 1971), 6) Euclidean distance, 7) 1-Ochiai
(Fowlkes-Mallows 1980), 8) 1-Jaccard, (Downton-
Brennan 1980), 9) 1-Sorensen (‘percentage difference’,
Gauch-Whittaker 1981), 10) minimum number of
transfers, mergences and divisions needed to transform
one partition to the other (Day 1981, Gordon 1980,
1981), 11) normalized form of 10 (‘misclassification’ in-
dex, Podani 1986), and 12) Day’s sigma (Day 1981). For
measures 5-9 and 12, possible maxima and normaliza-
tions are also calculated (see Podani 1986 for details of
normalization). Coefficients 10-11 are not computed if
the number of clusters exceeds six.

XIV. Program PARTEST

This program performs Monte Carlo simulation of
distributions of distances between partitions of the
same set of objects. The number of clusters is assumed
to be the same in both classifications; the maximum is
6. The distributions are either simply restricted (only
the number of groups has to be specified) or doubly
resctricted (number of groups plus group sizes are to
be specified). Sampling distributions of five coefficients
are generated in a single run. These are: 1) one-
complement of mutual predictive power, 2) minimum
number of transfers, mergences and divisions needed
to transform one partition to the other, 3) 1-Ochiai, 4)
1-Jaccard, 5) 1-Rand. There is an option for the nor-
malization of the latter three measures, but in that case
another run of the program is necessary. The output
includes frequency distributions, empirical probability
distributions, cumulative probability distributions and
sample statistics (mean, variance, skewness, and kur-
tosis). In addition, the program may be instructed to
simulate the distribution of minimum distances among
k randomly selected partitions to perform multiple com-
parisons.

The simulated distributions may be used to test the
significance of distance measures. Possibilities are
reviewed and examples from vegetation science are
provided by Podani (1986).

XV. Program PRANA

Different ordinations (configurations) of the same
points are evaluated. Two main types of assessment
must be distinguished: 1) comparison of ordinations by

Procrustes analysis (Schoenemann-Carroll 1970, Gower
1971, Sibson 1978), and 2) construction of a consensus
ordination for k ordinations via generalized Procrustes
analysis (Gower 1975, see also Digby-Kempton 1987).
In the first case pairwise comparisons of several ordina-
tions may be achieved in a single run of the program
and the resulting distance matrix is saved. To obtain
a symmetric distance measure between ordinatioﬁs, the
user has an option to rescale every ordination to unit
sum of squares. The generalized Procrustes analysis is
an iterative procedure during which further rescaling
can be made (it is recommended). The number of points
must exceed the number of dimensions (this condition
usually satisfies). The output includes coordinates and
scattergrams for rotated and/or consensus con-
figurations.

Simulated sampling and analysis of synphenetic
pattern

Computer simulated sampling provides an efficient
tool to evaluate the appropriateness of particular sampl-
ing designs for estimation or typification purposes and
to analyze spatial point patterns (Podani 1987 reviews
some possibilities with examples). The SYN-TAX III
package contains two sampling simulator programs
(ELSAM2, SAMPROC), another program for both sampl-
ing and subsequent analysis of inter-plot resemblance
(EXPRES), and a fourth one (INPRO3) designed for the
computation of information theory characteristic func-
tions for pattern analysis.

The sampling simulators are applicable to digitized
point patierns, i.e., the actual extension of individuals
is assumed to be point-like. The input for these pro-
grams is a data matrix describing the position of plant
individuals in terms of Cartesian coordinates on the
plane of a rectangular study area. The plots are placed
by the program within this region because they cannot
overlap the boundary line.

XVI. Program ELSAM2

This program simulates random plots of circular, rect-
angular or elliptical shape with random or uniform
orientation. Being independently located, the plots may
overlap with one another. The total overlapping area
increases as sample and/or plot size increases, and this
fact mut be considered when evaluating the results. For
estimation purposes the overlap of plots causes no pro-
blems, but signifance tests must be done with caution
based on data produced by this program. The output
matrix is a species by plots table written onto disk file.
The location of plot centres within the sampled area is
shown by a scattergram, facilitating interpretation of
results that are based on samples taken by program
ELSAM2.



