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Abstract

Microarray technology is widely used in monitoring thousands of gene
expression levels. Time-series microarray data are gene expression values
generated from microarray experiments within certain time intervals.Perfect
analysis procedure is essential to extract useful information from the huge
amount of gene expression data. In this work the internal connection between
time points and the preservation of time locality in time course gene
expression data is considered by combining Fuzzy C means (FCM) algorithm
with centralization technique to overcome the limitation of existing
methods.This proposed method deterministically finds quality clusters
acclaiming probable study of gene function for the regulation process based
on the experimental conditions.Poly Cystic Ovarian Syndrome (PCOS) data
set is used to exemplify the main concepts conversed in the study and the
results were compared with Fuzzy C Means algorithm.
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I INTRODUCTION

Vast technological development in current scenario makes microarray technigues
generate more and more biological data. This leads to extract useful information from
the available junk data. Many data mining techniques have been proposed for
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varioustypes of data. Fuzzy c-means (FCM) is a clustering method which allows one
piece of data to belong to twoor more clusters.In medical diagnostic systems, fuzzy c-
means algorithm gives the better results than hard k means algorithm [1].Fuzzy
clustering methods can be helpful for the medical experts inproblem-
solving.Clustering of time series gene expression data is an enormous field with
multiple numbers of clustering techniques along with different types of data. The
frequent data sets used is yeast data set. This paperdeals with PCOS data set.

PCOS is a disease found common in women. This cause problems in
menstrual cycle and make it difficult to get pregnant. It changes the outlook of the
affected person. If it isn't treated, over time it can lead to serious health problems,
such as diabetes and heart disease.Symptoms tend to be mild at first. The most
common symptoms are Acne, weight gain and trouble losing weight, unwanted hair
growth on the face, irregular periods, thinning hair on the scalp, some have no periods
while others have excess bleeding, fertility problems, depression and the last stage is
trouble in getting pregnant. There is no cure for PCOS. Hence, it needs to be managed
to prevent further problems. There are many medications to control the symptoms of
PCOS. Doctors most commonly prescribe the birth control pill for this purpose. Birth
control pills regulate menstruation, reduce androgen levels, and help to clear acne.
Other drugs can help with cosmetic problems. There also are drugs available to
control blood pressure and cholesterol. Progestin and insulin-sensitizing medications
can be taken to induce a menstrual period and restore normal cycles. Eating a
balanced diet low in carbohydrates and maintaining a healthy weight can help lessen
the symptoms of PCOS. Regular exercise helps weight loss and also aids the body in
reducing blood glucose levels and using insulin more efficiently.

Although it is not recommended as the first course of treatment, surgery called
ovarian drilling is available to treat PCOS. This involves laparoscopy, which is done
under general anesthesia on an outpatient basis. A very small incision is made above
or below the navel, and a small instrument that acts like a telescope is inserted into the
abdomen. During laparoscopy, the doctor then can make punctures in the ovary with a
small needle carrying an electric current to destroy a small portion of the ovary. The
success rate is less than 50% and there is a risk of developing adhesions or scar tissue
on the ovary [2] [3] [4].

1. FSH (Follicle Stimulating hormone)
To mature the follicles

2. LH (Luteinizing hormone)
Causes the ovulation

3. Estrogen
This controls the LH surge by a feedback regulation mechanism. It also prepares the
uterus by thickening the lining.
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4. Progesterone

A negative feedback with LH and FSH, prepares the uterus for implantation, and
maintains uterine lining and drop in progesterone along with estrogen causes
menstruation.

There are multiple parameters analyzed for finding negative or positive result
of PCOS in a patient. Since many parameters are available there are chances of
getting positive result but the result may be the other case. This limitation is over
come in the proposed method. In 90% of the time series clustering algorithms, data
preprocessing technique is neglected. The remaining 10% have utilized the
preprocessing technique which is meant only for the noisy data resulting in the loss of
some interesting patterns. In most of the cases internal connection between time
points and the preservation of time locality in time course gene expression data is not
considered. This leads to the formation of bad clusters nothing but unwanted cluster
formation resulting in the unnecessary time consumption. With the proposed method
the above mentioned issues are addressed by giving an optimal solution. Further this
paper is divided into 5 sections. Definitions, related works, methods and materials,
proposed method, evaluation, conclusion and future work respectively in section I,
I, 1V, V, VI, Vil and VIII respectively.

