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clustering quality obtained by an algorithm? as a function of the number of
specified clusters, k. Thus, to compute the statistic, the clustering problem is
first solved for a range of di erent values of k£ and, for each k, the resulting
partitioning C = {C4, ..., Cy} is evaluated by means of some chosen measure of
clustering solution quality. Most clustering quality measures are, unfortunately,
not independent of the number of clusters; a better evaluation may result only
because k is larger/smaller. To overcome this, the Gap statistic uses a number
of reference curves to normalize the quality curve. The purpose of the reference
curves is to estimate, for a range of values of k, the contribution to the observed
quality that arises only from the k-dependent bias in the measure, and not from
a particular choice of & reflecting the true number of clusters in the data.

To implement the method, B reference curves R(k) (with b € {1,...B}) are
computed, which are the performance curves obtained when the same clustering
algorithm is applied, again using a range of values of &, to B di erent, uniformly
random data distributions (i.e., having no clear cluster structure) of the same
size and dimension as the real data set. Using these, the normalized performance
curve (‘Gap curve’) for a quality curve Q(k) is given as

B
Cap(h) = + (Z log(m(@)) ~ 1og(Q(k))-
b=1

The most suitable number of clusters is then determined as the smallest &, such
that

/ 1
Gap(k) > Gap(k + 1) — sp41, where Sk = sdpy/1+ B

and sdy is the standard deviation within the set of the B log-scaled reference
points Ry (k).

For our implementation of the Gap statistic we use the above described k-
means algorithm and use the intra-cluster variance (see Section 4.2.3) as the
quality measure. We compute the quality curves for k € {1,...,20}, and, for
each k, we generate B = 20 reference curves.

4.2 Evaluation functions

The clustering results of the di erent algorithms are compared using three ana-
Iytical evaluation measures. The first of these makes use of the correct classifi-
cation, which is known for all of our test sets. The other two estimate intrinsic
properties of a clustering solution.

4.2.1 The F-Measure

The F-Measure [28] uses the ideas of precision and recall from information re-
trieval. Each class ¢ (as given by the class labels of the particular benchmark

30ne in which k is given as a parameter.
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data set) is regarded as the set of n; items desired for a query; each cluster j
(generated by the algorithm) is regarded as the set of n; items retrieved for a
query; n;; gives the number of elements of class ¢ within cluster j. For each
class i and cluster j precision and recall are then defined as p(i, j) = ’;—JJ and

Nigj

r(i,7) = =<, and the corresponding value under the F-Measure is
Uz

(0* +1) - p(, ) - (i, )
b2 - p(lvj) + T(Z,])

where we chose b = 1, to obtain equal weighting for p(7, j) and r(i,j). The
overall F-value for the partitioning is computed as

F@,j) =

3

F=Y % max{F(i, )},

where n is the total size of the data set. [ is limited to the interval [0, 1] and
should be maximized.

4.2.2 The Dunn Index

The Dunn Indez [9] determines the minimal ratio between inter-cluster distance
and cluster diameter for a given partitioning. Thus, it captures the notion that,
in a good clustering solution, data elements within one cluster should be much
closer than those within di erent clusters. It is defined as

D = min 5(,LLC, 'ud) ,
¢,deC | MaXeeo [diam(e)]

where C'is the set of all clusters, the diameter diam(c) of a cluster ¢ is computed
as the maximum intra-cluster distance, and §(u., pq) is the distance between
the centroids of clusters c and d. It is to be maximized.

4.2.3 The Intra-cluster variance

The Intra-cluster variance computes the sum of squared deviations between
all data items and their associated cluster center, which reflects the common
agreement that data elements within individual clusters must be similar. It is

given by
=36, n),

ceC icc

where C is the set of all clusters, p. is the centroid of cluster ¢ and (¢, u..) is the
distance function employed to compute the deviation between each data item ¢
and its associated cluster center. It is to be minimized. However, as all other
measures used are to be maximized, we will, for ease of interpretation, use the
transformed value 7* = 10.0 — I in our boxplots.
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Table 1: Summary of the real data sets from the Machine Learning Repository.
N is the total number of data items in the data set, IV; is the number of items
for cluster ¢, and D and C give the dimensionality and the number of clusters
respectively.

