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Comparative Study of three Clustering
Algorithms for Microarray Data

Noveenaa Pious * & Dicky John Davis G °

Abstract- High throughput genomic data analysis is becoming
an increasingly integral part of biomedical research. The
information derived from gene expression analysis helps in
diagnosing the treatment modality given to the patient.
However, the amount of data is humongous and becomes
complex to examine manually. Unsupervised machine learning
algorithms perform complex tasks on an unlabelled data by
clustering to comprehend the underlying structure and
behaviour of the pattern. Clustering microarray data, examines
the differential expressed genes found by grouping the genes
based on the similarity of the expression values. In this study,
we propose to elucidate the best clustering algorithm for gene
expression data on various clinical conditions. The proposed
study was carried on three gene expression datasets of
Severe acute respiratory syndrome, Amyotrophic lateral
sclerosis and Parkinson’s disease. Differentially expressed
genes were found at three p-values 0.01, 0.05, 0.001 and the
most significant number of genes were retrieved at p-value
0.05. We experimented the differential expressed genes on
three clustering algorithms, namely Hierarchical clustering, k-
means clustering and fuzzy clustering of the three diseases.
The performance of the three clustering algorithms was
evaluated using the internal validity index, wherein Hierarchical
clustering was found to be best for gene expression data.
Keywords: hierarchical clustering; k-means clustering;
fuzzy  clustering,  differentially — expressed  genes;
microarray data.

I. [NTRODUCTION

icroarray analysis refers in finding different
I\/l patterns in the genes expressed under specific

situation or in a specific cell and to look for
associations between regulation of gene expression
levels and phenotypic variations(Tarca AL, Romero R
2006).The advancement of microarrays was utilized to
examine large number of genes within a sample in two
distinct cell states such as in normal state or diseased
state. Microarray used to unravel and observe the genes
that change accordingly due to trigger of environmental
factors by producing stimulating responses. The
expression patterns in microarray are pivotal as it
intends to comprehend over the two states i.e., whether
a gene is under or over- expressed in a diseased region
(Rodriguez-Esteban and Jiang 2017). The differential
expressed genes track the patterns or evolution of novel
genes in different diseases namely cancer, nervous
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disorders, and so on. In this study we focus on
clustering techniques to capture the behaviour that have
the similar patterns and functions by determining if the
genes are correlated or dissimilar, or affiliated to the
characteristics of the disease(Thalamuthu et al. 2006).
We identified the differential expressed genes by using
t-test in the control and treated samples of Severe acute
respiratory  syndrome (SARS), Amyotrophic lateral
sclerosis (ALS), and Parkinson’s disease (PD).We
experimented the differential expressed genes with the
three clustering techniques based on connectivity
clustering model and centroid clustering such as
Hierarchical clustering, k-means clustering and fuzzy
clustering. The performance of clustering models was
evaluated to comprehend the well-separation using
Silhouette coefficient (Rousseeuw 1987). The proposed
study approaches to annotate the suitable clustering
technique for the different diseases.

I[I. METHODS

a) Experimental design

Each disease is affected by genetic or
environmental factorsi. eneuro degenerative disorders
namely PD and ALS and respiratory syndrome namely
SARS. The three diseases were studied on, by collecting
datasets from Gene Expression Omnibus (GEO) present
in National Centre for Biotechnology Information (NCBI).
The dataset comprises of two sections, namely the GPL
platform and GSE series. We used GPL 201 Affymetrix
Human HG-Focus Target Array for all the three diseases
consisting of raw gene information. The GSE series
provides the sample information for SARS(GSE53394),
ALS(GSE41444) and PD (GSE20333). We selected the
three gene expression series with primary focus on
control and treated samples to interpret the differential
expressed genes.

