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Abstract 
 

Data clustering technique is widely used in several fields and most clustering 

algorithms does not provide sufficient performance on overlap clustering. In 

this research, Improved Hierarchical Agglomerative clustering (IHAC) 
technique is proposed for overlap clustering technique. The HAC method 

processes the data from the bottom to top manner. The HAC method process 

on the raw data and the proposed IHAC method perform based on the data 

centroid. The commonly used k-means algorithm are applied to identify the 
centroid in the data. The three techniques such as single link scheme, 

complete link scheme and Group Average Linkage (UPGMA) are used in the 

proposed method. The ten medical dataset from the UCI are considered for 
evaluating the efficiency of the proposed method. The FBCubed metrics are 

newly developed metrics and provides the better analysis about the system. 

The experimental result shows that the IHAC has the higher performance 
compared to the existing method in overlap clustering. The IHAC method 

achieved the FBcubed measure of 0.6781 ± 0.3177, while state-of-art method 

acquired 0.5433 ± 0.0349. 
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Agglomerative clustering, k-means, and overlap clustering. 

 

 
 

Journal of Green Engineering, Vol.10_11,  
© 2020 Alpha Publishers. All rights reserved 

 
 

 

 
 

 

 
 

 

 

 
Journal of Green Engineering (JGE) 
 

     Volume-10, Issue-11, November 2020  

 
 

  

11594-11607.

mailto:rochan44@gmail.com


 
 

 

 

 
 

 

 
 

 

 
         G.Uday Kiran et. al. 

 

 

 

1 Introduction 
 
Data clustering is the process of grouping of data into several clusters 

based on its similarities, and it is useful in various applications such as 

pattern recognition, data mining, data compression and object extraction 
from image [1, 2]. Data clustering is applied in the preliminary part of the 

unsupervised process in data analytics. For examples, data clustering 

techniques are used to identify the hidden pattern in the gene expression and 
clustering is applied to the big data to manage and organize the data [3, 4]. 

Most highly used data clustering method is k-means algorithm that reduces 

the intra-cluster variance. Major advantages of the k-means are that the 

algorithm is simple and efficient. So, this is applied in the different fields [1-
5]. Despite its advantages, the k-means algorithm suffers from the serious 

limitation that degrades its performance. The clustering of data highly 

depends on the initial value, poor initialization causes to trap in the local 
optimum [5, 6]. The k-means method can’t handle the dataset with 

categorical attributes, and reduces the application in the real time [7]. 

Clustering technique in the medical data classification plays the 

important role that are used in the gene expression, data organization, and 
tumor detection etc. In the gene expression, the clustering technique used to 

identify the unknown hidden patterns in the gene that is more helpful for 

studies. Clustering technique in tumor detection used to identify the tumor 
and classify the stage, which is more useful for doctors in analysis [8]. 

Especially, the more data generated in the medical field, social media and in 

other fields are naturally overlapped. A new solution is required for the data 
analytics in the overlapped data. The methods for the finding the similarities 

in the overlapped data for clustering is a significant tool [9]. The methods 

that are presented for clustering the overlapped data is known as overlapping 

clustering as it differs from the normal clustering techniques. The 
overlapping clustering method groups the data limited to one cluster and this 

make its k-exclusive cluster for data representation. The overlap clustering 

method considers that the data are non-exclusive [10].  The main aim of the 
research is to improve the performance of the overlap clustering method by 

proposing IHAC method. This method clusters the input data from bottom to 

up and operate from the centroid denoted from the k-means algorithm. The 
experimental result of proposed IHAC method in overlap cluster shows 

efficient performance compared to the state-of-art method. 

The organization of the paper is that Literature survey in the section 2, 

IHAC method explanation in the section 3, experimental design is provided 
in section 4 and experimental results are discussed in the section 5. 
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2 Literature Review 
 

The data mining method involves in the clustering for the large datasets 
that consists of large attributes of various categories. The knowledge 

discovering from the large and sparse database clusters into the several 

disjoints groups is known as clustering. Some studies are carried out on 

improving the clustering process and decrease the complexity. The recent 
studies in improving the clustering techniques were surveyed in this section.  

S. Khanmohammadi, et al., [11] proposed a hybrid method of K-

Harmonic means and Overlapping K-Means algorithm (KHMOKM) for the 
overlap clustering problem. The KHM is used to find the centroid value for 

the OKM. The FBCubic metric is considered as the effective metric to 

estimate the performance of the overlap clustering related to completeness, 

which is used to test the KHMOKM method. The investigation of the 
developed method shows that the KHMOKM method outperforms the OKM 

method and has higher efficiency in the classification of medical data. The 

limitation of the KHMOKM method has suffered from the local minima 
problem and also the method needs prior information about the number of 

clusters. 

