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1 Introduction

Genes are the basic unit of hereditary in living organisms, it is normally a stretch
of DNA which codes for a specific protein. They dictate biological processes in the
cell by producing proteins through the process of transcription and translation. A
particular protein is manufactured if a specific gene is transcribed or expressed.
However, genes are not all the time transcribed, for instance the set of genes
that are involved in cell division are only expressed when the cell is on the
actual phase of cell division. Since the cell cycle has five phases, different set
of genes are expressed depending on the specific biological functions needed per
phase.

The gene expression level can be measured through microarray technology.
A microarray is a chip containing approximately 2000 probes. Each probe is
represented by a gene and the expression level is measured through its luminosity.
An example microarray chip is shown in Figure 1.

Fig. 1. Microarray chip measuring gene expression levels.

Analysis of gene expression data can lead to gene function discovery thus
can also help in drug and treatment discovery. Several data mining techniques
have been used for the analysis of gene expression data in the literature. The



most common approach used is clustering. The goal of clustering is to partition
the set of objects such that objects or in our case, genes belonging to the same
cluster have functional relationship. Several works in clustering gene expression
data is presented in [?] and [1].

In this paper we performed cluster analysis of yeast genes from a time series
gene expression data to identify set of genes which active at a specific phase
of the cell cycle. We compare the clustering made by k-means algorithm using
different initialization techniques to known biological classification which were
obtained through wet lab procedures. We also evaluate the effect of reducing the
feature space using Non-Metric Multidimensional scaling (nMDS).

This report is outlined as follows. The first part ...

2 Data Set

The data set includes time series gene expression data from a synchronized
population of yeast. Having a synchronized population means that each cell
in the population is in the same cell cycle phase with all other cells in the
population.

The data set can be represented by an (n x m) data matrix. Each row repre-
sents a certain gene and each column is a sample from a particular time point.
The set of genes are partitioned to 5 groups corresponding to the 5 phases of
cell cycle (i.e. Rest Phase, First Growth Phase, Synthesis Phase, Second Growth
Phase, and cell division). Each gene in the data set belongs to a specific phase
where it is expressed. The classification of genes are identified through wet labo-
ratory procedures in [?]. The initial data set in [?] is filtered such that no genes
belong to more than one cell cycle. Moreover, genes with missing values in the
set of samples were removed. Therefore we have a total of 384 genes with gene
expression data taken within 17 time points. Each time point has 10 mins in-
terval. Based from the study, the number of time points cannot exceed to 17
because synchronization of the yeast population is only accurate after two cell
cycles.

3 Methods

Clustering is the unsupervised classification of patterns including observations,
data sets and feature vectors into groups called clusters. This method is use-
ful in several exploratory pattern analysis, grouping, decision making, machine
learning, data mining and pattern classification [?].

3.1 K-means Algorithm

K-Means clustering is a method of cluster analysis which aims to partition n
observations or n vectors into k clusters. The goal of this method is to minimize
the mean squared distance from each data point to its nearest mean called
centroid. This clustering technique is used whenever final number of clusters (k)
is already defined. The algorithm for k-means is as follows.



Fig. 2. Visualization of the time domain gene expression data of the five classifications.

1. Select initial k points to represent initial k centroids.
2. Assign every data point to a cluster nearest it by computing the distance

(e.g. Euclidean ) between the points representing the cluster or the centroids
and the point being evaluated .

3. After assigning a point, recompute the new centroids of the cluster where
the assigned point was taken and the cluster where it was added taking the
new point into account.

4. Repeat steps two and three until convergence or all points are already to
cluster nearest them or a stopping criterion is reached (e.g. maximum number
of iterations is reached).

We employed three methods of selection of the k initial points. The results
were then compared with that of the results taken from the laboratory. The three
methods are k most distant points, k points with constant intervals, and first
k points. The first method chooses the first k centroids that will maximize the
distance between the clusters. The second method sorts the distances between
all the data points and then chooses the k initial points at constant intervals
from the sorted list. Finally, the third method uses the first k points in the data
set as the first k centroids.

Since the K-Means algorithm determines the locally optimal solution that will
minimize the distance between each data point and the centroid, the clustering
results are sensitive to the selection of initial points.

3.2 Non-Metric Multidimensional Scaling (NMDS)

NMDS is used for the purpose of visualizing a highly dimensional data in a 2-
dimensional or 3-dimensional space. Projecting the data into a lower dimension



helps in visualizing the data in Euclidean space and decreases the running time
needed for exploratory algorithms.

Algorithm Let O be the set of n objects and E be the Euclidean space. The
goal of nMDS is to find a mapping from O to E such that the dissimilarity
between the objects in O are consistent as much as possible with the distances
of the objects in the Euclidean space.