1. DEFINITIONS
A.Time series gene expression data
This is obtained with multiple samples gathered from regular time intervals.

B. Co expressed genes
These are the one that shares similar expression patterns discovered by cluster
analysis.

C. Coregulated genes
These are the one that are regulated by at least one common known transcription
factor.

D. Gene Regulation

Gene regulation is a substrate for evolutionary change. Since control of the timing,
location and amount of gene expression can have an intense effect on the functions of
the gene in a cell or in a multi cellular organism. It is the process of turning genes on
and off. During early development, cells begin to take on specific functions. Gene
regulation ensures that the appropriate genes are expressed at the proper times. ltcan
also help an organism respond to its environmentand is accomplished by a variety of
mechanisms including chemically modifying genes and using regulatory proteins to
turn gene on or off.

E. Types of Regulation
There are three types
(1) up-regulation,
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(2) Down regulation and
(3) Neither up or down regulated.

F. Up-regulation
There is an increase in the number of receptors on the surface of target cells, making
the cells more sensitive to a hormone or another agent.

G. Down-regulation

There is a decrease in the number of receptors on the surface of target cells, making
the cells less sensitive to a hormone or another agent. Some receptors can be rapidly
down regulated.

1. RELATED WORKS

The basic FCM is an iterative procedure method where cluster centers are updated.
The time taken to partition the cluster is reduced with this fast FCM [5]. Many data
preprocessing techniques are available in data mining. Normalization is one used for
the transformation of data. Another new method called centralization is introduced
[6]. With this two conditions are fulfilled and also the regulation of gene expression is
well behaved. There are different patterns of co regulatedgenes available. Co
regulation graph [7] is generated based on the binned matrix. Based on the aerobic
conditions genes are positively and negatively clustered. In order to justify that fuzzy
¢ means algorithm is best for very large data sets, single pass fuzzy ¢ means, online
fuzzy ¢ means, weighted fuzzy ¢ means, bit reduced fuzzy ¢ means, kernel fuzzy c
means are discussed [8]. Accuracy and feasibility is shown to be primary whereas
efficiency is considered secondary. Fuzzy clustering is of two types hard and soft.
High dimensional data can be clustered with the help of soft fuzzy clustering. For the
energy design function of local minima a new convergence technique is introduced
[9]. A concept from diffusion graph isutilized by comparing with genetic data sets and
with the data set containing taxonomic measurements [10]. Also, many new
interesting patterns are generated using yeast data sets by applying the combination of
data preprocessing with supervised and unsupervised learning methods [11]. Various
clustering algorithms such as hierarchical, k-means and self-organizing maps are
discussed and they are compared with each other for the performance measures [12].
Power spectral analysis is combined with the traditional algorithms.Clustering can be
done in two approaches. One is top-down and the other one is bottom-up approach.
Pre pruning and tree based clustering method is used for finding maximal subspace of
co regulation [13]. All the time series clustering and regulation is done based on the
experimental conditions [14]. This method analyzes the similarities of gene
expression patterns for different conditions. Some genes may be interrelated with the
other biologically. Algorithms are developed to retrieve it from the network of co
expressed genes [15]. Regulators play a vital role in gene expression. This has to be
identified for proper utilization. Meaningful biological conditions can be drawn from
time series gene expression data which depends strongly on regulation [16] instead of
expression values. Many redundant patterns are observed due tonoise as it isinherent
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to microarray data [17].Hence similarity measures between profiles is essential.
Although many similarity measures are available Pearson correlation coefficient [18]
is found common in all the papers measuring similarity. The values are between -1
and +1 and If 1, 0 and -1, then Positive, no and negative correlation respectively. The
ultimate goal of analyzing gene expression data is to identify relationship between co
regulated gene pairs [19].

V. METHODS AND MATERIALS

Binning is a preprocessing technique which has been applied in few papers giving a
partial solution. Technique focuses on the noise and removes it. This is done by
analyzing the more general effects of genes. Here gene expression data is binned in
two levels (a) highly co expressed (up-regulated), and (b) inhibited (down-regulated)
based on some precise static threshold. In some cases there may be a third level
neither up or down regulated is not considered at all. This paper works on the
mentioned limitation.