U. Yelipe, et al., [12] presented clustering method depend on the class 
based imputation and a class based classifier. The developed classifier is 

based on the fuzzy Gaussian similarity function and Euclidean distance. The 

several datasets are used to measure the efficiency of the method and results 

are stored using the imputation technique. The derived results are compared 
to the other existing imputation method using classifiers methods such as 

KNN, SVMand C4.5. This shows that the fuzzy based model has the higher 

performance or near performance. The developed method is evaluated in the 
benchmark medical dataset such as Wisconsin, Cleveland, Wine, Iris and 

Ecoli. The major limitation was the method didn’t consider any input missing 

values instead of class labels were determined for predictions. 
R. Rabbany, and O. R. Zaïane, [13] developed a generalized clustering 

distance and from which two metrics are derived such as Adjusted Rand 

Index (ARI) and Normalized Mutual Information (NMI). This method 

provides the relationship between two metrics and recommended using the 
derived formulae. The metric similar to the original measure and requires 

only less assumption in the clustering process. So, the metric can be 

applicable to the more common cases, which is more flexible. This technique 
is very useful to identify communities in the complex networks. The metrics 

required the matrix multiplication and computation expensive, whereas 

measure is not scalable compared to the other metrics. 

C. E. B. N’Cir, et al., [14] presented two kernel based methods based on 
the linear and non-linear boundaries for the overlapping clustering. Both 

methods are based on the Mercer Kernel method used to analyze the pattern 

of input. The first developed methods are named as Kernel Overlapping K-
means I (KOKM-I) based on centroid and the generalizing kernel K-means 
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for non-disjoints cluster. Then, medoid based method named as KOKM-II to 

increase the efficiency and minimize the complexity. The real time multi 
labeled dataset is used to measure the performance of the methods. The two 

kernel based methods outperform the existing method in the overlap 

clustering. The method can include the probabilistic or fuzzy assignments to 

its membership to each cluster.  
M. B. Gorzałczany, and F. Rudziński, [15] established a method based 

on the fuzzy classifier based on the evolutionary algorithmfor automatic 

design. This method has the collection of solutions categorized in the 
different level of trade-off in accuracy interpretability. This method uses a 

measure related interpretability measure for complexity. The semantic related 

interpretability problems were addressed in the manner of efficient 

implementation for attribute domains partitions of strong fuzzy. This study 
uses optimization method of Non-Dominated Sorting Genetic Algorithm II 

(NSGA-II). This method shows the efficiency in the feature selection and 

also has the better performance in discovering the defined attribute softly. 
The accuracy of the method is slightly affected by merging the 

interpretability trade-offs in the method. 

 

3 Proposed Method 
 

Cluster method aims to assign set of object into groups to classify the 
data. Same cluster objects have high similarity and the dissimilar cluster 

group objects have low similarity. Clustering method commonly involves in 

pre-processing, mining and validation. The aim of this research is to 
effectively analyze the overlapping in the clustering technique. The Improved 

Hierarchical Agglomerative clustering algorithm (IHAC) is proposed, which 

uses the k-means technique to find the centroids. This method builds the 

hierarchical solution from bottom to up and cluster the data based on the 
similarities. The proposed IHAC method flow chart is shown in the Fig. (1). 

 

         G.Uday Kiran et. al. 11597



 
 

 

 

 
 

 

 
 

 

 

 

 
Figure 1.The flow Chart of the proposed method 

 
3.1 Normalization 

 

Min-max normalization method is used in this research to reduce the 

difference in original data. The formula for Min-max normalization method 
is shown in Eq. (1). 

𝑦∗ = 𝑦𝑚𝑖𝑛 + (𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛) ×
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
            (1) 

The 𝑦 ∗ is scaled value, the minimum and maximum value in range of 0 

to 1 is denoted as 𝑦𝑚𝑖𝑛and 𝑦𝑚𝑎𝑥. The original input data to be normalized is 

denoted as 𝑥, the minimum and maximum value is denoted as  𝑥𝑚𝑖𝑛 and 

𝑥𝑚𝑎𝑥. 
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Once the pre-processing is completed, the features were applied to 

Improved Hierarchical Agglomerative Clustering algorithm to cluster the 
data. 

 

3.2 Improved Hierarchical Agglomerative Clustering Algorithm 
 
The ways to process the hierarchical agglomerative cluster are explained 

here. Major steps are common for all the methods. 

