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Abstract 

Molecular Phylogenetic Analysis studies conducted to reveal the evolutionary relationships of biological 
sequences, use two basic methodologies. In the study of distance-based methodologies, phylogenetic trees 
were obtained by clustering Lipase enzymes according to their thermal stability. The biological sequences 
to be used in the study were obtained from the NCBI Genbank database. Methods were coded in the Java 
programming language and distance matrices were obtained.  Phylogenetic trees were constructed using 
the R language. As a result, Lipase enzymes were effectively clustered using a distance-based method 
without alignment, according to their thermal stability. 
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1. Introduction 
 

Bioinformatics is the science of storing, analyzing and interpreting biological data through 
computer science, mathematics, statistics, and informatics sciences [1]. With the 
development of DNA sequencing technologies and finally with the completion of the 
human genome project, the need to analyze and interpret large quantities of biological data 
is needed. The fact that the size of the data generated in biological researches is too great 
has led to the need for computer science in order to reach the right knowledge.  
 

Cells are the building blocks of all living organisms. Each cell contains a nucleus in which 
DNA (deoxyribonucleic acid) molecules are contained in small structures called 
chromosomes. DNA carries information about how an organism develops from a single cell. 
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The integrity of this information is called the genome. DNA has double-stranded helical 
structure and consists of 4 different bases, {A, T, C, G}. DNA molecules can be billions of 
base pairs long. The human genome contains about 3 billion base pairs. But about 3% of 
the DNA in a chromosome represents the basic units of inheritance, which are called genes. 
Proteins are molecules responsible for the formation of an organism. Most of the functions 
in a cell are performed by proteins. The building blocks of proteins are amino acids. DNA 
sequences include triple bases called codons encoded by amino acids. Proteins are formed 
by converting codons into amino acid sequences. 
 

Enzymes are molecules in the protein structure that contribute to metabolic activities by 
increasing the rate of chemical reactions. Phylogenetic Analysis is the removal of the 
evolutionary relationship between organisms. Molecular phylogenetic studies are based 
on determining the rate and nature of changes in DNA and proteins, thus exploring the 
evolutionary history of genes and organisms [2]. 
 

In the study, it was aimed to cluster lipase enzymes according to their thermal stability by 
a distance-based method without alignment. The data used were obtained in the FASTA 
format from the NCBI Genbank database [3].  
 
1.1. Comparison of biological sequences 
 

The distance between two sequences is calculated by comparing the sequences with 
several methods and algorithms to obtain a numerical output expressing dissimilarities 
(distance). Biological sequences belonging to organisms with common evolutionary roots 
have higher similarity than organisms without close common roots [4]. 
 

Sequence comparison reveals the evolutionary, structural, or functional relationships of 
biological sequences such as DNA and protein sequences. When a new biological sequence 
is discovered, functionality and function in biological databases can be compared to known 
sequences to obtain information about its functionality.  
 

Conventional sequence comparison methods are performed using alignment algorithms 
based on matching similar regions of arrays using a space character. However, since 
alignment requires consideration of local mutations and appropriate parameter selection 
according to the data set used, studies on methods that do not include alignment have 
gained speed. Most non-alignment methods are based on the principle of common sub-
array search and frequency calculation between arrays.   
 

As a result of the comparison of the sequences, the distance matrix of the sequences in the 
data set is obtained. The phylogenetic tree is constructed by applying the clustering 
algorithms in the obtained distance matrix. 
 
1.1.1. Biological sequence alignment 
 

The basic approach to sequence alignment is to identify the most similar regions of 
different DNA or protein sequences. The similarity of regions means that there is a 
functional, structural or evolutionary relationship between the series [5]. The degree of 
similarity of amino acids in a given position in sequence alignment of proteins can be taken 
as a rough measure of how conserved a particular region or sequence motif is for these 
proteins. The absence of substitutions in a particular region of the directory is an indication 
that this region has a structural or functional prefix [6]. In phylogenetic analysis studies, 
the conserved regions obtained by the alignment step in protein, enzyme classification are 
frequently used [2,7]. 
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Aligned DNA or protein sequences are typically represented as rows of a matrix. Spaces 
between letters representing nucleotides or amino acids are provided so that the same or 
similar letters in consecutive columns are aligned.  
 

