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Abstract—The growing self-organizing map (GSOM) has been
presented as an extended version of the self-organizing map
(SOM), which has significant advantages for knowledge discovery
applications. In this paper, the GSOM algorithm is presented
in detail and the effect of a spread factor, which can be used to
measure and control the spread of the GSOM, is investigated. The
spread factor is independent of the dimensionality of the data and
as such can be used as a controlling measure for generating maps
with different dimensionality, which can then be compared and
analyzed with better accuracy. The spread factor is also presented
as a method of achieving hierarchical clustering of a data set with
the GSOM. Such hierarchical clustering allows the data analyst
to identify significant and interesting clusters at a higher level of
the hierarchy, and as such continue with finer clustering of only
the interesting clusters. Therefore, only a small map is created in
the beginning with a low spread factor, which can be generated
for even a very large data set. Further analysis is conducted
on selected sections of the data and as such of smaller volume.
Therefore, this method facilitates the analysis of even very large
data sets.

Index Terms—Clustering methods, heirarchical systems, knowl-
edge discovery, neural networks, self-organizing feature maps, un-
supervised learning.

I. INTRODUCTION

WHEN humans try to make sense of complex problems,
their natural tendency is to break the problem into

smaller pieces, which, taken separately, would be easier to
understand and solve [1]. A large data set may be of very high
dimensionality and consist of such complex structure that even
the most well planned data mining or analysis techniques might
have difficulty extracting meaningful patterns from it. In many
cases, the problem is not that of finding some patterns but of
identifying the useful patterns from the large number that exist.
An unsupervised technique such as cluster detection becomes
useful in such situations.

Although data mining can be categorized into directed and
undirected, there is a section of the data mining community that
identifies data mining solely with undirected data mining [2].
The argument is that data mining is generally applied for un-
known, unforeseen patterns, and therefore, if a hypothesis can
be found using the labeled nature of directed data, it would not
be datamining.
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Automatic cluster detection when used as a data mining tool
can properly be described as undirected knowledge discovery or
unsupervised learning. Unsupervised learning methods play an
important role in pattern recognition and knowledge acquisition
problems. The function of unsupervised learning (or self-or-
ganizing) can be thought of as the development of a suitable
clustering for a given data set. Therefore, the function of clus-
tering algorithms in unsupervised learning problems is to iden-
tify an optimal partition in the data set. This can be further de-
scribed as: find groupings in an unlabeled set of data vectors
that share some well-defined mathematical or semantic similar-
ities without any supervised learning procedure. Usually unsu-
pervised clustering methods are applied when the classification
of a given set of sample patterns is unknown. Therefore, this
method is useful in data mining when it is attempted to find
unforeseen or novel patterns in the data. But applying unsu-
pervised algorithms to data that are already classified can also
reveal interesting groupings, which were not identified earlier.
Clustering is a useful tool when it is to deal with a large complex
data set with many variables and unknown internal structure. In
such situations, clustering would be the best tool to obtain an
initial understanding of the structure inherent in the data. There-
after (since a general idea of the data is now available), other
data mining tools can be used to discover inter- and intracluster
rules and patterns. The strengths of automatic cluster detection
for data mining are:

• undirected technique;
• robust performance with diverse data types;
• easy to apply since there is no need to specify particular

fields and inputs.
Therefore, clustering is a very useful tool when the analyst is
faced with a large, complex data set containing many variables
and a complicated unknown structure. At the beginning of a data
mining operation, clustering would often be the best technique
to use. Once automatic cluster detection has discovered regions
of the data space that contain similar records, other data mining
tools and techniques could be used to discover rules and patterns
within the clusters.

The self-organizing map (SOM) has been used as a tool for
mapping high-dimensional data into a two- (or three-) dimen-
sionalfeature map[3]. It is then possible to visually identify the
clusters from the map. The main advantage of such a mapping is
that it would be possible to gain some idea of the structure of the
data by observing the map, due to thetopology preservingnature
of the SOM. It has been theoretically proved that the SOM in its
original form does not provide complete topology preservation,
and several researchers in the past have attempted to overcome
this limitation [4], [5].
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In most applications, the SOM has been used to map from
high-dimensional input space to two dimensions. The useful-
ness of such a mapping for a given application will depend on
how accurately it represents the input space. The SOM is nor-
mally represented as a two-dimensional (2-D) grid of nodes.
When using the SOM, the size of the grid and the number of
nodes have to be predetermined. The need for predetermining
the structure of the network results in a significant limitation on
the final mapping. It is often known only at the completion of the
simulation that a different sized network would have been more
appropriate for the application. Therefore, simulations have to
be run several times on different sized networks to pick the op-
timum network [6]. A further limitation when using SOM for
knowledge discovery occurs due to the user’s not being aware
of the structure present in the data. Therefore, it not only be-
comes difficult to predetermine the size of the network but it
is also not possible to say when the map has organized into a
proper cluster structure, as the user is not aware of the proper
structure itself (in fact, finding the proper structure is one of the
goals in data mining). The solution to this problem would be to
determine the shape as well as the size of the network during the
training of the network.

A dynamic feature map model called the growing self-orga-
nizing map (GSOM) is proposed in this paper. A detailed de-
scription of the GSOM algorithm is presented and its character-
istics are justified. The other focus of this paper is the useful-
ness of the GSOM as a tool for the initial phase of data mining
by identifying clusters in the data. The need for a measure for
controlling the growth of the GSOM (or any such algorithm)
is highlighted, and an indicator called the spread factor is pre-
sented as a method of achieving such a control. Finally, the use-
fulness of the spread factor is demonstrated with some experi-
mental results on real data sets.