The distance between two objects xi and xj in O is computed to obtain the
data set’s dissimilarity matrix

[D]ij = δ2ij

, where

(δ2ij) = (xi − xj)
T

(xi − xj)

From the dissimilarity matrix D, We define an inner product matrix B = XTX,
where each element in B is

[B]ij = xTi xj

From the known squared distances in D, we can find the inner product matrix B,
and then from B to the unknown coordinates X. Since B is symmetric, positive
semi-definite, with rank p therefore B has p non-zero eigenvalues and n− p zero
eigenvalues. Given the properties of B we can get X from B using its spectral
decomposition [3]. An iterative implementation of nMDS minimizes the stress,
the minimum stress computed serves as its goodness of fit.

3.3 Adjusted Rand Index

A relative index that measures the level of agreement between two partitions.
It measures the correlation between the partition (Pk) made by a clustering
algorithm with respect to some external or reference classification (C3 ).

Let a denote the number of pairs of items that are placed in the same class in
C3 and in the same cluster in Pk; let b be the number of pairs of items that are
in the same class in C3 but not in the same cluster in Pk; let c be the number of
pairs of item that are placed int the same cluster in Pk but not in the same class
in C3; let d be the number of pairs of items that are not on the same cluster in
both partitions. Let ni,j be the the number of items that are both in ci and pj
where 1 ≤ i ≤ 3 and 1 ≤ j ≤ k; let ni be the number of items in ci; let nj be
the number of items in pk. Based from the above definitions, the adjusted rand
index is defined by

R =
a+ d

a+ b+ c+ d

where

a =
∑
∀i,j

(
ni,j
2

)



b =
∑
∀i

(
ni
2

)
− a

c =
∑
∀j

(
nj
2

)
− a

d =

(
nj
2

)
− (a+ b+ c)

4 Results and Analysis

We cluster the set of genes using their expression level from 17 time points,
hoping that the clustering algorithm will output a partition that is close enough
to the ideal classification, i.e. 5 classifications according to the cell cycle phase.
We tested several initialization configuration in k-means and arrived at different
partitioning of the data. We cluster the set of genes both using the original data
and the reduced dimension. To visualize the natural clustering of the data, we
perform NMDS on the original data set and partition the points according to
their biological classification. The visualization we would like to approximate
using clustering algorithm is shown in Figure 3.

Fig. 3. Visualization using NMDS points with clustering based from the 5 phases of
cell cycle

The visualization shows that nMDS captures the temporal pattern of data,
i.e. genes that are active in a specific phase exhibits high similarity in the eu-
clidean space. Moreover, the arrangement of the groups follows the natural or-
dering of the phases of cell cycle. Overlaps happen, in the set of genes active at



consecutive cell cycle phase. Given these properties, we would like to verify if
k-means algorithm can approximate the natural clustering of genes.

We use k = 5 as the number of desired clusters since there are 5 classification
of genes in the data set. The first initialization procedure is that we choose k
most distant data points as the initial k-centroids. The clustering is shown in
Figure 4.

Fig. 4. Visualization using NMDS points with clustering based from the result k-means
algorithm with initialization using k most distant points.

The initial k centroids in the second initialization procedure came from k
points with constant interval while sorted with respect to their distances. The
clustering is shown in Figure 5.

Fig. 5. Visualization using NMDS points with clustering based from the result k-means
algorithm with initialization using k points with constant interval.



Fig. 6. Visualization using NMDS points with clustering based from the result k-means
algorithm with initialization using k points with constant interval.

To validate cluster consistency with the reference classification we computed
the adjusted rand index of all clustering made. It showed that, reducing the
representation of each gene using nMDS doesn’t change the result of clustering.
Thus, nMDS preserves the characteristic of a certain gene in terms of cluster
membership. Moreover we had comparisons in the result of clustering made by
different initialization procedures. The adjusted rand index showed that initial-
ization using k random points achieved the lowest cluster consistency with the
reference classificatio. The first k points achieved the highest cluster consistency.
Another clustering result made by selecting 5 points each from the ideal classi-
fication showed a high cluster consistency.

We examine the first k points from group 1. Figure 8 points showed that the
points are scattered across the graph, thereby providing a good cluster centroid.

Figure 3 shows the k points we selected as cluster centroids. The points were
selected for detecting cluster centroids each from the desired clusters.



Fig. 7. First k points from group 1

Fig. 8. First k points selected from each cluster in reference classification

5 Conclusion

We performed clustering using K-Means algorithm and compared the partition-
ing results with those obtained through wet lab procedures. The initial points
chosen can affect the partitioning results of the K-Means algorithm. We used
three methods of selection for the initial k points. We found that the first k
points initialization produced the highest ARI (0.49891) as compared with the
wet lab results. We also found that projecting the dataset using NMDS to a
2-dimensional space did not change the ARI. Since the dataset has overlaps in
between clusters, we suggest for future work using kernel K-Means clustering to
separate the data in higher dimensions.

References

1. Ka Yee Yeung, Cluster Analysis of Gene Expression Data, University of Washing-
ton, 2001

2. J. Macqueen, Some Methods for Classification and Analysis of Multivariate Ob-
servations, University of California, Los Angeles, 1967

3. T. F. Cox, M. A. Cox, Multidimensional Scaling, pp 42-69, 1994


