COENOSES 3 (3): 121-133, 1988
©1988 by Edizioni LINT Trieste

MUTATIONAL AND NONMUTATIONAL SIMILARITY
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Abstract. An examination of many of the indices proposed as numerical measures of pairwise similarity
shows that they have strong relationships to string-to-string measures variously known as ‘‘Levenshtein
"distance’’, ‘‘longest common subsequence’’ or ‘‘minimal mutation distance’’. The variations among coeffi-
cients are created in several ways, including changing the set of operations, using a richer structural pat-
tern, modifying weights, limiting the extent of operations and varying the basis for normalisation. In total
these measures provide a very flexible means of assessing similarity and can be extended to similarities
based on collections of strings. While not denying the interest to the user of other properties, such as me-
tricity or embedding in a euclidean space, examining the coefficients as variations on the Levenshtein the-
me provides a common basis for their comparison and provides the user with a means of choosing between -
coefficients in a rational manner. But however interesting this array of coefficients might be, it remains
true that only some features of similarity will be captured in a minimal mutational measure. These featu-
res may be more or less than are actually required by the user. In this paper I have made a preliminary
examination of various measures, some of which are related to the Levenshtein metric, and some of which
appear to capture other aspects of similarity (i.e. topological, functional, analogic and/or conceptual). These
latter are all measures which I have been unable to relate to the Levenshtein distance, although I have
not pursued this very far as yet. All measures were applied to vegetation data, classifying both plots and
attributes into a two-way table. The SAHN algorithm has been used for most of the clusterings, so that
differences between measures of similarity are the primary cause of differences in results. In a few cases
other clustering algorithms have been used and the data has been converted to presence/absence when

this was necessary with the particular coefficient.

Introduction

The calculation of some measure of similarity forms
the basis of many, if not most, methods of discovering
patterns, yet we know relatively little about the natu-
re of similarity. For example, Tversky’s (1977) account
is titled ‘‘aspects’ which suggests that he regards his
treament as partial. Is similarity a single concept or se-
veral different ones? And if the latter how can these
different aspects of similarity be identified? How do we
choose which coefficient has the properties we desire,
and indeed what are these desirable properties? Austin
& Belbin (1982) extol asymmetric measures, whilst cal-
culating a symmetric one, Blackburn.(1980) needs to
handle special data types with multiple values, Bykat
(1979) requires measures easy to calculate when objects
differ in known ways, in this case affine transforms of
polygons while MacBratney (pers. comm.) is studying
ways of classifying soil profiles whose horizons have
been previously classified using fuzzy classification me-
thods. It seems doubtful that a single model will fit all
of these demands, yet it is highly desirable that some
general approach be made available.

There are of course a very large number of similari-
ty measures in the literature, and reviews of proper-
ties of subsets of this number, in various contexts, are

available. These include: Cheetham and Hazel (1969),
Samdal (1974), Orléci (1969, 1978), Lamont and Grant
(1979), Hajdu (1981), Janson and Vegelius (1981), Bur-
kea and Rao (1982), Rao (1982), Faith (1983), Faith
(1984), Feoli, Lagonegro and Orléci (1984) and Gower
(1986). Sometimes the measures have been based on
mathematical or statistical arguments, while in others
ad hoc measures have been related to specific discipline-
related theories, as with Mountford’s (1971) use of as-
sumed logarithmic species-area distributions in ecolo-
gy, while other measures have been assumed to have
general application. Sometimes distributional and sam-

~ pling problems are addressed as in Wolds (1986).

As part of the review literature, there has also de-
veloped a small literature which discusses more formal-
ly the nature of similarity and the properties of various
measures (c.f. Gower 1986, Rao 1982, Faith 1983). The
objective in these studies is to provide a potential user
with some rational means of choosing between the va-
rious alternatives without relying on empirical testing
to establish the value of the measure. There is a need
to be able to define similarity measures with particu-
lar properties, especially with data which do not con-
form to the usual property-value pairs. Sometimes we
can obtain similarities directly by observing behaviour,
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as in Lehman (1972), which of course avoids the obser-
vation of ‘‘properties’’. But similarity measures have
been proposed for a great variety of situations which
do not fit into such vector models.

The choice of measure must clearly interact with the
properties of the data themselves. So some empirical
study is likely to be needed before we can establish the
efficacy of particular measures. In the present paper
I shall seek to identify what seems to be a general mo-
del for a large number of coefficients of similarity, and
then search for measures which do not seem to conform
to the framework. Examples of applications of both
kinds of coefficients, within and without the general
class, will then be presented. The work is still incom-
plete and I am still asking questions rather than sup-
plying answers.