Name N N; D C Type

Dermatology 366 112,61, 72,49,52,20 34 6 Integer

Digits 3498 363, 364, 364, 336, 364 16 10 Integer
335, 336, 364, 336, 336

Iris 150 3 x50 4 3 Continuous

Wine 178 59, 71, 48 13 3 Continuous

Wisconsin 699 458, 241 9 2 Integer

Yeast 1484 463, 429, 244, 163,51 8 10 Continuous
44, 37, 30, 20, 5

Zoo 101 41, 20, 5, 13, 4, 8, 10 16 7 Boolean

4.3 Experimental data

Two di erent types of benchmark data sets are used. First, seven real data sets
from the Machine Learning Repository [1], which we summarize in Table 1. Sec-
ond, a range of two-dimensional synthetic data sets that permit the modulation
of specific data properties.

In the latter, each cluster is described by a two-dimensional normal distri-
bution N(ii,5). The number of clusters, the sizes of the individual clusters,
and the mean vector [ and vector of the standard deviation & for each normal
distribution are manually fixed. In each run of the experiments, a new set of
data is sampled from these distributions. These synthetic benchmarks are vari-
ations of the Square data set, a data set that has been frequently employed in
the literature on ant-based clustering and sorting. It is two-dimensional and
consists of four clusters of equal size (250 data items each), which are gener-
ated by normal distributions with a standard deviation of 2 in both dimensions
and are arranged in a square. The data sets Square! to Square7 only di er by
the distance between the individual clusters (i.e., the length of the edges of the
square), which are 10, 9, 8, 7, 6, 5 and 4 respectively. They were generated
in order to study the relative sensitivity of the algorithms to increasing overlap
between clusters. In the Sizes! to Sizes5 data sets, edge length and standard
deviation are kept constant, and, instead, they di er in the sizes of the indi-
vidual clusters. In particular, the ratio between the smallest and the largest
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Figure 3: Performance as a function of the distance between the cluster centers
on the Square data sets. Mean values over 50 runs. (a) F-measure (b) Number
of identified clusters.

cluster increases from the Sizes? (where it is 2) to the Sizes5 data (where it
is approximately 10). This is used to investigate the algorithms’ sensitivity to
unequally-sized clusters.

4.3.1 Data pre-processing

All types of data are subject to a number of preprocessing steps: missing val-
ues are replaced by zeros; the data vectors are normalized in each dimension;
dissimilarities between data vectors are computed using Euclidean distance (for
the synthetic data) and Cosine similarity respectively (for the real data), and
are normalized to lie within the interval [0, 1].

4.4 Results

We begin by presenting results for the synthetic data sets, focusing on the
sensitivity of the algorithms to two important data properties, degree of overlap
of clusters, and di erences in cluster sizes. Results on the real data sets follow
on.

4.4.1 Sensitivity to overlapping clusters

We study the sensitivity to overlapping clusters using the Squarel to Square?
data sets. It is clear that the performance of all four algorithms necessarily
has to decrease with a shrinking distance between the clusters, as points within
the region of overlap cannot be correctly classified. It is however interesting to
see whether the performance of the individual algorithms degrades gracefully or
more catastrophically, as a graceful degradation would indicate that the main
cluster structures are still correctly identified.
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Figure 4: Theoretical density distribution along the connecting line between two
cluster centers in the Squares, the Square6 and the Square7 test set (from left
to right). Constructed as the superimposition of two one-dimensional normal
distributions with standard deviation 2 and a distance of 6, 5 and 4 respectively.

Figure 3a shows a plot of the algorithms’ performance (as reflected by the
F-measure) versus the distance between neighboring clusters. A number of
trends can be observed in this graph. There is the very strong performance of
k-means, which performs best on the first four data sets. The 1D-SOM starts
on a lower quality level, but its relative drop in performance is less than that of
k-means: it clearly profits from its topology preserving behavior, which makes it
less susceptible to noise. Average link agglomerative clustering, in contrast, has
trouble in identifying the principal clusters and performs quite badly, especially
on the data sets with a smaller inter-cluster distance.

The results of ATTA-C are very close to those for k-means on the simplest
data set, Squarel, but its performance drops slightly more quickly. Still, it
performs significantly* better than average link on the first five test sets. Also, in
spite of the fact that the clusters ‘touch’, the ant-algorithm reliably identifies the
correct number of clusters on the first five test sets (Figure 3b), and it can thus
be concluded that the algorithm does not rely on the spatial separation between
clusters, but that distinct changes in the density distribution are su cient for it
to detect the clusters. Notice also from Figure 3b that ATTA-C is significantly
better than the state-of-the-art, Gap statistic on these data.

