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Cluster Analysis

The collection and organization of objectsisamost an
innately human trait. It requiresthe recognition of
discontinuous subsets.

Cluster analysisisaprocess of identification and
categorization of subsets of objects that are, more often
than not, continuously distributed.

Measures of similarity between objects (Q-mode) or
descriptors (R-mode) isthefirst step of this process.

Cluster Analysis

Usually the result of clustering in EEB isatypology
(i.e., asystem of types). The primary purpose being to
describe the structure of a continuum and identify
various objecttypes. The “nature” of the typesis often
immaterial.

Most multivariate statistical software offers some form
of cluster analysis. Theresult of these proceduresis
usually some form of dendrogram(tree) or skyline plot.

Cluster Analysis

BEFORE embarking upon acluster analysis, you should
clearly state what your goals are. Moreover, it isimportant to
justify why you believe discontinuities exist in the data and
what you hope to gain by identifying and eval uating those
discontinuities.

Alternatively, ordination stresses the continuous nature of data
and is used to emphasize gradientsin the environment or
community traits.

Cluster analysis and ordination are not mutually exclusive, but
one may be more preferable than the other for certain
questions.

Introduction

Clustering is an operation of multidimensional analysiswhich
consists of partitioning a set of objects intosubsets, such that
each object or descriptor belongs to one and only one subset
for that partition. Thus, subsets of any level, by definition,
must consist of mutually exclusive cells.

The Polish ecologist Kulczynski (1928) may have been the
first EEB to use cluster analysisto group observations. Thus,
the method has been used since the early years of EEB.

Most clustering methods proceed from an association matrix.

Introduction

The choice of clustering methodsisjust ascritical asisthe
choice of an association measure.

It isimportant to fully understand the whole range of
clustering methods and optionsin order to correctly evaluate
and interpret the structure in your data under different
circumstances.

There are two major types of clustering: descriptive and
synoptic. In descriptive clustering one attempts to avoid
misclassification at all costs; whereas, in synoptic clustering,
the goal is more of astructured conceptual model.




Single Linkage Clustering

- The Basic Model -

Thereisan entire classification of clustering methods

For most natural scientists, the simplest and most
straightforward clustering method to understand issingle
linkage (also referred to in the literature asnearest neighbor ).

Wewill assume at this point that you have carefully chosen a
similarity measure and applied it to a primary data matrix to
obtain asimilarity hemi-matrix.

Wewill also focus on the classification of objects, but recogni ze
that all of the method can just as easily be applied to descriptors.

Single Linkage Clustering

- The Basic Model -
The method proceeds in two steps:

First, the association hemi-matrix is rewritten in order of
decreasing similarities (or increasing distances, as appropriate),
heading the list with the two most similar objects, and
proceeding until all pairs are accounted for.

Second, the clusters are formed hierarchically, starting with the
most similar objects, and then |etting the objects clumpin to
groups, and then the groups aggregate in to one another, asthe
similarity criterionisrelaxed.

Single Linkage Clustering

- Example -

Let’sreturn to an earlier example where 38 species of
plankton were studied in 5 ponds. The datawere
recorded on arelative abundance scale from 0 = absent
to 5 = abundant.

After computing the similarity coefficient Sy, with
parameter k = 2, the symmetric similarity hemi -matrix is
used to derive asingle linkage clustering

Single Linkage Clustering

- Example, Step 1- Sp Pairs

0.600 |212-214

Ponds 0.500 |431-432

Ponds [ 212 214 233 431 432 0.300 |233-431
212 - 0.214 | 214-432
214 | 0.600 - 0.200 | 233-432
233 | 0.000 0071 - 0.071 | 214-233
431 | 0.000 0.063 0.300 - 0.063 | 214-431
432 | 0000 0.214 0.200 0.500 - 0.000 |212-233
0.000 |212-431

0.000 |212-432

Single Linkage Clustering

A dendrogramisthe most commonly used method of
summarizing the hierarchical clustering results (although
“skyline plots” are prevalent in SAS [not recommended for
classification procedures]).

Dendrograms only display the clusteringtopology and object
labels, not the links between objects.

Dendrograms are made of branches that meet at nodes which
are drawn at the similarity value where fusion of the branches
takes place. Note that the branchesfurcating from any node
can be switched (swiveled) without ever affecting the
information content.

Single Linkage Clustering

- Example, Step 2-
Now, arrange ordered similarity datain to adendrogram:

233
—
432

|: 214

212

00 01 - 02 - 03 - o4 - 05 - 06

Similarity




Single Linkage Rule

From the previous example, it should be clear that the rule
for assigning an object to acluster, in single linkage
clustering, requires an object to display asimilarity at
least equal to the level of partition withat least one object
already a member of the cluster.

The assignment rules differ among clustering procedures.

SL clustering formsachainingrule whereby at each level
of partition, two objects must be allocated to the same
subset if their degree of similarity isequal to or higher
than that of the partitioning level considered.

Single Linkage Clustering

Singlelinkage clustering provides afairly accurate picture of
the relationships between pairs of objects. But, because of
the propensity to exhibit chaining, it may be undesirablein
many ecological analyses.

The chaining phenomenon is an issue because this means that
the presence of an object midway between two compact
clusters, or afew intermediates connecting the two clusters, is
enough to turn them in to asingle cluster.

Clustersonly chainif intermediates are present, so the
chaining of the data sometimes provides some useful insight
into the data.

Cophenetic Matrix

Any classification or partition can be fully described
by a cophenetic matrix. Thismatrix isused for
comparing different classifications of the same
subjects.

The cophenetic similarity (or distance) of two objects
X, and x, is defined as the similarity level at which
objects x, and x, become members of the same cluster
during the course of clustering.

