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terpretable results.

Abstract: A comparison of thirteen presence-absence resemblance coefficients was undertaken based on nonmetric
multidimensional scaling of a data set recording the distribution of marine fungal species over 31 sites worldwide.
While all coefficients successfully recovered a major gradient in mean seawater temperature, some differences in the
ordination scattergrams were nonetheless apparent. The weights space of individual differences scaling (INDSCAL)
indicated that coefficient interrelationships reflect (a) whether mutual absence is used in calculating resemblance, (b)
whether multiplicative terms are incorporated, and (c) the degree of intercoefficient monotonicity. An empirical
assessment of ordination interpretability, together with considerations of the relationship between resemblance and
ecological distance as indicated by INDSCAL Shepard diagrams, suggested the utility of the Baroni-Urbani coef-
ficient in biogeographical studies. The Ochiai coefficient, along with the Jaccard and its variants, also produced in-

Introduction

While a number of presence-absence resemblance coef-
ficients have been proposed for determining pairwise
relationships among sites (Cheetham and Hazel 1969; An-
derberg 1973; Goodall 1978), few studies have assessed
their relative merits and limitations. This stems largely
from the fact that many of the suggested coefficients lack
an underlying statistical or mathematical basis, precluding
a rigorous, formalized approach for choosing among them
(Cheetham and Hazel 1969). Coefficients must therefore
be assessed through empirical studies in which the fulfill-
ment of prior expectations plays an important role (Huhta
1979).

Because the various resemblance coefficients emphasize
different aspects of the underlying data structure, coef-
ficient choice may have a strong influence on data analysis
and subsequent interpretation (Baroni-Urbani and Buser
1976). Indeed, the measurement of interspecific
relationships is a basic step in data analysis, since the mul-
tivariate methods such as ordination and cluster analysis
are generally based on the analysis of a resemblance
matrix rather than the raw data itself.

This work undertakes an empirical comparison of 13
presence-absence coefficients, based on nonmetric mul-
tidimensional scaling ordinations of a single data set. Com-
parisons are restricted to non-centred, non-probabilistic
coefficients (Dagnelie 1960; Goodall 1978) which have
been utilized or suggested as being of potential utility in
biogeographical studies. Emphasis is placed on determin-
ing interrelationships among the coefficients, and on ex-
amining the behaviour of the coefficients with regard to
their success in recovering underlying data structure.

Methods
Data set

The data set records the presence-absence of 68
lignicolous marine fungal species in 31 sites worldwide
(Fig. 1). Data were collected from the literature (see
Booth and Kenkel 1986), though only those species occur-
ing in at least five sites were included. The data set is
typical of presence-absence biogeographical data, with ap-
proximately two-thirds zero entries.

Previous analyses based on classification and ordination
utilizing the Ochiai (1957) coefficient indicated the overall
importance of mean seawater temperature in dictating the
worldwide distribution of lignicolous marine fungal species,
with three major site types revealed by cluster analysis:
tropical, subtropical-temperate, and temperate (Booth and
Kenkel 1986). Within these types, differences attributable
to temperature and salinity variability were often apparent.

Fig. 1. Locations of the 31 sample sites (coded 1-9, A-V).
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Table 1. Names and formulae for the thirteen coefficients com-
pared. Symbols C1 - C13 are used in the main text.

Coefficients compared

When presence-absence of species within sites is recor-
ded, the relationship between any two sites can be ex-
pressed in the form of a 2x2 contingency table:

Site 2

+ —

. + a b
Site 1 c d

where a=number of species common to both sites,
b = number of species present only at site 1, ¢ = number of
species present only at site 2, and d = number of species
absent from both sites. Presence-absence coefficients are
normally expressed as a function of the elements a, b, c,
and d (Goodall 1978).

The thirteen resemblance coefficients compared in this
study are given in Table 1. Original references, which were
used in naming the coefficients, can be found in most
review articles (e.g. Cheetham and Hazel 1969; Goodall
1978). A general discussion of each follows:

C1 - Russell/Rao. The probability that two sites score
positively (mutual presence) on a randomly selected
variable is measured by this coefficient. The lack of the d
term in the numerator, and its presence in the denominator,
makes it sensitive to large values of d.

C2 - Rogers/Tanimoto. This coefficient includes the d
term in both the numerator and denominator, and gives
unmatched pairs double weight. Anderberg (1973) points
out that it represents the ratio of the number of classes held
in common by two sites to the total number of classes
represented.

C3 - Sokal/Mitchener. Also known as the ‘Simple Match’,
this coefficient represents the probability that two sites
have the same score (mutual presence or absence) on a
randomly chosen variable.