XVII. Program SAMPROC

A flexible sampling design, which includes
systematic, restricted random and fully random sampl-
ing (Podani 1984a) is used to obtain samples with dif-
ferent arrangements of plots. Only circular or
rectangular plots can be used; the blocks (compart-
ments) within which the plots are placed are always
square. The size of blocks is specified by the user; sam-
ple size is automatically determined. If the size of con-
tiguous blocks is defined so that the grid does not cover
completely the study region, a narrow strip on the up-
per and/or right side of the area will be excluded from
sampling.

In the simplest case, the program performs
systematic sampling. The study area is subdivided into
blocks with size specified in advance, and a single plot
is located at the centre of each block. If a sampling pro-
cess is carried out, the sequence of increasing block sizes
must contain the size of contiguous blocks. Full ran-
domization is achieved if the side length of largest
blocks is at least twice as long as the longer side of the
study region. In the sampling process the plots are
always located randomly within the block (except in
systematic sampling as mentioned above). The resulting
series of data matrices is saved on file.

XVIIL. Program EXPRES

This program simulates random and nonoverlapping
pairs of plots and calculates the expectation of six
resemblance coefficients in turn. Plot shape is either
circular or rectangular. The expectation is estimated as
the average resemblance between random pairs of plots
(Podani 1984b) which is indicative of synphenetic pat-
tern and serves as an alternative to information theory
characteristic functions (see next section). The program
computes expected values and standard deviations for
the Sorensen index, Russell-Rao index, simple matching
coefficient, binary distance, Euclidean distance per unit
area, and chord distance. No data are output.

XIX. Program INPRO3

This is an expanded version of program INPRO
described in Juhasz-Nagy - Podani (1983). Information
theory functions to evaluate autophenetic and syn-
phenetic pattern are calculated from a species by plots
data matrix. These functions are based on Shannon’s
entropy function and may be used to the evaluation of
the consequence of sample plot size and for the study
of succession. The program accepts any kind of data,
the scores are automatically converted to binary form.

Functions informative on the synphenetic pattern
are: florula diversity, florula evenness, local distine-
tiveness, associatum, number of realized species com-
binations (Juhdsz-Nagy - Podani 1983), and total
dissociatum and entropy functions for local valences,
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floral valences, local invalences and floral invalences
(Juhdsz-Nagy 1984, 1985). In .addition, the entropy,
associativity, and dissociativity for each species are
printed together with the corresponding values of sub-
diversity and subassociatum (see Juhdsz-Nagy 1984,
1985). The printing of species combinations is optional.
Several data sets may be analyzed in the same run of
the program, allowing rapid evaluation of plot size
effects.

Character ranking

Some character ranking procedures are alternatives
to ordination methods when reduction of dimensionali-
ty in the data is the objective. Whereas ordinations in-
troduce artificial dimensions that are not always
interpretable, character ranking keeps the original
variables by creating their order of importance. Of
course, the highly ranked variables are usually less ef-
ficient than the ordination axes. Other ranking pro-
cedures do not remove the effect of already ranked
characters, these procedures are recommended to select
unimportant variables prior to clustering.

The ranking programs output a data matrix in which
the variables are arranged according to their rank order.
Variables not ranked are collected at the end of the new
data file. The rearranged table allows the user to app-
ly multivariate techniques to reduced data sets and then
to assess how the results are influenced when less im-
portant variables are successively omitted (see Podani
1984a).

Three ranking programs are included in the package.
All of them accept labels to designate variables.

XX. Program RANSQ

The variables are ranked according to one of the
following dispersion criteria: 1) cross products, 2)
covariance, and 3) correlation. From the dispersion
matrix the rank order is obtained either by eliminating
the residuals (Orloci 1973) or simply by calculating the
contribution of each variable to the total variation (i.e.,
residuals are not eliminated).

XXI. Program RANKINF

This program is applicable to ranking binary
characters based on Orloci’s (1976) information
criterion. The computations are slow for very large data
sets, therefore the user may specify a percentage
threshold beyond which the analysis stops.

XXII. Program SUMR

This is another program for ranking binary charac-
ters. In this case the criterion is the same as the one
used in association analysis (Podani 1979a), namely, the
sura of mutual information values. Two strategies may
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be chosen depending on whether or not the characters
selected in the previous cycles of the analysis are con-
sidered in finding the next most important variable.

Availability. Equiries on the package should be sent to
SISSAD, Viale Campi Elisi 62, Trieste, Italy.
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