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Abstract: 
Clustering is an approach to divide data into number of groups on the basis of some mutual characteristics each group called 

clusters, consists of objects that are similar between themselves and dissimilar to objects between other groups. Nowadays a lot 

of work is being carried out for trend analysis on time series data set. The genetic algorithm suffers with the problem in case of 

time series data because they consider each time stamp as a single entity during clustering. Even some algorithm still give good 

result on some type of time series data set but overall there is no generalized algorithm which considers different type of time 

series data set.  

This paper is presents comprehensive analysis over different type of clustering algorithms like k-means, hierarchical, 

SOM and GMM on two type of time series data, microarray and financial. These algorithms are compared on the following 

factors: size of data, number of clusters, type of data set, homogeneity score, separation score, silhouette coefficient etc, and 

presented extensive conclusion on the basis of the performance, quality and accuracy of the generic clustering algorithms. 
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I. INTRODUCTION 

Clustering analysis is the association of an 

accumulation of patterns (normally depicted as a 

vector of estimations, or a point in 

multidimensional space) into cluster in view of 

similarity. Patterns inside a legitimate cluster are 

more like one another than they are to a pattern 

fitting in with an alternate cluster. It is imperative to 

comprehend the contrast between clustering 

(unsupervised learning) and discriminate analysis 

(supervised learning). In supervised classification 

we are given a collection of labelled (pre-classified) 

patterns; the issue is to mark a recently experienced, 

yet unlabelled, pattern. Generally, the given 

labelled (training) patterns are utilized to take in the 

portrayals of classes which thusly are utilized to  

 

 

label another patterns. On account of clustering, 

the issue is to gathering a given accumulation of 

unlabelled patterns into important clusters. One 

might say labels are connected with cluster likewise, 

however these category labels are information 

driven; that is, they are acquired solely from the 

information. [2, 3, 4, 9] 

A few specialists enhanced some data clustering 

algorithms, others implemented new ones, and a 

few others mulled over and analysed diverse data 

clustering algorithms. Taking after are a percentage 

of the past studies that considered the impacts of 

distinctive elements on the execution of some data 

clustering algorithms and analysed the outcomes. 

Notwithstanding, these studies contrast from my 

investigation in the algorithms and the factors:

  

• [1] Applied several indices to evaluate the 

performance of clustering algorithms, including k-

means, PAM, SOM, hierarchical clustering. The 

indices were homogeneity and separation scores, 

silhouette width, redundant score (based on 

redundant genes), and WADP (testing the 

robustness of clustering results after small 

perturbation). 

• [2] Employed an agglomerative algorithm to 

construct a dendrogram and used a simple 

distinctness heuristic to exact a partition of data. 

They studied the performance of Similarity-Based 

Agglomerative Clustering (SBAC) algorithm on 

the real and artificially generated data sets. They 

demonstrated the effectiveness of this algorithm in 

unsupervised discovery tasks. They illustrated the 
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superior performance of this approach by making 

comparisons with other clustering schemes. 

• [4] Used relative test to compare two structures 

and to measure their relative merit. They also 

discussed in detail the indices that are used for this 

comparison. 

• [5] Described the implementation of an out –of –

core technique for the data analysis of very large 

data sets with the sequential and parallel version 

of clustering algorithm AutoClass. They discussed 

the out-of-core technique and showed 

performance results in terms of execution time and 

speed up. 

• [6] Showed how to perform some typical mining 

tasks using conceptual graphs as formal but 

meaningful representations of texts. Their 

methods involved qualitative and quantitative 

comparisons of conceptual graphs, conceptual 

clustering, building a conceptual hierarchy, and 

application of data mining techniques to this 

hierarchy in order to detect interesting 

associations and deviations. Their experiments 

showed us that, despite widespread disbelief, 

detailed meaningful mining with conceptual 

graphs is computationally affordable. 

• [8] Compared two graph-coloring programs: one 

exact and another based on heuristics which can 

give, however, provably exact results on some 

types of graphs. They proved that the exact graph 

coloring is not necessary for high quality 

functional decomposers. Comparison of their 

experimental results with competing decomposers 

shows that for nearly all benchmarks their solution 

are the best and time is usually not too high. 

In this paper different types of data clustering 

algorithms that have notbeen considered before 

over heterogeneous types of time series data, 

microarray data and financial data, compared 

according to different factors. 