C4 - Sokal/Sneath 1. Though similar to C3, this coef-
ficient gives double weight to matches (mutual presences

and absences). It is monotonic with coefficients C2 and
C3.

C5 - Ochiai. This coefficient is a scalar product measuring
the angle between two vectors (Orloci 1978). Anderberg
(1973) shows that it represents the geometric mean of the
conditional probabilities associated with the element a.

C6 - Kulczynski. The arithmetic mean of conditional
probabilities associated with the element a, rather than the
geometric mean (cf. C5), defines this coefficient.

C7 - Jaccard. The conditional probability that both sites
score positively (mutual presence) on a randomly chosen
variable, once mutual absences are discarded, is measured
by this coefficient.

C8 - Sorensen. Because it gives double weight to mutual
presences, this coefficient has no probabilistic interpreta-
tion (Anderberg 1973). It is monotonic with coefficients
C7 and C9. Hall (1969) suggests that double weighting of
the element a is justified by the fact that in mismatches (b
and c) absence is just as uninformative as in mutual ab-
sences.

C9 - Sokal/Sneath 2. This coefficient is a variant of C8
which gives double weight to mismatches rather than
mutual presences; again, it has no probabilistic interpreta-
tion.

C10 - Anderberg 1. The geometric mean of conditional
probabilities associated with the elements a and d is
measured by this coefficient. It is therefore a variant of the
Ochiai coefficient (C5) which includes the d term.

C11 - Baroni-Urbani. This empirically derived coefficient
was developed to incorporate the d term without giving it
excessive weight (Baroni-Urbani and Buser 1976). It lacks
a probabilistic interpretation.

C12 - Anderberg 2. The arithmetic mean of conditional
probabilities associated with the elements a and d, rather
than the geometric mean (cf. C10), defines this coefficient.
1t is therefore a version of the Kulczynski coefficient (C6)
which incorporates the d term.

C13 - Mountford. The formula given (Table 1) is an ap-
proximation of a coefficient suggested by Mountford
(1962) which was developed to render coefficient values in-
dependent of sample size under the assumption that the
distribution of the underlying population is logarithmic (see
Orloci 1978).



In all cases distance versions of the similarity measures
were used in obtaining site ordinations. Most distances
were obtained by computing one-complements of the
similarity values. Exceptions were the Ochiai coefficient
(C5), for which distances were obtained via the transfor-
mation

D5 =[2(1 — C5)]1/2

giving a chord distance (Orldci 1967) which ranges bet-
ween O and 1.414. The Mountford index (C13), which has
no fixed upper bound, was transformed by the exponential
function suggested by Orldci (1978) to obtain a distance
measure ranging between 0 and 1.

Nonmetric multidimensional scaling

This ordination method seeks an arrangement of in-
dividuals in a reduced metric ordination space, such that
the dissimilarities d calculated in this space are as closely
monotonic as possible to the original distances & calculated
in variable space (Kruskal 1964 a, b). Since monotonicity
is the only constraint, the method can accept as input vir-
tually any resemblance matrix (Wish and Carroll 1982). In
this study 13 separate ordinations, one for each resem-
blance matrix, were obtained using the program ALSCAL
(Takane and Young 1977). In each case a two-dimensional
solution was specified, and the input starting configuration
was based on metric multidimensional scaling.

Individual differences scaling

This method (INDSCAL) is a generalization of two-
way multidimensional scaling which permits the
simultaneous analysis of a series of resemblance matrices
(Carroll and Chang 1970). Also called weighted mul-
tidimensional scaling (Schiffman et al. 1981), the method
differs from ordinary multidimensional scaling by sub-
stituting a weighted Euclidean metric for the normal un-
weighted form. This permits examination of variation
within ‘subjects’ (resemblance matrices) in the context of a
shared ordination space. Thus two spaces are defined, the
so-called ‘stimulus space’ which is essentially an averaged
configuration based on the entire set of resemblance
matrices, and a ‘weights space’ which summarizes in-
terrelationships among the resemblance matrices. Each
matrix is represented by a weight vector which indicates its
importance on each dimension of the stimulus space.

INDSCAL assumes that the individual spaces (defined
by the resemblance matrices) are related to one another by
linear transformations of the stimulus space. Given that the
resemblance matrices in this study are based on a common
data set, and that different resemblance structures can be
expected to be approximately monotonic (Clifford and
Stephenson 1975), such an assumption is probably tenable.
An important consequence of the assumption is that, un-
like nonmetric multidimensional scaling, individual dif-
ferences scaling axes are uniquely determined (Wish and
Carroll 1982).

