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Abstract

Rapid development of biological technologies
generates a hug amount of data, which provides a
processing and global view of the gene expression levels
across different conditions and over multiple stages.
Analyzation and interpretation of these massive data is a
challenging task. One of the most important steps is to
extract useful and rational fundamental patterns of gene
expression inherent in these huge data. Clustering
technology is one of the useful and popular methods to
obtain these patterns. In this paper we propose a new
hierarchical clustering algorithm to obtain gene
expression patterns. This algorithm constructs a
hierarchy from top to bottom based on a self-organizing
tree. It dynamically finds the number of clusters at each
level. We compare our algorithm with the traditional
hierarchical agglomerative clustering (HAC) algorithm.
We apply our algorithm to an existing 112 rat central
nervous system gene expression data. We observe that
our algorithm extracts patterns with different levels of
abstraction. Furthermore, our approach is useful on
recognizing features in complex gene expression data.

1. Introduction

In every living organism, the subsets of its gene
expression differ across types, stages and conditions.
Given a specific condition and stage, there are particular
genes expressed. Measuring these gene expression levels
across different stages in different tissues or cells or
under different conditions is very important and helpful
to understanding and interpreting the biological process.
Current approaches for measuring gene expression
profiles include SAGE [12], RT/PCR [13] and array
technologies including cDNA microarray [14, 15] and
oligonucleotide microarray [16, 17]. These rapidly
developing technologies generate and accumulate high-
density data that change the landscape of biological and
biomedical research because researchers can measure and
describe a processing and global view from these data on

the gene expression levels. As a result, there is an
emerging and increasing need for technology to extract
useful and rational fundamental patterns of gene
expression inherent of these data. Therefore, we are
interested in data analysis tools that can help researchers
to detect patterns hidden behind these complex initial
data. Clustering technology is one of the useful and
popular methods to obtain these patterns.

Two classes of algorithms have been successfully used
to analyze gene expression data. One is hierarchical
clustering. For example, Eisen et al [1] used hierarchical
agglomerative clustering (HAC) to cluster two spotted
DNA microarray data and Wen et al [2] used the HAC to
clustering 112 rat central nervous system gene expression
data; Dopazo, J., et al [3] proposed a self-organizing tree
algorithm for clustering gene expression patterns. The
other is non-hierarchical clustering. Such as, Tamayo et
al [4] used self-organizing map to analyze expression
patterns of 6000 human genes; Ben-Dor and Yakhini [5]
proposed a graph-theoretic algorithm to exact high
probability gene structures from gene expression data;
Smet, et al [6] proposed a heuristic two-step adaptive
quality-based algorithm; Yeung, K.Y. [7] et al proposed
a clustering algorithm based on probability models. All
of these algorithms try to find groups of genes that
exhibit highly similar expression.

Compared with non-hierarchical clustering
hierarchical clustering can find different levels of
similarity in the gene expression data, and then detect
different patterns at these levels. Traditional hierarchical
agglomerative clustering (HAC) algorithm constructs a
dendrogram to represent gene expression data. This
algorithm has several drawbacks. First, the structure of
the patterns is fixed to a binary tree. Second, as Tamayo,
et al [4] has noted, HAC suffers from a lack of robustness
when dealing with data containing noise, and the
solution may be dependent on the data order.
Furthermore, since HAC is unable to re-evaluate the
results, this will cause some clusters of patterns to be
based on local decisions that will produce difficult to
interpret patterns when HAC is applied to a large amount
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of data. Dopazo et al [2] proposed a new hierarchical
clustering algorithm which is called self-organizing tree
algorithm (SOTA). SOTA is based on the Kohonen’s
self-organizing map (SOM) and Fritzke’s growing cell
structures [9]. The output of SOTA is a binary tree
topological neural network. SOTA uses the neural
network mechanism to achieve robustness with regard to
the noise data, but its topological structure is still fixed as
the hierarchical agglomerative clustering. This fixed
topology makes finding the correct cluster difficult.