II. ALGORITHM IMPLEMENTATION DETAILS 

This section presentspoint of interest talk 

regarding the clustering algorithm furthermore 

experimental results and also about the data we 

have utilized within our analysis.  

A. Data Samples 

We conducted a lot of experiments of 3 different 

types of data samples including microarray data and 

financial data. We used 2 data sets of microarray 

data and 1 data set of financial array data. 

The experiments performed on the data from The 

National Center for Biotechnology Information 

repository; all the data sets are containing a massive 

amount of data, due to limitation in the memory on 

our system the experiments performed on the 

samples from the original data, all data set are taken 

as follows: 

TABLE I 

MICROARRAY DATA 

Data set 1 2 

Repository NCBI NCBI 

Series geo 

accession 

GSD 102 GSE 462 

Type Affymetrix Drosophila 

genome 

samples Instance 12488 3456 

Time Instance  8 8 

Missing data 2 0 

Description Affymetrix 

genome-

wide gene 

expression 

of yeast. 

Analysis of 

transcription in 

the Drosophila 

melanogaster 

testis 

 

TABLE II 

FINANCIAL  DATA 

Data Set 1 

Repository National Stock Exchange 

(NSE), India  

samples Instance 1555 

Time Instance  9 

Missing Data 0 

Description NSE listed company share value 
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over period of 9 days 

B. Clustering Algorithms under consideration 

1) K-means 

K-means clustering is a technique for vector 

quantization, initially from signal processing, that is 

mainstream for cluster examination in information 

mining. K-means clustering expects to segment n 

perceptions into k clusters in which every 

perception has a place with the cluster with the 

closest mean, serving as a model of the clustering. 

These outcomes in a parcelling of the information 

space into Voronoi cells. 

The issue is computationally troublesome 

(NP-hard); then again, there are productive heuristic 

algorithms that are ordinarily utilized and converge 

quickly to a local optimum. These are generally like 

the expectation-maximization algorithm for 

mixtures of Gaussian distribution by means of an 

iterative refinement methodology utilized by both 

algorithms. Furthermore, they both utilization 

cluster centers to model the information; in any 

case, k-means clustering has a tendency to discover 

clusters of similar spatial degree, while the 

expectation-maximization mechanism permits 

clusters to have diverse shapes. 

Given a set of perceptions (x1, x2… xn), 

where every perception is a d-dimensional real 

vector, k-means clustering intends to segment the n 

perceptions into k (≤ n) sets S = {S1, S2… Sk} to 

minimize the intra-cluster sum of squares. At the 

end of the day, its target is to find: 

���min� �� ||
 − �||�
�∈��

�

��
 

 

where µi is the mean of points in Si. 

The most widely recognized algorithm utilizes 

an iterative refinement strategy. Because of its ubiquity 

it is often called the k-means algorithm; it is likewise 

alluded to as Lloyd's algorithm, especially in the 

software engineering group. 

Given an initial set of k means m1
(1)

,…,mk
(1)

, 

the algorithm calculation moves ahead by 

substituting between two steps:  

Assignment step: Allot every perception to the 

cluster whose mean yields the least inter-cluster 

sum of squares. Since the total of squares is the 

squared Euclidean distance, this is instinctively the 

"nearest" mean. (Scientifically, this implies 

dividing the perceptions as per the Voronoi outline 

produced by the means). 

�(�) = �
�: ||
� −�(�)||� ≤ ||
� −��(�)||�∀!, 1≤ ! ≤ $% 
 

where each xp is assigned to exactly one S
(t)

, even if 

it could be assigned to two or more of them. 

Update step: Compute the new means to be the 

centroids of the perceptions in the new clusters. 

�(�&�) = 1
|'(�)| � 
�

��∈��(()
 

Since the arithmetic mean is a least-squares 

estimator, this likewise minimizes the WCSS goal.  

The algorithm has converged when the 

assignments no longer change. Since both steps 

improve the WCSS objective, and there just exists a 

limited number of such partitioning, the algorithm 

must converge to a (neighbourhood) optimum. 

There is no ensure that the global optimum is 

discovered utilizing this algorithm.  

The algorithm is frequently exhibited as 

allotting items to the closest cluster by distance. 