II. SELF-GENERATING FEATURE MAPS FORDATA MINING

The advantages of self-generating neural networks have
caused some interest in the recent past. Several researchers
have described such new neural architectures, both in the
supervised and unsupervised paradigms. Although these new
models obviously become more complex compared with their
fixed structure counterparts, significant advantages could be
gained from such dynamic models, the main advantage being
their ability to grow (or change) structure (number of nodes and
connections) to represent the application better. This becomes
a very useful aspect in applications such as data mining, where
it is not possible for the neural network designer to be aware of
the inherent structure in the data.

There have been several extensive reviews [7], [8] on the su-
pervised self-generating neural architectures. Our work so far
has been discussed in several articles [9], [10], where a self-gen-
erating unsupervised feature map called the GSOM is presented.
The potential of the GSOM for data mining (and analysis) was
described in [11].

The rest of this paper is organized as follows. Section II-A
highlights some previous attempts at developing a dynamic fea-
ture mapping model and also looks into the need of controlling
the spread of such a model. Section III presents the GSOM al-

gorithm in detail with justifications. Section IV discusses the
advantages of the GSOM compared with the traditional SOM,
and Section V presents the concept of the spread factor and its
usage to achieve useful hierarchical clustering for knowledge
discovery. Section VI describes some experimental results to
highlight the claims of the GSOM and the spread factor, and
Section VII provides a summary discussion of this paper.

A. Related Work in the Past

Several dynamic neural network models have been devel-
oped in the past, which attempt to overcome the limitations of
the fixed structure networks. Recent work on such supervised
models have been reported in [12] and [13]. Since the focus of
this paper is on unsupervised self-generating neural networks,
some of these models are considered in this section.

1) Growing Cell Structures (GCS’s):The GCS algorithm
[14], [15] is based on the SOM, but the basic two-dimensional
grid of the SOM has been replaced by a network of nodes whose
connectivity defines a system of triangles. The GCS starts with
a triangle of cells at random positions in . This triangle is
distributed as well as possible over the area of nonzero proba-
bility in the space. Heuristics are used to both add and remove
network nodes and connections. The algorithm results in a net-
work graph structure , where is the set of nodes
and is the set of connections between them. The GCS uses a
drawing method, which works well with relatively low-dimen-
sional data, but the mapping cannot be guaranteed to be planar
for high-dimensional data. This causes problems in visualizing
high-dimensional data.

2) Neural Gas Algorithm:Martinetz and Shulten developed
the Neural Gas algorithm [16], which can also be categorized as
an unsupervised self-generating neural network. The network
starts with no connections and a fixed number of units floating
in the input vector space. When the inputs are presented to the
network, units are adapted and connections are created between
the winning units and the closest competitor. There is also a
mechanism for aging and removal of units. Neural Gas uses a
fixed number of units, which have to be decided prior to training.
This again results in the same limitations as the SOM in data
mining applications. The dimensionality of the Neural Gas de-
pends on the respective locality of the input data. Therefore, the
network can develop different dimensionality for different sec-
tions, which can result in visualization difficulties.

3) Incremental Grid Growing (IGG):IGG [17] builds the
network incrementally by dynamically changing its structure
and connectivity according to the input data. IGG network
starts with a small number of initial nodes and generates nodes
from the boundary of the network using a growth heuristic.
Connections are added when an internode weight difference
drops below a threshold value and connections are removed
when weight differences increases. Adding nodes only at
the boundary allows the IGG network to always maintain a
two-dimensional structure, which results in easy visualization.
Therefore, the structure of the data is apparent in the structure
of the network without having to plot the weight values.

The GSOM algorithm presented in the next section has some
characteristics similar to the IGG but uses a weight initializa-
tion method, which is simpler and reduces the possibility of
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Fig. 1. Initial GSOM.

twisted maps. The initial GSOM is shown in Fig. 1. The GSOM
also carries out node generation interleaved with the self-organ-
ization, thus letting the new nodes smoothly join the existing
network. The Space Partition Network (SPAN) algorithm [18]
and the Morphogenetic algorithm [19] are other attempts at dy-
namically creating SOM’s to reduce the limitations of the fixed
structure networks. The SPAN algorithm generates new neu-
rons as anadaptive vector quantizerstarting from an initial net-
work of zero neurons. Heuristics are defined for neuron gener-
ation and annihilation. The Morphogenetic algorithm generates
whole rows or columns from a grid where a new neuron is re-
quired or needs to be removed, thus always maintaining a rect-
angular grid structure.

B. The Need for Controlling the Growth in Self-Generating
Maps

When using feature maps to identify the clusters, it is advan-
tageous if there is a mechanism for initially observing the most
significant clusters and then, once the data analyst has some idea
of the overall data set, to further spread out the mapping and
obtain finer clusters. This will also facilitate the data analyst in
making decisions onregionsof the data that are not of interest
and direct the finer clustering only to regions of interest. When
a set of clusters has been identified, a data analyst sometimes
needs to have a look at the map of only selected attributes (di-
mensions) of the data to gain further insight into the structure
of the data. The same spread of the map (or a controlled spread)
has to be achieved in this further analysis for the analyst to com-
pare the results and arrive at a fair opinion. It is also necessary to
have a measure for controlling the spread of the map such that
finer clustering of the data set can be achieved hierarchically as
required by the data analyst and on the regions of interest.