For the Square6 and Square7 test data, the performance of ATTA-C drops
significantly, as it fails to reliably detect the four clusters. For the Square6 test
set the number of identified clusters varies between 1 and 4, for Square7 only
1 cluster is identified. However, a plot of the theoretical density distribution
along the ‘edge’ between two neighboring clusters in this data set puts this
failure into perspective: Figure 4 makes clear, that, due to the closeness of
the clusters, the density gradient is very weak for the Square6 data, and the
distribution of data items is nearly uniform for the Square7 data. Notice that
the other three algorithms are not a ected by this lack of gradient because they
have been explicitly provided with the correct value of k.

4Based on tabulated mean and standard deviation values given in [10].
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Figure 5: Performance as a function of the ratio between cluster sizes on the
Sizes data sets. Mean values over 50 runs. (a) F-measure (b) Number of iden-
tified clusters.

4.4.2 Sensitivity to di ering cluster sizes

The sensitivity to unequally-sized clusters is studied using the Sizes1 to Sizes
data sets. Again, we show the algorithms’ performance on these data sets as
reflected by the F-measure (Figure 5a).

ATTA-C performs very well on all five test sets, in fact it is hardly a ected
at all by the increasing deviations between cluster sizes. Out of its three rivals,
only average link agglomerative clustering performs similarly robustly. 1D-SOM
is very strongly a ected by the increase of the ratio between cluster sizes, and
the performance of k-means also su ers. Notice again that the performance of
the Gap statistic is very weak when compared to ATTA-C (see Figure 5b).

4.4.3 Summary of the performance on real data

To gain an impression of the average performance of the algorithms on more
general data, we analyze their performance under the di erent measures on the
real data sets. Boxplots [32] for the results obtained in 50 independent runs are
shown in Figure 6. Overall, the picture obtained on these data sets is far less
uniform. No algorithm consistently dominates the others; in particular, a clear
discrepancy can be observed between the ratings returned by the individual
measures.
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e In contrast to its behavior on the synthetic benchmarks, ATTA-C fre-
quently fails to identify the correct number of clusters on these data sets.
In particular, the number of clusters determined on the Dermatology, the
Digits, the Yeast and the Zoo data sets is distinctively too low, which
seriously a ects the values obtained under the F-Measure and the Intra-
Cluster Variance. In spite of this, the values obtained are the worst only
on one of these test sets (the Digits data) and ATTA-C even shows a very
good performance under the Dunn Index. These results indicate that the
clusters identified by AT TA-C must correspond to actual structure within
the data. Seemingly, the data sets contain cluster structures on various
levels. While several classes in the data are not well-separated (neither
spatially nor by a clear density gradient), more distinct cluster structures
can be observed on a coarser level (i.e., there seems to be a clear spatial
separation between certain groups of clusters). ATTA-C only manages to
identify these upper-level structures and fails to further distinguish be-
tween groups of data within them. Our impression of a lack of separation
between some classes of this data is confirmed by both the poor perfor-
mance of all other clustering methods and the number of clusters predicted
by the Gap statistic, which is frequently too low (results not shown here,
see [10] for the full result tables).

e The results obtained on the Zoo data set reveal a hitherto unnoticed weak-
ness of ant-based clustering and sorting. Due to the current definition of
the neighborhood function, the algorithm requires clusters to have a min-
imum size in order to construct stable clusters on the grid. The Zoo data
contains several extremely small clusters (the smallest is of size 5) that
ATTA-C fails to identify and consequently assigns to larger clusters (re-
sults not shown). This results in a poor performance of ATTA-C under
the intra-cluster variance (see Figure 6). While this is a clear limitation of
the algorithm, it could possibly be overcome through the use of a modified
neighborhood function.

e The runtimes of the four algorithms, provided in [10], show that, while
ATTA-C is relatively slow on small and low-dimensional data sets, it has
a favorable scaling behavior. Thus, with an increase in the dimensionality
and the size of the data set, it quickly starts to outperform its rivals. For an
increase in the number of data elements, a quadratic rise in runtime can be
observed for average link agglomerative clustering, whereas k-means, 1D-
SOM and ATTA-C all scale linearly. On the other hand, only ATTA-C and
average link agglomerative clustering (which can work with a precomputed
dissimilarity matrix) are not a ected by a rise in dimensionality.