Recently, Feng, et al [11] proposed a new hierarchical
clustering algorithm called hierarchical growing self-
organizing tree (HGSOT). HGSOT is an enhancement of
SOTA. In HGSOT the output topology is not fixed. It
dynamically finds the number of clusters at each level.
With the K-level distribution (KLD) algorithm developed
by Feng, et al [11], HGSOT has shown better results than
HAC when used to cluster documents. In this paper, we
propose another application of this algorithm to an
existing 112 rat central nervous system gene expression
data. We observed that HGSOT can correctly extract
hierarchical patterns from these gene expression data.

In section 2, we describe the SOTA and HGSOT
algorithm. In section 3, we present the preliminary result
of clustering 112 rat central nervous system gene
expression data using HGSOT. Section 4 contains the
conclusion and future work.

2. Hierarchical Clustering

2.1. SOTA and HGSOT
Dopazo et al. [3] introduced a new unsupervised

growing and tree-structured SOM called self-organizing
tree algorithm (SOTA). Initially the system is a tree with
three nodes. The leaf of the tree is called a cell and an
internal node of the tree is called a node. Each cell and
node has a reference vector w. The values of the reference
vector are randomly initialized. In SOTA, only cells are
used to compare with the input data. After distributing
all the input data into two cells, the cell which is most
heterogeneous will change itself to a node and create two
descendent cells. This procedure is called a cycle. To
determine heterogeneity a Resource is introduced.
Resource of a cell i is calculated based on the average of
the distances of the input data assigned to the cell from
the cell vector:

∑
=

=
D

j

ii
i D

wxd
source

1

),(
Re (1)

Where D is the total number of input data associated with
the cell. A cell which has the maximum Resource will
expand. This algorithm proceeds the cycle until each

input data is associated with a single cell or has reached
the desired level of heterogeneity.

Each adaptation cycle contains a series of epochs.
Each epoch consists of a presentation of all the input data
and each presentation has two steps. First, it finds the
best match cell which is known as the winning cell. The
cell c that has the minimum distance to the input data is
the best match cell/winning cell.

}||{||min||||: iic wxwxc −=− (2)

Second, it updates the reference vector wi of the winning
cell and its neighborhood using the following function:
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Where ϕ(t) is the learning function:
)()( tt ηαϕ ×= (4)

The η(t) is the learning rate function and α is learning
constant. The convergence of the algorithm depends on a
proper choice of η. Parameters αw, αm and αs are used for
the winning cell, the ancestor node and the sibling cell,
respectively. Note that these parameter values are not
equal. These non-equal values are critical to partitioning
the input data set into various cells.

As HAC, every node has two children (i.e., a binary
tree) in SOTA. Hence, data associated with a node can
only be divided into two subclasses. However, this
limitation contributes to the incorrect capture of the
hierarchical relationship. For example, in Figure 1(A),
data are classified into three categories. The SOTA as
shown in Figure 1(B) will not detect the same hierarchy
as the hierarchy shown in Figure 1(C). To overcome the
limitations of SOTA, we propose using a new
hierarchical growing self-organizing tree algorithm
(HGSOT). The HGSOT grows into two directions:
vertical and horizontal. In the direction of vertical
growth, the HGSOT adds descendents and in the
direction of horizontal growth, the HGSOT adds more
siblings. For vertical growth, the same strategy used in
SOTA can be adopted. However, for horizontal growth, a
level threshold, TL is used for the purpose of controlling
growth in the sibling generation. In other words, the
level threshold is a knob that controls how many siblings
a node can have. For example, in Figure 2(A), the root
node has three children. To determine horizontal growth,
it first calculates the similarity among nodes 1, 2 and 3
(represented by dashed line). Next, the difference
between the minimum and maximum similarity of the
above is determined, and if it is less than TL a new child
is added. The reason for this is that there may not be
enough nodes yet to partition a set of data. Similarly, if
adding a new child in Figure 2(B) makes the difference
between the minimum and maximum similarity greater
than TL, we delete a child and stop growing.
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Figure 1. Different hierarchical structure
In HGSOT we do not update the parent node’s

reference vector. Furthermore, after growing to a certain
level, the reference vector of a leaf cell is the centroid of
all data associated with it. Note that the reference vector
will not be changed in the future and will continue to
represent all data associated with it and its children.