 The proximity values are calculated from the initial clusters 

based on the output of the K-means process. 

 Identify the minimal distance in the matrix. 

 Two clusters with minimum distance are hybridized. 

 The proximity matrix are calculated based on the distance 
between the new clusters with other clusters. 

 If more than one cluster is present, then repeat the previous three 

steps. 

Major advantages of the K-means clustering is efficiency and 

computation complexity, which is linear to the size of input N and number of 

clusterK, henceO(NK). The k-means performance are affected by the initial 

value of K [16]. It is difficult to identify the optimal value if the data is large 

and especially in the absence of domain knowledge. 

 
3.2.1 K-means Algorithm 

 
K-means is the highly used clustering algorithm, which is usually applied 

to generate the clusters in the unstructured data. K-means is the iterative 

algorithm and the number of cluster assignment in a set and contains a 

centroid movement step [17 – 19]. 
If the number of clusters have to be generated and then process the 

unlabeled training data. The k-means can be defined as the clusters the data 

to the k number of cluster. 
Random Initialization: Randomly initialize the k cluster centers, which 

are not too close to each other. 

Cluster Center Assignment: Each sample point is assigned in the 2D 

space for the one cluster centers, has the minimum Euclidean distance. 
Cluster Center Movement: Cluster center moves from the mean of the 

data point set to it. If new cluster center differs from previous center, then 

repeat the step 2. 
The process terminates when the cluster center position is not varying. 
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3.2.2Hierarchical Agglomerative Clustering Algorithm 
 

Agglomerative cluster provides the solution based on the each document 

assigned with initial value to its own cluster and continuously select and 
hybridize the cluster for the single all-inclusive cluster. The tree has been 

built in this technique from bottom to top i.e., leaves to the root.  

The key technique in agglomerative algorithm is that this technique 
selects the clusters pairs to be merged at each step [20]. In the agglomerative 

algorithms, the most similar pairs are selected to accomplish this process. 

Number of techniques are used to find the similarity between the clusters. In 

this research, the single-link, complete-link and UPGMA approach are used 
to find the similarity and also to describe the criterion for the various 

partitioned clusters. 

The approach of single-link uses each cluster the maximum similarity 
between the documents to calculate the two cluster similarity value. The 

similarity between the two clusters Si and Sj are shown in the Eq. (2). 

 

simsingle−link(Si, Sj) = max
di∈Si,dj∈Sj

{cos(di, dj)}                                   (2) 

 

The complete-link scheme [21] measure the minimum similarity between 

a documents pair to calculate the same similarity in the Eq. (3). 
 

simcomplete−link(Si, Sj) = min
di∈Si,dj∈Sj

{cos(di, dj)}                     (3) 

 

Both single link and complete link methods has the limitation of their 
decision is based on the limited amount of information or considered that 

data in the cluster are very similar to each other. The UPGMA method 

overcomes these problem by calculating the similarities between the two 

clusters as the average pairwise similarity of documents from each cluster. 
That is shown in the Eq. (4). 

SimUPGMA(Si, Sj) =
1

ninj
∑ cos(di, dj) =

Di
tDj

ninj
di∈Si,dj∈Sj

                               (4) 

Based on the stepwise optimization of agglomerative clustering method, 
the clustering selection method uses the partitional criterion function, as 

follows. Consider an n-data in the dataset and after merging steps 1, the 

clustering solution has been processed. Each merging steps reduces the 

number of clusters by one and the solution contains n – 1 clusters. The 
selected cluster is to be merged in the (n - 1) clustering manner that lead to an 

(n − l − 1) is the solution for particular criterion function optimization. 

Possible mergers pair of each one of the (n − l) × (n − l − 1)/2 are 
calculated, and the clustering solution of maximum or minimum value of the 

particular criterion function is selected. The criterion function is optimized 
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locally in the specific stage of the agglomerative algorithm. This is processed 

until the fully functioning tree are obtained. 
 

3.3Computational Complexity 
 

The computational complexity of the process is at least O(N2) and may 

extended up to O(N2logN). The three main schemes of the agglomerative 

clustering is used in the method namely single linkage, complete linkage and 

UPGMA.  

 

4 Experimental Design 
 
The benchmark database of UCI medical datasets is considered for 

evaluating the efficiency of the proposed method. The various database 

varies from very small size to very large size is used for analyzing the 

efficiency. The metrics for measuring clustering performance such as 
precision, Recall and FBcubed are evaluated from the proposed IHAC 

method and compared it with the state-of-art method in the same scenario. 