4.4.4 Discussion

In conclusion, we can say that there are a number of properties that make ant-
based clustering and sorting an interesting candidate as an algorithm for cluster
analysis.
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Figure 6: Boxplots [32] giving the distribution of F-measure, Dunn Index
and Variance values achieved for 50 runs of each algorithm on the seven real
data sets. Key: ATTA=ATTA-C, Av=average link agglomerative clustering,
KM=k-means, SM=1D-SOM.
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It is one of the few clustering algorithm that has the intrinsic capability to
identify the number of clusters k in the data. Most other clustering methods
(like the considered k-means, average link agglomerative clustering and 1D-
SOM) rely on the specification of £ as an input parameter. This requires a priori
knowledge or the interaction with another algorithm, which can be problematic,
as current methods for the automatic determination of the number of clusters
in a data set are rather limited (indeed we have seen here that the Gap statistic
is not reliable). On the other hand, the impossibility to specify k& can also
be considered a disadvantage of ant-based clustering and sorting. In specific
applications the user might have precise ideas about the number of clusters
to be identified, and in ant-based clustering and sorting, there is currently no
possibility to adjust the number of clusters that are to be generated.

As far as the quality of the generated partitionings is concerned, ATTA-C’s
robustness with respect to di erent data properties is quite impressive. In our
comparison, it is the only algorithm to perform consistently well on all synthetic
data sets, whereas k-means, 1D-SOM and average link agglomerative clustering
all have their individual problems. Both k-means and 1D-SOM are significantly
a ected by di erences in the sizes of the clusters and the performance of av-
erage link agglomerative clustering strongly decreases for an increasing overlap
between clusters.

On the other hand, the results obtained on real data also show the limitations
of ant-based clustering and sorting: if cluster structures on several levels exist, it
only identifies the upper level ones. A recursive application of the algorithm on
the resulting clusters might be a way, to be tested in future work, to overcome
this problem.

5 Analyzing ATTA-TM'’s performance for topo-
graphic mapping

Having established an objective evaluation of ATTA-C’s clustering performance
in the last section, we now proceed to study the suitability of ATTA-TM to tasks
of topographic mapping. For this purpose, we select two alternative approxi-
mation algorithms to compare against, and we use an additional randomized
approach to obtain a lower bound on mapping quality. Again, three distinct
analytical evaluation functions are used and we employ the same benchmark
data sets as used for clustering.

5.1 Algorithms for topographic mapping

From the pool of di erent approaches to topographic mapping, we select two
well-known approaches: non-metric multidimensional scaling and two-dimen-
sional self-organizing maps.
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5.1.1 Non-metric multidimensional scaling

Non-metric multidimensional scaling [17] is implemented using a gradient de-
scent method to (locally) minimize non-metric stress. After an initial random
placement of all data items close to the origin of the two-dimensional map, the
following iteration scheme starts. At the beginning of each iteration all data
items are randomly permuted. One after the other, each data item is then
‘pinned’ and the positions of all other data items are shifted (in horizontal and
vertical direction) with respect to the pinned item. With data element p pinned,
the update of item ¢’s position in direction x is

d(p7 Z) - 6([?, Z)
d(p, i)

where [r is the learning rate which we set to 0.05, d(p, ¢) is the Euclidean distance
between the data items in map-space, d.(p,d) is the distance in direction z
between the data items in map-space, and J(p,4) is the dissimilarity between
the data items in data-space. The update dy (in direction y) is computed
analogously. The algorithm is stopped after 10 iterations have been performed.
(It was empirically observed that improvements to the mapping rarely occur
after the fifth iteration).

dr = —Ir * -~ dz(p, 1),

5.1.2 Two-dimensional self-organizing maps

Two-dimensional self-organizing maps [16] are a straightforward extension of
one-dimensional self-organizing maps. All our implementation details are equiv-
alent to the 1D case (see section 4.1.3), except for the use of a square grid with
a resolution of [\/#items| x [/#items] (i.e, the number of grid cells is equal
to the size of the data set tackled).

5.1.3 Lower bound

A lower bound on map quality is obtained using the known cluster structure
of the data. For each cluster (as described by the class labels), we randomly
determine a position on the grid. The data elements of the individual clusters
are then randomly scattered on the grid cells in the close proximity of the
respective grid position (one data item per grid cell only).