To achieve this control on the spread of the map, a method
is developed for the analyst to specify the amount of spread re-
quired by specifying aspread factor.It is anticipated that a low
spread factor will be given at the beginning of analysis and then
gradually increasing the spread factor value for further obser-
vations of selected regions in the data. The spread factor takes
values between zero and one and is independent of the number
of dimensions in the data. It is possible to compare the results of
different data sets with a different number of attributes by map-
ping them with the same spread factor.

III. GROWING SELF-ORGANIZING MAP ALGORITHM

The GSOM is an unsupervised neural network, which is ini-
tialized with four nodes andgrowsnodes to represent the input
data [10], [11]. During the node growth, the weight values of
the nodes areself-organizedaccording to a similar method as
the SOM.

The GSOM process is as follows.

1) Initialization phase.

a) Initialize the weight vectors of the starting nodes
(usually four) with random numbers.

b) Calculate the growth threshold (GT) for the given
data set according to the user requirements.

2) Growing phase.

a) Present input to the network.
b) Determine the weight vector that is closest to the

input vector mapped to the current feature map
(winner), using Euclidean distance (similar to the
SOM). This step can be summarized as: findsuch
that , where are
the input and weight vectors, respectively,is the
position vector for nodes, and is the set of nat-
ural numbers.

c) The weight vector adaptation is applied only to the
neighborhood of the winner and the winner itself.
The neighborhood is a set of neurons around the
winner, but in the GSOM the starting neighborhood
selected for weight adaptation is smaller compared
to the SOM (localized weight adaptation). The
amount of adaptation (learning rate) is also reduced
exponentially over the iterations. Even within the
neighborhood, weights that are closer to the winner
are adapted more than those further away. The
weight adaptation can be described by

where the learning rate is a se-
quence of positive parameters converging to zero as

. , are the weight vectors
of the node before and after the adaptation, and

is the neighborhood of the winning neuron at
iteration. The decreasing value of

in the GSOM depends on the number of nodes ex-
isting in the network at time.

d) Increase the error value of the winner (error value
is the difference between the input vector and the
weight vectors).

e) When (where is the total error
of node and GT is the growth threshold). Grow
nodes if is a boundary node. Distribute weights to
neighbors if is a nonboundary node.

f) Initialize the new node weight vectors to match the
neighboring node weights.
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g) Initialize the learning rate ( ) to its starting value.
h) Repeat steps b)–g) until all inputs have been pre-

sented and node growth is reduced to a minimum
level.

3) Smoothing phase.

a) Reduce learning rate and fix a small starting neigh-
borhood.

b) Find winner and adapt the weights of winner and
neighbors in the same way as in growing phase.

The GSOM adapts its weights and architecture to represent the
input data. Therefore, in the GSOM, a node has a weight vector
and two-dimensional coordinates that identify its position in the
net, while in the SOM the weight vector is also the position
vector.

The GSOM has two modes of activation:

1) training mode or generating mode;
2) testing mode or querying mode.

The training mode consists of the three phases described above,
and the testing mode is run to identify the positions of a set of
inputs within an existing (trained) network. This can be regarded
as a calibration phase if known data are used. For unclassified
data theclosenessof new inputs to the existing clusters in the
network can be measured. In the following section, these phases
are described in detail.

A. Initialization Phase

The network is initialized with four nodes because:

1) it is a good starting position to implement a two-dimen-
sional lattice structure;

2) all starting nodes are boundary nodes (definition of
boundary node given in Section III-B); thus each node
has the freedom to grow in its own direction at the
beginning.

The starting four nodes are initialized with random values from
the input vector space, or the input vector value range. Since
the input vector attributes are normalized to the range 0–1, the
initial weight vector attributes can take random values in this
range. Therefore, no restrictions are enforced on the directions
of the lattice growth. Thus the initial square shape lets the map
grow in any direction solely depending on the input values.

A numeric variable is initialized to “0” at initialization.
This variable will keep track of the highest accumulatederror
value in the network. A value called the spread factor (SF) has to
be specified. The SF allows the user (data analyst) to control the
growth of the GSOM and is independent of the dimensionality
of the data set used. SF is used by the system to calculate the
growth threshold (GT). This will act as a threshold value for
initiating node generation. A high GT value will result in less
spread out map, and alow GT will produce a well-spread map.

B. Growing Phase

The set of neuron weight vectors in the GSOM can be
considered as a vector quantization of the input space so that
each neuronis used to represent a regionin which all points
are closer to than the weight vector of any other neuron.
Therefore, can be considered as a Voronoi region [20]. In

other words, the weight vectors partition the input space into
Voronoi regions, with each region represented by one neuron.
In the growing phase, when input data are presented to the net-
work, awinner is found as per the algorithm above. It was de-
scribed that the difference between the input vector and the cor-
responding weight vector of the winner is accumulated as error
value for that neuron. If neuroncontributes significantly to the
total error (distortion) of the network, then its Voronoi region is
said to be under represented by the neuron. Therefore, a new
neuron is generated as a neighbor of neuronto achieve a better
representation of the region to determine the criteria for new
node generation. The following behavior is considered during
training of a feature map.

1) If the neural network has enough neurons to process the
input data, then during training, the weight vectors of
the neurons are adapted such that the distribution of the
weight vectors will represent the input vector distribution.

2) If the network has insufficient neurons, a number of input
vectors, which otherwise would have been spread out to
neighboring neurons, will be accumulated on a single
neuron.