This section provides the clear explanation about the characteristics of the 
database and evaluation metrics. The implementation was carried out on 

python 3.7 to evaluate the performance 

 
4.1 Benchmark Database 

 

There are totally ten databases from the UCI repository are considered 
for analyzing the performance of the proposed method. The database are 

classified from very small to very large based on the features present in the 

database. The summarization of the database are given in the table. (1).  
 

Table 1. Database description 

Category Dataset 

# of 

Features 

(F) 

# of  

Samples 

(n) 

Very Small  

(0 < F < 10)  

Liver disorder 6 345 

Breast cancer wisconsin (Original)  9 699 

Small  

(10 ≤ F < 19)  

Indian liver patients 10 683 

Heart disease (Original) 13 303 

Heart disease (Statlog)  13 270 

Hepatitis  19 155 

Medium  

(19 ≤ F < 34)  

Parkinsons 22 195 

Diagnosticwisconsin 30 569 

Large  

(34 ≤ F < 50) 
 Dermatology  34 366 

Very Large (F 

≥ 50) 
 Lung cancer  56 32 
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4.2 Evaluation Metrics 
 

Some metrics are developed to measure the performance of the overlap 

clustering and recently proposed FBcubed metrics shows quality measure of 
the clustering [11], in the Eq. (5). Along with precision and recall measure 

are evaluated in the proposed method. The FBCubed is extrinsic metric that 

measure the degree of conformity between cluster and their class labels based 
on formal mathematical constraints. Precision denotes the relevant instances 

among the retrieved instances and Recall denotes the total number of relevant 

instances actually retrieved. The formula for Precision and Recall is shown in 

Eq. (6, 7). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
              (5) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
               (6) 

 

𝐹𝐵𝐶𝑢𝑏𝑒𝑑 =
(2(

1

𝑛
∑ 𝐵𝐶𝑃(𝑥𝑖⃗⃗  ⃗)𝑛

𝑖 )(
1

𝑛
∑ 𝐵𝐶𝑅(𝑥𝑖⃗⃗  ⃗)𝑛

𝑖 ))

(
1

𝑛
∑ 𝐵𝐶𝑃(𝑥𝑖⃗⃗  ⃗))𝑛

𝑖 +(
1

𝑛
∑ ∑ 𝐵𝐶𝑅(𝑥𝑖⃗⃗  ⃗)𝑛

𝑖
𝑛
𝑖 ))

                                    (7) 

 

Where BCP and BCR measures correspond to BCubed Precision and 

BCubed Recall, respectively. 
 

𝐵𝐶𝑃(𝑥𝑖⃗⃗  ⃗, 𝑥ℎ⃗⃗⃗⃗ ) = ∑

(min|𝜋(𝑥𝑖⃗⃗  ⃗) ∩ 𝜋(𝑥ℎ⃗⃗⃗⃗ )| ,|𝐶(𝑥𝑖⃗⃗  ⃗ ∪ 𝐶(𝑥ℎ⃗⃗⃗⃗ ))))

|𝜋(𝑥𝑖⃗⃗⃗⃗ ∩𝜋(𝑥ℎ⃗⃗ ⃗⃗  ⃗))|

𝐷(𝑥𝑖⃗⃗  ⃗)𝑥ℎ⃗⃗⃗⃗  ⃗∈𝐷(𝑥𝑖⃗⃗  ⃗)                                    

(8) 

 

𝐵𝐶𝑅(𝑥𝑖⃗⃗  ⃗, 𝑥ℎ⃗⃗⃗⃗ ) =

∑ (𝑚𝑖𝑛(|𝜋(𝑥𝑖⃗⃗⃗⃗ ∩𝜋(𝑥ℎ⃗⃗ ⃗⃗  ⃗)|,|𝐶(𝑥𝑖⃗⃗⃗⃗ )∩𝐶(𝑥ℎ⃗⃗ ⃗⃗  ⃗)|))𝑥ℎ⃗⃗ ⃗⃗  ⃗∈𝐻(𝑥𝑖⃗⃗⃗⃗ )

|𝐶(𝑥𝑖)⃗⃗ ⃗⃗ ⃗⃗ ∩𝐶(𝑥ℎ⃗⃗ ⃗⃗  ⃗)|

|𝐻(𝑥𝑖⃗⃗  ⃗)|
                                   (9) 

  

 

5 Experimental Result 
 

The overlap clustering is the crucial task in clustering process and 

solving the overlap issues in the clustering method is important. In this 
research, IHAC method is proposed to improve the overlap clustering 

performance. The HAC algorithm process the clustering process from bottom 

to up and directly cluster in the raw data. The IHAC method processes the 

data based on the centroids and this create the adjacent points in the data 
space. The proposed method on the overlap clustering is performed with k-

means algorithm. The proposed method is evaluated on the different medical 

database in the UCI datasets. This outcome of the proposed method is briefly 
discussed in this section and compared with the state-of-art method. The 
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proposed method is evaluated on the system has the configuration of 16 GB 

RAM, Intel i7 processor and 1 TB hard disk.  
 

