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Abstract. The Self-Organizing Map is a popular neural network model
for data analysis, for which a wide variety of visualization techniques ex-
ists. We present two novel techniques that take the density of the data into
account. Our methods define graphs resulting from nearest neighbor- and
radius-based distance calculations in data space and show projections of
these graph structures on the map. It can then be observed how relations
between the data are preserved by the projection, yielding interesting in-
sights into the topology of the mapping, and helping to identify outliers
as well as dense regions.

1 Introduction

The Self-Organizing Map [1] is a very popular artificial neural network algorithm
based on unsupervised learning. It provides several beneficial properties, like
vector quantization and topology preserving mapping from a high-dimensional
input space to a usually 2-dimensional map space. This projection can be visu-
alized in numerous ways in order to reveal the characteristics of the input data
or to analyze the quality of the obtained mapping. In this paper, we present
two novel graph-based visualization techniques, which provide an overview of
the cluster structure and uncover topology violations of the mapping. The first
of the methods visualizes a graph structure based on nearest neighbor calcula-
tions, and is especially useful for so-called ”emergent maps” [2], where map units
outnumber data samples. The second method creates a graph structure based
on pairwise distances between data points in input space, and its advantages are
the easy identification of outliers and insight into the density of a region on the
map.

We provide experimental results to illustrate our methods on SOMs trained
on Fisher’s well-known Iris data set. We show the differences between SOMs
with different numbers of map units.

The remainder of this paper is organized as follows. In Section 2 a brief
introduction to related visualization techniques is given. Section 3 details our
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Fig. 1: Iris 6£ 11 SOM: (a) U-Matrix, (b) P-Matrix, (c) hit histogram, (d) PCA
projection of data and codebook, (e) Iris 30 £ 40 SOM: Hit histogram

proposed methods, followed by experimental results provided in Section 4. Fi-
nally, some conclusions are drawn in Section 5.

2 Related Work

In this section, we briefly describe visualization concepts related to our novel
methods. The most common ones are component planes and the U-Matrix [2].
For an in-depth discussion, see [3]. The emphasis of our paper lies on visu-
alization techniques that take the distribution of the data set in input space
into account. Most commonly, this is visualized as hit histograms, which dis-
play the number of data points projected to each map node. More advanced
methods are the P-Matrix [4] or Smoothed Data Histograms [5] that visualize
the density of the data in input space. Other techniques providing insight into
the distribution of the data manifold are projection methods like PCA, but for
higher-dimensional input spaces, the quality of the projection rapidly decreases.
Some of the visualization methods are based on graph theoretic concepts like
Voronoi Tesselation or Delaunay Graphs [6]. The methods we propose in this
paper are also related to graph structures and will be discussed in Section 3.
In Figure 1, these visualizations are depicted for SOMs trained on the Iris
data set with 6 £ 11 and 30 £ 40 map units, respectively. The feature dimen-
sions have been normalized to unit variance. The U-Matrix, P-Matrix and hit
histogram visualizations for the small map (Figures 1(a)—(c)) show a cluster
boundary between the upper third and the lower two thirds of the map. In
Figure 1(d), a PCA projection of both data samples and the map codebook is
depicted. It reveals some very important characteristics of this SOM: The first
three rows of the map are very dense in the vertical direction, which renders the
lines of the map grid barely undistinguishable; slightly below, the interpolat-
ing region clearly divides the two parts of the data samples; and the lower two
thirds of the map grid are highly skewed. However, the dimensionality of the
data manifold is relatively low, and the first two axes of the plot explain more
than 95% of the variance, a quality of projection which is very unlikely to be
observed for larger and higher dimensional data sets. For the large SOM trained
on the Iris data, Figure 1(e) shows the hit histogram. The number of data sam-
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