Cophenetic Matrix

Consider the single linkage cluster analysiswe just performed.
the cophenetic similarity matrix (derived from the dendrogram
itself) for that dataset is:

S 212 214 233 431 432
212 -
214 0.600 -

233 0214 0214 -
431 0214 0214 0.300 -
432 0214 0214 0300 0500 -

Ultrametric Property

If there are no reversalsin the clustering, aclassification has
the following ultrametric property and the cophenetic matrix
iscalled ultrametric:
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for every triplet of objects (x1, x2, x3) in the study.

The ultrametric property may also be expressed in terms of
similarities:
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A Cornucopia of Clustering Methods

Clustering algorithms have been devel oped
using awide range of conceptual models
for studying all sorts of problems. There
are 5 major dichotomies among methods:

1. Sequential vs. Simultaneous algorithms

2. Agglomerative vs. Divisive methods

3. Monothetic vs. Polythetic methods

4. Hierarchical vs. Non-hierarchical methods
5. Probabilistic vs. Non-probabilistic methods




Sequentia vs. Simultaneous
Algorithms

Most clustering methods are sequential in that they
proceed by applying arecurrent sequence of operations
to agroup of objects (e.g., single linkage clustering).

In simultaneous algorithms, which areinfrequent, the
solution isobtained in asingle step. ordination
procedures tend to be more of the latter type.

Agglomerative vs. Divisive
Methods

Among the sequential algorithms, Agglomerative
procedures begin with the discontinuous partition of all
objects, i.e., the objects are considered as being separate
from one another. They are successively grouped into
larger and larger clusters.

If the single group of all objectsisused as the starting
point of the procedure, and smaller and smaller groups are
derived by partitioning, the algorithm isdivisive.

Monoathetic vs. Polythetic
Methods

Divisive clustering methods may be monothetic or polythetic.

Monothetic models use a single descriptor asabasisfor the
partitioning (at each partition, one descriptor is chosen).

Polythetic models use several descriptors which, in most
cases, are combined in to an association matrix prior to
clustering.

Hierarchical vs. Non-hierarchical
Methods

In hierarchical methods, the members of inferior-ranking
clusters become members of larger, higher-ranking
clusters. Most of the time, hierarchical methods produce
non-overlapping clusters. (Single linkage clustering is of
thistype.)

Non-hierarchical methods are very useful in EEB. They
produce a single partition which optimizes within-group
homogeneity, instead of ahierarchical series of partitions.
This method should be used when the aim isto obtain a
direct representation of the relationships among objects
instead of asummary of their hierarchy.

Probabilistic vs. Non-probabilistic
Methods

Probabilistic methods include the clustering model of
Clifford & Goodall (1967) and the parametric and
nonparametric methods for estimating density functions
in multivariate space.

The method of C& G is recommended when employing
Goodall’ s similarity coefficient (S,), for the clustering of
speciesin to biological associations.

O NOUTAWDNE
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Hierarchical Agglomerative Clustering

Single linkage agglomerative clustering

Complete linkage agglomerative clustering
Intermediate linkage clustering

Unweighted arithmetic average clustering (UPGMA)
Weighted arithmetic average clustering (WPGMA)
Unweighted centroid clustering (UPGMC)

Weighted centroid clustering (WPGMC)

Ward' s minimum variance method

General agglomerative clustering model

10. Flexible clustering
11. Information analysis




Single Linkage Agglomerative Clustering

In single linkage agglomerative clustering (already covered),
two clusters fuse when the two objects closest to each other
(onein each cluster) reach the similarity of theconsidered
partition.

Asaconsequence of chaining, resultsof SL clustering are
fairly sensitive to noise in the data, because noise changes
the similarity values and may thus easily modify the order in
which objects cluster.

SingleLinkage Clustering

Example: Cockroaches

Let’sreturn to an example we investigated previously
(when looking at the simple matching similarity
coefficient): presence/absence data are available for 5
species of cockroachesin 6 localities.

BCI LC FORT BOQ MIR CORG
CESP 0.000 0.000 0.000 0.000 0.000 1.000
COCU 1000 1000 1000 1.000 1.000 0.000
CODE 1.000 1000 1000 0.000 1.000 0.000
BUAR 1000 0.000 0.000 0.000 0.000 0.000
LADO 1000 1000 0.000 0.000 1.000 1.000

SingleLinkageClustering
Example, Cockroach Data
After generating a similarity hemi-matrix of Jaccard’s

coefficients, we conduct a SLC or (nearest neighbor analysis)
using MV SP software:

Nearest neighbour

BUAR
LADO
4|ECODE
cocu
CESP
0.04 02 0.36 0.52 0.68 0.84 1

Jaccard's Coefficient

Complete Linkage Agglomerative Clustering

Complete linkage agglomeration (also known asfarthest neighbor
analysis) isessentially oppositein approachto thesinglelink age
anaysis.

Inthismethod, thefusion of two clustersrelieson themost distant
pair of objects instead of the closest. Thus, an object joinsacluster
only whenitislinkedtoall theobjectsalready inthecluster. Two
clusterscan fuse only when all objectsof thefirst cluster arelinked
toall objectsof the second cluster.

Complete Linkage Agglomerative Clustering

PROS:

CL clustering producesmaximallylinkedand spherical clusters
(instead of the chained clustersof SL). Thisfeatureisoften
desirablein EEB when wishing to emphasi ze discontinuities.

CONS:

CL clustering relieson avirtudly arbitrary rule known asthe
“right-hand rule” in choosing to include objectsin acluster.
An exampleiswhen two objectsor two clusterscould be
included inathird cluster, while these two objectsor clusters
have not completed the linkage with each other.