Mutational measures

Lu and Fu (1978) considered the problem of classi-
fying strings, that is ordered sequences of characters.
Their solution was to employ a similarity measure ba-
sed on the Levenshtein distance. In fact, an examina-
tion of the multitude of indices proposed as numerical
measures of pairwise similarity shows that many have
strong relationships to this string-to-string measure,
known as ‘‘minimal mutation distance’’ and closely re-
lated to the ‘‘longest common subsequence’’. A gene-
ral introduction to this class of measures is given by
Sankoff and Kruskal (1983). The basic notion is quite
simple and related to the child’s game of converting one
word into another; for example changing the word ‘‘am-
philoby”’ into, say, ‘‘crocodile’’ The distance between
two items, described in some specific manner, is the cost
of the simplest series of transformations which convert
(mutate) one item’s description into the other’s accor-
ding to a set of transformation rules. In the child’s
game the only transformation permitted is the substi-
tution of one letter for another, but there is also an im-
plied semantic constraint in that all intermediate words
must be meaningful. Such a transformation sequence
is obviously related both to the notion of a grammar and
to some kinds of expert system and seems to be a very
generally applicable notion; c.f. Van Rijsbergen’s (1986)
comments on intensional logics.

As an example, if I restrict myself to using only in-
sertion and deletion operations with equal weight, then
the distance from the string ABBC to the string BBDD
is 4; delete A and C, and insert DD. If I allow a substi-
tution of D for C with unit weight then the distance be-
comes 3. The longest common subsequence, and in this
case the longest common substring as well, is BB. The
shortest common supersequence is ABBCDD, so I could
derive a dissimilarity measure in the range 0/1 as

1 -# (BB) /# (ABBCDD) = 1-2/6 = 2/3

where #4(A) is defined as the length of string A.

I have deliberately not identified what is meant by
a description here because the notion of changing one
object into another permits a much more general view
of descriptions than is usually adopted in numerical clas-
sification. Instead of the usual vector of values asso-
ciated with particular properties, I can use more
complex structured data; all I have to do is use rules
which describe how to change the structure. So pro-
blems such as classifying soil profiles or temporal se-
quences, classifying shapes or graphs, or classifying
character state trees or logical dependency relation-
ships, can all be handled within a single framework.
Furthermore, if I can calculate a similarity measure,
then I already have available algorithms to classify, or-
dinate, seriate or otherwise manipulate these values in
a search for patterns. Note that the measure might well
be asymmetric, such that the distance A=B does not
equal that B= A; some changes are easier in one direc-
tion than in the other. In most cases we would like our
rules to reflect processes which could actually occur in
the real world.

Given that such a distance measure can provide a
useful measure of relationship between objects, then
the variations among coefficients are created in various
ways. Thus:

1. By modifying the set of acceptable operations per-
mitted for changing strings. For example, in typewrit-
ten material I might allow transposition of symbols
(AB=BA) to be regarded as a single operation additio-
nal to substitution, insertion and deletion thus reducing
the costs of certain changes. Alternatively I might re-
strict the transformations so that only substitutions are
permitted.

2. By introducing more complex structures which
have additional operations permitted. If trees or geo-
metric figures are used in place of strings then I have
additional operations available which modify their
structure. For example trees can have their branches
rotated as shown in Culik and Wood (1982). Using trees
I can effectively deal with the problems of logical de-
pendency addressed by Ben-Bassat and Zaidenberg
(1984); using two-dimensional strings as does Moore
(1979) I can deal with areas.

3. By altering the costs to be attached to such chan-
ges, often using symbol-related weights or context-
sensitive weightings. This might involve asymmetric
weighting of substitutions, such that A=B # B=A, or
providing different weights for insertions or deletions
at the ends of the strings compared to those in the bo-
dy of the string. For example, Lu and Fu (1978) weight
insertion of a symbol at the ends of a string differently
to insertion in the middle of the string, Werman, Pelg
and Rosenfeld (1985) differentially weight substitutions
of pairs of symbols, whilst Feoli and Lagonegro (1983)
weight both differences and similarities in the strings,



i.e. the substitution of B by B is given a (negative)
weight.

4. The method of calculating the cost of changes does
not presuppose one-to-one matching of the descriptions.
The usual algorithm employed also aligns the descrip-
tions for best fit, introducing gaps so as to minimise the
mismatching. However I can variously limit the extent
of application of changes so that only a subset of the
possible alignments is actually examined. In practice,
instead of using the complete tableau associated with
the dynamic programming solution I might permit on-
ly some paths to be traversed, or I may permit various
‘“‘timewarping’’ techniques to allow elastic matching.

5. If gaps are permitted in this alignment, then the
weight assigned to a gap may reflect its existence in-
dependent of length, or be length, and maybe also con-
tent dependent.

6. By employing various normalisation techniques 1
may bring the similarity values into some acceptable
range, such as 0-1. Thus I might use the length of the
shortest common supersequence as a normalising fac-
tor, the sum of the lengths of the two strings being com-
pared, the length of the longer string or the size of the
universe of comparison. Choice of normalisation fac-
tor seems to be one of the major sources of variation
between coefficients.