Therefore, a measure called the error distance () is defined

(1)

for neuron at time (iteration) and where is the dimen-
sions (attributes) in the input data, and are input and weight
vectors, respectively. is a metric that measures the distance
between the vectorsand . Thus for each winner node, the dif-
ference between the weight vector and the input vector is calcu-
lated as anerror value. This value is accumulated over the iter-
ations if the same node wins on several occasions. Using square
of the Euclidean distance as the metric

(2)

At each weight updating

• if then ;
• else remains unchanged.

Thus will always maintain the largest error value for a
neuron in the network. The error value calculated for each node
can be considered as a quantization error and the total quantiza-
tion error would be

(3)

where is the number of neurons in the network andis the
error value for neuron. The total quantization error is used
as a measure of determining when to generate a new neuron. If a
neuron contributes substantially toward the total quantization
error, then its Voronoi region in the input space is said to
be underrepresented by neuron. Therefore, a new neuron is
created to share the load of neuron.
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Fig. 2. New node generation from the boundary of the network.

Fig. 3. Weight initialization of new nodes.

A neuron should generate another neuron if

(4)

Since in the implementation contains the largest error dis-
tance for a neuron

• if , then grow new nodes.
1) New Node Generation:New nodes will always be grown

from a boundary node (Fig. 2). A boundary node is one that
has at least one of its immediate neighboring positions free of a
node. In our model, each node will have four immediate neigh-
bors. Thus a boundary node can have from one to three neigh-
boring positions free. If a node is selected for growth, all its free
neighboring positions will be grown new nodes. New nodes are
generated on all free neighboring positions, as this is compu-
tationally easier to implement than calculating the exact posi-
tion of the new node. This will create some redundant (dummy)
nodes, but dummy nodes can be easily identified and removed
after a few iterations, as they will accumulate “0” hits.

2) Weight Initialization of New Nodes:The newly grown
nodes will be assigned initial weight values. Since the older
nodes would be at least partly organized at this stage (organiza-
tion of the existing nodes happens from the start), random ini-
tialization of the new nodes will introduce weight vectors that do
not match their neighborhoods. Therefore, the following method
is used considering the smoothness properties of the existing
map and thus initializing the new weights to match their neigh-
borhoods. For the weight initialization of new nodes, there are
four situations to consider. Fig. 3 shows the different cases of a
node initiating the growth of a new node. and are weights
of the growth initiating node and one of its neighbors, respec-
tively. is the weight of the newly generated node. Since
the GSOM begins with four initial nodes, and a new node is al-
ways generated as a neighbor of an existing node, cases shown

Fig. 4. Flow of the weight vectors.

in Fig. 3(a) and (b) are the most frequently occurring situations.
Case (b) can occur in a very rare situation where the GSOM will
branch backafter spreading outwards. In such a situation, case
(b) will be given priority over case (a) and (c) [since when ap-
plicable, case (b) provides a better estimate for the weight with
an in betweenvalue]. Case (d) is used, when node elimination
removes all the neighbors of a node, and such a node initiates
growth (node elimination is on going work).

a) The new node has two consecutive old nodes on one of its
sides [Fig. 3(a)].

if
then
if
then .

b) The new node is in between two older nodes [Fig. 3(b)]

c) The new node has only one direct neighbor (the parent)
older node. But the older node has a neighbor on one
side which is not the side directly opposite the new node
[Fig. 3(c)].

if
then
if
then .

It can be seen that the equations for case (c) are the same
as case (a). Therefore, in these two cases the difference is
only the position of the neighbor considered. When both
options are available, case (a) is used.

d) The new node has only one neighboring older node. This
can occur at the beginning of growth or when a node
that has become isolated due to node removing (on going
work) initiates growth again [Fig. 3(d)]. ,
where and being the lower and
upper values of the range of the weight vector distribu-
tion.

In cases (a)–(c), if , the new node will be
assigned a weight value, which will merge with the flow of the
neighboring weights, i.e., in Fig. 4, .

In the case of (d) or if is out of the range , then
is assigned the value . The justification for

this is: if a satisfactory value could not be found with (a)–(c),
the node will be assigned a mid-range value, e.g., in case of bi-
nary data this value would be 0.5. The self-organization would
then increase or decrease this value as necessary to fit the neigh-
borhood. This method is justified as: if the cases (a)–(c) can
be used, then they will produce a weight value closer to the
flow of the neighborhood weights. If it is not the case, then
the mid-range value should be used, letting the self-organiza-
tion make the adaptation.
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Fig. 5. Weight fluctuation at the beginning due to high learning rates.

C. Smoothing Phase

The smoothing phase occurs after the new node growing
phase in the training mode. The growing phase stops when
new node growth saturates, which can be identified by the low
frequency of new node growth. Once the node growing phase
is complete, the weight adaptation is continued with a lower
rate of adaptation. No new nodes are added during this phase.
The purpose is to smooth out any existing quantization error,
especially in the nodes grown at the latter stages of the growing
phase.

During the smoothing phase, inputs to the network are similar
to those of the growing phase. The starting learning rate ()
in this phase is less than in the growing phase, since the weight
values should not fluctuate too much without converging. The
weight fluctuation at the beginning is shown in Fig. 5. The input
data are repeatedly entered to the network until convergence is
achieved. The smoothing phase is stopped when the error values
of the nodes in the map become very small.

Therefore, the smoothing phase has the following differences
from the growing phase.

1) The learning rate ( ) is initialized at a lesser value.
2) The neighborhood for weight adaptation is constrained

only to the immediate neighborhood (even smaller than
in the growing phase).