Complete Linkage Agglomerative Clustering
Example, Cockroach Data, MV SP

Farthest neighbour

BUAR
LADO
CODE
—|:COCU
CESP
-02 0 02 04 o6 08 1

Jaccard's Coefficient




Singlevs. Complete Linkage Comparison
Cockroach Data, MV SP

Nearest neighbour Farthest neighbour

BUAR BUAR

LaDo EED LADO

= CODE CODE
_ECOCU COCU

CESP CESP

8.0402 b36052b.680.84 1 020 0204 06 08 1

Jaccard's Coefficient

Intermediate Linkage Clustering Methods

Between the chaining problem of SL and the extreme space
dilation of CL, the most interesting solutionin EEB may bea
type of clustering that approximately conserves the metric
spaceA.

If theinterest liesin the clusters shown in the dendrogram,
and not the actual similarity links between clusters shown by
the subgraphs, the average clustering methods of the next four
(4) sections may be the most useful since they conserve the
metric properties of the reference space.

Intermediate Linkage Clustering Methods

In intermediate linkage clustering, the fusion criterion of
and object or acluster with another cluster is considered
satisfied when a given proportion of the total possible
number of similarity linksis reached.

For example, if the criterion of connectednessisC = 0.5,
two clusters are only required to share 50% of the possible
linksto fuse. Thiscriterion has been referred tointhe
literature asproportional link linkage.

When C = 1, the method is called average linkage
clustering (next 4 methods).

Average Clustering

There are four methods of average clustering that conserve
the metric properties of reference space.

Since they do not tally the links between clusters, they are
not object-linkage methods in the sense of the previousthree
methodologies. They rely instead on average similarities
among:

objects (UPGMA, WPGMA), or

centroids (UPGMC, WPGMC) of clusters.

Unweighted Arithmetic Average Clustering
(UPGMA)

“Unweighted arithmetic average clustering”, or “unweighted
pair-group method using arithmetic averages’ (asoriginally
defined by Sneath and Sokal 1973), or “average linkage” by
SASand SYSTAT are al the same UPGMA procedure.

The highest similarity identifies the next cluster to be
formed. Following thisevent, the method computesthe
arithmetic average of the similarities between a candidate
object and each of the cluster members. All objectsreceive
equal weightsin the computation. the similarity matrix is
updated and reduced in size at each clustering step.
Clustering proceeds by agglomeration.

Average Clustering

Example: Plankton Data

Let’sreturn to the plankton data set to develop the 4
methods of average clustering. Recall there are 38
species of plankton 5 ponds, 0/1 data were collected, S,
coefficient was derived withk = 2:

Ponds
Ponds 212 214 233 431 432
212 -
214 0.600 -

233 | 0000 0071 =
431 | 0.000 0.063 0.300 -
432 | 0000 0214 0.200 0.500 -




Unweighted Arithmetic Average Clustering UPGMA Example, Plankion Data Set

UPGMA Example, Plankton Data Set

Objects| 212 214 233 431 432

212 -
At step 1, the highest similarity value isidentified . 214 | 0.600
: ) Step-1
$(212,214) = 0.600; hence the first two objects fuse at 233 |]0.000 /0071 -
0.600. 431 |[o000 70063)\ 0300 -

432 []0.000 0.214] ) 0.200  0.500 -

The similarity of these two objects with each of the

remaining objects in the study must be averaged (values Objects | 212 7214 233 431 432
in the inner box of step 1); thisresultsin areduction of 212-214
the size of the similarity matrix, and produces the matrix Step-2 233 0355 _
shownin step 2. 431 » 00315 [0300] -
432 » [0.1070( | 0.200 | 0.500 -

. . i i UPGMA Example, Plankton Data Set
Unweighted Arithmetic Average Clustering TS BT RV R e —
UPGMA Example, Plankton Data Set 212214 —
At step 2, the highest similarity value remaining isidentified Step-2 233 00355 —
(S=0.500); it indicates that 431 and 432 fuse at 0.500. 431 0.0315| {0.300 -
432 0.1070{ 0.200 | 0.500 -
Again, thissimilarity value is obtained by averaging the boxed
values; this produces anew reduced similarity matrix for the Objects 212 214 233 431 432
next step. Step-3 212-214 —
o ) ) 233 00355 -
At step 3, the largest similarity is 0.250; it leads to the fusion 431-432 [0069%5] 0250  —
of the already-formed group (431, 432) with object 233 at a = -
level of 0.250. Becausethereis1 object in group 233 and two -
in group (431,432), the fused similarity is calculated as Step-4 Zc:)g SZCLS‘ 22 24 3 482
[(0.0355* 1) + (0.06925 * 2)]/3. A -
233-431-432 0.058 -
Unweighted Arithmetic Average Clustering Unweighted Arithmetic Average Clustering
UPGMA Example, Plankton Data Set > MV SP UPGMA Example, Plankton Data Set > MV SP

First, calculate similarity coefficientsin Excel, then build a

symmetrical datamatrix Select UPGMA (S will beindicated as“pre-calculated”).

Theresulting dendrogram:

T BR B dedew ik DR b b UPGMA
SESE BRHs - T
E 432
s b 0.500
Gy Bt s TR U A Wi ot
Ly et Motk 0.250 431
233
0.058
v — 214
0.600
e 212
n| r T T T T T 1
et 1 0.04 02 0.36 052 0.68 0.84 1

Unknown measure




Weighted Arithmetic Average Clustering
(WPGMA)

It often occursin EEB that groups of objects, representing
different regions or groups, are of unequal samplesize.
Eliminating objects to equalize the clusters would mean
discarding valuable information.

Unfortunately, the presence of alarge group of objects, which are
more similar apriori because of their common origin, may greatly
distort aUPGMA.

WPGMA down-weightsthe largest group by giving equal weights
to thetwo branches of the dendrogram that are about to fuse.

Weighted Arithmetic Average Clustering
(WPGMA)

In the specific case of the plankton example, the only
step that changes is step-4 where the the last fusion
valueis calculated.

Itiscalculated as: (0.0355 + 0.06925)/2 = 0.052375.