Figure 2. Horizontal growing in HGSOT
The pseudo code of HGSOT is shown below:
Step 1: [Initialization] initially the tree only has one root
node. Initialize its reference vector with the centroid of
entire data and all data will be associated with the root.
Step 2: [Vertical Growing] change the leaf cell to a node
and add two children to each. The reference vector of a
new cell is initialized as the node’s reference vector.
Step 3: [Distribution] distribute each input datum
between two newly created cells; find the winning cell
(using KLD, see 2.2.1), and then update the reference
vector of the winning cell and its neighbor.
Step 4: [Error] when the error of the entire tree is larger
than a threshold, called error threshold (TE), repeat Step
3.
Step 5: [Horizontal Growing] when the difference
between the minimum and maximum distance of all
children cells of a node (x) is less than a threshold, called
level threshold (TL), a child is added to this node; on the
other hand if the difference is greater than the TL, a child
is deleted from this node, and the horizontal growth
terminated.
Step 6: [Distribution] distribute the input data associated
with x into its descendents along siblings; find the
winning cell (using KLD, see 2.2.), then update the
reference vector of the winning cell and its neighbor.
Step 7: [Error] if the error of the entire tree is greater
than (TE), then repeat Step 6.
Step 8: if there are more levels to grow in the hierarchy,
and then return to Step 2, otherwise, stop.
2.2. K-Level Distribution (KLD) In SOTA, input data
will only be considered for the distribution within two

new cells, i.e. locally. This kind of distribution makes the
SOTA has an O (n log n) time complexity and makes it
very fast in clustering large gene expression data [10].
But this kind of distribution still keeps the drawback of
the clustering of HAC not being able to be re-evaluated.
Feng, et al [11] shows that this kind distribution cannot
provide a good cluster result because data may be poorly
distributed in the early clustering stage. To improve the
cluster result, Feng, et al [11] proposed a new
distribution approach called K-level distribution (KLD).
The KLD approach is aggressive. Input data of the
selected node will be distributed not only to its new
created cells but also to its neighboring cells. In order to
do this, first, it determines the separated K level ancestor
node of a selected node. Next, it determines the sub-tree
rooted by the ancestor node and the input data of the
selected cell will be distributed among all cells (leaves) of
this sub-tree.

Figure 3. One level distribution scope
For example, Figure 3 shows the scope of K=1. Now, the
data associated with node A needs to be distributed to the
new created cells. For K=1, the immediate ancestor of A
will be determined which is M. The data associated with
node A will be distributed to cells B, C, D, and E of the
sub-tree rooted by M. For each data, the winning cell will
be determined among B, C, D, and E using Equation 2.
Note that if K=0, data of M will be distributed between
cells B and C. This is identical to the SOTA approach.
Feng, et al [11] shows that the K-level distribution really
improves the cluster result. The value of K is dependent
on the size of the data set. The K-level distribution does
not change the time complexity of the HGSOT because it
only multiplies a constant 2K to the original time.