While these 6 options are perhaps the commonest
means of modifying the similarity measure to fit its ap-
pointed task, they do not by any means exhaust the pos-
sibilities. I can introduce, as does the child’s game
mentioned earlier, extra semantic constraints requiring
that the intermediates between the two items have spe-
cified properties, or that the string be mapped to spe-
cific values, a notion akin to affixes for grammars. This,
of course, involves us in specifying how the interpre-
tation is understood or how the mapping valuation is
to be made. I can introduce rules which are context sen-
sitive, so that the permissible changes for any given
symbol depend on what other symbols are present in
a specified context. I might specify which other rules
are permitted to follow if some change is made, or if
it is not. I can apply rules sequentially, one rule at a
time, in parallel, all changes of one kind being made
simultaneously, or in combinations of these. The Leven-
shtein measures can also be extended to similarities ba-
sed on collections of strings, (c.f. Lemone 1982, Kashyap
and Oommen 1983b); such extension is required in ma-
ny divisive algorithms which require a measure of chan-
ge in fit of a model.

Examining coefficients as variations on this Leven-
shtein theme provides a common basis for their com-
parison, providing the user with a means of choosing
options in a rational manner. Such considerations are
especially important when developing similarity mea-
sures appropriate for mixed data, as in Lerman and Pe-
ter (1985). However, this does not deny the interest to
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the user of other properties of the coefficients, such
as metricity or possibility of embedding in a euclidean
space. Yet, however interesting this array of coeffi-
cients might be, such minimal mutational measures cap-
ture only some aspects of similarity and these aspects
may be more or less than is actually required by the
user. My suggestion is that there are indeed other kinds
of measure, so that similarity is not a single concept.
But what alternatives are there and can we identify any
particular properties associated with them which might
be of significance to our choice? Since I am not prima-
rily a mathematician I have not sought to obtain a theo-
retical framework, which I suspect exists, but have
adopted a frankly empirical evaluative approach.

Data and assessment

I started by examining a rather simple set of ecolo-
gical data, due to Bowman & Wilson (1986). The data
themselves were coded cover estimates for species from
two areas in the Adelaide River flood plain, in Northern
Australia. Each area was sampled so as to include a ran-
ge of the vegetation variation. In Table 1, I give the or-
der of plots and species from the original paper,
obtained using a reciprocal averaging (correspondance
analysis) seriation.

Table 1. Original gradient sequences for plots and species.

Plots

30 34 28 31 24 26 36 37 41 39 27 32 33 40...
20 618123919 11 23 25 22 21 35 38...
17 5 813 41614 215 1 7 310 9

Species
1. Cyperus 2. Abelmoschus 3. Iponoea
rotundus ficulnens coptica
4. Cynodon 5. Merremia 6. Alysicarpus
arcuatus hederacea vaginalis
7. Panicum 8. Abelmoschus 9. Melochia
cambodiencee moschatus corchorifolia
10. Waltheria 11. Ludwigia 12. Poaceae Sps.
indica octoyalys 1
13. Heliotropum 14. Euphorbia 15. Echinochloa
crispatum vachellii colona
16. Phyla 17. Paspalum 18. Echinochloa
nodiflora scrobiculatum elliptica
19. Poaceae Sps. 20. Phyllanthus 21. Goodenia
2 Sps. purpurescens
22. Cardiospennum 23. Sesbania Sps.  24. Heliotropum
halicacabum indicum
25. Dentalla 26. Ipomoea 27. Oryza Sps.
dioeca aquatica
28. Cassia 29. Eleocharis 30. Pseudoraphis
obtusifolia Sps. spinescens
31. Ludwigia 32. Polygnunon 33. Aeschynomene
adscendene attenuatum indica

I then examined various measures of similarity, so-
me of which are related to the Levenshtein metric, and
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some of which appear to capture other aspects of simi-
larity, topological, functional, analogic and/or concep-
tual. These latter are all measures which I have so far
been unable to relate to the Levenshtein distance, al-
though I have not pursued this very energetically in
measure space. Similarity measures were calculated for
both plots and attributes, and then classified, mostly
using the SAHN (Sequential Aglomerative Hierarchical
Non-overlapping) algorithm, to illustrate the differen-
ces obtained. Several other methods of classification al-
so use similarity measures directly, for example
Korhonen’s (1984) self-organising classification-
ordination method, and Lance and Williams’ (1968) ge-
neral divisive method. However I am not especially con-
cerned here with the procedure for group forming per
se.