 
Table 2. Comparison with different metrics 

Data 

Type 

Datasets 

Name 
OKM [11] KHM-OKM [11] IHAC 

  
precision  Recall FBcubed 

 
precision 

 Recall  FBcubed  precision  Recall  FBcubed 

Very 
small  

Liverdisor
der  

 0.5068  0.8489 0.6347  0.5069 0.8504  0.6352 0.91685 0.8729 0.6578 

 
Wisconsin 
Original 

 0.8471 ± 
0.0000 

 0.9846  0.9107  0.8471  0.9846 0.9107 0.959 0.987 0.912 

Small 
Indian  
liver  
patients 

 0.5927 ± 
0.0001 

 0.9229  0.7218  0.5927  0.9176 0.7202 1 0.9312 0.74309 

 

Heart 
disease 
(Original) 

 0.3630 ± 
0.0052  

0.4895 0.4168 0.3595  0.5138  0.4230 0.5032 0.5329 0.5207 

 

StatlogHea
rt  
disease 

 0.4957 ± 
0.0000  

0.7733 0.6041  0.4957  0.7733  0.6041 0.5144 0.78073 0.6108 

 
Hepatitis  

0.6610 ± 
0.0020  

0.8400 0.7398  0.6619 0.8661  0.7504 0.8532 0.8932 0.7710 

Medium  Parkinsons 
 0.6301 ± 
0.0020 

 0.8664  0.7295  0.6285  0.8727 0.7306 0.53267 0.8904 0.7857 

 
Diagnostic  
wisconsin 

 0.6740 ± 
0.0000 

 0.9380 0.7844  0.6740 0.9380 0.7844 0.8122 0.9429 0.7905 

Large 
Dermatolo
gy 

 0.2249 ± 
0.0111 

 0.4181  0.2924  0.2205  0.3848  0.2803 0.52026 0.5229 0.2969 

Very 
large 

 Lung 
cancer 

 0.4315 ± 
0.0357  

0.7365  0.5432  0.4645  0.6563  0.5433 0.6604 0.74806 0.6781 

 

The IHAC method on overlapped is evaluated on different database and 

compared with OKM and KHM-OKM, as shown in table. (2). The precision, 
recall and Fbcubed are measured from the IHAC method and compared with 

existing method. The database are classified from very small to very large 

depends on the features present in the database. The FBcubed metrics is 

recently developed metrics, provides the better performance measure in 
overlap clustering. The proposed method has the higher FBCubed compare to 

the existing method. The IHAC method and existing method has the higher 

performance in the Breast cancer Wiscoin (original) data base. The 
performance of these method is regardless of the number of features present 

in the dataset. The IHAC method shows the higher improvement in the very 

large database. The proposed and existing method has the considerable 

efficiency in the medium database. This shows that the proposed method has 
the higher efficiency in all kinds of database in terms of FBCubed, precision, 

and recall.  
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Therefore, the proposed IHAC method has the higher performance 
compared to the other existing method in overlap clustering technique. 

Hence, the proposed method has the considerable performance and can be 

applicable to the practical use. 
 

6 Conclusion  
 
The clustering is the important process in the unsupervised technique and 

highly used in the different domain. Same object present in the different 

group is the overlap clustering and major research doesn’t focus on the 
overlap cluster, which affects the performance of the respective system. In 

this research, IHAC method is proposed to improve the performance on 

overlap clustering technique. The HAC algorithm process on the raw data 

and IHAC method process depends on the centroid of the adjacent data. The 
k-means algorithm is used to identify the centroid of the data and proposed 

method clusters the data from bottom to up manner. The three types of 

techniques such as single link scheme, complete link scheme and UPGMA 
are used to cluster the data. There are ten medical datasets from the UCI 

repository database are used to estimate the performance of the IHAC 

method. The datasets are classified from the very small to very large depends 
on the number of features in the database. The recently developed evaluation 

metrics such as FBCubed are used to measure the performance of IHAC 

method. The experimental result shows that IHAC method has the higher 

performance in terms of FBCubed compared to the state-of-art method. The 
IHAC method achieves 0.74309 ± 0.3074 FBCubed in the Indian liver 

patients and the existing method has 0.7202 ± 0.0023.  
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