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Abstract 

Trivial agglomerative hierarchical clustering technique has very high computational complexity  
O(n3) and  requires  more  number  of  iterations  to  prepare the phylogenetic classification. Recent 
advancement in this field has already developed some improved techniques to reduce the time 
complexity.  To improve this further, an Advanced Agglomerative Clustering Technique (AACT) has 
been proposed here. The proposed method mainly aims to identify required number of distinct clusters 
over vast dataset with lower complexity and thus reducing the time complexity than existing methods.  
The proposed technique AACT consists of three phases.  In the first phase, the idea is to partition the 
entire input dataset into required number of clusters using the traditional K-Means clustering 
technique using Manhattan distance, which is very much faster than trivial hierarchical agglomerative 
clustering technique. In second phase, the proposed technique computes centroids over each 
individual cluster from the result of K-Means clustering and selects the representative genes closest to 
the centroids. In the final phase, the proposed method uses S-Link technique over the result of second 
phase generating the final phylogenetic tree. Experimental result shows that the proposed technique is 
by far very faster than traditional agglomerative approach and even slightly faster than some 
techniques that were developed recently for faster analysis.  
 
Keywords: S-Link, Manhattan Distance, Advanced Agglomerative Clustering Technique (AACT), 
Phylogenetic Classification. 

1. INTRODUCTION 

Bioinformatics is an interdisciplinary field that develops methods and software tools for understanding 
biological data. As an interdisciplinary field of science, bioinformatics combines computer science, 
statistics, mathematics, and engineering to analyze and interpret biological data. Bioinformatics is both 
an umbrella term for the body of biological studies that use computer programming as part of their 
methodology, as well as a reference to specific analysis "pipelines" that are repeatedly used, 
particularly in the field of genomics. Traditional methods for studying individual genomes are well 
developed. However, they are not appropriate for studying microbial samples from the environment 
because traditional methods rely upon cultivated clonal cultures while more than 99% of bacteria are 
unknown and cannot be cultivated and isolated. Metagenomics use technologies that sequence 
uncultured bacterial genomes in an environment sample directly and thus makes it possible to study 
organisms which cannot be isolated or are difficult to grow in lab. Recent development in 
phylogenetic classification has resulted in methods like improved agglomerative clustering technique 
which takes into account the power of K-means clustering to shrink the vast data set and later on use 
the hierarchical clustering to derive the final result. In short, it takes the output of K-means clustering 
and puts it as input of agglomerative clustering technique to obtain the final result. 
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2. PROPOSED METHOD 

2.1. Skeleton of Proposed Method 

Initially DNA is extracted from the environment directly and it is known as metagenomics. 
Metagenomes are manipulated using enzyme called “Restriction Endonucleases”. After that a library 
of metagenomics is constructed and finally DNA analysis is performed. 

2.1.1. Sequence Analysis 
The metagenome or the DNA sequence generally consists of a large number of nucleotides. A new 
approach to analysing gene functions has emerged. DNA arrays allow one to analyse the expression 
levels (amount of mRNA produced in the cell) of many genes under different time points and 
conditions to reveal which genes are switched on and switched off in the cell. The outcome of the 
study is an n by m expression matrix, I with the n rows corresponding to genes, and the m columns 
corresponding to different time points & conditions. Clustering algorithms group genes with similar 
expression patters into clusters with the hope that these clusters correspond to group of functionally 
related genes. To cluster the expression data, the n by m expression matrix is often transformed into 
an n by n distance matrix d where dij reflects how similar the expression patters of genes i and j are. 

2.1.2. Clustering and Cluster Manipulation 
We run the K-Means Algorithm on the values of the distance matrix and cluster the different values. 
We find a marker gene for each of the cluster from which the distances of other members of that 
cluster is minimum. Then considering each marker gene as single entity, we apply S-LINK 
Agglomerative Hierarchical Clustering to produce the phylogenetic tree. 

2.2. Proposed Algorithm 

The Advanced Agglomerative Clustering Technique(AACT) using Manhattan Distance works in the 
following way. 