The data can be presented in a two way table to show
the cross-classification, and this might be assessed in
various ways, primarily forms of ‘‘nodal analysis’’ sensu

Table 2. Data table sorted using eident values

Group Labels o B v 8 ¢
Species 21 .3.22.13120 13122 3., 1zzoazen
76 40739121049 42526 37336 9985210123
Plots
A
27 LB 1.1 2 12........
37 4.12..2...2 1.1 |
20 14 ot 1 PR 2 . 11
23 34 1., 21 1.3 1. ol
16 3. 245001200 020 L0 Ll
34 R OV D0 S T T I | DR
3t P SO B S~ S R O
32 R S T R I ...
5 4. 032001120 LYol oLl
10 1. .5..2..2.00 (L. oo o
Q 2. TR I | FEPE
B
18 5 o.L2.2..2n 2. e e
30 R & IR 20 5 & R B0 I P
19 15 ..11..2..11 1 ..t ot
26 P I B S T O
15 L e <
38 L S T O B o 11..
29 RSN UL B DR DU 3 | S
11 Jc IR DAV DR N B | IS T D
6 4L22000 L D
12 Sttt FRUE TP
14 4. 3..101018 FR N
36 2400001t | I
? D b I T
33 I T I I O | I
41 2.3.3..1 1
40 | E- T DA LI TR O
12 5. ... JE TP
3 2. . 4... R T
22 43 ot L T PO T P
2 IS PN IV P | D
C
25 34 | IO T O
1 S, LLL2000 00 Ll L
17 fc TR DU PO 1 e
] S R A | | IR
4 S JE T
28 LR B U VRS TS B PO DO | I
35 2 S U DR S (O OO 1......
24 13,11, L O
21 TR O
39 2 .11

Lambert and Williams (1962), as extended by Dale
(1964). Alternatively the work of Juhdsz-Nagy (1984)
with his associatum concepts would allow detailed as-
sessment; these are presently in progress. Obviously
using Levenshtein measures I could also compare the
hierarchies directly, though there are some interesting
problems about weighting internal nodes. For the mo-
ment I have stayed with the partitions into groups
which can be cross-compared between different simi-
larity measures and for this purpose I have used Raj-
ski’s (1961) metric whose utility in community studies
has been shown by Orléci (1969) and Feoli, Lagonegro
and Orléci (1984). This gives us a similarity matrix bet-
ween results for each of the 16 similarity measures, Ta-
ble 9, and this can be displayed as an ordination using
Gower’s (1966) principal coordinates analysis. To pro-
vide an alternative view, I have also used Sattath and
Tversky’s (1977) additive similarity tree, Figure 3, ap-
proach, and Arabie and Carroll’s (1980) additive clu-
stering, Table 10.

Similarity measures

In all 15 dissimilarity measures were employed to ge-
nerate groups, with a sixteenth analysis which does not
strictly involve a dissimilarity measure directly. I shall
briefly describe the coefficients in the following but I
shall not include the specific formulae permitting their
calculation, which can obtained from the original pu-
blications. The serial order in which the coefficients are
presented is used in some diagrams, and I shall also list
the abbreviations used for each coefficient in other
analyses.

The Eid results were based on a method of selecting
‘‘interesting’’ species using the eident values of Dale
and Williams (1978) derived from the two-parameter
method of Dale and Anderson (1973). This is the ‘‘odd
method out’’ in that it does not rely on a dissimilarity
measure directly; eident values are sums of deviations
from expected values calculated for the entire data ma-
trix using the two-parameter model. Since the species
and plots are ordered in terms of their interest, I sim-
ply chopped these orderings wherever there seemed to
be a significant break. Thus the groups formed do not
necessarily represent homogeneous collections. The
present groups should not be expected to resemble the
groups found by any other analysis.

The next coefficient, Syn, is based on the notion of
synonymity, or functional similarity, first treated by
Lewis, Baxendale and Bennet (1967) and applied by
Dale, Clifford and Ross (1984). Linguistically the notion
of a synonym involves the ability of one word to repla-
ce another in a similar context, i.e. to function equiva-
lently. Ecologically this is interesting because if two
species fulfil the same functional role then they should
be equivalently synonymous, although there is also a
possibility that one may be a more specialised version



of the other rather than a true replacement. However
in the case of synonymy the two words will not co-occur
except in special cases such as dictionaries. The coeffi-
cient therefore identifies items as similar if they occur
in a similar context but do NOT occur with each other.
As a measure of topological distance I have used Cal-
houn’s coefficient, Cal, as described by Bartels, Bahr,
Calhoun and Wied (1970). For two items, A and B, we
simply count the number of other items which lie bet-
ween them. For multidimensional data the original de-
finition accepted ‘‘betweenness’’ defined as follows:
for three individuals x, y, z, y is “‘between’’ x and
z iff
i xKy;<zjlz;¢ ¥ j ¢ xjwhere j is some variable.
However, tied values, where (x ; = y ;) and (y j* 2
or(y;=z;and(x; # y;), and doubly tied values whe-
rex; =yj = zj still contributed although downweigh-
ted, so the ‘‘betweenness’’ was not strict.