Objects 212 214 233 431 432
212-214 -
233-431-432 0.05237 -

Weighted Arithmetic Average Clustering
WPGMA Example, Plankton Data Set > MV SP

WPGMA
0.500
0.250
c 0.052
0.600
DIU4 0‘2 0{35 0}52 OIEB UIE4 I1

Unknown measure

Unweighted Centroid Clustering
(UPGMC)

Unweighted centroid clustering, or unweighted pair-group
centroid method (UPGMC; Sneath & Sokal 1973) is based on
asimple geometric approach.

The centroid of acluster of objects may beimagined asthe
type-object of the cluster, whether that object actually exists
or isonly amathematical construct.

In A-space, the co-ordinates of the centroid of acluster are
computed by averaging the coordinates of the objectsin the
group.

Unweighted Centroid Clustering
(UPGMC)

UPGMC proceeds to the fusion of objects or clusters presenting
the highest similarity, asin the previous methods. At each step,

the members of acluster are replaced by their common centroid
(i.e., “mean point”).

The centroid is considered to represent a new object for the
remainder of the clustering procedure; in the next step, one
looks again for the pair of objects with the greatest similarity,
on which the procedure of fusion isrepeated.

Unweighted Centroid Clustering (UPGMC)

Gower (1967) proposed the following formulafor centroid
clustering, where the similarity of the centroid (hi) of the
objects of clustersh and i with athird object or cluster gis
computed from the similaritiesS(h,g), S(i,9), S(h,i):

o Tw W ) WW .
S00LG) = v SO T i SO T I ()]

wherethew' s are weights given to the clusters. g, h, & i can
represent points or clusters. The number of objectsn;, and n;
arte often used as weightsw;, and w;.




Unweighted Centroid Clustering (UPGMC)

Objects| 212 214 233 431 432
212 -
Step-1 214 0.600 -
233 [|[0.0000.071] -
431 [|[0.000 0.063]| 0.300 -
432 |[[0:0000214)] 0200 0.500 -
Objects 212 214 233 431 432
212-214 -
Step-2 233 0.1355 -
431 0.1315] [0 -
432 0.2070(| 0.200 | 0.500 -

Unweighted Centroid Clustering (UPGM C)

Objects | 212 214 233 431 432
212-214 -
Step-2 233 01355 -

431 0.1315) [0 -

432 0.2070(| 0.200 | 0500 -
Objects | 212 214 233 431 432
Step-3 | 212214 -

233 0.1315 -
431-432 0.29425 | 0.375 -

Objects 212 214 233 431 432
Step-4 212-214 -
233-431-432 03802 -

Unweighted Centroid Clustering (UPGMC)

Example, Plankton Data Set

NB: Reversal UPGMC
—|0.500
0.3802

0.375
- 0.600
004 02 0.36 052 068 0’84 1

Unknown measure

Unweighted Centroid Clustering (UPGMC)

Final Comments

As seen in the previous dendrogram, UPGMC may lead to
reversals. Many authors feel uncomfortable about
reversals since they violate the ultrametric property.

Unweighted centroid clustering may be used with any
similarity coefficient, but the Gower’ s formula presented
hereisthe only onethat retainsits geometric properties for
similarities corresponding to metric distances (cf. S,q)

Weighted Centroid Clustering (WPGMC)

Weighted centroid clustering was first proposed by Gower
(1967) and referred to as the weighted pair-group centroid
method (WPGMC) by Sneath and Sokal (1973). It plays
the same role with respect to UPGMC as WPGMA plays
with respect to UPGMA.

Certain centroids may be biased because they are over-
represented in the dataand WPGMC adjustsfor this. The
problem is corrected by giving equal weightsto two
clusters on the verge of fusing, independently of the
number of objectsin each cluster.

Weighted Centroid Clustering (WPGMC)

To achieve the weighting, we rewrite the previous
UPGMC equation to aWPGMC form:

T T

Shim="TSho+ Si a1+ ~ M- Shin

In the pond example, the last fusion is calcul ated as:

Sr(932 421~ 439\ (212~ 214w = Tmm—'\m ﬂ?QA7R1+T{’I- NR7A= NI71195




Weighted Centroid Clustering (WPGMC)
Example, Plankton Data Set

Note that no reversal
took place at final node WPGMC

-—|0.500
0.375

0.3711
- 0.600
T T T T T T 1
0.04 02 0.36 0.52 0.68 0.84 1

Unknown measure

Weighted Centroid Clustering (WPGMC)

Final Comments

Note that WPGMC did not produce areversal at the last node,
although, WPGMC is capabl e of producing reversals (in
general).

Note also that in R-mode, weighted centroid clustering does
not make sense if the measure of association is Pearson’sr.
Correlations are cosine transformations of the angles between
descriptors and these cannot be combined using the WPGMC
equation.

Ward’ sMinimum Variance Method (Ward' s)

Ward' s (1963) minimum variance method isrelated to the
centroid methodsin that it too leads to ageometric
representation in which cluster centroids play an important
role. Toform clusters, the method minimizes an objective
function whichis, in this case, the same “squared error”
criterion asthat used in the MANOVA.

At the beginning of the procedure, each object isin acluster of
itsown, so that the distance of an object to its cluster centraid
is0; hence, the sum of all these distancesisalso 0. Asclusters
form, the centroids move away from actual object coordinates
and the sums of the squared distances from the objects to
centroidsincreases.

Ward sMinimum Variance Method (Ward' s)

Ward'smethod findsthe pair of objectsor clusterswhosefusion
increasesaslittle aspossiblethe sum, of the squared distances
between objects and cluster centroids. The distance of objectxi to
the centroid m of itscluster is computed using the Euclidean
distance formula:

P 2

3.8y - mif

Thesum of squared distances of al objectsin cluster ktotheir
common centroid iscalled “error” in ANOVA, hence 2:

-
2 G (0 2
a=g g &y -m §

A a

wherey;Wisthevalueof thedescriptory; for an objecti member of
group (k) andm®isthemeanvalueof thedescriptorj over all
members of groupk.