Firstly, the GSE53394series was to investigate
the peripheral blood mononuclear cells from the gene
expression samples of SARS patients in comparison
with the healthy controls (Reghunathan et al. 2005).
Here, the differential expressed genes from the SARS
patients were not merely caused by the immune
response against viral infection but were related to the
presence of inherently inflammatory reactions. There
was no majority of up-regulated genes leading to the
conclusion that the SARS-CoV virus followed unfamiliar
approach to avoid the host immune system. Secondly,
the GSE20333 series were retrieved from the profiling of
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gene expression performed on human substantia nigra
pars compacta (SNpc) of PDpatients, where the
reduced expression of SKP1 gene resulted in the non-
functioning of protein regulatory in PD patients(Grunblatt
et al. 2004). The third gene expression series GSE41444
was based on ALS patients, the affected patients
increased the activity of muscle atrophy due to
correlated genes present in the gene network and lead
to the development of muscle homeostasis(Bernardini et
al. 2013).

b) Dataset

The three diseases were studied on, by
collecting datasets from Gene Expression Omnibus
(GEO) present in National Centre for Biotechnology
Information (NCBI) to perform the gene expression
analysis. The flowchart of gene expression analysis is
portrayed in Figure 1. The GPL201was used, which
primarily consists of features such as ID, Gene symbols,
Gene title, Gen Bank accession etc. But only two
features i.e. ID and Gene symbols was selected for the
pre-processing phase, since these attributes provide the
prior gene information. The data from the GPL201 probe
is merged with the GSE samples provides the
converged dataset. In order to stabilize the variation of
the gene expression levels, the process of normalization
is required. Here, the normalization is carried out using
log, function for the pre-processed data. The
normalization is visualized using histograms and box
plot to apprehend the variation of intensities of variation
before and after normalization (Bengtsson and Hossjer
2006). Normalization is necessary since the
measurements hold different scales from different
hybridizations(Steinhoff and Vingron 2006). Furthermore,
the conversion of multiplicative errors into additive ones
is one of the advantages of logarithmic
normalization(Cui, Kerr, and Churchill 2003). Following
that, the unpaired student t-test is performed on the
normalized data to predict the differential expressed
genes under the p-values. The unpaired student t-test
was applied on the control and treated samples of the
three gene expression datasets. The difference between
the measurements indicates if a gene expressed is up
or down-regulated in a particular disease. Furthermore,
the unpaired t-test produces two values t-statistics and
p-value in which p-value representing the probability of
the observed data under the assumption indicating the
null hypothesis is true. During the process, we
experimented different levels of p-values at 0.01, 0.05
and 0.001to observe the differential expressed genes.
Additionally, the log, fold change was carried out to
check and apprehend the up and down regulated genes
in the three diseases. In most of the cases, the fold
change produces incorrect results due to the inability to
capture the differentially expressed genes. The log, was
illustrated using volcano plots of the up and down
regulated genes.
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Figure 1: Flowchart for gene expression analysis

The three clustering algorithms namely
Hierarchical Clustering, K-means Clustering, Fuzzy
Clustering are applied on differential expressed genes
retrieved from p-values and compared using the internal
validity index. The comparison is retrieved by taking
genes formed under different perspective clusters in
three different algorithms. Here, the best clustering
algorithm is proposed based on biologically significant
genes. Relatively, the three clustering techniques were
applied on the differential expressed genes under the
three p-values. For instance, the agglomerative strategy
pairs the nearby samples first and adds them to the
mean of samples and constructs them into clusters in a
hierarchy. It merges the closest pair of clusters in order
to obtain a single cluster, as it defines the cluster
proximity. Similar genes with their respective computed
values are ordered and clustered together provide

higher expression level (Molla et al. 2004). Hierarchical
clustering is visualized using heat maps by displaying
the gene symbols providing the variation of intensities of
the gene expression samples. The Euclidean distance is
the mostly commonly distance measure in the clusters
and the linkage criteria such as ward, complete and
single was experimented, and complete linkage was
chosen to perform well on the three diseases which
associates the furthest neighbours. The distance
between the two clusters is based on the most distant
points in the different clusters Vi and V| respectively. The
Euclidean distance can be calculated as,

la — bll2=y/Xi(a —b)?

