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Abstract

In this document we present the results of some preliminary experi-
ments using Bregman Co-clustering. The experiments were conducted
both over synthetic data sets and over real-world data sets taken from
UCI Repository of Machine Learning Database.
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1 Hardware

The hardware configuration used for tests:
e CPU: PowerPC G4 at 1.5GHz
e RAM: 768 MBytes
e OS: Mac OS X

2 Software

The software [CGS04] used for Bregman Co-clustering experiments is de-
veloped at Data Mining Laboratory (The University of Texas at Austin)
and it implements three instances of the Bregman Co-clustering scheme
[BDG™T04bl, BDG™04al:

e Information Theoretic Co-clustering (ITCC') [DMMO3], [DGO3]

o Minimum Sum Squared Residue Co-clustering I (MSSRCCI) [CDGS04]
o Minimum Sum Squared Residue Co-clustering II (MSSRCCII) [CDGS04]

For each co-clustering algorithm we have also five different ways for up-
dating the cluster centroids: local search and four version of batch update.
We only use the former in the tests proposed here, because it allows us to
avoid empty clusters; this behavior is useful in the case we know the exact
number of classes.

We also have different ways to prepare the initial co-clustering, but for
the moment we use the random way only.

Several other options are provided from the software, but we don’t take
them all in account for these preliminary experiments.

3 Clustering evaluation

Due the nature of these preliminary tests, where for each data-set used we
know also the original classification, we adopt the classic instruments used
for evaluating classifications:

e Precision/Recall/F} in the case of binary classification

e Macroaveraging in the case of multi-class



Furthermore, we also use the accuracy metric, although sometimes it is
not an appropriate measure [MRS07, par. 8.3|; this is why it is often used in
several papers evaluating their own clustering techniques.

4 Real-world 1: The Iris Plant Database

The Iris Data Set |Fis36] is the best known database to be found in the
pattern recognition literature. The data set contains three classes of 50
instances each, where each class refers to a type of iris plant. One class
is linearly separable from the other two; the latter are not linearly separable
from each other.

4.1 The Data Set

The data-set was taken from UCI Repository of Machine Learning Database
INHBMOS|:

e Number of istances: 150

e Number of attributes: 4

e Number of classes: 3

e (lasses: Iris Setosa, Iris Versicolour, Iris Virginica

e Class distribution: 50 items per class (the first 50 items in the first
class, and so on...)

e Peculiarity: 1 class is linearly separable from the other 2, but the other
2 are not linearly separable from each other

4.2 Setups

We performed the tests with all three available instances of the Bregman
co-clustering. In each case we used the following two different setups:

1. Co-clusters requested: 3

e Row clusters requested: 3

e Column clusters requested: 1

2. Co-clusters requested: 6



e Row clusters requested: 3

e Column clusters requested: 2

In the first setup the co-clustering algorithm acts as a classic one-way
clustering algorithm, because requesting a single column cluster is the same
as taking all the features in account, without perform any clustering on them.

In the second setup we request two column clusters. We recall that clus-
tering also along the columns (features) allows us to decrease the dimension-
ality, to deal with sparse data and, if we need, to find the interplay between
objects and features clusters. As we can see in the following sections, we can
sometimes increase the accuracy of the algorithm decreasing the dimension-
ality of the data-set.

4.3 Minimum Sum Squared Residue Co-clustering I

For the first setup we obtain a macro-averaging value of 87.649% from the
results in the Table (1} The accuracy is 88%.

For the second setup we obtain a macro-averaging value of 87.099%
from the results in the Table [J] The accuracy is 87.333%.

Class (vs Rest) | Precision | Recall F
1 92.593% 100% | 96.154%
2 90% 72% 80%
3 82.143% 92% | 86.792%

Table 1: The precision/recall/fl values obtained in the first setup for each
class of the Iris data-set, using MSRCCI

4.3.1 Conclusion

We have performed two tests with the same co-clustering instance (MSSR-
CCI): in the first one no column clusters was requested, in the second one
two column clusters did. The contextual feature clustering happened in the
second setup has improved the precision in the classification of the objects

1Since we have requested two column clusters, we have in this case two co-clusters for
each row-cluster we are interested into. However, in this case each co-cluster has the same
row elements for each row-cluster, so we have have simpler precision/recall/f1 table like
in the first setup.