The INDSCAL option of program ALSCAL, at the or-
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dinal (non-metric) measurement level, was used to obtain
both a common stimulus space and a weights space for
assessing interrelationships among the 13 coefficients.

Shepard diagrams

Shepard (1962) suggested plotting dissimilarities (d)
against distances (8) to determine the ‘goodness-of-fit’ of
multidimensional scaling results. Alternatively, one could
plot disparities (d) against distances. Disparities represent
modified d values chosen to be as nearly equal to them as
possible under the constraint that the plot of d against & be
monotonic (Kruskal 1964 a). In general, the smoother the
curve, the fewer the number of ties and the better the fit.
Gauch et al. (1981) have suggested that the Shepard
diagram may be interpreted ecologically as the relationship
between resemblance structure and gradient distance. In
such cases a linear relationship is to be preferred (Gauch
1973). In this study the 13 Shepard diagrams resulting
from individual differences scaling were used to assess
coefficient utility.

Results
Nonmetric multidimensional scaling

Scattergrams of the 31 sites resulting from each of the
thirteen coefficients are presented in Figure 2. The stress
value measures the overall ‘badness-of-fit’ of the ordination
configuration relative to the input distance matrix (Kruskal
1964 a, b). The results indicate that coefficients C2 - C4 gi-
ve marginally better fits, though differences are slight.

For ease of interpretation, each scattergram has been
partitioned into three major site types, delineated using
sum of squares agglomerative cluster analysis based on the
Ochiai coefficient (see Booth and Kenkel 1986). The types
are: I=temperate; II = subtropical-temperate; and
1II = tropical. While all the ordinations separate out the
three types well, for some coefficients (particularly C2 -
C4) discrimination appears to be weaker. Within the three
site types differences in some of the ordination results are
apparent.

Strong similarities among certain ordination results are
also revealed. Coefficients C5 - C8 produce nearly iden-
tical ordinations, with C9 also quite similar. Ordination
results from C2 - C4 are indistinguishable, while those pro-
duced by using coefficients C10 - C13 are also quite simi-
lar. The results from C1 are most similar to those obtained
using C5 - C9.

Individual differences scaling

The stimulus space derived from simultaneous analysis
of the 13 coefficients is presented in Figure 3. The first axis
reflects a gradient in mean seawater temperature, from the
cool temperate sites at the left to the tropical sites at the'
right. The second axis reflects variation within each of the
three major groups. The overall importance of the axes
(the mean of squared ‘subject’ weights) are 0.722 and
0.065 respectively, indicating the overriding importance of
the first.
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Fig. 2. Nonmetric multidimen-
sional scaling, two-dimensional
results for each of the thirteen
resemblance coefficients. Symbol
codes correspond to sites (see
Figure 1). Numbers in brackets
are Kruskal’s stress values. The
site groups I, II, and III described
in the text are also delineated.
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Fig. 3. Individual differences scaling, stimulus space for the 31
sites.

The weights for each of the 13 resemblance coefficients
are presented graphically in Figure 4. Coefficients C1 - C4
have the lowest weights on the first axis, while the highest
weights are shown by coefficients C10 - C13. The results
suggest the recognition of five groupings of the 13 coef-
ficients: ’

1. Coefficient C1 occurs by itself, and has the lowest
weight on axis I. This coefficient is unique in that it con-
tains the d term in the denominator but not the
numerator.

2. Virtually identical weights result from coefficients C2 -
C4. These are simple additive coefficients which contain
the d term in both the numerator and denominator.

3. The five coefficients C5 - C9 are also closely related.
They share the common property of excluding the d
term from both the numerator and denominator.

4. Coefficients C10, C11, and C13 have similar
weightings on the two axes. They appear to have little in
common other than the presence of multiplicative terms
in their calculation.

5. The weightings for the final coefficient (C12) indicate
closest affinity with C10, C11, and C13.

Shepard diagrams

Figure 5 presents the INDSCAL Shepard diagrams
(disparities vs. distances) for each of the 13 coefficients.
Those showing a concave upward curve include C1, C9,
and C13, and to a lesser extent C2, C5, C7, and C10. A
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Fig. 4, Individual differences scaling, weights space for the thir-
teen coefficients.



concave downward curve is produced by C4. The others
(C3, C6, C8, Cl1, and C12) are more or less linear in
form.