3) The rate of learning rate depreciation is smaller.
4) No node growth.

IV. A DVANTAGES OFGSOMOVER OTHER SIMILAR WORK

A. Learning Rate Adaptation

The learning rate adaptation of the GSOM was described in
Section III. The weight adaptation rule used can be written as

where is the learning rate reduction and is implemented as a
constant value , where is the learning rate at the
th iteration. The use of in the equation makes converge

to zero as . is first initialized with ahigh value,
similar to the SOM. But this causes a problem in the GSOM
due to the small number of nodes at the beginning.

Due to the small number of nodes at the beginning, the same
nodes would be selected as the winners neighborhood for very
differentinput vectors. This will cause the weights of the same
set of nodes to fluctuate in completely different directions. This
situation can be improved when the input data are ordered ac-
cording to attribute values, since the ordered data vectors will

make the map grow in a certain direction. Therefore, by the
time a different type of input is presented, the map would be
sufficiently grown, such that all nodes will not fluctuate toward
the new input. Although this method is practical with aknown,
small data set, it would be impossible to order an unknown set
of data since the data analyst does not know the relationships
between the attributes.

As a solution, a new learning rate reduction rule, which takes
the number of current nodes in the neural network into consid-
eration, is introduced. The learning rate reduction rule can now
be stated as

(5)

where is a function of , the number of current nodes
in the map, and is used to manipulate the value such that

, which is highest at the initial values, is then reduced
according to the number of current nodes; i.e., is a func-
tion that gradually takes higher values as the map grows and the
number of nodes becomes larger. One simple formula that can
be used is . In the experiments described in this
paper, is used arbitrarily since the starting number of
nodes is four. The new formula will force the following func-
tionality on the weight adjustment algorithm.

1) At the initial stage of growth, when the number of nodes
are few, the high values will be reduced with the .
This will result in reducing the fluctuations of the weights
of a small map.

2) As the network grows, the will take gradually higher
values, which will result in the ’s not being reduced as
much as in the situation described in (1). Since the map
is now larger, we require the high to self organizethe
weights within the regions of the map (the high will
not affect the other regions at this stage due to the map’s
being larger, and the other regions will not belong to the
same neighborhood).

Therefore, the modified formula provides the GSOM with the
required weight adjustment, which results in providing a better
organized set of weight values, which will then be further
smoothed out during the smoothing phase.

B. Localized Neighborhood Weight Adaptation

During an SOM training, the neighborhood (for weight adap-
tation) is large at the beginning and can shrink linearly to one
node during the ordering stage. Theorderingof the weight vec-
tors occurs during this initial period, while the remaining
steps are only needed for the fine adjustment (convergence) of
the map.

The GSOM does not require an ordering phase, since new
weight nodes are initialized to fit in with the existing neighbor-
hood weights but requires repeated passes over a small neigh-
borhood where the neighborhood size reduces to unity. This
starting fixed neighborhood can be considered very small com-
pared to SOM. Therefore, during the growing phase, the GSOM
initializes the learning rate and the neighborhood sizeto
a starting value at each new input. Weight adaptation is then
carried out with reducing neighborhood and learning rate until
neighborhood is unity, and initializes again for the next new
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input. Weight updating in overlapping neighborhoods (overlap-
ping for different inputs) will not create disorder in the map
since, the weight adaptation in the GSOM can be considered
as

for

otherwise.

An ordered set of weights cannot be disor-
dered by the adaptation caused by the above equation, since
if all partial sequences are ordered, then it cannot change the
relative order of any pair . Therefore, once
the weights are ordered (by initialization and self-organization),
further weight adaptation will not create disorder.

C. Error Distribution of Nonboundary Nodes

The GSOM generates nodes only from the boundary of the
network. The advantage of this is that the resulting network is
always a two-dimensional grid structure, which is easier to visu-
alize. A limitation of this method arises when theerror value of
a nonboundary node exceeds the GT due to high-density areas
in the data. This occurs due to the inability of the nonboundary
node to generate new nodes. Therefore, the resulting map may
not give a proportionate representation of the input data distri-
bution. Such proportionate representation has been called the
magnification factor[3]. In biological brain maps, the areas allo-
cated to the representation of various sensory features are often
believed to reflect the importance of the corresponding feature
sets. Although no attempt is made to justify the GSOM with bi-
ological phenomena, it was found that such proportional repre-
sentation of the frequency of occurrence by the area in a feature
map would be useful for a data analyst to immediately identify
regions of high frequency, thus giving some idea about the dis-
tribution of the data. It was also seen that other than for the very
simple data sets, the GSOM will stop growing when a certain
amount of spread has been achieved.

A benchmark data set of 99 animals (the zoo or animal data
base) [21], is used to demonstrate the result of the error distribu-
tion function. The data are 16-dimensional (16 attributes), and
further details of this data set are given in Section VI. It can be
seen from Fig. 6 that the map gives a very congested view of
the data. This is due to the fact that growth can only occur from
the boundary of the map. Fig. 7 shows the GSOM for the same
data after applying the weight distribution function. Due to this
modification, Fig. 7 gives a better spread of the data set.

In the SOM, this situation is left to be handled by the self-
organization process, and a sufficient number of iterations will
result in the map’s spreading out, if a large enough grid had
been initially created. In the GSOM, since the requirement is to
grow nodes as and when required, there has to be a mechanism
to initiate growth from the boundary for the map to spread out.
The following error distribution criteria have been implemented
to handle this growth of the map.

