Data download
Download six iris data files to your computer. Your directory may look as presented in Figure 1.

Figure 1. Set of iris files downloaded to a local directory.

Very simple experiment
Open in your browser the clustering server and select „iris_no-classes“ file as data in layer 1.

Figure 2. Load only data in layer 1.

Press button „Start clustering“. In about 2-3 seconds you will receive the result as presented in
Figure 3.

Figure 3. Clustering result for iris data.

The resulting screen gives to the user a lot of information (see Figure 3):




List of the most relevant attributes (A3, A4, .. for iris data set). In brackets are values 0-1
presenting relevant relevance of attributes.
List of potential outliers (instances 109, 107, 85 for iris dataset)
List of clusters with the total number of instances in each cluster and the list of instances
included into each cluster (for iris dataset the service detected 3 clusters with 76, 50 and
24 instances.






Table with typical attribute values for each cluster. For iris dataset the differences are
most expressed for attribute A3. The mean value for all 150 instances for this attribute is
3.76 while the mean values in clusters 1,2 and 3 are 5.22, 1.46 and 3.90, respectively
Link to a file in which instances are classified tino classes c1-c3 according to their
membership in clusters. If an instance is not clustered at all its class is c0.
Tabs for further actions:
o Merge LESS :: same clustering but into more clusters
o Merge FURTHER :: same clustering but into less clusters (in the iris dataset the
system will merge clusters 1 and 3, as denoted by the message to the user)
o Search for DIFFERENT clusters :: eliminate most relevant attribute (A3 for the iris
dataset) and cluster instances without it.

Experiment when auxiliary files are used
Open in your browser the clustering server and select „iris_no-classes” as data in layer 1.
Additionally, select the file with names of attributes in layer 1 “iris_att_names_data”, the file with
the names of instances “iris_ex_names”, and the file with the known classification of examples
“iris_classes_123”. Please note that in the last file must be names of classes changed to values
1-3. See Figure 4.

Figure 4. Upload of data and auxiliary files.

The clustering result is identical but presented with more details (see Figure 5).

Figure 5. Clustering result presented with more details.

At first, instances in clusters are denoted by their names instead of by their position in the data
file. In the concrete case this is not very useful because names of instances are produced from
their position in the data file.
Additionally, attributes in the table are described by their names. This is useful because the user
immediately recognizes that petal length and petal width are more relevant for clustering than
sepal length and sepal width.

Finally, from the table with the classification of instances the user recognizes that cluster 2 is
completely in agreement with the known classification of examples because it includes only
examples of class 1. Cluster 1 is a mixture of classes 2 and 3, while cluster 3 consists mostly of
examples from class 2 and only one example from class 3. Potentially, this one example may be
interpreted as an outlier. By inspecting the list of 24 instances included into cluster 3 it may be
identified that the outlying example is ex_107 because iris dataset has examples in class 3 at
positions 101-150. Good news is that ex_107 is one of three instances that have been already
denoted as potential outliers (see the second row of the report).
At the end of the report there is presented the number of total misclassified examples. The
number presents the sum of minority class examples in all clusters. For the iris data it is 27
examples in cluster 1 and 1 example in cluster 3.
If we are interested to minimize the total number of misclassified examples, we may search for a
solution with a different number of clusters that will contain only or almost only examples of one
class. The experiments may be performed by iterative pressing tabs “Merge LESS” and “Merge
FURTHER”. Figure 6 presents one of potentially interesting solutions consisting of 6 clusters that
have a property of only 3 misclassified examples. This solution is obtained so that in the
baseline solution the user press “Merge LESS” once and then “Merge FURTHER” once.
By checking the classification table in Figure 6 it may be noticed that there are only 2 minority
class examples in cluster 5. The third misclassified example is one non-clustered example from
class 3. This can be noticed by inspecting the classification table: there are in total 50 examples
in class 3 but only 35 and 14 in clusters 2 and 5, respectively. By looking at instances included
into these clusters it may be noticed that ex_107 is missing.

Figure 6. Iris clustering result with a small number of misclassified examples.

A two-layer experiment
The Exploratory Clustering service enables that the user specifies two data layers. The resulting
clusters must be homogeneous in respect to the both layers. The second layer can include one
or more attributes. For the iris dataset it enables that the four data attributes are used as the first
layer and the known classification attribute as the second layer. The expected output is
clustering that is similar to the previous results but so that it is as much as possible in agreement
with the known classification of examples.
In Figure 7 is presented a two-layer data input which additionally to previous files includes
“iris_classes_original” as data input in the second layer and “iris_att_names_class” the file with
name of the class attribute. It is recommended that for the attribute values in the second layer
are used original attribute names and not values 1-3 that are used for the evaluation of the
classification quality.

Figure 7. A two-layer data input

Figure 8 presents that the obtained clustering result is completely in agreement with the known
classification of examples but so that examples in class 2 are separated into two clusters with 25
examples each. Additionally, one example (ex_107) remained non-clustered. The methodology
enables detection of relevant subgroups of classes and detection of significant outliers.

Figure 8. Iris clustering result when known classification of examples is used in the second layer.

The two data layers are equivalent in respect to the clustering. The same result is obtained if
class attribute is loaded as layer one and four data attributes as layer two.
In contrast to that, outlier detection is performed only for the first layer and if user decides to
search for a different clustering solution (by pressing the tab “Search for DIFFERENT clusters”)
then attributes are eliminated only form the first layer and the second layer is constant in all
experiments.
Two-layer clustering can be interpreted also as multi-target clustering in which the data are
defined in the first layer and one or more targets in the second layer.

Conclusions
The experiments demonstrate that the service is very simple to use. No parameter adjustment is
expected from the user. The user can only increase reliability of obtained results by asking for
more iterations of algorithm that computes similarity of instances. In most cases the obtained
result will be identical or very similar to the result obtained without this option. For example, for
the last experiment with data in two layers the result will be again four clusters but instead of
separation of class 2 examples into clusters with 25 and 25 examples, the resulting clusters
have 27 and 23 examples. Although the later result is more reliable, in some situations the user
may prefer the first result and use it for further evaluation. In general, it is suggested to do the
experiments without increased reliability and just to repeat the final result with the increased
reliability option. For large datasets this option may not be applicable because of the time limit of
10 minutes.
The experiments also demonstrate that Exploratory clustering enables effective insight into the
data even in the case of a simple data set as iris. The service enabled detection of most relevant
attributes (petal_length and petal_width), detection of outliers (ex_107), and segmentation of
class 2 examples into two relevant subpopulations. The results are completely in agreement with
similar experiments with other machine learning tools.
The unique advantage of the service is that Exploratory clustering can be used also on large
data sets, especially in the sense of the number of attributes, that cannot be effectively handled
by other clustering tools.