3. Preliminary result

3.1 Experimental setup
3.1.1. Experimental Data We applied our hierarchical
clustering algorithm to an existing 112 genes expression
data of rat central nervous system (CNS) reported and
analyzed in [2]. There are three major gene families
among these 112 genes: Neuro-Glial Markers Family
(NGMs), Neurotransmitter receptors Family (NTRs) and
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Peptide Signaling Family (PepS). All other genes are
considered by the author as a forth family called Diverse
(Div). These gene expression data were measured by
using RT-PCR in mRNA expression in rat’s cervical
spinal cord tissue over nine different developmental time
points from embryonic days 11 through 21, postnatal
days 0 through 14 and adult. In this paper, we use the
raw 9-dimentional expression data. For each gene, data
are normalized to the maximal expression level among
the nine time points [2].
3.1.2. The Parameters of HGSOT. The parameters of
HGSOT were set as following: The winner learning rate
αw and sibling learning rate αs of HGSOT is 0.15 and
0.015. The error threshold is 0.001. The level threshold
is 0.8, which means the minimum distance will not be
less than 80% of the maximum distance. The distribution
level K is equal to 4. Finally, the Euclidean distance is
used to calculate the similarity.
3.2 Results

First, the cluster result is presented. This is followed
by the analysis of our clustering result.
3.2.1. Cluster Result Figure 5 presents the results of our
clustering. The length in the graph is not according to
distance. The results show a very good hierarchical
structure. The HGSOT first clusters the 112 gene to three
big clusters. The first cluster (top left of Figure 4 (B))
includes 23 genes. This cluster is characterized by having
high levels of expression in the early developmental
stages and then decrease in the following development to
lower levels (under 0.5, see Figure 5 (A)). This is equal
to the wave 1 clustering (Figure 4 (A)) in the Wen et al’s
original clustering [2]. The second cluster (28 genes in
bottom left of Figure 4 (B)) shows constant expression.
The expression of this cluster remains in high level
during most of the developmental stages (see Figure 5
(E)). This cluster is equal to the constant cluster (Figure
4 (A)) in the Wen et al’s original clustering. The third
cluster (right of Figure 4 (B)) is characterized by having
low levels of expression in the early developmental stages
and then the expression increases in the following
development. This big cluster is divided into two sub
clusters. One cluster (18 genes) in the bottom right of the
Figure 4 (B) characterized by the expression smoothly
increases from low level (under 0.5) to high level (above
0.5) in developmental stages (see Figure 5 (D)), which is
equal to the wave 4 cluster (Figure 4 (A)) in Wen’ et al’s
original clustering. The other cluster in the top right of
Figure 5 (B) is characterized by low levels of expression
in stage E11-E13, and the expression steeply increases
from E13 to E19. This cluster is further divided into two
clusters. In the cluster (23 genes) in the top right of the
Figure 4 (B) gene expression remain at a high level at the
completion of the development (see Figure 5 (B)). This

cluster is equal to the wave 2 cluster (Figure 4 (A)) in the
Wen, et al’s original clustering. In the cluster (20 genes)
in the middle right of Figure 5 (B) the high level gene
expression slowly decreases to low level (under 0.5) at
the completion of the development (see Figure 5 (C)).
This cluster is equal to the wave 3 cluster (Figure 4 (A))
in the Wen, et al’s original clustering. HGSOT extracts
the same 5 big clusters as Wen et al’s original clustering.
Table 1 is a comparison of the HGSOT cluster with Wen
et al’s cluster. Most of genes are clustered into the some
groups in both clustering algorithms. Furthermore, the
clustering result of HGSOT shows more hierarchical
structure in these five clusters.
The relative distributions of the four gene sequence
families to different waves are shown in Table 2. The
result is also very similar to Wen et al’s result.
3.2.2. Result Analysis
3.2.2.1. Sub patterns in HGSOT clustering. The
HGSOT algorithm can detect clusters at different levels.
From the clustering result of HGSOT more sub patterns
can be discovered. For example, the wave 1 cluster (top
left of Figure 4 (B)) is divided into three sub cluster.
Figure 6 shows an enlarged picture of the wave 1 cluster.
5 genes in the first sub cluster (top of the Figure 6) have
high expression levels in E11 to E13, and the expression
dramatically decreases after E13 to a very low expression
level (near 0). 6 genes in the second sub cluster (middle
of the Figure 6) have a low expression level at E11, and
the expression steeply increases to a very high level (near
1) from E13 to E15 and steeply decreases after E15 to
low levels. 12 genes in the third sub cluster (bottom of
Figure 6) have high levels of expression in the early
developmental stages and the expression smoothly
decreases at the completion of the development.
The constant cluster (bottom left of Figure 4 (B)) is
divided into two sub cluster. Figure 7 shows an enlarged
picture of the constant cluster. One sub cluster in the top
of Figure 7 has 18 genes. This cluster is characterized by
having high level (above 0.5) in all developmental
stages. The other sub cluster in the bottom of the Figure
7 has 10 genes. Genes in this cluster have a high level
expression from E11 to P0, and the expression decrease
from P0 to adult.
3.2.2.2. Different clustering in HGSOT and HAC. As
shown in Table 1, most of the 112 genes (93 genes) are
clustered into same cluster in HGSOT and in HAC. The
result of HGSOT does not have six individual gene
groups which are clustered in the HAC results as the
other cluster group. In HGSOT, every gene is assigned to
a cluster based on the smallest Euclidean distance.
Except for these six individual genes, 13 genes are
clustered into different clusters by the HGSOT and the
HAC. Gene mGluR8 and nAChRα4 apparently decrease
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to a low level (under 0.5) after they reach the peak level.
The HGSOT correctly clusters these two genes into the
wave 3 cluster, but HAC algorithm used by Wen et al
clusters them into the wave 2 cluster. In addition, gene
expressions of gene mGluR7 and GRγ3 stay at a high
level (above 0.5) after they reach the peak level, and the
HGSOT correctly clusters mGluR7 and GRγ3 into the
wave 2 cluster.