It was described above that a node will be selected to initiate
growth when itserror exceeds the growth threshold GT. When
such a node is not in the boundary of the network, it cannot grow

Fig. 6. The zoo data set mapped to the GSOM without the weight distribution.

new neighbors due to its position. The following formula is used
to distributethe error to the neighboring nodes:

(6)

where is the error value of the winner and GT is the growth
threshold. The error value of the immediate neighbors of the
winner are increased as

(7)

where ( can be 1–4) is the error value of theth neighbor
of the winner and is a constant value called thefactor
of distribution , which controls the increase in the error
accumulation. The values used in the experiments are

.
Therefore, by using (6), the error value of the high error node

is reduced to half the growth threshold. With (7), the error value
of the immediate neighboring nodes is increased; therefore, the
two equations produce an effect of spreading the error outwards
from the high error node. This type of spreading out will in
time (iterations) ripple outwards and cause a boundary node to
increase its error value. Therefore, the purpose of (6) and (7) is to
give the nonboundary nodes some ability in initiating (although
indirectly) node growth.

V. KNOWLEDGE DISCOVERY BY HIERARCHICAL CLUSTERING

OF THE GSOM

A. The Spread-Out Factor (SF)

As described in Section III, the GSOM uses a threshold value
called the GT to decide when to initiate new node growth. GT
will decide the amount of spread of the feature map to be gen-
erated. Therefore, if only an abstract picture of the data is re-
quired, a large GT will result in a map with a fewer number of
nodes. Similarly, a smaller GT will result in the map’s spreading
out more. When using the GSOM for data mining, it might be a
good idea to first generate asmallermap, only showing the most
significant clusters in the data, which will give the data analyst
an overall picture of the inherent clustering in the total data set.
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Fig. 7. The zoo data set mapped to the GSOM with the weight distribution.

The node growth in the GSOM is initiated when the error
value of a node exceeds the GT. The total error value for node
is calculated as

(8)

where is the number of hits to the nodeand is the dimen-
sion of the data. and are the input and weight vectors of
the node , respectively. For a boundary node to grow a new
node, it is required that

(9)

The GT value has to be experimentally decided depending on
the requirement for the map growth. As can be seen from (8),
the dimension of the data set will make a significant impact on
the accumulated error ( ) value, and as such will have to be
considered when deciding the GT for a given application.

Since , the maximum contribution to the
error value by one attribute (dimension) of an input would be

Therefore, from (8)

(10)

where is the maximum error value and is the max-
imum possible number of hits. If is considered to be the
number of hits at time (iteration), the GT will have to be set
such that

(11)

Therefore, GT has to be defined based on the requirement of
the map spread. It can be seen from (11) that the GT value
will depend on the dimensionality of the data set as well as the
number of hits. Therefore, it becomes necessary to identify a
different GT value for data sets with different dimensionality.
This becomes a difficult task, especially in applications such
as data mining, since it is necessary to analyze data with dif-
ferent dimensionality as well as the same data under different
attribute sets. It also becomes difficult to compare maps of sev-
eral data sets since the GT cannot be compared over different
data sets. Therefore, the user definable parameter is introduced.
The SF can be used to control and calculate the GT for GSOM’s,
without the data analyst’s having to worry about the different di-
mensions.

The growth threshold can be defined as

SF

where , , and SF is a function of SF,
which is identified as follows.

The total error of a node will take the values

(12)

where is the maximum error value that can be accumu-
lated. This can be written as

(13)
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Fig. 8. The different options available to the data analyst using GSOM for hierarchical clustering of a data set.

Since the purpose of the GT is to let the map grow new nodes
by providing a threshold for the error value, and the minimum
error value is zero, it can be argued that for growth of new nodes

GT (14)

Since the maximum number of hits ( ) can theoretically
be infinite, (14) becomes GT . According to the
definition of spread factor, it is necessary to identify a function

SF such that

SF

and

SF

In other words, a function that takes the values zero to,
when takes the values zero to one, is to be identified.

A Napier logarithmic function of the type
is one such equation that satisfies these requirements. If

SF and

GT

then

GT SF

Therefore, instead of having to provide a GT, which would take
different values for different data sets, the data analyst can now
provide a value SF, which will be used by the system to calculate
the GT value depending on the dimensions of the data. This will
allow the GSOM’s to be identified with their spread factors and
can form a basis for comparison of different maps.

The graph in Fig. 9 shows how the GT value of data sets with
different dimensions change according to a given spread factor
value.

So far, an equation is derived to calculate the growth threshold
for a GSOM from a given spread factor. The work on dynamic
feature maps in the past has been concentrated on obtaining an
accurate topographical mapping of the data. But it is essential
for knowledge discovery applications to have some control on
the growth (or spread) of the map. This can be achieved with the
spread factor.

1) Since the spread factor takes values from zero to one,
where zero is the least spread and one is the maximum
spread, the data analyst will be able to specify the amount
of spread required. Generally, for knowledge discovery
applications, if no previous knowledge of the data ex-
ists, it would be a good idea to initially use a low spread
factor (between 0–0.3). This will produce a GSOM that
highlights the most significant clusters. From these initial
clusters, the analyst can decide whether it is necessary to
study a further spread-out version of the data. Else, the
analyst can select the regions of the map (or clusters) that
are of interest and generate GSOM’s on the selected re-
gions using a larger SF value. This will allow the analyst
to do a finer analysis of the areas of interest, which have
now been separated from the total data set. Fig. 10 shows
how this type of analysis can produce an incremental hi-
erarchical clustering of the data.