The standard algorithm goes for minimizing the 

WCSS goal, and therefore doles out by "least sum 

of squares", which is precisely identical to doling 

out by the smallest Euclidean distance. Utilizing an 

alternate distance measure other than (squared) 

Euclidean distance may prevent the calculation 

from converging. 
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Fig. 1: Results of k-means clustering using sqeuclidean similarity measure for: 

(a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over microarray 

data, Microarray Data Set 1.  

 
Fig. 2: Results of k-means clustering using cosine similarity measure for: 

(a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over 
microarray data, Microarray Data Set 1.  
 

 
Fig. 3: Results of k-means clustering using correlation similarity measure 

for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over 

microarray data, Microarray Data Set 1.  
 

 
Fig. 4: Results of k-means clustering using cityblock similarity measure 

for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over 

microarray data, Microarray Data Set 1.  
 

 
Fig. 5: Results of k-means clustering using sqeuclidean similarity measure 

for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over 
microarray data, Microarray Data Set 2.  

 

 
Fig.6: Results of k-means clustering using cosine similarity measure for: (a) 8 

clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over microarray data, 
Microarray Data Set 2. 

 

 
Fig. 7: Results of k-means clustering using correlation similarity measure for: 
(a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over microarray 

data, Microarray Data Set 2. 

 

 
Fig.8: Results of k-means clustering using cityblock similarity measure for: (a) 

8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over microarray data, 
Microarray Data Set 2. 

 

 
Fig.9: Results of k-means clustering using sqeuclidean similarity measure for: 

(a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over financial 

data, Financial Data Set. 
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Fig.10: Results of k-means clustering using cosine similarity measure for: (a) 

8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over financial data, 

Financial Data Set. 

 

 
Fig.11: Results of k-means clustering using correlation similarity measure for: 

(a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over financial 

data, Financial Data Set. 

 

 
Fig.12: Results of k-means clustering using cityblock similarity measure for: 

(a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 clusters; over financial 

data, Financial Data Set. 

 

After experimenting k-means over microarray 

data (microarray data set 1 and microarray data set 

2) and financial data (financial data set) over 

random chosen clusters (8, 12, 19 and 33) found 

that algorithm is working average over microarray 

data set, when cluster size is large algorithm gives 

better result than small cluster size, but on financial 

data set algorithm is performing below average 

even on considering large data set. Algorithm is not 

considering the change over time and producing 

large anomaly in the clusters. 
2) Hierarchical Clustering 

Partitioning algorithms are in light of 

detailing an initial number of groups, and iteratively 

reallocating items among groups to converge. 

Conversely, the Hierarchical clustering algorithm 

consolidates or partition existing groups, making a 

Hierarchical structure that depicts the order in 

which the groups are fused or separated. In an 

agglomerative system, which assembles the order 

by fusing, the objects at first have a place with a 

rundown of singleton sets S1,…, Sn. At that point a 

cost function is utilized to discover the pair of sets 

{Si, Sj} from the rundown that is the most least 

expensive to consolidation. Once, combined Si and 

Sj are expelled from the rundown of sets and 

supplanted with � ∪ �� . This methodology emphasizes until all 

articles are in single sets. Distinctive variety of 

agglomerative Hierarchical clustering algorithms 

may utilize diverse cost function. Complete linkage, 

normal linkage and single linkage system use 

maximum, average and minimum distance between 

the individuals from two groups, respectively. 

In present study, we are using the 

implementation of single linkage hierarchy 

clustering in MATLAB. 

 
Fig.13: Results of Agglomerative Hierarchical clustering using sqeuclidean 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 1. 

 

 
Fig.14: Results of Agglomerative Hierarchical clustering using cosine 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 1. 
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Fig.15: Results of Agglomerative Hierarchical clustering using correlation 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 1. 

 

 
Fig.16: Results of Agglomerative Hierarchical clustering using cityblock 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 1. 

 

 
Fig.17: Results of Agglomerative Hierarchical clustering using sqeuclidean 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 2. 

 

 
Fig.18: Results of Agglomerative Hierarchical clustering using cosine 
similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 2. 

 

 
Fig.19: Results of Agglomerative Hierarchical clustering using correlation 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 2. 