During the generation of the cluster positions care is taken that clusters
have a su cient spatial separation: the Euclidean distance between each pair
of cluster positions must be at least \/#cells/k, otherwise one of the ‘colliding’
positions is regenerated. Here, #cells gives the overall number of grid cells and
k is the number of clusters in the data set.

It is intuitively clear that the resulting ‘mapping’ is not topology-preserving
to any significant degree, as it does not provide more information than a pure
clustering.
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5.2 Evaluation measures

Three distinct analytical measures are used to evaluate the quality of the re-
sulting topographic mappings. Each of these reflects di erent aspects of the
mapping quality, so that, combined, they provide an overall picture of the algo-
rithms’ performance.

5.2.1 Overall Pearson correlation

The Pearson correlation coefficient provides information on the degree of lin-
ear relationship between the distributions of two variables. In the context of
topographic mappings it can therefore be employed to determine the degree
to which a mapping preserves a linear relationship between the distances in
data-space (described by distribution X) and those in map-space (described by
distribution Y):

covariance(X,Y)

- variance(X) - variance(Y)

P takes values in the interval [—1, 1], with 1 signifying perfect positive corre-
lation, —1 signifying perfect negative correlation, and 0 signifying a complete
lack of linear correlation. N.B. The Spearman rank correlation, which is able
to capture non-linear correlations, has also been used. However, as the results
obtained using this measure do not di er significantly from those under the
Pearson correlation, we do not report them here.

5.2.2 Inter-cluster Pearson correlation

When the real cluster distribution is known, the correlation of the respective dis-
tances between cluster centers in data-space and in map-space can additionally
be computed. This gives insight into the preservation of global relationships,
that is, the relative distances between clusters. We refer to this measure as the
inter-cluster Pearson correlation.

5.2.3 Intra-cluster Pearson correlation

Similarly, the Pearson correlation can be applied to obtain more detailed in-
formation on the sorting within individual clusters. The correlation coe cient
computed for the dissimilarities of the data items belonging to individual clus-
ters provides information about the preservation of more local relationships. We
refer to this measure as the intra-cluster Pearson correlation.

5.3 Results

Extensive experiments carried out on both synthetic and real data permit us
to gain an impression of the algorithms’ strengths and weaknesses. The data
sets used were the same as those employed for our study on clustering, that is,
we obtained results on the Square, the Sizes and the real data sets from the
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Table 2: Mean intra-cluster correlation values for the algorithms over groups of
the data sets: all the real data, all the Sizes data, all the Square data, the 10
dimensional and the 100-dimensional synthetic data.

Group | MDS SOM ATTA-TM  Lower bound
Real 0.8322889 0.5127919 0.4099512  -0.0211883
Sizes 0.9936002 0.5128746 0.2277882  -0.0005318
Square | 0.9980671 0.6015531 0.3285400  -0.0014220
10D 0.6438175 0.5598625 0.0159658 0.0000151
100D 0.3703910 0.5629750 0.0108312 0.0006323

Machine Learning Repository (see Section 4.4). To further evaluate topology
preservation, we also ran experiments on synthetic, randomly generated data
sets of up to 100 dimensions (see [10]). In each case, 50 independent runs of
each algorithm were performed. Tables giving the mean value and standard
deviation for each of our three measures for all algorithms and data sets can be
found separately in [10]. Here we provide representative plots and a summary
table only. In the following, we discuss our main findings.

5.3.1 Summary of the performance on synthetic and real data

e In all of our experiments, multidimensional scaling shows a very strong
performance and it is the clear winner under all of the measures that
reflect the preservation of global relationships in the data, that is, the
overall Pearson correlation and the inter-cluster Pearson correlation. For
the two-dimensional data (e.g., the Square data sets, see Figure 7a), where
no topological defect needs to occur, all correlation values are close to the
maximum value of 1.0, and a scatterplot of the distances in data-space
versus those in map-space reveals that distance ratios are nearly perfectly
preserved (see Figure 8a). With an increase in dimensionality both global
and local topology-preservation do su er, however. (See Table 2 and [10]
for the full result tables.)