2) During cluster analysis, it may be necessary (and useful)
for the analyst to study the effect of removing some of
the attributes (dimensions) on the existing cluster struc-
ture. This might be useful in confirming opinions on non-
contributing attributes on the clusters. The spread factor
facilitates such further analysis since it is independent of
the dimensionality of the data. This is very important, as
the growth threshold depends on the dimensionality.

3) When comparing several GSOM’s of different data sets, it
would be useful to have a measure for denoting the spread
of the maps. Since the dimensions of the data sets could
be different, the spread factor (independent of dimension-
ality) can be used to identify the maps by the amount of
spread, across different data sets. This also opens up very
useful opportunities for an organization that wants to au-
tomate this process of hierarchical clustering. The system
can be configured to start clustering with SF and
gradually continue until SF , where .

Fig. 8 shows the different options available to the data an-
alyst with the GSOM, due to the control achieved by the SF.
The figure shows the initial GSOM generated with SF .
The clusters are then identified and expanded at a higher level
of SF (0.5). At each level, the data analyst has the choice of
expanding the whole map or expanding selected clusters either
with their full set of attributes or using only a selected subset of
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Fig. 9. Change of GT values for data with different dimensionality (D)
according to the spread factor.

the attributes. In most cases, the data analyst will use a combi-
nation of these methods to obtain an understanding of the data.

VI. EXPERIMENTAL RESULTS

This section describes how the GSOM is applied to a number
of data sets, and the results have been presented. The data set
used for the first two experiments is the zoo data base. There
are a total of 18 attributes available, which take values as shown
for one animal (lion) in Table I.

The type of animal is specified by a numeric value from 1
to 7. The name and the type are removed from those attributes,
and the GSOM is generated and trained with the remaining 16
attributes. Several experiments are described with the zoo data
set to demonstrate the functionality of the GSOM.

A. The Spread of the GSOM with Increasing SF Values

The results of the first experiment are shown in Figs. 11 and
12. Fig. 11 shows the GSOM of the zoo data with a low (0–1)
spread factor, while in Fig. 12, an SF value of 0.85 is used. In
Fig. 11, it can be seen that the different types of animals have
been grouped together, and also similar subgroups have been
mapped near each other. An SF around 0.3 would have given
a better separated picture of the clusters. But it is still possible
to see that there are three to four main groupings in the data
set. One of the main advantages of the GSOM over the SOM is
highlighted with this figure. The GSOM indicates the groupings
in the data by its shape even when generated with a low SF.
Fig. 11 has branched out in three directions, indicating the three
main groups in the data (mammals, birds, and fish). Theinsects
have been grouped together with some other animals but this
group is not shown due to the low SF value.

Fig. 12 shows the same data set mapped with a higher (0.85)
spread factor. It is possible to see the clusters clearly, as they
are now spread out further. The clusters forbirds, mammals, in-
sects,andfishhave been well separated. Since Fig. 12 is gener-
ated with a high SF value, even the subgroupings have appeared
in this map. Thepredatory birdshave been separated into a sep-
arate subcluster from other birds. The other subgroups of birds
can be identified asairborneandnonairborne(chicken, dove),
andaquatic.The flamingo has been completely separated due to

its being the onlylarge bird in the selected data.The mammals
have been separated intopredatorsandnonpredators,and the
nonpredators have been separated intowild anddomesticsub-
groups.

With this experiment it can be seen that the SF controls the
spread of the GSOM. An interesting observation from this ex-
periment is the way the GSOM canbranch outto represent the
data set. Due to this flexible shape of the network, the GSOM
can represent a set of data with a fewer number of nodes (at the
equal amount of spread) compared with the SOM. This has been
proved experimentally by extensive testing on different data
sets, the results of which were reported in previous work [9],
[10], [22]. This becomes a significant advantage when training
a network with a very large data set, since the reduction in the
number of nodes will result in a reduction in processing time
and also less computer resources.

B. Hierarchical Clustering of Interesting Clusters

Although the complete map can be expanded with a higher SF
value for further analysis, as shown in Fig. 12, it would some-
times be advantageous to select and expand only the areas of
interest, as shown in Fig. 8. The data analyst can therefore con-
tinue hierarchically clustering the selected data until a satisfac-
tory level of clarity is achieved. Fig. 13 shows the hierarchical
clustering of the same data set used in the previous experiment.
The upper right corner of Fig. 13 shows a section of the GSOM
from Fig. 11. It is assumed that the analyst has selected two
clusters (as shown with circles) and requires a more detailed
view of the clusters. Two separated GSOM’s have been gener-
ated for the selected clusters, using a higher (0.6) SF value. The
subclustering inside the selected cluster is now clearly visible.
The nondomestic/nonpredatory mammals have been mapped
all together, which is due to all of them’s having the same at-
tribute values. The predators and the domestic mammals have
been separated. The reasons for the other separations can also
be investigated, e.g., it might be important to find out whybear
has been separated from the other predatory mammals. On fur-
ther analysis it was found that thebear is the only predatory
mammalwithout a tailin this data set. The shape of the GSOM,
by branching out, clearly brought thebearattention. In a more
realistic data mining application, the user might identify inter-
esting outliers with this type of analysis. Themoleand thehare
have been separated from their respective groups (nondomestic,
nonpredatory mammals, and predatory mammals) due to their
smaller size.