Class (vs Rest) | Precision | Recall F
1 98.039% 100% | 99.01%
2 89.744% 70% | 78.652%
3 76.667% 92% | 83.636%

Table 2: The precision/recall/f1 values obtained in the second setup for each
class of the Iris data-set, using MSRCCI

belonging the first class, but as drawback we have a worst separation between
the two non linearly separable classes.

4.4 Minimum Sum Squared Residue Co-clustering 11

For the first setup we obtain a macro-averaging value of 88.329% from the
results in the Table |3| The accuracy is 88.667%.

For the second setup we obtain a macro-averaging value of 75.641%
from the results in the Table [df] The accuracy is 78%.

Class (vs Rest) | Precision | Recall F
1 100% 100% 100%
2 100% 66% | 79.518%
3 74.627% 100% | 85.47%

Table 3: The precision/recall /f1 values obtained in the first setup for each

class of the Iris data-set, using MSSRCCII

Class (vs Rest) | Precision | Recall F
1 100% 98% 98.99%
2 94.737% 36% | 52.174%
3 60.976% | 100% | 75.758%

Table 4: The precision /recall/f1 values obtained in the second setup for each

class of the Iris data-set, using MSSRCCII

2Also in this case each co-cluster has the same row elements for each row-cluster, so

we have have simpler precision/recall/f1 table like in the first setup.



4.4.1 Conclusion

We have performed two tests with the same co-clustering instance (MSS-
RCCII). The MSSRCCII compares better with MSSRCCI only in the first
setup, while in the second setup it dramatically loses in clustering quality.
Furthermore, the variance between the first and the second setup results is
larger in the case of the MSSRCCII than in the case we use MSSRCCI.

4.5 Information Theoretic Co-clustering

The results in the case of the Information Theoretic Co-clustering instance
are quite interesting. It works bad in the first setup, where we obatain
a macro-averaging value of 18.48% from the results in the Table |5 and an
accuracy value of 32%. On the contrary, ITCC works extremely fine in the
second setup, where we obtain a macro-averaging value of 96.658% from
the results in the Table @ﬂ and an accuracy value of 96.667%.

Class (vs Rest) | Precision | Recall F
1 32.624% 92% | 48.168%
2 0% 0% n.d.
3 40% 4% 7.272%

Table 5: The precision/recall /f1 values obtained in the first setup for each
class of the Iris data-set, using ITCC

Class (vs Rest) | Precision | Recall F
1 100% 100% 100%
2 100% 90% | 94.736%
3 90.909% 100% | 95.238%

Table 6: The precision/recall/f1 values obtained in the second setup for each
class of the Iris data-set, using ITCC

3Also in this case each co-cluster has the same row elements for each row-cluster, so
we have have simpler precision/recall/fl table like in the first setup.



4.5.1 Conclusion

We have performed two tests with the same co-clustering instance (/7CC). In
the first setup I'TCC behaved worse than other two co-clustering algorithms
and its results were really poor. Indeed, in the second setup ITCC showed
the best clustering quality.

5 Real-world 2: The Mushrooms Database

This data set [Sch87| includes descriptions of hypothetical samples corre-
sponding to 23 species of gilled mushrooms in the Agaricus and Lepiota
Family. Each species is identified as definitely edible, definitely poisonous, or
of unknown edibility and not recommended. This latter class was combined
with the poisonous one.

5.1 The Data Set
The data-set was taken from UCI Repository of Machine Learning Database:

e Number of istances: 8124
e Number of attributes: 22

e Number of classes: 2

Classes: Edible Mushrooms, Non-edible Mushrooms (Poisonous, un-
known edibility)

Class distribution: 4208 in the first class (51.8%), 3916 (48.2%)

e Peculiarity: 2480 missing values for the 12th feature

5.1.1 Preprocessing the data-set

The original data-set taken from the UCI Repository included in the first
column a label indicating the original class of each mushroom. Furthermore
the attribute values are in character format. So, we have first removed the
first column. Successively, we have processed all feature values with the ord
function, which assigns an unique numeric value to each character.

Finally, the original missing value character (a question mark “?”) was
turned in a value out of the range (i. e. the zero value) of ord function
codomain. This is correct because it is the same thing the Bregman co-
clustering does when the input data matrix contains missing values. We do
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it by hand for the convenience of maintaining the input matrix in a dense
format instead of using the sparse format.

