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Abstract. The paper presents an extension of the justification for use
of the asymmetric Self-Organizing Map (SOM). We claim that it can
successfully applied in the wider area of research than the textual data
analysis. The results of our experimental study in the fields of sound
recognition and heart rhythm recognition confirm this claim, and report
the superiority of the asymmetric approach over the symmetric one, in
both parts of our experiments.

Keywords: Self-Organizing Map, Asymmetric Self-Organizing Map,
Sound recognition, Heart rhythm recognition.

1 Introduction

The Self-Organizing Map (SOM) [1] is an example of the artificial neural network
architecture. It was introduced by T. Kohonen, and it can be also interpreted as
a visualization technique, since the algorithm performs a projection from mul-
tidimensional space to 2-dimensional space, this way creating a map structure.
The location of points in 2-dimensional grid aims to reflect the similarities be-
tween the corresponding objects in multidimensional space. Therefore, the SOM
algorithm allows for visualization of relationships between objects in multidi-
mensional space. The asymmetric version of the SOM algorithm was introduced
in [2]. However, the justification provided in this paper was related to the hierar-
chical associations in textual data. The aim of this paper is to show that similar
phenomenon can be found in case of the sound signals and human heart rhythm
signals. Consequently, the same assertion referring to hierarchical asymmetric
relationships in data can be used to justify the use of the asymmetric SOM al-
gorithm version. In other words, we can assert that our paper extends the range
of application of the asymmetric SOM method.

The rest of this paper is organized as follows: in Section 2, the traditional sym-
metric version of the SOM algorithm is described; in Section 3, the asymmetric
relationships in data sets are discussed; in Section 4, the asymmetric version of
the SOM algorithm is presented; in Section 5, our experimental results are re-
ported; while Section 6 summarizes the whole paper, and gives some concluding
remarks.
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2 Symmetric Self-Organizing Map

The SOM algorithm provides a non-linear mapping between a high-dimensional
original data space and a 2-dimensional map of neurons. The neurons are ar-
ranged according to a regular grid, in such a way that the similar vectors in
input space are represented by the neurons close in the grid. Therefore, the
SOM technique visualize the data associations in the input high-dimensional
space.

It was shown in [3] that the results obtained by the SOM method are equiv-
alent to the results obtained by optimizing the following error function:
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where xµ are the objects in high-dimensional space, wr and ws are the prototypes
of objects on the grid, hrs is a neighborhood function (for example, the Gaussian
kernel) that transforms non-linearly the neuron distances (see [1] for other choices
of neighborhood functions), D (•, •) is the squared Euclidean distance, and Vr

is the Voronoi region corresponding to prototype wr . The number of prototypes
is sufficiently large so that D (xµ, ws) ≈ D (xµ, wr) + D (wr, ws).

According to equation (2), the SOM error function can be decomposed as the
sum of the quantization error and the topographic error. The first one minimizes
the loss of information, when the input patterns are represented by a set of
prototypes. By minimizing the second one, we assure the maximal correlation
between the prototype dissimilarities and the corresponding neuron distances,
this way assuring the visualization of the data relationships in the input space.

The SOM error function can be optimized by an iterative algorithm consisting
of two steps (discussed in [3]). First, a quantization algorithm is executed. This
algorithm represents each input pattern by the nearest neighbor prototype. This
operation minimizes the first component in equation (2). Next, the prototypes
are arranged along the grid of neurons by minimizing the second component in
the error function. This optimization problem can be solved explicitly using the
following adaptation rule for each prototype [1]:
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where M is the number of neurons, and hrs is a neighborhood function (for
example, the Gaussian kernel of width σ (t)). The width of the kernel is adapted
in each iteration of the algorithm using the rule proposed by [4], i.e., σ (t) =
σi (σf/σi)

t/Niter , where σi ≈ M/2 is typically assumed in the literature (for
example, in [1]), and σf is the parameter that determines the smoothing degree
of the principal curve generated by the SOM algorithm [4].
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3 Asymmetry in Data

The problem of asymmetry in data analysis was widely studied in the literature.
The research of A. Okada and T. Imaizumi [5] is focused on using the domi-
nance point governing asymmetry in the proximity relationships among objects,
represented as points in the multidimensional Euclidean space. They claim that
ignoring or neglecting the asymmetry in proximity analysis discards potentially
valuable information. On the other hand, B. Zielman and W. Heiser in [6] con-
sider the models for asymmetric proximities as a combination of a symmetric
similarity component and an asymmetric dominance component. The author
of [7], introduces the asymmetric version of the well-known k-means clustering
algorithm. Finally, the paper [2] proposes the asymmetric version of the SOM
algorithm, which was an inspiration for our research.

