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Classification

• Nobody should want to make clustering, but
they are desperate with multivariate data.

• Reduce data into a few classes and describe
these instead of original observations.
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Classification of classification

Formal ⇐⇒ Informal

Hierarchic ⇐⇒ Non-hierarchic

Quantitative ⇐⇒ Qualitative

Divisive ⇐⇒ Agglomerative

Polythetic ⇐⇒ Monothetic

• Cluster analysis: Formal, hierarchic, quantitative (usually),
agglomerative, polythetic.

• TWINSPAN: Formal, hierarchic, semi-quantitative, divisive,
polythetic.
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Cluster Analysis

• Agglomerative: Combine two most
similar observations, and continue un-
til every point is in the tree.

• Various criteria for similarity between
clusters:
1. Single linkage or distance to the

nearest neighbour.
2. Complete linkage or distance to the

furthest neighbour.
3. Average linkage or distance to the

class centroid.
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Clustering strategies

• Single linkage or nearest neighbour

– Finds the minimum spanning tree: Shortest
tree that connects all points.

– Finds discontinuities.
– Chaining: Groups of inequal size.

• Complete linkage or furthest neighbour

– Compact clusters of ±equal size.
– Makes compact groups even when none exist.

• Average linkage methods (e.g. UPGMA)
– Between single and average linkage.
– UPGMA minimizes cophenetic correlation.
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Clustering and space
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Linkage:  average
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Interpreting clusters

• Predictive clusters are different in
their environment.

• Community classification for environ-
mental indication.

• Clustering may detect local peculiari-
ties, whereas (most) ordination meth-
ods show the global gradient pattern.
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Number of clusters

• As many fusion levels as there are
observations: Hierarchic clustering
can be cut at any level.

• The scientist usually want to use
classes: One level.

• Various optimality criteria
doomed to fail: If they are
good, they can be made clustering
criteria, and then they are just an
alternative clustering.
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Optimizing classification: K–means clustering

• Agglomerative clustering has a burden of
history: Once formed classes cannot be
broken although that would be sensible at
the chosen level.

• K–means clustering: Iterative procedure
for non-hierarchic classification.

• If started with chosen hierarchic cluster-
ing, will optimize.

• Best suited with centroid linking, since
thinks in that way.
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Fuzzy clustering

• Each observation is given a proba-
bility profile of class membership.

• Corresponding crisp classification:
Class of highest membership prob-
ability.

• Non-hierarchic, flat classification.

• Iterative procedure.

!0.4 !0.2 0.0 0.2 0.4

!
0
.4

!
0
.2

0
.0

0
.2

0
.4

18

15

24

27

23

19

22

16

28

1314

20

25

7

5

6

3

4

2

9

12

10

11

21

c©2002–2004 Jari Oksanen Dept. Biology, Univ. Oulu, Finland February 17, 2004

Vegetation Analysis Classi↓cation Slide 169!

"

#

$

TWINSPAN: Two-Way Indicator Species Analysis

• TWINSPAN is not a method but
a program: A bag of tricks.

• Gradient chopping for CA: Ideal if
this is the criterion.

• Uses binary data: Trick is to
divide each species into a series
of ‘pseudospecies’ by abundance
cuts.

%& '(Algorithm

1. Get a CA axis on pseu-

dospecies data.

2. Select pseudospecies at the

ends of the axis as indicators.

3. Repeat ordination with these

pseudospecies: Polarizes the

axis.

4. Chop data in two parts in the

middle of the axis.

5. Repeat steps for both parts.
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Criteria for good classes

1. Divide environment into equal parts.

2. Compact clusters.

3. Groups of equal size.

4. Discontinuous groups.

These criteria often in conflict, and cannot be satisfied
simultaneously.
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Example: A real class structure. . .
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. . . And all methods fail
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Classification and ordination

• Formerly classification and ‘continuum’
theoretical ordination were seen as oppo-
sites: Only two alternative ways of simpli-
fication of multivariate data.

• If classes distinct in ordination, results (or
methods!) are consistent.

• Inconsistent results:
– Either or both results bad.
– Different criteria.
– Too few dimensions in ordination.
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The choice of clustering method

• Some opt for single linkage: Finds distinct

clusters, but prone to chaining and sensitive

to sampling pattern.

• Most opt for average linkage methods: Chops

environment more evenly.

• All dependent on dissimilarity measure:

Should be ecologically meaningful.

• Small changes in data can cause huge visual

change in clustering: Classification may be

optimized for the chosen level.

• TWINSPAN too unstable and tricky: Better

avoided.
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Fuzzy clustering may fail as

well, but at least shows the

uncertainty.
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