Ward'sMinimum Variance Method (Ward' )

Alternatively, the within-cluster sums of squared errorsg?
can be computed as the mean of the squared distances among
cluster members:

2 é
& =e

% N
2u

&.Dro/m

where the D, are the squared distances among objectsin

cluster k and nk is the number of objectsin that cluster.

Ward’ s Minimum Variance Method (Ward' s)

The sum of squared errorsE2k, for all K clusters
corresponding to agiven partition, isthe criterion to be
minimized at each step:

K
2

2
Ex = g e
At each clustering step, two objectsor clustersh and i are
merged into anew cluster hi, asin previous sections.
Since changes occurred only inthe groups h, i, and hi, the
changein the overall sum of squared errors, bE2hi, may
be computed from the changes as:

10



Ward’ sMinimum Variance Method (Ward' s)

It can be shown that this change depends only on the distance
between the centroids of clustersh and i and on their numbers
of objectsn, and n;: »
2 _ MW oo )2
D Em = gmp- Mty
nL+n .,

Another way isto calculate the fusion distances betweenhi
and g for an agglomeration table:

n

n, +n, n +n,
D*(hi, 9 = ———LD’ (h.g)+ ——LD" (i ) - —L—D" (n, i
N+ N+ Ny Mo+ N+ Ny N+ N+ N

Ward' sCl ustering NB: squared distances
used and computed as
Example, Plankton Data Set D=(1-97

Objects| 212 214 233 431 432
212 -
Step-1 214 | 0.1600 -
233 -
431 04900 -
432 0.6400 0.2500 -
Objects 212 214 233 431 432
212-214 -
Step-2 233 1.1887 -
431 1.1986] [O. -
432 1.0252 | 10.6400 | 0.2500 -

Ward' sClustering

Objects 212 214 233 431 432

212-214 -
Step-2 233 01187 -

431 11987|[0.4900] -

432 10252|[0.6400( 0.2500 -

Objects | 212 214 233 431 432

Step-3 | 212214 -
233 0.18869] -

431-432 054288 06700 -
Objects 212 214 233 431 432

Step-4 212-214 -
233-431-432 167952 -

General Agglomerative Clustering

Lance & Williams (1967) proposed a general model that
encompasses all the agglomerative clustering methods
previously presented, except using an intermediate linkage.

The general model allows one to select an afflomerative
clustering model by choosing the values of four parameters
calleday, aj, b, and g, which determine the clustering
strategy.

General Agglomerative Clustering

For similarities, the general model is:

When using distances, the equation becomes:

N AN

Clustering proceeds in the same way for all combinatorial
agglomerative methods. Asthe similarity decreases, anew
cluster is obtained by the fusion of the two most similar
objects and/or clusters. The matrix isthus reduced by one
row and one column at atime.

Flexible Clustering

Lance & Williams (1967) proposed to vary the parameter b
between -1 and +1 to obtain a series of intermediate
solutions between single linkage chaining and the space
dilation of complete linkage. This method is alsoreffered
toin the literature asBeta-flexible Clustering.

Lance & Williams have shown that, if the other parameters
are constrained as follows:

then the resulting clustering will be ultrametric.
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Flexible Clustering

When biscloseto 1, strong chaining is obtained.
When b is close to-1, strong space dilation is observed.

The space properties are conserved for small values of b
around O (= 0.25).

Like weighted centroid clustering, flexible clustering is

compatible with all association measures except Pearson’ sr.

The following figure shows the effect of varyingb in the
clustering of 20 objects:

Flexible Clustering

il Notes:

Latas | Identical dataset!
Considerable divergence

I XN N4 Best resol ution obtained
at: b=0+0.25

b >]0.25| = poor
performance

Information Analysis

The @ mode clustering method called information analysis
was developed for EEB purposes by Lance & Williams
(1966).

It does NOT proceed by the normal steps of similarity
calculation followed by clustering. Itisadirect method of
clustering based on information measures.

Information analysisis atype of unweighted centroid
clustering, specifically adapted to species data.

Shannon’s Formula

Despiteit’s widespread use as a measure of species diversity,
Shannon’sformulawas originally designed to measure the
diversity of information in afrequency or probability

distribution:
P

H=38 p,log p
j=1
In practice, thisformulaisusually applied to presence-
absence data. Theinformation measureis NOT applicable to
raw abundance data here because too many different states
would be created among species.

Information Analysis
Example, Pond Data

Ponds
sp.j | 212 | 214 | 233 | 431 | am2 P, (1-p)
1 1 1 0 0 0 0.4 0.6
2 0 0 1 1 0 0.4 0.6
3 0 1 1 0 1 0.6 0.4
4 0 0 1 1 1 0.6 0.4
5 1 1 0 0 0 0.4 0.6
6 0 1 0 0.6 0.4
7 0 0 0 1 1 0.4 0.6
8 1 1 0 0 0 0.4 0.6

Information Analysis
Example, Pond Data

The entropy of each species presence-absence descriptor j is
calculated on the basis of the probabilities of presence p; and
absence (1-p;) of speciesj, which appear in the right-hand side
of thetable.

The probability of presenceis estimated as the number of
ponds where speciesj is present, divided by the total number of
pondsin the cluster under consideration. The probability of
absenceis estimated likewise.

The entropy of speciesj istherefore:

LI = _ Bnilamni 4 Ao NManf1_ ni W fae Ne mic 1
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Information Analysis
Example, Pond Data

The base of the logarithmsis unimportant aslong asitis
consistent throughout the calculations. We will use
natural logs for the present example.