Minimum discrimination information statistics (Kull-
back 1959) and other related information measures (e.g.
Orléci 1978, Feoli et al. 1984) have provided several use-
ful measures of dissimilarity, for example the diversi-
ty information, Div, of Dale and Anderson (1972). Here
we measure the change in diversity induced by fusing
two items, and while this can be related to Levenshtein
measures, the constraints and the complexity of weigh-
ting are rather extreme. As an alternative we have al-
so employed the partitionable information measure of
Williams (1973) which combines quantitative and qua-
litative elements of the values. This is referenced as the
Tinf coefficient but since some coefficients can only be
applied to qualitative data it seemed sensible to also use
the qualitative component alone, here called Qinf as
a basis for comparison.

Not all approaches to clustering emphasise the ho-
mogeneity of the clusters over all other aspects. There
is much to be said for clusters whose definition is sim-
ple; in particular Micalaski and Stepp (1985) have ar-
gued for the conceptual import of simplicity in the
context of expert systems. Monothetic methods provi-
de typical examples of these but in the present study
I have used a polythetic approach. Le Quense (1974)
in examining cladistic compatibility approaches noted
that, if homeoplasy was to be avoided then, for two bi-
nary characters, at least one possible combination of
states should not exist. However a more general ap-
proach using predicate calculus was developed by Ve-
sely (1981). Dealing with binary data he sought to be
able to describe clusters using simple formulae in the
predicate calculus. He noted that for two binary cha-
racters, there are obviously only 4 possible combina-
tions; 00, 01, 10, 11. If in a group of items only one of
these combinations occurs, irrespective of which, we
have a very simple description in terms of intersections;
if 2 combinations of them occur then we must include
difference sets, for 3 combinations a union operation
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Table 3. Data table sorted using synonymity measure.
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is needed, and finally if all 4 occur no simple descrip-
tion is possible. It is fairly easy to convert this into a
similarity measure, Pred, which can be used in the stan-
dard SAHN algorithm so that we fuse items to keep ma-
ximal simplicity. This need not be equivalent to
homogeneity of any single attribute.

Because of its convenient relationship to variance,
the Standardised Euclidean distance, SED, is of some
interest. A recent study involving this measure is that
of Gambarov, Mandel and Rybina (1980), but Gower
(1986) has given a broad review of the advantages of
metricity and of a euclidean space. However ecologists
have also long been interested in metrics of various
kinds, for example the local set intersection Canberra
metric with, or without, double-zero suppression (Lance
and Williams 1967), coefficients COO and Can respec-
tively or the earlier Bray-Curtis set intersection mea-
sure, BC, apparently first used by Czekanowski (1909).
This is also related to proposals for ‘‘fuzzy intersection”’
(FI) measures (c.f. Levandowsky 1972, Miyamoto and
Nakayama 1986). In fact both Bray-Curtis and Fuzzy
intersection are simple Levenshtein distances if the data
are coded in a particular way; this is NOT the only way
possible but is reasonably intuitive. Werman, Pelg and
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Rosenfeld (1985) suggest that if we have frequency data
then we can convert it to a string form. The method
is simply to label each attribute with some symbol, tra-
ditionally alphabetic, and then simply generate a string
by taking the attributes in a fixed order and, for a fre-
quency of n, simply repeating the symbol n times. They
further point out that this transformation is also appli-
cable if the attributes are related in some way. Their
example is a (spatial) transition matrix. The coding in-
to a string is performed in the same way as before with
each cell of the transition matrix being denoted by a
different symbol, and a specific ordering of cells being
predetermined to allow a string representation. Howe-
ver the manner of calculating the Levenshtein distan-
ce is now changed to reflect the inter-relationships of
the attributes, weighting transitions between adjacent
cells less costly than transitions betweenymore distant
cells.

Table 4. Data table sorted using Calhoun’s measure of to-
pological similarity.

Group Labals [ p %« 3 g
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I have made this transformation and used a basic in-
sertion/deletion form of the Levenshtein measure, Lev.
However the Levenshtein measure, as noted earlier, is
very versatile. It can be used for the logical dependen-
cy problem addressed by Ben-Bassat and Zaidenberg
(1984). Culik and Wood (1982) have proposed a measu-
re suitable for trees, and there are others which might
have relevance to the problems of consensus tree for-
mation. Kashyap and Oommen (1983a) give a simple
measure for 2 strings, but later extended it to cover se-
veral strings (Kashyap and Oommen 1983b). Klopman
and Macina (1985) have used this approach with che-
mical structure data in an attempt to relate structure
with functional activity, while Littleand Ross (1985)
have applied it to with soil profiles. Probably the best
general introduction is that of Sankoff and Kruskal
(1983) but even this is by no means exhaustive.