 

 
Fig.20: Results of Agglomerative Hierarchical clustering using cityblock 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over microarray data, Microarray Data Set 2. 

 

 
Fig.21: Results of Agglomerative Hierarchical clustering using sqeuclidean 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over financial data, Financial Data Set. 

 

 
Fig.22: Results of Agglomerative Hierarchical clustering using cosine 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over financial data, Financial Data Set. 
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Figure 23: Results of Agglomerative Hierarchical clustering using correlation 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over financial data, Financial Data Set. 

 

 
Figure 24: Results of Agglomerative Hierarchical clustering using cityblock 

similarity measure for: (a) 8 clusters; (b) 12 clusters; (c) 19 clusters; (d) 33 

clusters; over financial data, Financial Data Set. 

 

The experimental result agglomerative 

Hierarchical clustering microarray data (microarray 

data set 1 and microarray data set 2) and financial 

data (financial data set) over random chosen 

clusters (8, 12, 19 and 33) found that algorithm is 

working average over microarray data set, when 

cluster size is large algorithm gives better result 

than smaller size cluster, but on financial data set 

algorithm is performing below average even on 

considering large data set. Algorithm is not 

considering the change over time and producing 

large anomaly in the clusters. 
 

3) GMM clustering 

Gaussian mixture models are often used for 

data clustering. Clusters are assigned by selecting 

the component that maximizes the posterior 

probability. Like k-means clustering, Gaussian 

mixture models uses an iterative algorithm that 

converges to a local optimum. Gaussian mixture 

models may be more appropriate than k-means 

clustering when clusters have different sizes and 

correlation within them. Clustering using Gaussian 

mixture models is sometimes considered a soft 

clustering method. The posterior probabilities for 

each point indicate that each data point has some 

probability of belonging to each cluster. 

 

 
Fig.25: Results of GMM clustering for: (a) 8 clusters; (b) 12 clusters; (c) 19 

clusters; (d) 33 clusters; over microarray data, Microarray Data Set 1. 

 

 
Fig.26: Results of GMM clustering for: (a) 8 clusters; (b) 12 clusters; (c) 19 

clusters; (d) 33 clusters; over microarray data, Microarray Data Set 2. 

 

 
Fig.27: Results of GMM clustering for: (a) 8 clusters; (b) 12 clusters; (c) 19 
clusters; (d) 33 clusters; over financial data, Financial Data Set. 

 

The above experimental result of Gaussian 

mixture model clustering depicts that clustering 

algorithm performance is good over microarray 

data set (microarray data set 1 and microarray data 

set 2) on large cluster size (cluster size 33). It is 

considering small change over time so on the large 

cluster size there is very small chance of anomaly in 

the clusters. But for time series data set algorithm 

performance is below average even for large cluster 

size. 
 

4) SOM clustering 

Motivated by neural systems in the 

cerebrum, SOM utilizes competition and 
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cooperation mechanism to attain to unsupervised 

learning. In the classical SOM, a set of hubs is 

arranged in geometrical pattern, generally 2-D grid. 

Every hub is connected with a weight vector with 

the same dimension as the data space. The 

motivation behind SOM is to discover a decent 

mapping from high dimensional space to 2-D 

representation of hubs. One approach to utilize 

SOM for clustering is to consider the items in the 

data space represented by the same hub as grouped 

into a cluster. Amid preparing, each one item in the 

information is exhibited to the guide and the best 

matching hub is distinguished. Formally, when the 

data vector and weight vectors are standardized, for 

input sample x(t) the winner index c (best match) is 

recognized by the condition: ∀	+, ,|
(-) − �.(-)|, ≤ 		 ||
(-) − �(-)|| 
Where t is the time step in the sequential 

training, mi is the weight vector of the i
th

 hub. After 

that, weight vectors of the hubs around the best 

matching hub c = c(x) are updated as �(- + 1) =	�(-) + 	0ℎ.(�),(
(-) − �(-)) 
Where 0 is the learning rate and hc(x),iis the 

“neighbourhood function”, a decreasing function of 

the distance between thei
th

 and the c
th

 hub on the 

map grid. To make the map converge rapidly, the 

learning rate and the area sweep are often 

decreasing function oft. After the learning 

procedure completes; each one item is allocated to 

its closest hub. There are variations of SOM 

implementation. 

For SOM we have used SOM matlab 

toolbox.  
 