Thus, for thefirst species, H(1) would be:
H(1) = -[0.4In (0.4) + 0.6In (0.6)] = 0.673
The information of the conditional probability table can

be calculated by summing the entropies per species
(considering all species have the same weight.

Information Analysis
Example, Pond Data

Since the measure of the total information in the group must

also takein to account the number of objectsin the cluster, the
formulaisdefined as:

P
I'=-ng gp;logp, +(1-p ) log(1l- p; }j for 0< p <1

j-1

Where p is the number of species represented in the group of
n objects (ponds). For the group of 5 ponds,

I =-5[8(-0.673)] = 26.920

| iszero when all pondsin agroup contain the same species.

Information Analysis
Example, Pond Data

At each clustering step, three series of values are considered:

() thetotal information | in each group; O at beginning,

(b) thevalueof | for all possible combinations of groupstaken
two at atime, and

(c) theincrease of informationol resulting from each possible
fusion.

All of thesevaluescan beplacedinamatrix, initialy of dimension
n" n which decreases as clustering proceeds.

For thedataset here, valuesof informationin each group (a) are
placed on the diagonal, values (b) in the lower hemi-matrix, and
values(c) inthe upper hemi-matrix.

Information Analysis
Example, Pond Data

Ponds

Ponds | 212 214 233 431 432
212 0 2733 8318 9704 9704
214 | 2733 0 8318 9704 6.931
233 | 8318 8318 0 4159 4159
431 | 9704 9704  4.159 0 2773
432 | 9704 6931 4159 2773 0

Theol for two groupsisfound by subtracting the corresponding
values|, onthediagonal, fromthevaluel of their combination in
the lower hemi -matrix. Valuesonthediagonal areall Ointhe
first matrix only, thusvaluesinthe upper & lower hemi-matrices
areidentical (not the casein subsequent matrices).

Information Analysis
Example, Pond Data

Thefirst fusionisidentified by thelowest bl value found in
the upper hemi-matrix. Thisvalueis2.773 for pairs
(212,214) and (431,432), which therefore fuse. A new
matrix of | valuesis computed:

Groups

Groups
212214 233 431-432
212214 | 2773 10594  15.588
233 13.367 0 4.865
431432 | 21.134 7.638 2.773

Groups .
Grous Information
212214 233 431432 .
202214 | 2773 10504 15588 Analysis
233 13367 0 4865 Example, Pond Data
431432 | 21134 7638 2773

The ol valuesin the upper triangle now differ fromthel’s
inthe lower triangle since there are | values on the
diagonal. The bl corresponding to the group (212, 214,
431, 432), for example, iscalculated as 21.134- 2.773 -
2.773=15.588.

The lowest value of Dl for (233, 431, 432) fuses at the next
step (7.638). The matrix isreduceto 2 2 and the last
fusion occurs at | = 26.920.

13



Information Analysis
Example, Pond Data

Cluster Analysis

C
431

Hierarchical Divisive Clustering

Contrary to agglomerative methods, hierarchical divisive

techniques use the whole set of objects as the starting point.

They divideit into two or several subgroups, after which
they consider each subgroup and divideit again, until the
criterion chosen to end the divisive procedure is met.

Optionsinclude:
Monothetic methods
Polythetic methods
Twinspan

233
— 214
L o1
Information
Monothetic Methods

The clustering methods that use one descriptor at atime
arelessthanideal. The best known of these analysesis
association analysis (Williams & Lambert 1959).

Association analysis may actually be applied to any
binary datatable, not just species.

The problemisto identify, at each step of the procedure,
which descriptor isthe most strongly associated with all
of the others. In other words, individual species are used
asdivisors.

Association Analysis

Chi-square values are computed for all pairs of descriptors
using the usual formula:

2 _ﬂ@'d'_bt)_
c’ =
rm b a s AN AL A A

Theformulamay include Y ates' correction for small sample
sizes, asin similarity coefficientS,;. The X2 valuesrelative
to each descriptor k are summed:

P
2 .
8. Clhkfor j* k

Association Analysis

Thelargest sum identified the descriptor that is most closely
related to all of the others. Thefirst partition is made along the
states of this descriptor (present/absent).

Theoriginal association analysisisan excellent tool for
understanding the essence of how cluster analysis works, and
while not widely used anymore, still has some useful
applicationsand is prevalent in the ol der literature.

Thereisan excellent discussion and worked example of the
methodology in Causton (1988). The only available computer
version that | am aware of isby Ludwig and Reynolds (1988).

Association Analysis

http:// nhshig.inhs.uiuc.edumww/ludwig_and_reynolds.html

Siatbeticad Fralogy. by Listwig and Bryuakls

T et by dpee Db i e e

RequiresaBASIC
compiler to run
source code.
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Association Analysis

Y ou need to copy 2 filesto your windowsdirectory called
QBASIC.EXE and QBASIC.HLP (Windows CD under
\otherolddos\). Open NAASOC.QBA to get QB code.

Association Analysis

QB code comes up for program. If you are familiar with
BASIC code, you can alter the programming or add
comments for specific gpplications. Otherwise, Run, Start to
launch program; analyze pond data (5 sites, 8 spp., 0/1).

Association Analysis

Answer queriesasappropriate. Output in tabular form.
Dendrogram constructed manually. Results show Ponds
212& 214 in one group and 233& 431& 432 in another.

Association Analysis
After completing all divisions, the chi-square values

from the printout can be used to construct adendrogram.
Note the similarity of overall result with WRT previous

algorithms.
431

Polythetic Methods

Thereis no satisfactory algorithm for the hierarchical division
of objects based upon the entire set of descriptors.

Oneformisthe dissimilarity analysis of Mcnaughton-Smith
(1964) that firstslooks for the object that isthe most different
from everything else and then removesit. One by one, each
object isremoved. Objects are removed up to the point where
the distance between clusters can no longer be increased.