e While MDS clearly preserves local topology to a significant degree, it
is, in this respect, repeatedly outperformed by the 2D-SOM, for high-
dimensional data. When looking at the correlation values obtained by
2D-SOM (see Figure 7b), it is notable that the overall correlation and the
intra-cluster correlation almost perfectly coincide: the overall Pearson cor-
relation obtained is a result of local topology-preservation only. The value
of the inter-cluster correlation confirms this. Even for two-dimensional
data (where no topological defect would need to occur), its average value
is close to 0 with an extremely high standard deviation, showing that
cluster positions are determined virtually at random.

e These results are in accordance with the particular focus of the two meth-
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Figure 7: Results (mean and standard deviation over 50 runs) under the cor-
relation measures for the Square data sets. (a) multidimensional scaling (b)
2D-SOM (c) ATTA-TM (d) the random lower bound.

ods, MDS and 2D-SOM. While MDS trades o both global and local
topology-preservation, 2D-SOM is primarily concerned with the optimiza-
tion of local topology. Whilst it could be argued that local topology-
preservation might induce topology-preservation on a more global scale,
our experimental evaluation shows that this is not the case. Consequently,
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Figure 8: Scatterplots of the distances in data-space versus those in map-space
for a solution generated on the Square! data set by (a) multidimensional scaling
(b) 2D-SOM (c) ATTA-TM (d) the random lower bound.

2D-SOM is quite far from achieving a perfect preservation of distance ra-
tios even for two-dimensional data (also see the scatterplot in Figure 8b).
Its advantage is, however, that, due to its focus on local topology, it seems
to cope much better with a rise in dimensionality (see Table 2).

o ATTA-TM never achieves an overall Pearson correlation to match MDS.

The values it obtains are, however, reasonably high (up to a mean value
of 0.798703 achieved on the Iris data set). This is in agreement with
the results reported by other researchers [20] leading them to claim that
the algorithm exhibited a topology-preserving behavior. However, these
results are strongly at odds with those obtained under the measures of
intra- and inter-cluster correlation. The local topology preservation of the
ant-based algorithm amounts only to a weak ‘sorting’ (see Table 2, where
intra-cluster correlations are summarized). Similarly, the global topology
preservation is weak: the average inter-cluster correlation is often very
low with large standard deviations, indicating a random placement of the
clusters (analogously to 2D-SOM). Scatterplots of the distances in map-
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space versus those in data-space give an additional idea of how poor the
topology-preservation really is (see Figure 8c).

e Runtimes (provided in [10]) show that the ant-based algorithm has a fa-
vorable (linear) scaling behavior in comparison to its rivals, which are
both quadratic in the number of data items.

5.3.2 The pitfalls of the Pearson correlation

The discrepancy observed between the overall Pearson correlation, the inter-
cluster correlation and the intra-cluster correlation obtained for ATTA-TM
seems particularly strange, when one might assume that inter- and intra-cluster
correlation comprise the overall correlation value. Our results show that this is
not necessarily true.

The high overall correlation values obtained for AT TA-TM primarily emerge
as an artifact of the preservation of cluster memberships and the clear spatial
separation between clusters on the grid: this ensures that small distances in
data-space are matched by small distances in map-space and, similarly, large
ones are matched by large ones. Such a matching of extremes without any more
precise discrimination is enough to yield reasonably high overall correlation
values, particularly on data sets with large inter-cluster distances.

5.3.3 Is ant-based clustering and sorting better than random cluster
mapping?

In order to demonstrate the above more clearly, that is, to show that a high
Pearson correlation value can emerge purely as a result of clustering and no
sorting, we evaluate the mappings generated by our lower bound method. Recall
that this method generates an embedding that preserves cluster memberships,
but randomly positions the clusters and performs no sorting within individual
clusters.

When we look at the scatterplots obtained for both ATTA-TM and the lower
bound method, clear similarities can be observed (compare Figure 8c and Fig-
ure 8d). Experimental evaluation reveals that the Pearson correlation obtained
for the lower bound is almost as high as that for ATTA-TM. This is the case
for most data sets, except for a number of the real data benchmarks where the
correlation values obtained by random cluster mapping are close to zero. The
latter seems to be an indication that at least some of the classes in these data are
spatially not (well) separated, such that their mapping to spatially well sepa-
rated clusters has a negative impact on the overall correlation. By comparison,
the high correlation values obtained for ATTA-TM show that those clusters
identified by the ant algorithm correspond to distinctive structures within the
data (recall from the previous section that ATTA-C frequently discovers a too
low number of clusters on the real data).
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5.3.4 Data-dependency

One may observe that, di erently from MDS and 2D-SOM, the performance of
ATTA-TM varies significantly as a function of the data set tackled. In particu-
lar, the results obtained under the intra-cluster and the inter-cluster correlation
are far from uniform across the range of data sets. Particularly interesting
trends can be seen on the Square data sets.