 
Fig.28: Results of SOM clustering for: (a) 8 clusters; (b) 12 clusters; (c) 19 

clusters; (d) 33 clusters; over microarray data, Microarray Data Set 1. 

 

 
Fig.29: Results of SOM clustering for: (a) 8 clusters; (b) 12 clusters; (c) 19 

clusters; (d) 33 clusters; over microarray data, Microarray Data Set 2. 
 

 
Fig.30: Results of SOM clustering for: (a) 8 clusters; (b) 12 clusters; (c) 19 

clusters; (d) 33 clusters; over financial data, Financial Data Set. 

 

In the wake of testing SOM over microarray data 

(microarray data set 1 and microarray data set 2) 

and financial data (financial data set) over irregular 

picked clusters (8, 12, 19 and 33) found that 

algorithm is working average over microarray data 

set, when cluster size is large algorithm gives 

preferred result over small size cluster, however on 

financial data set algorithm is performing beneath 

average even on considering large data set. 

Algorithm is not considering the change over time 

and producing huge anomaly in the clusters.  

III. COMPARISON OF ALGORITHMS  

 

In this section, we first described each evaluation 

index used. Following each description is the 

performance measurement using that index for the 

clustering results obtained from different algorithms. 

Except for hierarchical clustering, all clustering 

algorithms analyzed here required setting k in 

advance (for SOM, k is the number of nodes in the 

lattice). Determining the “right” k for a data set 

itself is a non-trivial problem. Here, instead, we 

compared the performance of different algorithms 

for different k’s in order to examine whether there 

were consistent differences in the performance of 

different algorithms, or whether the performances 
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were related to k. To simplify the situation we 

choose k equal to 8, 12, 19 and 33. And the lattices 

of SOM were all squares. To compare the 

hierarchical clustering with other algorithms, we cut 

the hierarchical tree at different levels to obtain 

corresponding number of clusters. Specific to SOM, 

we examined two situations where the 

neighborhood radius approaches to zero, the SOM 

algorithm approaches like K-means. However the 

dynamics of the training procedure may generate 

different results and this would be interesting to 

explore. 

C. Clustering Algorithms are Compared according to the 

following factors: 

 

1)  Silhouette Coefficient: 

Silhouette refers to a method of interpretation 

and validation of clusters of data. The technique 

provides a succinct graphical representation of 

how well each object lies within its cluster.   

Assume the data have been clustered via any 

technique, such as k-means, into k clusters. For 

each datum i, let a(i) be the average 

dissimilarity of i with all other data within the 

same cluster. Any measure of dissimilarity can 

be used but distance measures are the most 

common. We can interpret a(i) as how well i is 

assigned to its cluster (the smaller the value, the 

better the assignment). We then define the 

average dissimilarity of point i to a cluster C as 

the average of the distance from i to points in C. 

Let b(i) be the lowest average dissimilarity 

of i to any other cluster, of which i is not a 

member. The cluster with this lowest average 

dissimilarity is said to be the "neighbouring 

cluster" of i because it is the next best fit cluster 

for point i. We now define a silhouette: 

'(+) = 2(+) − �(+)��
3�(+), 2(+)4 
 

This can be written as: 

'(+) =
56
7
681 −

�(+)2(+) , +9	�(+) < 2(+)
0, +9	�(+) = 2(+)2(+)�(+) − 1, +9	�(+) > 2(+)=6

>
6?

 

 

From the above definition it is clear that 

−1 ≤ '(+) ≤ 1 

 

For s(i)  to be close to 1 we require a(i)<<b(i). 

As a(i) is a measure of how dissimilar i is to its 

own cluster, a small value means it is well 

matched. Furthermore, a large b(i)  implies 

that i is badly matched to its neighboring cluster. 

Thus an s(i) close to one means that the datum 

is appropriately clustered. If s(i) is close to 

negative one, then by the same logic we see 

that i would be more appropriate if it was 

clustered in its neighboring cluster. An s(i)  near 

zero means that the datum is on the border of 

two natural clusters. 