2.2.1. K-means Stage 
In this stage the traditional k-mean technique is applied and identified l distinct clusters over the input 
dataset X. Generally, the traditional k-means technique consists of three steps. In the first step, to fix 
the l centroids values K   =  K 0,.., K  l-1 over the input dataset X as defined X = X0,.., Xn-1, where X 

represents input dataset, n denotes number of objects that belong to input dataset X and  K  represents 

the number of centroid values identified in X. In the second step, it maps the l clusters in K   over the 
input dataset X through the process of measuring Manhattan distance between dataset X and l centroid 
values as defined in the equation (1). 
 
Cj = min{D(Xi, K  j) | ∀Xi ∈ X, ∀  K j ∈ K  l }          (1) 
 
Where D(Xi, K  j) represents the Manhattan distance between ith object in X and jth centroid in  K
and is defined as equation (2). 
 
D(Xi , K  j) = { ( Xi -  K j ) | ∀Xi ∈ X, ∀ K  j ∈  K }         (2) 
 
Where Xi denotes the dataset X and K  j is centroid value of jth cluster. In the next step, it partitions 

the input dataset X into l distinct clusters C = {C0, ..., Cl-1} in  K j as defined in equation (3). 
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K  j = {  |∀Cil ∈ Cj, ∀Cj ∈ C}           (3) 

 
Where Cij represents the ith object in the jth cluster that belongs to the C. Repeat the steps from step 2 
to step 3 until the result of the current iteration equal to previous iteration. This modified K-means 
algorithm is described in the below subsection. 

2.2.2. Algorithm for K-means Clustering 
Input: X = {X0, ..., Xn-1} 
Output: l-clusters = {C0, C1, ..., Cl-1} 
 
Begin: 

1. Fix the l centroids values K   = {  K 0, ..., K  n-1} over the input dataset X. 

2. Map l clusters in K   over the input dataset X by using the equation (1) and (2). 
3. Partition the input dataset X into l distinct clusters C = {C0, ..., Cl} using the equation (3). 

End 

2.2.3. S-LINK Stage 
In this stage, the S-LINK (Single Linkage) technique is applied to identify ‘m’ clusters over the result 
of k-means technique C. S-LINK technique consists of four steps. In the first step, it computes centroid 
over each individual cluster in the result of k-means, C for i = 0,1, ...., l-1 using the equation (4). 
 
C  =              (4) 

 
Where Cij denotes the jth object in the ith cluster. l denotes the number of clusters and ni denotes 
number of objects in the ith cluster. In the second step, it constructs the distance matrix Dij over the 
result of C   based on Manhattan distance and is defined in equation (5). 
 
Dij = {i=0,1,..,k-1;j=i+1,..,kd( C  i, C  j) | ∀ C  i ∈  C  ,∀ C  j ∈  C   }        (5) 
 
Where d( C  i, C  j) represents the distance between ith and jth cluster belonging in C   and is defined 
in equation(6). 
 
d( C  i, C  j) = | C  i - C  j|            (6) 
 
If ith and jth cluster are containing more than one objects, then compute the distance of set of objects 
then compute the distance of set of object pairs between ith and jth clusters and then consider the 
minimum distance of object pair as a distance of ith and jth cluster as defined in equaion (7). 
 
d( C  i, C  j) = min{d( C  i, C  j)}           (7) 
 
Where C  i, C  j denotes object pairs of ith and jth clusters and C  . In the fourth step, it finds the 
closest cluster pair with minimum distance ∆d over the distance matrix Dij as defined in equation (8). 
 
∆d = min{Dij | ∀Dij ∈ D}             (8) 
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In the next step, merge the closest cluster pair ( C  i, C  j) into a single cluster C  ij. Then delete the jth 

and compute the centroid of new cluster C  i. Repeat the step two, until the number of iterations is 
satisfying (l-m) where m is the number of clusters. This modified S-LINK algorithm is described in 
the below section. 