Unfortunately, dissimilarity is known to produce some very
odd results, particularly when many small clusters are present.

233

214
’ Chi-Square ’
TWINSPAN

Two Way | Ndicator SPecies ANalysis

Despite the name, TWINSPAN is not just designed to
identify indicator species (name came fromits original
development in vegetation science). Thisisavery popular
procedure that classifies the objects by hierarchical division
and constructs an ordered two-way table.

TWINSPAN produces a tabular matrix arrangement that
approximates a Braun-Blanquet phytosociological analysis
table.

15



TWINSPAN

Thetechniqueisbased on the concept that agroup of sampleswhich
constitute acommunity typewill have acorresponding group of
speciesthat characterize that type (ndicator species).

Sincereciprocal averaging (RA ordination procedure to be covered
soon) arranges species and samplesin away that best expressesthat
relationship, RA isthe basisof TWINSPAN.

TWINSPAN islargely based on presence-absence data, but
quantitative dataareincorporated by considering different abundance
levelsof the same speciesto be different species. Thisresultsin what is
commonly referred to aspseudo-species, and, depending on how you
setit up, asingle speciesmay "become" 5 pseudo-species.

TWINSPAN

Thistechnique is computationally pretty complex & we can not
easily do aworked example here. However, it relies on basic
principles that we have already discussed. An excellent

treatment of the method can be found in Kent and Coker (1992).

Basically. TWINSPAN beginswith an RA ordination, whichis
then divided at its centroid. Each sampleisthen classified into
one of two groups, and a discriminant function analysisis used
to refine the classification; some sampleswill switch groups,
depending on the maximum likelihood determined by the DFA.

This new dichotomy is used to look for preferential (indicator)
species.

TWINSPAN

Species are then scored according to their degree of preference
for one side or the other, highly preferential species are those
that are at least 3 times more common on one side. These
species scores are once again applied back to the samples,
using aweighting algorithm, and borderline cases may once
again switch position. Thisisnow thefirst division.

The processis hierarchical, and so each of the new groups then
undergoes the same process, until either acertain number of
divisions have been reached or agroup istoo small to
subdivide further. Once all the samples have thus been
classified, the species are classified according to their overall
fidelity to the groups, and a sorted tableis produced.

TWINSPAN

Whilethisisthe most popular of the hierarchical divisive
clustering techniques, there are some problems. The
original TWINSPAN code was buggy and produced poor
results. Thereisanew version contained within PC-ORD
(v.4) whichisvery reliable and produces excellent results.

One computational problem that has considerable
biological consequence hasto to do with the way early cuts
are defined-these make all the difference, and can be
affected too strongly by only afew species. Nonetheless,
this procedure has good utility in your repertoire of
multivariate methods.

TWINSPAN

-Example-

Consider adata set that comes from Gauch (1982) that
contains 14 spp. of forest trees sampled in 10 forests.
The data are octave transforms (0-10 scale) based upon
relative abundances.
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Ecological Data
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Note that a dendrogram can be
drawn by hand using the
T columns of numbers at the

|- In the first column, the 0/1s
reflect the first bifurcation.
Each additional column reflects
subsequent bifurcations.
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Partitioning by K-means

Partitioning consistsin finding a single partition of aset of
objects.

In other words, given n objectsin ap-dimensional space,
determine a partition of objectsintoK groups, or clusters,
such that the objects within each cluster are more similar to
each other than to objectsin other clusters.

The number of K groupsis determined by the user.

Partitioning by K-means

Thedifficulty hereisin deciding what “ more similar”
means. In other words, what criterion determines the level
of similarity?

A global criterion would be, for instance, to represent
each cluster by atype-object on apriori grounds and
assign each object to the nearest type.

Alocal criterion usesthelocal structure of the datato
delineate clusters; groups are identified by identifyinghigh
density regionsin the data (most common approach).

Partitioning by K-means

This algorithm was originally proposed by MacQueen (1967)
and popularized by Lance and Williams (1967).

The objective function that the partition to discover should
minimizeisthe sameasin Ward' s classification method: the
total sum of squares (B, or TESS). A problem encountered
by the algorithm is that the solution depends, to some extent,
ontheinitial position of the centroids.

Generically, thisissue of the final answer depending upon
initial conditionsis referred to the asthe “local minimunt
problem in algorithms.

Partitioning by K-means

Thisisan excellent method, particularly for very large
data sets, but has some limitations:

First, it can only be used with Euclidean distances. Many
types of EEB data (e.g., speciesdatain particular) are not
amenable to analysis with Euclidean distance.

Second, it requires continuous datawith no outliers.
Some categorical data can be included, but thisusually
creates problems.

17



Partitioning by K-means
WWW Ncss.com
One of the best places | have found to run
K-means analysisisin NCSS

Partitioning by K-means

Example: Forest Soils, 10 stands, 6 variables

¥ 3 z

| [ i) £3 21 e =
a 205 102 L ¥LZ 38 "r
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B o na 4 x5 ¥ an
| 1] 649 31 8 = -]
L8 ®|5 -] az 153 5T L1r
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Partitioning by K-means

- LR

Partitioning by K-means

. ] G Hd == Helpsdeterminethe

¥ : - ' optimal no. of clusters.

N as s

[ra W

- e G L €= Helpsdetermineif you
} an L have chosen enough

: 1 n e starting configurations.
i LM & This suggests 3 was
i AT .
: [t 1

inadequate, go back &
select 5& re-run.

Partitioning by K-means
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h* 22

Thisreport summarizes the results of performing aone-
way ANOVA on each variable, using the currently defined
clusters asthe factor. Thisreport helpsyou investigate the
importance of each variablein the clustering process.
DANGER: recognize that this doesNOT account for inter-
variable correlation. DFA might be a better approach to
reduce the number of variables.