Discussion

An overall consistency of the thirteen scattergrams is
apparent, with all coefficients leading to the successful
recovery of the major gradient in mean seawater tem-
perature. Nonetheless, some differences are attributable to
the coefficients differentially emphasizing specific aspects
of the underlying data structure. To examine this further, a
subjective assessment of the scattergrams was undertaken
using biological, hydrological, and geographical integrity,
group recognition, and pattern interpretability as criteria.
For each of these five criteria, scattergrams were ranked as
poor, fair, or good based on prior knowledge of the sites
(see Booth and Kenkel 1986 and references therein). The
results suggested that coefficient C11, and to a lesser ex-
tent C5, produced the most satisfactory scattergrams.
Moderately interpretable results were produced by coef-
ficients C6 - C9. The remaining coefficients (C1 - C4, C10,
C12, and C13) gave results which were weak in one or
more of the five assessment criteria.

Interrelationships among the coefficients compared have
also been clarified. Coefficients C6 - C9, which all exclude
the d term in assessing similarity, produced virtually iden-
tical ordination results and had similar INDSCAL weights.
Of these, C8 showed the strongest linear relationship bet-
ween disparities and distances. The INDSCAL weights for
coefficient C5 were similar to those of C6 - C9, though its
scattergram was somewhat more interpretable. Coefficient
C1, which includes the d term in the denominator but not
the numerator, had the lowest weight on the first IN-
DSCAL axis and produced a Shepard diagram indicating
a poor fit and a nonlinear trend. Coefficients C2 - C4
produced very similar scattergrams, which is to be expec-
ted given that they are monotonic (Anderberg 1973;
Baroni-Urbani and Buser 1976). The Shepard diagrams for
these coefficients indicated relatively poor fits. It is in-
teresting to note that coefficients C10 - C13 produced
similar INDSCAL weights, though on first sight they ap-
pear to have little in common (Table 1). The ordination
scattergrams produced by these four coefficients were
somewhat different, however. Coefficients C10 and par-
ticularly C13 produced nonlinear Shepard diagrams, while
those for C11 and C12 were linear. Wolda (1981) noted
that coefficient C13 takes on low values for most of its
range before increasing dramatically, which would account
for the highly nonlinear relationship between disparities
and distances found in this study.

In assessing the utility of presence-absence coefficients,
the question of whether to include the d term in the
numerator has received much attention. If the data is two-
state nominal the d term clearly must be included (Sneath
and Sokal 1973; Baroni-Urbani and Buser 1976). For
presence-absence data the issue is less clear. Species ab-
sence may reflect either stochastic phenomena or the fact
that the niche is occupied by a competing species (Green
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Fig. 5. Individual differences scaling, Shepard diagrams

(disparities vs. distances) for the thirteen coefficients.

1971; Legendre and Legendre 1983). Pielou (1984) makes
similar comments, pointing out that while species presence
offers definite information regarding its ability to persist at
a site, absence may be attributable either to probabilistic or
deterministic factors. Campbell (1978) concluded that
mutual absence of species should not be used in assessing
stand interrelationships, since the absence of two species
may be due to completely different ecological constraints
(see also Cairns 1974; Green 1979). Furthermore, in the
case of rare species mutual absence is largely a stochastic
phenomenon which has little ecological relevance (Legen-
dre and Legendre 1983). Thus for presence-absence data
sets containing many zeroes, a high similarity among in-
dividuals attributable to the mutual absence of the majority
of species may arise if the d term is used in the calculation
of resemblance (Baroni-Urbani and Buser 1976; Green
1979). Goodall (1978) takes a similar stand, but points out
that the mutual presence of ubiquitous species may be
equally uninformative (see also Greig-Smith 1983).
Further complicating the issue is the contention (Clifford
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and Stephenson 1975) that exclusion of the d term may
lead to the loss of potentially important information
regarding the joint absence of ubiquitous species. Baroni-
Urbani and Buser (1976) feel that criticism lodged against
inclusion of the d term stems from the fact that most of the
coefficients suggested have «... improperly used this type of
information». They state that resemblance must take into
account the d term, but show that coefficient C3 and
related forms are inappropriate since excessive weight is
given to mutual absences. They suggest instead using the
product ad, but recommend its square root to ensure that
the value is of the same order of magnitude as the other
elements. Qur results indicate that their coefficient (C11)
may be useful in exploratory biogeographical studies; in-
deed, it appears to offer a compromise between simple
coefficients incorporating the d term and those which ex-
clude mutual absences entirely. Further empirical studies
are clearly required, however, and considerations should
also be given to the distributional properties of the coef-
ficients as well as the effect of sample size (Goodall 1978;
Wolda 1981) on coefficient values.
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