5.2 Setups

As we already done in previous sections, we performed the tests with all three
available instances of the Bregman co-clustering. The only setup we used in
all three tests is the following:

1. Co-clusters requested: 2

e Row clusters requested: 2

e Column clusters requested: 1

Setups with more than one column clusters gave all the same percentage
of misclassification, regardless the co-clustering instance used.

5.3 Minimum Sum Squared Residue Co-clustering I
We obtain:

e Precision: 78.934%

e Recall: 81.654%

o [7: 80.27%

e Accuracy: 79.21%.

5.3.1 Points with missing values

There are 2480 points which report a missing value for the 12th feature. The
71% of those have been right classified.

5.4 Minimum Sum Squared Residue Co-clustering 11
We obtain:

e Precision: 61.8%

e Recall: 82.89%

e Fi: 70.808%

e Accuracy: 64.599%.



5.4.1 Points with missing values

There are 2480 points which report a missing value for the 12th feature. The
71% of those have been right classified.

5.5 Information Theoretic Co-clustering

We obtain:
e Precision: 73.274%
e Recall: 17.657%
o Fi: 28.456%

e Accuracy: 54.013%.

5.5.1 Points with missing values

There are 2480 points which report a missing value for the 12th feature. The
73% of those have been right classified.

6 Synthetic 1: Syndeca 02

The first experiment on synthetic data was performed on a data-set created

with SynDECA |[VV05).

6.1 The Data Set

e Number of istances: 1000
e Number of attributes: 10
e Number of classes: 5

e (Class distribution: 327 in the first class, 134 in the second one, 162 in
the third one, 132 in the fourth one, 133 in the fifth one.

e Peculiarity: only 888 points are distributed over the five classes. Re-
maining 112 points are noise (outliers).

e Peculiarity: the various clusters have different shapes, like circle, rect-
angular, ellipse, random and square.
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6.2 Setups

As we already done in previous sections, we performed the tests with all three
available instances of the Bregman co-clustering. The only setup we used in
all three tests is the following:

1. Co-clusters requested: 2

e Row clusters requested: 2

e Column clusters requested: 1

6.3 Minimum Sum Squared Residue Co-clustering I

In this test we achieve a macro-averaging value of 57.237% from the results
in the Table [7] and an accuray value of 71.171%.

Class (vs Rest) | Precision | Recall Fy
1 96.176% 100% 98.05%

2 36.676% | 95.522% | 53.002%
3 2.326% 1.235% | 1.614%
4 80.488% 100% 89.19%
5 70.492% | 32.331% | 44.33%

Table 7: The precision/recall/f1 values obtained in the first setup for each
class of the Syndeca 02 data-set, using MSRCCI

6.4 Minimum Sum Squared Residue Co-clustering 11

In this test we achieve a macro-averaging value of 94.17% from the results in
the Table 8| and an accuray value of 100%.

The MSSRCCII behaves well in this case. The “strange” discrepancy
between the accuracy and the macro-averaging is due to the noise points;
in fact, the MSSRCCII correctly classifies all 888 non-noise points, but the
noise points have been turned in false-positive classifications in the clustering
results, so the macro-averaging value cannot be 100%.

6.5 Information Theoretic Co-clustering

The ITCC results are really poor, with a macro-averaging value of 13.107%
and an accuracy value of 33.221%.
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Class (vs Rest) | Precision | Recall F

1 87.668% 100% | 93.428%
90.541% 100% | 95.036%
95.294% 100% | 97.59%
81.481% 100% | 89.796%
90.476% 100% 95%

O = W

Table 8: The precision/recall/f1 values obtained in the first setup for each
class of the Syndeca 02 data-set, using MSRCCII

6.6 Conclusion

The peculiarity of this data-set consist of 112 point of noise. Such points
are outliers, but the Bregman co-clustering are unable to identify them and
than exclude them from the clustering process (or from the clustering results).
However, we are interested in robustness of the algorithms, i. e. how much an
algorithm perform well despite the noise points. The more robust algorithm
in this case is the MSSRCCII, the second type of the Euclidean Distance
based Bregman co-clustering instance, which classify correctly all 888 non-
noise points, despite the “foreign” points.
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