T e B4 el Al
T

Partitioning by K-means

This section displays

which objects belong to

which groups based

[ upon the variables and
T the number of clusters

. om specified. A desirable

Bewnbeduim Gl _— result is produced when:

i HT = |Dist1-Dist2|is“large”.

; i = This example produces a
- good result.
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Partitioning by K-means

A seriesof bivariate
i plots, comparing all
| variablesis useful to
oo | spot outliers,
anomolies, & various
- other data problems.
If the analysis was
successful, clusters
should be fairly
AT S T distinct in these plots.

Cluster Vdidation

At this point you should be thinking, after all of these
algorithms, which oneis producing “real” clusters?
Alternatively, which clusters of agiven technique are
largely artifacts of that particular algorithm?

Itisimportant to validate cluster analyses. One needsto
show that the clustering structureisunique; i.e., that it
departs from what might be expected from unstructured
data.

BAD NEWS: validation procedures are generally not
available in most stats software packages.

Cluster Validation

Validation can be carried out in non-statistical ways, as well
as statistical ways. Thelatter certainly provides stronger
inference (several nice review papers have been written on
how to do this; e.g., Milligan 1996). Commonly used non-
statistical methods include:

(1) Plot the clusters onto an ordination plot and look for
separation of clusters.

(2) Compare the results of several clustering algorithms.

Summary of Clustering Methods
Pros& Cons
Hierarchical agglomeration: linkage clustering

Sinale L inkage
Computation simple; contraction of space (chaining);
combinatorial method. Good complement to ordination.

Complete Linkage
Dense nuclei of objects; space expansion; many objects cluster at

low similarity; arbitrary rulesto resolve conflicts; combinatorial
method; Increases contrast among clusters.

Intermediate L inkage
IL: Preservation of reference space A; non-combinatorial; not

included inthe L& W “general model”. Preferableto SL & CL
in most cases.

Summary of Clustering Methods
Pros& Cons
Hierarchical agglomeration: average clustering

UPGMA: Fusion of clusters when the similarity reaches the mean
cluster similarity. For objects obtained by simple or random sanpling.

WPGMA: Same, but adjustment for group sizes. Preferable when
sampling was other than simple or random.

UPGMC: Fusion of clusterswith closest centroids; may produce
reversals. For objects obtained by simple or random sampling.

WPGMC: Same, with adjustment for group sizes; may produce
reversals; Preferable when sampling was other than simple or random.

Summary of Clustering Methods
Pros& Cons
Hierarchical agglomeration:
flexible clustering & information analysis

Elexible clustering algorithm permits contraction, conservation,
or dilation of A-space; pairwise relationships between objects
arelost; combinatorial method. All areimplemented with the
same simple straightforward algorithm.

Information analysis minimal chaining; only for Q-mode
clustering with presence-absence data. Useisunclear,
similarities reflect double absences as well as double presences
not recommended.
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Summary of Clustering Methods

Pros & Cons
Hierarchical division

Monothetic: division of the objects following the states of the
“best” descriptor; useful only to split datasetsintolarge
clusters.

Polythetic. computationally intense, small data sets only
(except if super-computer available.

TWINSPAN: dichotomized ordination analysis; gives clear
ordered table classifying sites and species; ecological
justification of some steps questionable (e.g., pseudospecies).

Summary of Clustering Methods
Pros & Cons
K-means clustering

K-means clustering minimizes within-group sum of
squares; different rules may suggest different optimal
numbers of clusters; danger of incorrect separation of
members of minor clusters near the beginning of
clustering; produces a partition of K groups as determined
by the user.

Clustering Methods

Final Comments

Most clustering methodsremain very sensitiveto outliers.
These should be removed prior to any analysis.

Thequestion of which similarity or distance measureto use
remainslargely unanswered, but there are useful guidelines.

Comparative studies seemto favor the use of averagelinkagein
termsof itsability torecover known clusters.

With most of the clustering techniques, there are alarge number
of parametersto be set by the user and care must be exercised.

Exploratory Data Analysis

Another approach to the search for classification or typologies
of objectsisthrough the use of graphical methods.

Graphical methods provide an extremely flexible medium for
explaining, interpreting, and analyzing data by means of
points, lines, areas, faces, or other geometric forms.

Collectively, these methods are often referred to asicon plots.
They permit the graphical representation of p-dimensionsin
alternative forms.

Exploratory Data Analysis
Graphical Methods, Example

Let’sreturn to the forest soils example (n = 10, p = 6)
that we used to devel op the previous K-means
procedure and explore some of the graphical EDA
procedures.

I will use SYSTAT asit has the largest number of
optionsin this category.

We will look at 5 graphical options for the exploration
of multivariate data: Star, Fourier Blob, Chernoff
Faces, Weather Vane, and Sun plots.

Star Plots

Star icons are profileicons

in polar coordinates; the

distance of each point from \ \ B
the center of theicon

shows the value of the

corresponding variable. B Iy N
Separate icons are drawn

for each case (n = 10).
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Fourier Blobs

Polar coordinate Fourier
waveforms. Each casein
the data set is shown by a
blob, and cases with
similar values across all
variableswill have similar
shapes.
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Chernoff Faces

Chernoff faces represent

to adistinct facial
feature (head, nose, @
mouth, eyes, eyebrows,

and ears). Cases with

many variables by @ @
assigning each variable F

similar valuesfor
particular variables will

have similar
corresponding facial u@p
features. Maxp = 20.

0D
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Weather Vane Plots

Icons represent three p
variables. The first
determines the radius
of the central circle,
the second
determines the length
of thevane, and the
third determinesits
direction.
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Sun Plots

Sun plotsare similar
to star plots.
However, the order
of thevariablesis
determined by the
first principal
component, which
makes them easier to
interpret.
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