Such analysis can also be carried out on other clusters. The
fish has been separated from other animals that were clustered
close to fish. The reasons for such closeness would become ap-
parent with further analysis of the new spread out GSOM. Since
the data are already well separated, it would not be useful to fur-
ther spread out the current clusters. But in a more complex data
set, it might be necessary to use several levels of GSOM’s with
increasing SF values to gradually obtain a better understanding
of the data set.

C. The GSOM for High-Dimensional Human Genetic Data Set

In this section, a GSOM is generated for a more complex data
set with 42 dimensions. The purpose of this experiment is to
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Fig. 10. The hierarchical clustering of a data set with increasing SF values.

TABLE I
A RECORD FROM THEZOO DATA SET

Fig. 11. The GSOM for the zoo data set with SF= 0:1.

demonstrate the ability of the GSOM to map a much higher di-
mensional and complex set of data. The human genetics data set
consists of the genetic distances of 42 populations of the world,
which have been calculated using gene frequencies [23]. The
genetic information is derived from blood samples taken from
individuals of a population inhabiting particular areas. The pres-
ence of certain genes has been identified in those blood samples,
and these genes have been used to describe the individual. With
sufficiently large samples, the individual gene frequencies have
been used to calculate an average for each population. The data

set has been generated by selecting 42 populations from an ini-
tial 1950 populations. Thegenetic distancebetween the popu-
lations has been calculated with a measure called the, which
has specifically derived to measure distances between popula-
tions. The calculation uses a form of normalization to ac-
count for frequencies that are not normally distributed. Special
terms have also been added to correct any sampling errors. Thus

has been described as a better measure of genetic distance
than the Euclidean distance [23].

By using SF to generate the GSOM for the genetics
data, the result is shown in Fig. 14. It can be seen that the map is
spread mostly according to the geographic localities. But some
interesting deviations could be seen, such as theAfricans’ being
separated into two subgroups. Fig. 15 shows a section of the
genetics data further spread out for better understanding. The
left branchof the GSOM in Fig. 14 was picked since it showed
aclusteringof populations, which were generally thought to be
different.The selected populations were mapped with ,
as shown in Fig. 15. The subgroups inside the cluster become
apparent with the higher level of spread.

VII. D ISCUSSION

The GSOM presented in this paper uses the basic concepts of
self-organization as the SOM but has a dynamic structure that
is generated during the training process itself. The main differ-
ence between the two methods is that the SOM attempts tofit
in a data set into a predefined structure byself-organizingits
node weights as well as possible within its fixedborders.With
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Fig. 12. The GSOM for the zoo data set with SF= 0:85.

Fig. 13. The mammals cluster spread out with SF= 0:6.

the GSOM, the borders of the network are expandable, and as
such the data set can generate new nodes with aflowing outef-
fect, expanding the network outwards. Therefore, the different
groupings in the data generate regions for themselves in the net-
work. The self-organization of the weights in the already gen-
erated nodes continue at the same time to fine-tune the weights
to represent the data better. This process generates the GSOM,
which develops into different shapes depending on the clusters
present in the data.

The advantages of the GSOM specially for knowledge dis-
covery applications are as follows.

1) The GSOM can be used on a set of data, about which no
previous information is available, to identify the clusters
present (unsupervised method).

2) The shape of the GSOM represents the grouping in the
data, and therefore, such grouping has a better opportu-
nity of attracting the attention of the data analyst for fur-
ther investigation.
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Fig. 14. The map of the human genetics data.

Fig. 15. Further expansion of the genetics data.

3) The number of nodes required to represent a set of data (at
the same level of spread) is less than that of a comparable
SOM. This will result in faster processing and efficient
use of computing resources. Such comparisons with the
traditional SOM have been described in [10], [11].

4) The weights of the newly generated nodes are initialized
to fit in with the existing (current) map. This is possible
due to the incremental addition of nodes to the network
at the areas of necessity. In the SOM, the nodes are nor-
mally randomly initialized and have to be firstordered.
The GSOM does not require an ordering phase, which
further reduces processing time. Theorderedweight ini-
tialization method also results in less chance oftwisted
maps.

5) Having fewer nodes at the early stages and localized
weight adaptation also results in less processing time.

Advantages 3)–5) become very useful when dealing with large
data sets. The SOM is currently being used for commercial data
mining applications [1], [24]. The size of the network becomes
a significant issue in such applications, as it will directly affect
the processing time (not only due to the need of processing a
larger number of nodes but also because the neighborhood sizes
for weight adjustment would become larger). Due to its flexible

structure, the GSOM achieves the same amount of spread with a
lesser number of nodes, and as such will provide a useful advan-
tage in mapping large data sets. In addition, such flexible struc-
ture provides a better visualization of the groups in the data and
attracts attention to such groups (and outliers) by branching out.
Therefore, it is evident that the GSOM would be more useful as
a clustering tool in knowledge discovery tasks.

In addition to these advantages, a method of controlling the
GSOM is introduced using a spread factor. The ability to con-
trol the spread of the map will result in the data analyst’s having
more control on the tests carried out. The data analyst can there-
fore generate a small map at the beginning (which would be
faster and would take up less resources) and then select there-
gionsfor further analysis hierarchically. This would be very ad-
vantageous in handling larger data sets, as the processing can be
focused on the areas of interest. Therefore, it should be added
that the GSOM has preserved the simplicity and ease of use of
the SOM and has expanded its usefulness by dynamically gen-
erating the structure. The new method of weight initialization
and adaptation results in easier smoothing out, and the spread
factor provides more control for the user.
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