Although the gene expressions of gene GRβ1,
mAChR2, 5HT1c steeply increase from E13 to E19, they
still show an increasing trend and reach the expression
peak at a very late development stage. So HGSOT
clusters these three genes to the wave 1 cluster. But gene
expressions of gene IP3R2 and GRα1 smoothly increase
in the whole developmental stages. HGSOT clusters
IP3R2 and GRα1 into the wave 2 cluster because most
expressions of these two genes are at high levels (above
0.5) and make them closer to the wave 2 cluster based on
Euclidean distance. This is the same reason HGSOT
clusters genes NMDA2D, IP3R3, nAChRα5 and
nAChRα3 into the constant cluster’s sub cluster of which
the expression has decreasing trends, rather than the
wave 1 cluster.

4. Conclusions and future work

The rapid development of technology for generating
gene expression date provides us a processing and global
view on the gene network beyond an individual gene.
Clustering algorithms enable us to detect a group of
genes expressed in different tissues or cells over different
developmental stages. In this paper we have applied the
hierarchical growing self-organizing tree (HGSOT)
algorithm to cluster 112 rate CNS genes. We observed
that we can successfully gain five clusters similar to Wen
et al’s original HAC result and gives a better hierarchical
structure. Furthermore, this algorithm can detect more
subtle patterns at the lower hierarchical levels, and it
shows a more suitable clustering than HAC on some
genes.

In the future we would like to extend this work in the
following directions. First, we would like to do more
experiments on different data sets, especially on
microarray data. Second, we would like to work with
biology scientists to give more meaning to the clustering
result.
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Figure 4. A) Five Different Gene Expression Wave B) Hierarchical Cluster Tree Constructed by HGSOT (Due to
the limit of the page size, the tree are shown in two columns. The top of the right side should be connected to the
bottom of the left side.)
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Figure 5. Time Series Graph of Normalized Ratiometric Value of 5 Clusters.

Table 1. Clustering Result Comparison of HGSOT and HAC
Cluster Number of Gene in our

clustering
(HGSOT)

Number of Gene in
Wen’s clustering

(HAC)

Common Gene in both
clustering

Wave 1 23 27 23
Wave 2 23 20 17
Wave 3 20 21 17
Wave 4 18 17 15
Constant 28 21 21
Other 0 6 0
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Figure 6. Hierarchical clustering structure in wave 1 cluster and time series graph

Figure 7. Hierarchical clustering structure in constant cluster and time series graph
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