At present one of the favourite measures of simila-
rity among ecologists is certainly the chi-square metric
used by Hill, Bunce and Shaw (1975). Rather than cal-
culate the chi-square metric directly I have employed
the TWINSPAN program itself to obtain the results for

Table 5. Data table sorted using total information.
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Fig. 1. Classification of measures. SAHN, flexible sorting.
Key to Items: 1. Eid; 2. Syn; 3. Cal; 4. Div; 5. Tinf; 6. Qinf;
7. Pred; 8. SED; 9. COD; 10. Can; 11. BC; 12, FI; 13. Lev;
14. Chi; 15. FC1; 16. CCn.

measure Chi. However the measure is clearly related
to a euclidean distance if the data are normalised in the
right way, but the normalisation is global and depends
on row and column totals in the data matrix. I have as-
sumed that, like the SED this measure is a very con-
strained version of the Levenshtein measure, with only
substitution permitted and with restrictions on the com-
parisons permitted as well.

I noted earlier that Calhoun’s distance counted an
item as ‘‘between’’ if any attribute was acceptable. In
a modification which I call ‘‘fuzzy calhoun’’, FC1, I have
used the proportion of attributes which indicated bet-
weenness rather than solely the existence of such an
attribute. Obviously some strong relationship to origi-
nal Calhoun measure is to be expected, but I am un-
clear as to the exact nature of the resulting fuzzy
coefficient.

Finally there have been various proposals which seek
to combine similarity and dissimilarity as distinct com-
ponents in a single measure, as in Tversky (1977). Feo-
li and Lagonegro (1983) weighted various contributions
from a 2x2 contingency table differentially, while
Faith( 1984) proposed his Ccont coefficient to combine
aspects of other coefficients and further work is repor-
ted by Day and Faith (1986). I have used Faith’s origi-
nal suggestion for coefficient Ccn. These proposals are
related to the simplicity criteria used in the predicate
calculus approach discussed earlier due to Vesely
(1981), but use the information in a different way.
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Table 6. Data Table sorted using Predicate Calculus sim-
plicity.
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Assessment of results

To examine the results I have used two approaches.
First, within a single table generated by plot and spe-
cies classification using one coefficient, I have a cross-
classification in which various features can be obser-
ved. This could be examined using the nodal analysis
techniques of Lambert and Williams (1962), (see also
Dale 1964, for some extensions) or Juhdsz-Nagy (1984),
to examine how far the plot and species classifications
are coincident for a given coefficient. Most such me-
thods are unfortunately restricted to binary data, which
is inapplicable unless I adopt some such coding of the
frequency data as is implicit in the Levenshtein ap-
proach anyway. The approach is really concerned with
the interpretability of the data, and rests on the ecolo-
gical significance of species as a means of assigning en-
vironmental meanings to plot clusters. This requires
information which is sadly lacking for most species in
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this study, although the existence of coincidences bet-
ween plot and species classifications is still notewor-
thy. I have in fact looked at some of these assessment
methods, Dale’s (1964) extensions of Lambert and Wil-
liams (1962) nodal analysis, Buser’s (1983) homogenei-
ties and Juhdsz-Nagy’s (1984) associatum but it is not
clear that they provide much more information than
a simple visual inspection and in any case most of the
methods are restricted to presence data only. For the-
se reasons they have been omitted here.

The second alternative approach is to examine the
coincidence of plot or species classifications between
the 16 coefficients used here. This would involve so-
mething like the Fowlkes-Mallowes (1983) statistic to
test for significant agreement. Since some sort of com-
parison of results is the intention here, this is the ap-

proach I have emphasised. I have used Rajski’s (1961)-

distance between partitions in a contingency table to

Table 7. Data table sorted wusing Levenshtein/Bray-
Curtis/Fuzzy intersection measure.
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organise the methods because I do not think the signi-
ficance testing is really very helpful given the biased
nature of the Fowlkes-Mallowes and the competing
Rand statistics, and their somewhat peculiar properties.

Results

The ordering of plots and species from the original
analysis is given in Table 1 to allow crossreference. The
Table 2-8 show the two-way tables for a selection of
the coefficients. These tables show 6 (5 for Eid) attri-
bute groups, labelled «, 8, x, 3, €, ¢, as columns and va-
rious numbers of plot groups, labelled A, B, C... Absence
of an attribute value is indicated by a period, otherwi-
se the coded cover value is recorded, except for the Syn
and Pred measures where only presence/absence infor-

~mation is given. From the tables the cross relationships

between attribute clusters and item clu-
Axis 2
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*Eid BC/FliLev
Q.24 ®
#Cal MO0
0,08 - 1
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“SED *Can
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Axis 1

Fig. 2. Principal coordinates analysis: axes pair 1/2 and
1/3 plotted.



sters are visible, and also the tendency of any particu-
lar analysis to produce groups with one or two mem-
bers only. However we should not be misled into
believing that a ‘‘minimal variance’ structure with each
item/attribute intersection block filled with identical va-
lues, is necessarily the ideal result, however much it
has attracted statisticians in the past . Other structure
can be more valuable.