Unaligned states are interpreted as mutations that have occurred since the sequences have 
diverged from each other. The spaces in the alignment are interpreted as insertions or 
deletions.  Alignment algorithms use reward scores (m) in matching, penalty scores non-
matching (s) and gap (g) situations. According to selected parameters for S =AGGCTAGTT 
and Q = AGCGAAGTTT sequences possible alignment score can be computed as:  
 

(#Matching) × m - (#Non-matching) × s - (#Gap) × g 
 

As a result, the alignment with the highest scoring is selected. As you can see, the effect of 
the parameter selection on the alignment score is great. Choosing the appropriate 
alignment parameter is a necessary and difficult step in data sets where there are many 
differences in sequence lengths and diversity. Alignment Algorithms are divided into Local 
and Global Alignment Algorithms. While Global Alignment Algorithms are preferred in data 
sets consisting of arrays belonging to similar organisms, Local Alignment Algorithms are 
preferred in data sets consisting of arrays belonging to distant organisms [8]. 
 

Clustal Omega Multiple sequence alignment program can be used to find similarities 
between large proteins, DNA data sets in bioinformatics studies [9]. Clustal Omega [9] 
provides a comprehensive analysis of protein or DNA sequences compared to sequences 
in the sequence database. 
 

2. Methods and data set 
 

Algorithm-based methods have been successful in phylogenetic studies, but studies on 
methods that do not contain alignments have been accelerated because of the influence of 
different sequence lengths in the data set, alignment algorithm suitable for the data set's 
characteristic and parameter selection. In non-alignment methods, the basic approach is 
based on the calculation of key (invariant) region search and subsequence frequency, 
scatter statistics between the arrays. This approach makes the method an automatic step 
that is independent of the sequence lengths and does not require preprocessing. Genomic 
sequences are stored as linked lists containing categorical values {A, T, G, C}. Therefore, 
categorical statistical analytical-based scientific derivation is necessary to examine the 
similarity relations between the sequences [10]. For non-alignment methods, the goal is to 
get a vector that represents subsequence distributions in the array. 
 
2.1. Clustering methods 
 

Clustering algorithms receive a distance matrix entry specifying the distance between each 
biological sequence in the dataset. As a result of the method, a phylogenetic tree is formed 
which also defines the pattern of branches in the tree and in some cases. 
 

Hierarchical clustering methods is divided into two parts as agglomerative and divisive. In 
Agglomerative method, each sequence is treated as a single cluster, then all sequences have 
been merged into a single cluster by taking into account the lowest distance between each 
sequence. In divisive method, all sequences that are initially treated as in the same cluster, 
are partitioned until each sequence exists in a single cluster [11]. 
 
2.2. K-mer natural vector method 
 

The subsequences formed by n consecutive bases in genetic sequences are called k-mers 
[12-14].  
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If the length of each biological sequence in the data set is defined as L, the k-mers seen in a 
sequence can be obtained by shifting the sequence by L-k + 1th indices by increasing the 
index 1 at each time while maintaining the k length. There are 4k different k-mers in a DNA 
sequence that can be seen for any k value [15]. The resulting k-mers can be represented by 
notation [1], [2], ..., [4𝑘]. 
 

The k-mer count vector indicated by 𝑛 (𝑠,k) notation is the vector that gives the frequency of 
the k-mers in the sequence. 𝑛 s[𝑖]  is the number of occurrences k-mer [𝑖] in the sequence, 
 

𝑛 (𝑠,k)= (𝑛𝑠[1], 𝑛s[2], ⋯ , 𝑛𝑠[4𝑘]) 
 

The k-mer mean distance vector represented by notation (𝜇 [1], [2], ... , 𝜇[4𝑘]) gives the average 
distance from the first base to each k-mer seen in the sequence. If k-mer [𝑖] is not seen in 
the array, μ[i] is defined as zero. As a result, the normalized central moment vector (𝐷2[1] , 
𝐷2[2] , ... , 𝐷2[4𝑘] ) is obtained as follows, 
 

𝐷𝑚
[𝑖]

= ∑
(𝑠[𝑖][𝑗] − 𝜇[𝑖])