2.2.4. Algorithm for Agglomerative Clustering 
Input: C = {C0, ..., Cl-1} 
Output: G = {G0, ..., Gl-1} 
 
Begin: 

1. Compute centroid over the each individual clusters in the result of K-means, C for i = 0,1, ..., 
l-1 using the equation (4). 

2. Construct distance matrix Dij over the result of C   based on Manhattan distance in equation 
(5) and (6). 

3. If ith and jth clusters are containing more than one objects, then compute the distance of set of 
object pairs between ith and jth clusters and consider the minimum distance of object pairs as a 
distance of ith and jth cluster using equation (7). 

4. Find the closest cluster pair with minimum distance ∆d over the distance matrix Dij using the 
equation (8). 

5. Merge the closest pair ( C  i, C  j) into single cluster C  ij. Delete the jth cluster and compute 

centroid of new cluster C  i. Repeat the steps, until the number of iterations is satisfying (l-
m). 

End 

2.3. Simulation Technique 

 
Figure 1. Simulation Technique of the Proposed Method 

Here let us consider X0, ..., X9 are the preliminary dataset which is found out by exponential of the 
intensity values in the dataset. In the first step, the number of clusters is specified and X0, ..., X5 are the 
random clusters of K-means method. Then rest of the data is assigned to the clusters based on the 
closest distance. Then from each of the clusters of K-means, one representative data is selected from 
each of the cluster. Now, in agglomerative stage, each pair of the closest cluster is merged together in 
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each of the iteration and ultimately, they merge to one cluster. If we want to get finally m number of 
clusters, then we have to stop m iterations before the iteration loop ends. Thus, we get the 
phylogenetic tree. 

3. RESULT & DISCUSSION 

3.1. Complexity Analysis 

The proposed Advanced Agglomerative Clustering Technique(AACT) is better suitable to identify m 
distinct clusters over the large dataset with lesser computational complexity and finite number of 
iterations. In stage one (k-means) dataset of size n is reduced to l distinct number of clusters with l 
number of iterations and computational complexity of O(nl) where, n is the size of dataset and l is 
distinct number of clusters. In second stage (S-LINK) l distinct number of clusters obtained from 
stage one k-means is reduced to m number of groups with (l-m) number of iterations and 
computational complexity of O(nl+l2), where nl is the computational complexity of stage one and l2 is 
the computational complexity obtained due to the construction of distance matrix Dij in the S-LINK 
stage. In this method, in case of using the distance function for distance matrix generation, using 
Manhattan distance rather than the Euclidian distance gives a consistent improvement in performance. 
Here also Minkowski distance can be used but they will give higher computational complexity due to 
calculation of higher power distance and subsequent higher square root. 

3.2. Experimental Result 

In this section, we compare among the trivial agglomerative method, most recently developed 
Improved Agglomerative Clustering Technique and our proposed method. As we can see from the 
table that our proposed method works faster than the IACT as Manhattan Distance was used to 
calculate distance among clusters instead of Euclidean Distance, which reduced the time required to 
compute the phylogenetic classification. So, our proposed method works faster than the IACT. 
 

Table 1.  Time complexity comparison 
 

Sample 
Count 

AACT  
(Proposed) 

(sec) 

IACT 
(sec) 

Trial Approach 
(sec) 

4000 19.063 20.4776 40.7660 
8000 38.4779 40.5365 80.8364 
12000 56.6029 62.3473 120.7839 
16000 76.1390 80.9419 163.9884 
20000 97.3996 103.3372 203.4975 
24000 115.2550 124.1642 243.6152 

 

4. CONCLUSION 

The size of dataset in Metagenomics is humorously large. In order to manipulate this vast and 
increasing dataset we need very efficient algorithms. Next, each of the clusters of Advanced 
Agglomerative Clustering Technique should be annotated from the databank of NCBI (National 
Center for Biotechnology Information). So far, all the clustering algorithms run in sequential 
execution but for further improvement these algorithms can be optimized for parallel execution. Even 
in this age of distributed computing, this system can easily be optimized for distributed systems. 
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