Time Series Gene Expression Data

The time series gene expression data consists of a matrix containing intensity data for
a group of genes for certain time points. Let X; be the gene expression level
representing the i gene at time point t, fori=1,...,p,and j =1, ..., n, where p is the
number of genes and n is number of time points. The overall structure of the
timeseries data is shown in figure 1. Depending on the research problem under study,
the entire data or a subset of the above matrix may be selected for the data analysis
process.

Pre Processing the data

Though many algorithms have been developed for preprocessing the data, the internal
connection between time points and the preservation of time locality in time course
gene expression data is not considered to certain extent. PCOS data sets purely rely on
the internal connection and time locality. In order to obtain this, centralization a
preprocessing technique [6] is combined with the fuzzy ¢ means algorithm to produce
three different clusters. Out of the three clusters one will contain gene which is to be
up regulated, the other with gene to be down regulated and the last one with normal
genes falling into the category neither to be up nor to be down regulated.

Clustering gene expression data

First step in gene expression analysis is clustering. All types of gene clustering are
purely based on the suitable similarity measures. This is the fundamental process of
data mining. The best proximity measure is Euclidean distance for dense and
continuous data. The value is between -1 and +1 in correlation coefficient which
works better in linear but not suitable for curve linear[20].
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Time-Series data point structure
Time points
T, T, T3 ... Ty
X X Xy ... Xy
Xp*n = Xo1 X Xpz... Xy

— a e alaoa ~

Fig. 1. Initial structure of the gene expression time series data

Fuzzy ¢ means algorithm

Fuzzy c-means (FCM) is a method developed by Dunn in 1973 and improved by
Bezdek in 1981. This algorithm works by assigning membership to each data point
corresponding to each cluster center on the basis of distance between the cluster
center and the data point. More the data is near to the cluster center more is its
membership towards the particular cluster center. Clearly, summation of membership
of each data point should be equal to one. Each iteration results in the updating of
membership and cluster centers.It is based on minimization of objective function (1).

=SS X -V 1 s m< ()
where m is any real number greater than 1, ujj is the degree of membership of x; in the
cluster j, x; is the i" of d-dimensional measured data, ¢ is the d-dimension center of
the cluster, and ||*|| is any norm expressing the similarity between any measured data
and the center. Fuzzy partitioning is carried out through an iterative optimization of
the objective function shown above, with the update of membership u;; and the cluster
centers ¢j in (2)

1 Yiss M X
Wij = — G =57 6
o (lxici\™ T i=1 Wij
(i)
This iteration will stop when
maxi; {lui(}”l) — ,ug‘)” <e& (©))

In Eq.3 ¢ is a termination criterion between 0 and 1, whereas kK is the iteration
step. This procedure converges to a local minimum or a saddle point of Jn,
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The algorithm is composed of the following steps:
Step 1: Initialization
U= [u;] matrix, U©
Step 2: Calculation of centre vectors
C®¥=[cJwithu®
at k-step with the following formula
_ L1 Wi Xi
DT
Step 3: Updation of U®, U ®*D is done as shown below

1
Hij = 7

e (IIXL C;II)m 1
k=1 \||x;—Cp |l

Step 3: I || U™ - U ® ||<e then STOP; otherwise return to step 2.

V. PROPOSED METHOD

Combination of Centralization and Fuzzy ¢ means algorithm

In the proposed approach, a new clustering algorithm is introduced which combines
FCM algorithm with centralization technique [6]. This generates clusters based on the
internal connection between the time points preserving the time locality in time course
gene expression data. Let ki, kje S be two samples, with unknown constants of
proportionality cii,cq. Let mg ,; denote the measured value, i.e. a number proportional
to the signal intensity measured at the spot for g on the array for sample k and by, is
the background noise. Let Gy be the set of genes that are considered to be expressed
and reliably measured in both the samples. The other genes are excluded since ratios
of values that are dominated by background noise are incorrectly biased towards one.
In order to estimate q*ﬂ,q ,set of quotients (4) is used.

my Jepp ™ bg.ky;
Qtl Ly {qgl(Ig gr—gt g e Gti'tj} (4)

ng. kej ~Dbgktj

The following are the advantages of using FCM along with centralization
preprocessing technique
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(1) A single gene can be assigned to more than one cluster. This helps for the co
regulation process of gene expression data.