To aid in visualising the relationships between the
various coefficients, I have analysed the Rajski distan-
ces, given in Table 9 classifying using SAHN, Fig. 1, and
also providing a principal coordinates analysis (Gower
1966), Fig. 2. On a %-trace basis the three ordination
axes account for about 46%, which is not too bad.

I also identified an additive similarity tree, Fig. 3,
using the methods of Sattath and Tversky (1977). The
Kruskal’s stress measure for the fit of the additive tree
is about 32%, a rather bad fit, which is not really unex-
pected, since it is unrealistic to expect the coefficients
to fall into a simple hierarchy. Finally, I have also em-
ployed Arabie and Carroll’s (1980) additive clustering.
Table 10, because the notion of parts of similarity being
shared in different ways among the different coeffi-
cients seems very sensible. The main problem here,
apart from computational cost which will become ne-
gligible when our Cyber 205 version is working, is choo-
sing the number of clusters. The method allows more
clusters than items, and as yet I have had insufficient
experience with the method to have developed any
heuristics or hunches.

R BC Fi Lev
Lan GO0

Div ten

Tinf Qint

Fig. 3. Additive similarity tree (only vertical distances
are significant).
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The two-way tables can be briefly dealt with, with
interest focussed on the existence of clear ‘‘blocking’’
where plot and species groups coincide, and the ten-
dency to form small groups of 1 or 2 members. The Eid
and Chi results seem to lack strong blocking, the seria-
tion tendency being obvious in the latter, but blocking
is apparent in the other analyses. However this is con-
founded with the tendency to form small groups; such
groups are found more among the species than the plots
partly because there are more groups permitted and
partly because species are inherently unique items.
Such small groups, then, seem to be associated either
with the very rare species, notably 12 and 13 and 20
and 21, or with the very common, and potentially im-
portant species such as 27 (which would be the divi-
sion species in a two-parameter analysis), 16 or 4.
Obviously many of the measures closely linked to the
Levenshtein measure give groups which are very simi-
lar. However the Tinf and Syn measures both show

Table 8. Data table sorted using Chi-square metric.
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blocking, albeit of rather different kinds while Pred is
the only measure which has neither single nor two
membered groups. The SED result is atypical in its pro-
duction of single membered groups, presumably due to
the effects of standardisation to zero mean and unit va-
riance. Syn is the only other measure which produces
single membered plot groups and the apparent blocking
is clearly unrelated to any minimal variance. COO seems
more blocked than Can, Fcl more than Cal while ove-
rall Tinf is possibly the most strongly blocked, minimal
variance result, but the core Levenshtein measures pro-
duce reasonably strong blocking. I have not attempted
a detailed interpretation of the groups formed in envi-
ronmental terms, since I am not an expert on the vege-
tation being studied.

Turning now to the SAHN results, Fig. 1, and their
comparison, what is most obvious is that BC, FI and Lev
are all identical. Further the Ccn coefficient is very clo-
se to them. An adjacent grouping of the various infor-
mation measures, Div, Tinf, Qinf, and Canberra metrics,
COO, Can, shows that these coefficients all of which
require very similar constraints in a Levenshtein con-
text, are all somewhat similar and not so far from the
more relaxed. Levenshtein distances of BC and Ccn. The
other coefficients do not really form a coherent cluster,
and I suspect they are grouped more on differences
from the Levenshtein measures than on any real simi-
larity among themselves. The inclusion of the Eid va-
lue result as an outlier is expected of course.

The coordinate analysis, Fig. 2, provides a similar
kind of result though one might interpret the result as
a horseshoe, representing a single axis running from Eid
to BC. 1t is interesting, though that the third axis sepa-
rates the two Calhoun variants, Cal, Fcl, and puts the
Syn measure near the original topological one while the
fuzzy version is placed near the Chi metric. Eid is as
always an outlier. Whether these placements have any
significance remains to be seen.

The additive clustering, Table 10, also stresses the

Table 9. Partition dissimilarities: Rajski’s metrix x 1000.

Eid Sun ©Cal Div Tinf Jinf Pred SED CO0 Can BC Fl Lev Chi FC  £Cn
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Table 10. Additive similarity clustering: group member-
ship and group weights.