When an analyzed data set appears to have asymmetric properties, the sym-
metric measures of similarity or dissimilarity (for example, the most popular
Euclidean distance) does not apply properly to this phenomenon, and for most
pairs of data points, they produce small values (similarities) or big values (dissim-
ilarities). Consequently, they do not reflect accurately the relationships between
objects. The asymmetry in data set arises, for example, in case, when the data
associations have a hierarchical nature. The hierarchical connections in data are
closely related to the asymmetry. This relation has been noticed in [8]. In case
of the dissimilarity, when it is computed in the direction – from a more general
entity to a more specific one – it should be greater than in the opposite direction.
As stated in [2], asymmetry can be interpreted as a particular type of hierarchy.

An idea to overcome this problem is to employ the asymmetric similarities and
dissimilarities. They should be applied in algorithms in such way, so that they
would properly reflect the hierarchical asymmetric relationships between objects
in the analyzed data set. Therefore, it should be guaranteed that their application
is consistent with the hierarchical associations in data. This can be achieved
by use of the asymmetric coefficients, inserted in the formulae of symmetric
measures. This way, we can obtain the asymmetric measures on the basis of the
symmetric ones. The asymmetric coefficients should assure the consistence with
the hierarchy. Hence, in case of the dissimilarities, they should assure greater
values in the direction – from more general concept to more specific one.

This paper points out that the phenomenon of the hierarchy-caused asym-
metry occurs in a wider range of applications than the text analysis, as it was
presented in [2]. Our experimental study concerns the sound signals clustering
and human heart rhythm clustering, and confirms the existence of the same
phenomenon.

3.1 Asymmetric Coefficients

Asymmetric coefficients convey the information provided by asymmetry. Two
coefficients were introduced in [9]. The first one is derived from the fuzzy logic
similarity, and the second one formulated on the basis of the Kullback-Leibler
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divergence. Both of these quantities are widely used in statistics and probability
theory. In our experimental study, we have used the first of these coefficients.

Hence, the fuzzy-logic-based asymmetric coefficient is formulated as follows:

ai =
|fi|

maxj (|fj |) , (4)

where fi are the features of objects in the analyzed data set (fi are the entries
of the vectors representing the objects), and |•| is the L1-norm meaning the
number of objects possessing the feature given as the argument.

This coefficient takes values in the [0, 1] interval. Intuitively speaking, it will
become large for general (broad) concepts with large L1-norm.

Note that the asymmetric coefficients must be computed and assigned to each
feature of every object in the analyzed data set.

4 Asymmetric Self-Organizing Map

In order to formulate the asymmetric version of the SOM algorithm, we will refer
to the error function (2). As it was stated in Section 2, the results produced by the
SOM method are identical to the results obtained by optimizing the function (2).

The asymmetric SOM algorithm is derived in three steps:

Step 1. Transform a symmetric dissimilarity (for example, the Euclidean dis-
tance) into a similarity:

SSYM
ij = C − d2 (xi, xj) , (5)

where d2 (xi, xj) is the squared Euclidean distance between objects xi

and xj , and the constant C is the upper boundary of the squared Eu-
clidean distance.

Step 2. Transform the symmetric similarity into the asymmetric similarity:

SASYM
ij = ai

(
C − d2 (xi, xj)

)
, (6)

where ai is the asymmetric coefficient defined in Subsection 3.1, in (4),
and the rest of notation is described in (5). The asymmetric similarity
defined this way, with use of the asymmetric coefficient guarantees the
consistency with the asymmetric hierarchical associations among objects
in the data set.

Step 3. Insert the asymmetric similarity in the error function (2), in order to
obtain the energy function, which needs to maximized:
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where the notation is explained in (2), (5), and (6). The energy func-
tion (7) can be optimized in the similar way as the error function (2).
Firstly, we run the quantization algorithm, which generates the SOM
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prototypes ws. Secondly, the energy function is maximized by solving
the set of linear equations ∂E (W) /∂ws = 0. This system of linear equa-
tion can be solved explicitly, by using the following updating formula for
the SOM prototypes ws:

ws =

∑M
r=1

∑
xµ∈Vr

hrsaµxµ
∑M

r=1

∑
xµ∈Vr

hrsaµ

, (8)

where ai is the asymmetric coefficient, hrs is a neighborhood function
(for example, the Gaussian kernel), and the rest of notation is the same
as in (3). This updating formula is similar to the adaptation rule (3),
with the difference that the asymmetric coefficient is inserted. In case of
use of the Gaussian kernel, its width σ (t) can be adapted, like it is done
in (3). An important property of the asymmetric SOM algorithm is that
it maintains the simplicity of the traditional symmetric approach, and
does not increase the computational complexity.

5 Experiments

Our experimental study aims to confirm that the asymmetric version of the SOM
algorithm can be applied in the wider area of research than it was proposed in [2],
and the justification referring to the textual data analysis can be extended to
the other types of data, for example, to sound signals and human heart rhythm
signals, which were the subject of our empirical study.

In case of both parts of our experiments, we have compared the results ob-
tained with use of the symmetric and asymmetric SOM algorithms. As the basis
of the comparisons, i.e., as the evaluation metrics, we have used the accuracy
degree [7], and the entropy measure [2].