𝑚

𝑛[𝑖]
𝑚−1(𝐿 − 𝑘 + 1)𝑚−1

,   𝑚 = 1,2, … , 𝑛[𝑖]

𝑛[𝑖]

𝑗=1
 (1) 

 

where 𝑛[𝑖] is the number of occurrences of k-mer [𝑖] in the sequence, 𝑠[𝑖][𝑗] is the distance of 
jth k-mer [𝑖] to the first base in the array. Applying the formula yields a normalized center-
moment vector representing the distribution of k-mers in the array. Finally, the central 
moment vector obtained by using the natural parameters associated with the distribution 
of the k-mers in the biological sequence. 
 

 When k = 1, the k-mer native vector is identical to the original native vector. Thus, 
the k-mer natural vector is the generalization of the original natural vector model. 
The natural parameters used in the method ensure that a vector representing the 
subsequence distributions of the biological sequences is well represented.  

 

 It is very important to determine the value of k because the parameter k used has 
a great influence on the results of phylogenetic analysis and computational 
complexity. It is suggested that the k parameters in the method must be in the 
range [floor (log4 min(𝐿)), ceil (log4 max(𝐿))].  

 

Cosine similarity is used to determine the distance between the vectors obtained because 
the similarity between the textual data is calculated via the cosine function in trigonometry 
[16].    
              

𝑑(𝑠1, 𝑠2) = 1 − 𝑐𝑜𝑠(𝑣1, 𝑣2) = 1 −
𝑣1. 𝑣2

|𝑣1||𝑣2|
 (2) 

 

Lipase enzymes with wide use in the industrial field are frequently used in 
biotechnological studies. In the study, it was aimed to cluster the thermophilic and 
mesophilic lipase enzymes according to their active temperature ranges. Six mesophilic, 
nine thermophilic lipase enzymes were used to generate the data set [17]. 
 

Thermophilic enzymes are enzymes capable of growing at 43°C-55°C temperature. 
Mesophilic enzymes grow at temperatures of 30°C-42°C [18]. Lipase enzymes were 
clustered using the k-mer natural vector method, a method that does not involve alignment 
and pre-processing. 
 

The length of the shortest biological sequence in the dataset is 633, the length of the longest 
biological sequence is 1854, and the optimal k-length range {4,7} is obtained as a result of 
iterations. 
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3. Results  
 

The clustering of lipase enzymes is of great importance in predicting the presence of 
catalytic domain or disulfide bonds, in determining the secretion mechanism and specific 
lipase-based folds, in describing relationships with other enzyme families [19]. 
 

Biological sequences to be used in the study were obtained from NCBI Genbank database 
and the methods were coded in Java programming language to obtain distance matrices 
and phylogenetic trees were constructed using R language. The distance values between 
the sequences are calculated with the k-mer algorithm as in Fig.1. As seen from Fig. 1, the 
distance values for thermo4 and thermo5 are equal. Therefore, they are in the same branch 
of phylogenetic trees. 
 

 
 

Fig. 1 Distance matrix calculated for Lipase enzymes with parameter k=4. 
 

In Fig. 2, a phylogenetic tree was constructed using a k-mer distance-based neighboring 
algorithm based on the thermal stability of Lipase enzymes. The phylogenetic tree for 
Lipase enzymes was obtained using the Clustal Omega Alignment program as in Fig.3. In 
both clustering methods, thermophilic and mesophilic lipase enzymes are clustered in 
separate branches of phylogenetic trees.  
 

 
 

Fig. 2 Phylogenetic tree constructed using k = 4 parameters for Lipase enzymes using 
neighbor-joining algorithm. 
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Fig. 3 Phylogenetic tree obtained by applying Clustal Omega Alignment Program for 
Lipase enzymes. 

 

4. Conclusion 
 

A successful clustering based on a functional property of the enzyme sequences, without 
any preprocessing on the enzyme sequences was achieved with the k-mer natural vector 
method that is a distance-based method. The study differs from other studies [2,20] in the 
literature because the natural parameters used together represent subsequence 
distributions (k-mers) of the biological sequences. We suggest that the k-mer method can 
be used as an alternative in phylogenetic studies. 
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