Weight = .308

Members: BC, FI, Lev, CCh, Div, C00, Can, Tinf, Qinf, SED,

Weight = 0.284
Members: BC, Fl, Lev, C

Weight = 0,168
Members: BC, FI, Lev,

=

Pred, Div, C00, Can

Weight = 0.155 i
Members: BC, F, Lev, CCn, Pred, Syn, Cal, FC, Div, CO0, Can, Tinf, Qinf, SED

Weight = 0.103

Members: CCn, Pred, Div, €00, Can, Tinf, Qinf, SED, Chi

strong relationships of the Levenshtein based measu-
res, while the Eid result is not even included in a clu-
ster! Of course with this method I could request more
clusters, and presumably at some stage the eident re-
sult would enter some cluster, though the weight atta-
ched to that cluster would necessarily be small. In
summary there does not seem to be a strongly weigh-
ted cluster without the BC-FI-Lev core, and the most
heavily weighted cluster contains the Levenshtein re-
lated measures. Ccn is associated with this triple. The
Div, COO and Can measures group together several ti-
mes, often accompanied by Pred. Tinf, Qinf and SED
also group with them most of the time. The remaining
measures appear in a single cluster only, with Chi for-
ming an oddity in the last cluster. We appear then to
have three major centres, with a number of peripheral
measures largely unrelated. Since the three centres as
composed of Levenshtein related measures, presuma-
bly the outliers are either very odd Levenshtein forms,
or reflect aspects of similarity not reflected by Leven-
shtein measures.

Finally the additive similarity tree, Fig. 3, again iso-
lates a branch structure relating the Levenshtein mea-
sures. (Note that on this diagram only vertical distances
are significant in estimating the dissimilarities). It does
seem successful in discriminating the related partitio-
ned information measures, and in maintaining separa-
tion between the non-Bray-Curtis coefficients. The
isolation of the Chi result is notable, while Ccn is again
close to the Levenshtein measures.

Discussion

From these results it would seem that the Leven-
shtein related measures do give the same kind of re-
sult, provided they are employing similar
transformation rules and other constraints. The dual
coefficient of Faith seems to give largely similar results,
so that, on these data, the differences seem very small.



In contrast, the Euclidean distance and Chi-square mea-
sures, which are both very constrained and limited
to substitution, differ markedly. What is perhaps sur-
prising is that the information measures do not differ
at least as much. True, the diversity measure gives the
same kind of result, but none of the various informa-
tion measures seems to be quite so clearly separated as
might be expected, given that the rules and constraints
necessary for a Levenshtein formulation of them would
seem to be very close to those of the euclidean and chi-
square metrics. As far as the other measures are con-
cerned, they do seem to be capturing aspects of simila-
rity which are not well represented in the
Levenshtein-based measures commonly employed. In
particular, the Predicate calculus coefficient gives a ve-
ry interesting two-way table, unrelated to the patterns
seen in the majority of tables. It does seem that this
coefficient is recording aspects of similarity not present
in the Levenshtein measures used here.

I do not, of coui"se, claim that these exhaust all the
possible measures by any means. In some cases the si-
milarities are directly observed rather than measured,
as in Lehmann (1972). What properties should be ex-
pected under these circumstances is not clear; metrici-
ty or euclidean properties do not seem likely. Other
obvious examples which have been excluded from this
preliminary survey are Goodall’s (1964) probabilistic
measure, Mountford’s (1971) coefficient is based on as-
sumptions of the form of the species area curve, Le-
vandowsky and Winter’s (1971) geodesic distance, and
Wahl’s (1983) or Vasic¢ek and Ji¢in's (1976) shape distan-
ces. Largely these were omitted simply because pro-
grams for their calculation were not immediately
available, but they will need examination in the futu-
re. Correlation coefficients seem to be Levenshtein me-
trics with ‘‘time-warping’’ permitted but certainly
require further investigation.

There is, however, one other class of distances which
does seem of more than passing interest and these are
the Hausdorf distances: Bednarek and Ulam (1979) pre-
sent a method of calculating distances in the following
manner, Give an item x, define an operation f(x) which
returns a set of items associated with, and including,
x. Now define f(f(x)) as the set resulting if the opera-
tion is applied to all members of the set f(x), and more
generally f "(x) as the operation applied n times. Now
consider two items A, B and determine the value of n
where £ " (A) = f " (B)? This value is the, integer, Hau-
sdorf distance between A and B. Obviously the result
depends on the function used; one Levenshteinian pos-
sibility would be that f(x) returns all items one ‘‘rule-
application’’ away from x.

I have been toying recently with the possibility of
using the taxonomic hierarchy in an analogous manner,
the f(x) now being a change from species to genus, or
genus to family. Nakamura and Iwai (1982) propose so-
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mething similar when they admit ‘‘properties of high
order’’. If x is like y then the properties of y are regar-
ded as properties of x, but at the second order, and so
on for higher orders. The problem is one of relating, if
it be possible, the Hausdorf distance to a Levenshtein
distance; this would provide a very general model of
similarity measures. For example, Calhoun’s distance
seems to have what I might call a Hausdorfian flavour.
A taste of the future perhaps?

Acknowledgements. To Franta, Susan and Tomas for the non-
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