










for all features compared to those of the malign class.

7 Conclusions

In this paper, we proposed APMs a classification sys-
tem that is based on nearest prototype classification and
a visualization suite that is capable to display high-
dimensional data sets for classification. The idea of
APMs is to describe each class by a minimal set of proto-
types that are generalized from the objects of the train-
ing set. Working with small prototype models increases
the speed of classification, achieves accurate classifica-
tion and allows us to browse and understand the class
models with data visualization techniques. Therefore,
we introduce the algorithm ”Push and Grow” (PAG)
which is based on a quality measure that favors large
margins between classes and thus prefers general class
models. The algorithm employs two different steps in-
creasing the model quality. The second part of an APM
is a visualization suite to interactively explore the proto-
types and data objects. This suite employs weighted in-
teractive multi-dimensional scaling (MDS) and projects
high dimensional feature vectors into the hyperbolic
space. MDS is needed to project high-dimensional data
objects and prototypes into a 2D image. By assign-
ing weights to distances in MDS, we achieve that the
visualization emphasizes the more important distance
relationships. Our visualization suite allows us to an-
alyze the data space, class models and individual clas-
sification scenarios. In our experimental evaluation, we
demonstrate the good classification accuracy of PAG
compared to 8 other classification methods on 14 data
sets. Furthermore, we show that PAG provides smaller
class models than the compared methods of instance
reduction and prototype classification. Finally, we dis-
play some examples of how APMs can be used to derive
knowledge about classes and data distributions.

For future work, we plan to extend our visualization
suite to directly display the data objects that are repre-
sented by the feature vectors. This is an interesting task
for prototypes because there is no single underlying ob-
ject, but a complete set of objects. Another interesting
idea is visualizing the closest points on the class border
for a given data object. This way, it is possible to derive
the smallest modification of a feature vector that would
cause another classification result. To extend PAG for
other data spaces, we plan to apply PAG to text vectors
and graph-represented data objects.
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