The average s(i) over all data of a cluster is a 

measure of how tightly grouped all the data in 

the cluster are. Thus the average s(i) over all 

data of the entire dataset is a measure of how 

appropriately the data has been clustered. If 

there are too many or too few clusters, as may 

occur when a poor choice of k is used in the k-

means algorithm, some of the clusters will 

typically display much narrower silhouettes 

than the rest. Thus silhouette plots and averages 

may be used to determine the natural number of 

clusters within a dataset. 
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Fig. 31: silhouette for k-means clustering considering similarity 

measuresqeuclidean, cosine, correlation, cityblock, for Data set (Microarray 

Data Set 1), for cluster size 8, 12, 19, 33. 

 

Fig. 32: silhouette for Hierarchical clustering considering similarity 

measuresqeuclidean, cosine, correlation, cityblock, for Data set (Microarray 

Data Set 1), for cluster size 8, 12, 19, 33. 

 

 

Fig. 33: result of silhouette coefficient for cluster size 8, 12, 19, 33 

on microarray data set 1 considering similarity measuresqeuclidean. 

 
Fig. 34: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 

microarray data set 1 considering similarity measure cosine. 
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Fig. 35: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 

microarray data set 1 considering similarity measure correlation. 

 

 
Fig. 36: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 

microarray data set 1 considering similarity measurecityblock. 

 

Fig. 37: silhouette for k-means considering similarity measuresqeuclidean, 

cosine, correlation, cityblock, for Data set (Microarray Data Set 2), for cluster 

size 8, 12, 19, 33. 

 

 

Fig. 38: silhouette for Hierarchical clustering considering similarity 

measuresqeuclidean, cosine, correlation, cityblock, for Data set (Microarray 

Data Set 2), for cluster size 8, 12, 19, 33. 
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Fig. 39: result of silhouette coefficient for cluster size 8, 12, 19, 33 

on microarray data set 2 considering similarity measuresqeuclidean . 

 

 
Fig. 40: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 

microarray data set 2 considering similarity measure cosine. 

 
Fig. 41: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 

microarray data set 2 considering similarity measure correlation. 

 

 
Fig. 42: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 
microarray data set 2 considering similarity measurecityblock. 
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Fig. 43: silhouette for K-means clustering considering similarity 

measuresqeuclidean, cosine, correlation, cityblock, for Data set (Financial 

Data Set), for cluster size 8, 12, 19, 33. 

 

 

Fig. 44: silhouette for Hierarchical clustering considering similarity 

measuresqeuclidean, cosine, correlation, cityblock, for Data set (Financial 

Data Set), for cluster size 8, 12, 19, 33. 

 

 
Fig. 45: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 

financial data set considering similarity measuresqeuclidean. 

 

 
Fig. 46: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 
financial data set considering similarity measure cosine. 
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Fig. 47: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 

financial data set considering similarity measure correlation. 

 

 
Fig. 48: result of silhouette coefficient for cluster size 8, 12, 19, 33 on 
financial data set considering similarity measurecityblock. 

The silhouette coefficient behavior of kmeans, 

hierarchical, GMM and SOM is average for all data 

sets. Whereas the silhouette coefficient behavior of 

hierarchical is exactly same for data set 2 and data 

set 3 over all similarity measures. 

2)  Homogeneity Score: 

Homogeneity is calculated as the average 

distance between each gene expression profile and 

the centre of cluster it belongs to. Mathematically, 
 

@ABC = 1DECFC�GH�, I(�)J


 

 

Where gi is the i
th

 gene and C(gi) is the centre of 

the cluster that gi belongs to; Ngene is the total 

number of genes; D is the distance function. The 

homogeneity of the clusters for algorithm studied is 

shown in figures below. 

 

 

 
Fig. 49: result of homogeneity score for K-means for cluster size 8, 12, 19, 33 
on microarray data set 1 considering similarity measure (a) cityblock (b) 

correlation (c) cosine and (d) sqeuclidean is depicted above. 

 
Fig. 50: result of homogeneity score for K-means for cluster size 8, 12, 19, 33 
on microarray data set 2 considering similarity measure (a) cityblock (b) 

correlation (c) cosine and (d) sqeuclidean is depicted above. 
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Fig. 51: result of homogeneity score for K-means for cluster size 8, 12, 19, 33 

on financial data set considering similarity measure (a) cityblock (b) 

correlation (c) cosine and (d) sqeuclidean is depicted above. 