In agglomerative hierarchical clustering, the
inter-cluster distance is being premediated in order to
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determine the distance between two separate clusters.
The complete linkage method given by,

d(V,V) = max {d(xy) | x€V,, yeV;}

Each dendrogram represents the distance on
which the cluster was formed. The dendograms cuts
were observed and obtained at k= 3based on the
performance of the clusters. The k-means clustering
algorithm works by predefining the number of clusters.
Firstly, it will choose a random centroid for each data
point. The algorithm groups repeatedly until no data
point is left alone. Euclidean distance method is the
distance used for the clustering the data point and the
centroids. The significant genes are assigned to each
cluster, and it is repeated until clusters assignments are
stable. Here, the algorithm follows the assignment
strategy. It defines the cluster centre and assigns the
data point to the nearest cluster. The cluster centres are
placed as far as possible for the best accuracy. The
cluster centres are based on the dataset used. In these
datasets, it assigns the genes according to three cluster
centres. The iterations take place simultaneously when
no more centroids could not move further between the
data points Finally, the squared error function is
deployed for minimizing the objective function using the
formula,

S(V) = =3 (llxi—yjl)2cij="Tci=1............... (3)

The optimal k clusters were determined using
the three methods such as elbow technique of total
within sum of square, gap-statistics and silhouette
score. One of the most popularly known for soft
clustering of assigning data points to the cluster centre
and influential methods is Fuzzy Clustering algorithm
(Bezdek,1981). The algorithm predicts precariousness in
the expression levels of the genes and targets the areas
of tumour formation (Scaria et al. 2016). The important
characteristics of FCM, it calculates based on the
weighting components of the data points. It oscillates
between 0 and 1 for each cluster formation.
Furthermore, when it reaches infinity, the outcomes
become the centre. FCM algorithm aids to recognize the
patterns clearly, provides a precise interpretation of the
genomics data. The FCM algorithm is calculated using
the formula,

DU.V) =2Z(uij )mlxi—vjl2cj=1ni=1........... 4)
1. REesuLts

The proposed technique has been implemented
in the working platform of “R” (version 3.4). The GEO
datasets for SARS (GSE53394), PD (GSE20333), ALS
(GSE41444) are downloaded in this platform. With
respects to the genomic datasets, Hierarchical
Clustering, K-means Clustering and Fuzzy Clustering
techniques are compared. The up-regulated and down
regulated genes identified using log, fold change for the
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three diseases are depicted in Figure 2. The
comparisons between the three clustering algorithms
were made using silhouette coefficient. The number of
overlaps found in the genes were also represented
using Bioinformatics & Evolutionary Genomics Venn
diagram tools. Table 1 portrays the number of samples
used for each disease using GEO datasets and the
number of samples used for each disease taken for
experimentation from GEO datasets. It provides the
details of number of genes expressed under the p-
values 0.05,0.01,0.001 with the respective details of the
disease. The performance of clustering for the different
diseases were described based on silhouette coefficient
for the optimal clusters (Table 2). For the PD, the p-value
at 0.001 was not included for the clustering analysis,
since there were a smaller number of genes found at
this p-value.

Table 1: Observation of genes

Dataset

p-values

GEO Diseases _\°% 0001 001 005
Samples samples

GSE53394 SARS 14 426 1182 2293
GSE20333 PD 14 4 813 148
GSE41444 ALS 14 231 928 2469



COMPARATIVE STUDY OF THREE CLUSTERING ALGORITHMS FOR MICROARRAY DATA

Table 2: Performance of Clustering

(€]=0] Optimal k Clustering Silhouette score (p-values)
samples clusters Algorithms 0.01 0.05
3 Hierarchical 0.68 0.89 0.90
GSE53394 3 k-means 0.5627 0.691 0.76
3 Fuzzy 0.341 0.361 0.427
8 Hierarchical 0.439 0.482 0.481
GSE41444 3 k-means 0.452 0.47 0.49
3 Fuzzy 0.411 0.452 0.478
3 Hierarchical - 0.81 0.93
GSE20333 3 k-means - 0.81 0.87
3 Fuzzy - 0.535 0.526

The optimal clusters were experimented on
different values at k=2 and k=3 and was chosen based
on the elbow technique using the measures of gap
statistics, within the sum of squares and performance of
clustering. Figure 3 represents the optimal results of
hierarchical clustering and provides the details of
average silhouette width of each cluster obtained from
the three different diseases.