– Accuracy degree. This evaluation metric determines the number of cor-
rectly assigned objects divided by the total number of objects in the data
set. Firstly, the centroids of the clustered data are computed, and next, each
object is assigned to the cluster represented by the centroid – nearest to
this object. Finally, the number of correctly assigned objects is divided by
the total number of all objects. The accuracy degree assumes values in the
interval [0, 1], and naturally, greater values are preferred.

– Entropy measure. This evaluation metric determines the number of over-
lapping objects divided by the total number of objects in the data set. This
means, the number of objects, which are in the overlapping area between
clusters, divided by the total number of objects. In other words, it deter-
mines the uncertainty for the classification of objects that belong to the
same cluster. The entropy measure assumes values in the interval [0, 1], and,
smaller values are desirable.

The sound signals, we have analyzed, were the piano music recordings, and the
human heart rhythm signals were analyzed on the basis of the ECG recordings
derived from the MIT-BIH ECG Databases.
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5.1 Piano Music Composer Clustering

In this part of our experiments, we have tested our enhancement to the SOM
algorithm and the classical SOM forming three clusters representing three piano
music composers: Johann Sebastian Bach, Ludwig van Beethoven, and Fryderyk
Chopin. Each music piece was represented with a 20-seconds sound signal sam-
pled with the 44100 Hz frequency. The entire data set was composed of 32 sound
signals. The feature extraction process was carried out according to the tra-
ditional Discrete-Fourier-Transform-based (DFT-based) method. The DFT was
implemented with the fast Fourier transform (FFT) algorithm. Sampling sig-
nals with the 44100 Hz frequency resulted in the 44100/2 Hz value of the upper
boundary of the FFT result range.

The results of this part of our experiments are demonstrated in Fig. 1 and in
Table 1. Figure 1 presents the U-matrices generated by the symmetric (Fig. 1(a))
and asymmetric (Fig. 1(b)) SOM algorithms. Table 1, in turn, presents the
accuracy degrees and the entropy measures corresponding to the symmetric and
asymmetric SOM approaches.

The results of this part of our experimental study report the superiority of
the asymmetric SOM algorithm over the symmetric counterpart. The asymmet-
ric approach leads to the higher clustering accuracy measured on the basis of
the accuracy degree (0.9375 vs. 0.8438), and also, it leads to the lower cluster
overlapping determined on the basis of the entropy measure (0.1563 vs. 0.2500).
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Fig. 1. Piano Music Composer Clustering Maps

Table 1. Accuracy degrees and entropy measures of the piano music composer clus-
tering

Symmetric SOM Asymmetric SOM
Accuracy degree 27/32 = 0.8438 30/32 = 0.9375
Entropy measure 8/32 = 0.2500 5/32 = 0.1563
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5.2 Human Heart Rhythm Clustering

In this part of our experiments, we have investigated asymmetric SOM and the
traditional SOM approach forming three clusters representing three types of
human heart rhythms: normal sinus rhythm, atrial arrhythmia, and ventricular
arrhythmia. This kind of clustering can be interpreted as the cardiac arrhythmia
detection and recognition based on the ECG recordings. In general, the cardiac
arrhythmia disease may be classified either by rate (tachycardias – the heart beat
is too fast, and bradycardias – the heart beat is too slow) or by site of origin
(atrial arrhythmias – they begin in the atria, and ventricular arrhythmias –
they begin in the ventricles). Our clustering recognizes the normal rhythm, and,
also, recognizes arrhythmias originating in the atria, and in the ventricles. We
analyzed 20-minutes ECG holter recordings sampled with the 250 Hz frequency.
The entire data set was composed of 63 ECG signals. The feature extraction
was carried out in the same way, like it was done with the piano music composer
clustering.

The results of this part of our experiments are presented in Fig. 2 and in
Table 2, which are constructed in the same way as in Subsection 5.1.
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Fig. 2. Human Heart Rhythm Clustering Maps

It is clear that, in the case of the ECG recording clustering, the asymmetric
SOM method, again, outperformed the symmetric one, by providing the higher
clustering quality (accuracy degree: 0.7778 vs. 0.7143), and the lower clustering
uncertainty (entropy measure: 0.2540 vs. 0.2857).
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Table 2. Accuracy degrees and entropy measures of the human heart rhythm clustering

Symmetric SOM Asymmetric SOM
Accuracy degree 45/63 = 0.7143 45/63 = 0.7143
Entropy measure 18/63 = 0.2857 16/63 = 0.2540

6 Summary

The paper presented the results of the experimental study on the asymmetric
SOM algorithm, in the fields of piano music composer clustering, and human
heart rhythm clustering. According to our experimental results, the asymmetric
SOM outperforms the symmetric one, in both studied cases, by providing the
higher clustering accuracy, and lower entropy measure. This means that our
results confirmed that the hierarchy-caused asymmetric relationships also occur
in the analyzed data sets. This conclusion extends the justification of use of the
asymmetric SOM algorithm beyond the textual data analysis, which was the
aim of this paper.
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