 
Fig. 52: result of homogeneity score for Hierarchicalfor cluster size 8, 12, 19, 

33 on microarray data set 1 considering similarity measure (a) cityblock (b) 

correlation (c) cosine and (d) sqeuclidean is depicted above. 

 
Fig. 53: result of homogeneity score for Hierarchicalfor cluster size 8, 12, 19, 

33 on microarray data set 2 considering similarity measure (a) cityblock (b) 

correlation (c) cosine and (d) sqeuclidean is depicted above. 

 
Fig. 54: result of homogeneity score for Hierarchicalfor cluster size 8, 12, 19, 
33 on financial data set considering similarity measure (a) cityblock (b) 

correlation (c) cosine and (d) sqeuclidean is depicted above. 
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Fig. 55: result of homogeneity score for (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set1 

when we considered K-means and Hierarchical with sqeuclidean distance 

measure.  

 
Fig. 56: result of homogeneity scorefor (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set1 
when we considered K-means and Hierarchical with cityblock distance 

measure. 

 
Fig. 57: result of homogeneity scorefor (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set1 

when we considered K-means and Hierarchical with correlation distance 
measure. 

 
Fig. 58: result of homogeneity scorefor (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set1 
when we considered K-means and Hierarchical with cosine distance measure. 
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Fig. 59: result of homogeneity scorefor (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set2 

when we considered K-means and Hierarchical with sqeuclidean distance 

measure. 

 

 

 

 

 

 

 
Fig. 60: result of homogeneity scorefor (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set2 

when we considered K-means and Hierarchical with cityblock distance 
measure. 

 
Fig. 61: result of homogeneity scorefor (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set2 

when we considered K-means and Hierarchical with cosine distance measure. 

 

 

 

 

 

 

 
Fig. 62: result of homogeneity scorefor (a) K-means (b) Hierarchical (c) 
GMM and (d) SOM for cluster size 8, 12, 19, 33 on microarray data set2 

when we considered K-means and Hierarchical with correlation distance 

measure. 
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Fig. 63: result of homogeneity score for (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on financial data set when 

we considered K-means and Hierarchical with sqeuclidean distance measure. 

 

 

 

 

 

 
Fig. 64: result of homogeneity score for (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on financial data set when 

we considered K-means and Hierarchical with cityblock distance measure. 

 

 
 

 

Fig. 65: result of homogeneity score for (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on financial data set when 

we considered K-means and Hierarchical with cosine distance measure. 

 

 

 

 

 

 

 
Fig. 66: result of homogeneity score for (a) K-means (b) Hierarchical (c) 

GMM and (d) SOM for cluster size 8, 12, 19, 33 on financial data set when 
we considered K-means and Hierarchical with correlation distance measure. 

 

 
 

The homogeneity score of kmeans, hierarchical, 

GMM and SOM is average for all data sets. 

Whereas for data set 2 and data set 3 the 

homogeneity score of hierarchical is maintaining 

exactly same over all similarity measures. 
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IV. CONCLUSIONS 

Considering the result of all mentioned clustering 

algorithms over data set 1 (microarray data), data 

set 2(microarray data), and data set 3(financial data) 

for the cluster size 8,12,19 and 33 we found that all 

algorithm is working below average except GMM, 

whereas GMM is working good on micro array data 

but not on financial data. The graph of silhouette 

coefficient (in figure 31-48) and homogeneity score 

(in figure 49-66) of all data set depicts all clustering 

algorithm is maintaining a uniform behavior. But 

over all we are not in state to conclude that any of 

these clustering algorithm is working well over time 

series data. And the basic reason of this is that all 

algorithm considering each time stamp data as 

separate data instance and not considering the 

change over time stamps. 

For better understanding of the behavior of these 

clustering algorithms over different types of time 

series data, microarray and financial data, we have 

presented a detailed analysis of silhouette 

coefficient and homogeneity score of all the above 

described algorithms with k-means and Hierarchical 

over different similarity measures. 

V.  FUTURE WORK 

We are trying to formulate a new clustering 

algorithm which can be utilized to cluster/analyse 

any given time series data. We might further want 

to upgrade this clustering algorithm to gauge 

business pattern for Indian Stock Exchange (NSE, 

BSE, MCX). Likewise, we might want to further 

improve the model for Indian Summer Monsoon 

Forecast Prediction. 
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