2 PCOS data sets generate three types of clusters out of which one has to be
down regulated, second one has to be up regulated and the last cluster
describes the gene is not affected of PCOS as it can neither up nor down
regulated.

Before the proposed method combination of centralization and FCM can be
applied, a similarity matrix or distance matrix fsimilar is computed based on correlation
coefficient. Then combination of centralization and FCM algorithm can cluster the
genes according to the similarity matrix fsimijar.

The combination of centralization and FCM algorithm is composed of the
following steps

Algorithm: Combination of centralization and FCM

Input : Time series gene expression matrix

Output: Clusters to be up regulated, down regulated and normal (neither up nor
down regulated).

Step 1: Compute the similarity or distance matrix fsimiiar

C=1,

For each gene g

C++;

TI™gene is placed in cluster c;

For each gene tj<>ti

Compute the similarity ti™ gene with tjth gene fsimilar (ti,t]) using correlation coefficient
metric

If fsimilar (ti,tj)>threshold oo place tj in cluster ¢

End;

End;

Step 2: For each gene gy estimate g*i with the set of quotient

*
Mgk ~ by

Qeitjt = ‘Ig|(Ig = 19 € Geinj

m;q_k], - bg,k i

Step 3: Calculate the median Q;;.; for thec clusters.

Step 4: Assign each data D to the down regulated or up regulated by finding the
difference in its distance from the cluster centroid pairs a; and a;:

[d (D-as)—d (D-ay) ]
Step 5: If the distance is less than some threshold ce, Xp is in down regulation and if it

is greater than some threshold oo, Xp is in up regulation else it is in normal.
Step 6: Compute new median for each cluster C and iterate until there are no tasks.
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The algorithm generates the clusters based on the internal connection between
time points. It also preserves the time locality in the time course gene expression data.
Using the correlation coefficient as the metric, the algorithm finds the possible
number of clusters and the distance matrix based on the similarity between genes.
Genes that are more similar are put in the same cluster. Each object is assigned either
to be up regulated, down regulated or normal cluster based on the threshold value.
The median of each cluster then taken as the centroid (pair) of that cluster.

VI. EVALUATION

Performance evaluation is done for the proposed approach using PCOS data sets. The
proposed algorithm is compared with the FCM. The table 1 provides the complete
details about the cluster structure, clustering patterns for FCM & CCFCM. The results
show that the quality of clusters and computational time is better in the proposed
CCFCM algorithm.

TABLE | EXPERIMENTAL REULTS FOR PCOS DATA SETS

Algorithm No. of Computational
Clusters Time
O (nlogn) | O(n?
FCM 2 0.7 0.4
Proposed approach CCFCM 3 0.9 0.6
(combination of centralization
technique with FCM)

In fig.2 only two clusters have been obtained. If the vale is -1 then the genes in
that cluster has to be up regulated. In fig.3 three clusters have been obtained. The
clusters lying in the 0 value need to be neither up nor need to be down regulated.

PCOS datagluste nerated usi
b ™

Experimental conditions

Fig. 2.Clustering using FCM
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Fig. 3.Clustering using centralization and FCM (CCFCM)

Vil.  CONCLUSION

There are numerous algorithms for time series gene expression data have been
proposed by taking various factors in to consideration. Every factor varies based on
the biological conditions and the data sets. The proposed work deterministically finds
quality clusters based on the experimental conditions. The main aspect of this
algorithm is the consideration of internal connection between time points by
preserving the time locality of time course gene expression data. To evaluate the
performance of this proposed algorithm PCOS data sets have been used. The
efficiency of the algorithm is proved by comparing the CCFCM with FCM algorithm.

vill.  FUTURE WORK

The efficiency of the proposed method can be enhanced further by implementing
rough set theory and bi clustering algorithms. Enhancement in the efficiency of the
proposed method can be tested by comparing the implemented algorithms. Also, the
combinations of computational intelligence approaches can be implemented and
tested.
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