First, the inter-cluster correlation di ers for di erent degrees of overlap be-
tween the clusters (see Figure 7c¢). Recalling the clustering results presented
in Section 4.4 we can understand this phenomenon more clearly. We have seen
that, for the Square6 and the Square7 data sets, the density gradient is not su -
cient for ATTA-TM to identify individual clusters, and the algorithm therefore
gathers all four clusters in an individual cluster on the grid. Nonetheless, visual
representation of this resulting cluster shows a rough sorting of the data ele-
ments into four distinct regions, which are sorted in the correct order. This is
the reason for the high inter-cluster correlation obtained on this data. In con-
trast, on data in which the clusters are actually identified and separated on the
grid, the locations of the centers is random, hence the inter-cluster correlation
measure is lower and has a higher standard deviation.

Secondly, distinct variation in the intra-cluster correlation can also be ob-
served (see Figure 7c). In particular it increases with an increasing overlap
between clusters. This e ect is caused by the change in distance ratios: the
maximum distance found between elements decreases relatively to the distance
between elements belonging to the same cluster. This permits the ant algo-
rithm to obtain a better intra-cluster sorting, as it succeeds in distinguishing
more precisely between gradations in distance.

5.3.5 Discussion

In conclusion, we must state that we do not find ant-based clustering and sort-
ing to be a satisfactory method for topographic mapping. Both its capacity
for intra- and inter-cluster sorting is very limited and unreliable and it there-
fore does not prove to be competitive to the established methods of MDS and
2D-SOM. (That these results apply equally to more basic versions of ant-based
clustering and sorting can be deduced from results given in [10], where it is shown
that both intra- and inter-cluster Pearson correlation have been improved by the
modifications made to the basic algorithm.) In particular, our results indicate
that the overall Pearson correlation is unreliable as a means of characteriz-
ing topology-preservation, unless great care with it is taken. This observation
explains why earlier work on ant-based clustering and sorting reported that
it exhibited topology-preserving properties, whereas we find little evidence for
such behavior. Using the measures of intra- and inter-cluster correlation, and
a comparison with random mappings, we have been able to distinguish true
topology preservation from ‘mere’ clustering. We find the latter a more realistic
explanation for the high values of Pearson correlation reported in the literature.
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6 Conclusion

In the preceding sections we have presented the key issues and insights resulting
from our work with ant-based clustering and sorting, which we hope will serve
to answer some of the open questions about the approach. The main goal of
this work has been to determine the true potential of ant-based clustering and
sorting in data-mining applications. To achieve this, and to advance the state-
of-the-art in ant-based clustering and sorting, we have presented an improved
version of the heuristic, called ATTA, which incorporates improvements leading
to gains in e ciency, robustness and overall solution quality.

The extensive evaluation and comparison of AT TA we have carried out seems
to indicate that the use of ant-based clustering and sorting for clustering tasks
is indeed justified. In cases where the number of clusters in the data is not
known, the application of the heuristic is particularly promising. However, as
far as topographic mapping is concerned, we would advise against its use, as
much better methods exist for this purpose. (Its sole advantage seems to be a
linear runtime.)

There are a number of directions in which research on ant-based cluster-
ing and sorting can be continued. Indeed, we are convinced that there is still
room for improvement of the algorithm itself, though it will become increas-
ingly di cult to obtain more than marginal performance gains. In our opinion,
the hybridization of the algorithm with alternative clustering methods might
therefore be a more rewarding and promising line of research.

Finally, we find it particularly interesting to reflect on, and in future to
analyze, the working principles that ant-based clustering and sorting shares
with other clustering methods. For example, one can regard ant-based clustering
and sorting as a randomized partitioning method with a cluster representation
based on representative point sets. Unlike in other clustering algorithms, this
point set is not fixed but constantly being re-sampled. Ant-based clustering and
sorting also has certain similarities with density-based methods, in particular
the scaling parameter « plays a role similar to the density thresholds in density-
based clustering. Studying the algorithm’s working principles in more detail
remains a fascinating prospect and might yield a slimmer version of ant-based
clustering and sorting that incorporates the algorithm’s essential mechanisms
only.
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