From the results of the three clustering
algorithms based on the validation of internal clustering
indices, the hierarchical clustering performs well on the
optimal cluster k-value than k-means and fuzzy
clustering on a gene expression data on all the three
different diseases. The fuzzy clustering executed poorly

in all the three datasets, and the silhouette score
remained relatively low around 0.5, that inherently
indicates that soft clustering was not suitable for the
gene expression data. With hierarchical clustering
achieved the best silhouette score over the range of 0.9
at the p-value of 0.05 were most of the significant genes
were retrieved from the two diseases such as SARS and
PD and k-means obtained around 0.7- 0.8. For the ALS
disease, the silhouette coefficient scored less in all the
three clustering algorithms. From this study, it conquers
that the connectivity-based clustering models provides
the hierarchical analysis of genes on a gene expression
data.

25 0.0 2.5 =0 4

* Normal (Housekeeping genes)

« Up-regulated genes

* Down-regulated genes

Figure 2: Log,fold change of a) Severe acute respiratory syndrome, b) Parkinson’s Disease and ¢) Amyotrophic

lateral

sclerosis
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Figure 3. Silhouette scores of hierarchical clustering in a) Severe acute respiratory syndrome, b) Amyotrophic lateral
sclerosis and ¢) Parkinson’s Disease

IV. DISCUsSION

From the study of the three diseases, it's found
that the significant number of differentially expressed
genes was found to be from the p-
value0.05.Comparatively, the hierarchical clustering
provides better clustering results using internal validity
index. In order to comprehend the hierarchy of
differentially expressed genes, whether they fall in the
same cluster provides a definite clarity of similar
biological functions and aids for the development of
drug design. Renji and Manikandan found the genes
such as LCN2, LTF and S100A9 were mostly up-
regulated genes in the SARS patients (Reghunathan et
al. 2005). While analysing the hierarchy of the three up-
regulated genes at p-value 0.05 from the clusters, its
remarkable that the genes LCN2 and LTF are evident
from cluster 1 and fall in the same branch of the
hierarchy indicating similarity whereas S100A9 gene was
found to be in cluster 2 revealing 11 genes follow the
similar biological pattern from cluster 2.

Grunblatt and Mandel in their study of gene
expression analysis of PD patients established the
genes responsible for degradation and dopamine
oxidation(Grinblatt et al. 2004). The main significant
genes involved in the process of dopaminergic toxicity
were observed under the p-value 0.05 retrieved from the
hierarchy at cluster k =3 wasEGLN1 accountable for
stress, the reduction of dopamine was related to genes
such as ALDH1A1, ARPP-21, and genes that caused the
impairment of proteasome subunits namely PSMD8 and
PSMA2 occurred on the same cluster i.e cluster 1. From
this hierarchy of genes, its quite evident the above
genes are similar and contribute to the neuro
degenerative disorder. By experimenting the differential
expressed genes in ALS disease(Bernardini et al. 2013)
at cluster k=3,the correlated genes actively taking part
in the mitochondrial metabolism obtained from the

© 2022 Global Journals

former network with the ACTN3 gene by speeding the
disease in humans, in addition, PRKARIA, FOXO1 and
FBP2fall under the cluster 2, indicating similarity function
of the progression of the ALS disease. From the latter
gene network, were CHRNA1 and TRIM32 are clustered
together specify the critical activity of mitochondrial
network. Hence, the differential expressed genes from
all the three diseases provide homogenous biological
activity and this similarity pattern is highly indicative and
structurally evident in gene expression data using
hierarchical clustering as compared to centroid
clustering algorithms.

V. CONCLUSION

In the proposed study, our aim was to identify
the differential expressed genes, obtained at different
levels in a sample. Moreover, the experimental results,
indicate that the differential expressed genes were
enormous at p-value 0.05. All the three clustering
algorithms were able to identify differentially expressed
genes at p-value (0.01, 0.05 and 0.001). Each clustering
algorithm provide specific challenges while grouping the
gene expression data. Hierarchical clustering was found
to be the suitable clustering algorithm on identifying the
biologically significant genes as well as indicating the
similar biological functions based on hierarchy of
clusters in comparison with K-means and Fuzzy
clustering. Thus, Hierarchical Clustering have paved the
way for effective retrieval of significant genes in the
microarray gene expression data.
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