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 Abstract 

The purpose of phylogenetic analysis research is to study the modifications 

that occur in various species throughout the process of evolution finding the 

connections between sequences of genomic DNA and discovering the ancestors' 

sequences and descendants' sequences. In disciplines like bioinformatics, 

phylogenetic trees are important for a systematic and comparative phylogenetic 

analysis. 

Molecular data like DNA and protein sequences are used to construct 

phylogenetic trees. Nodes, or taxonomic units, in a phylogenetic tree represent 

genomic sequences. Phylogenetic tree construction is a complex yet important 

problem in the field of bioinformatics. Once constructed, a phylogenetic or 

evolutionary tree can lend insight into the evolution of different species. The issue 

is that for a large number of species the problem grows to a computational 

complexity that is not easily solved. 

 This thesis proposed a system to building phylogenetic trees faster and 

robustness to finding optimal solutions based on firefly optimization algorithm. 

Evaluation performance using bootstrap measurements and finally make the 

comparison between the genetic algorithm and the firefly optimization algorithm. 

The implementation and results of each stage in the proposed system 

demonstrated that the proposed system has the ability to fast build an Inferring Well 

Phylogenetic Tree using firefly optimization algorithm and evaluate the performance 

of the proposed system based on the bootstrap scale which measures the extent of 

match between family trees and that the best value obtain in the proposed system 

=0.919013. 
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Chapter One 

General Introduction 

1.1  Introduction  

Bioinformatics is an interdisciplinary field that develops methods and software 

tools for understanding biological data, in particular when the data sets are large and 

complex. As an interdisciplinary field of science, bioinformatics combines biology, 

computer science, information engineering, mathematics  and statistics to analyze 

and interpret biological data. Bioinformatics has been used in silicon analyses of 

biological queries using mathematical and statistical techniques [1]. 

Bioinformatics, a hybrid science that links biological data with techniques for 

information storage, distribution, and analysis to support multiple areas of scientific 

research, including biomedicine. Bioinformatics is fed by high-throughput data-

generating experiments, including genomic sequence determinations and 

measurements of gene expression patterns [2]. 

Chloroplasts are one of the main organelles in plant cells. They are considered 

to have originated from cyanobacteria through endosymbiosis when a eukaryotic 

cell engulfed photosynthesizing cyanobacteria, which remained and became a 

permanent resident in the cell. Chloroplast can  convert water, light energy, and 

carbon dioxide into chemical energy by using carbon-fixation cycle  [3].  

In bioinformatics, sequence analysis is the process of subjecting a DNA, RNA  

or peptide sequence to any of a wide range of analytical methods to understand its 

features, function, structure, or evolution. Methodologies used include sequence 

alignment, searches against biological databases, and others   [4]. 

Genomics studies are a typical case of very large volume data investigations: 

they are of very high resolution (until nucleotide level) and very reliable (many 
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genome sequences contain less than one error every 10,000 bases), very abundant 

(100 sequenced eukaryotic genomes for instance, and more than 1,000 prokaryotes) 

and centralized in public databases. It informs about the likelihood of certain 

metabolic or developmental pathways that may exist in an organism and the 

importance of functions specific to each species. Genomes thus represent the 

foundation on which many advances can be achieved, and accessing such 

information in an ancestral genome provides a broad spectrum of these properties 

[5]. 

Phylogenetic is the science that studies the evolutionary relationship between 

species. TO make predictions about these relationships, phylogenetic trees are 

constructed which link the species. The Phylogenetic tree is a binary tree 

representation of the resulting relationship. It is construction methods are widely 

accepted to fall into one of two categories: distance-based and character-based. 

These two categories both offer a vast variety of options when constructing trees in 

two different directions [6]. Phylogenetic tree construction is a complex yet 

important problem in the field of bioinformatics. Once constructed, a phylogenetic 

or evolutionary tree can lend insight into the evolution of different species. 

 The issue is that for a large number of species the problem grows to a 

computational complexity that is not easily solved [7]. 

Robustness aspects of the produced trees can be evaluated too, for instance 

through bootstrap analyses. In other words, given a set of close plant species, their 

core genome (the set of genes in common) is as large and accurately detected as 

possible, to hope to be able to finally obtain a well-supported phylogenetic tree. 

However, all genes of the core genome are not necessarily constrained similarly, 

some genes having a larger ability to evolve than other ones due to their lower 

importance: such minority genes tell their own story instead of the species one, 
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blurring so the phylogenetic information. The link between the robustness and 

accuracy of the phylogenetic tree, and the amount of data used for this 

reconstruction, is not yet completely understood [2]. Genetic Algorithm (GA) using 

to solve the problem of finding the largest subset of core genes producing a 

phylogenetic tree as supported as possible. However, in some situations, this 

algorithm fails to solve the optimization problem due to a low convergence rate [8]. 

This thesis, proposed a system to building a phylogenetic tree in a faster and 

accurate manner to find optimal solution based on firefly optimization algorithm. In 

addition, the proposed system applies on a data set of the plants genome, this dataset 

contains a set of genome probabilities, and these genes are divided into primary and 

secondary genes. In the proposed system identifies the ancestral strains of the 

existing families and extracted the most identical hosts with each other based on the 

basic genes because they are the ones that carry the genes, noting that in Database 

there are many varieties of plants in the proposed system consisting of several main 

steps.  First, the alignment process is intended to arrange the genome sequence so 

that will be known what the differences between each series. Second, used the Boyer 

Moore algorithm method that specifies a value for the series. Third, apply The firefly 

algorithm to generate the 1000 of the tree and then determine the percentage of 

match between the trees that were generated until choose the best. 

1.2 Related Works 

     Several researchers have created many works about Genomics studies the 

following are some studies and discussions which associated with the proposed work 

in this thesis. 

 Alkindy, B., et al. (2015) [2]: proposed Hybrid Genetic Algorithm for 

Inferring Well Supported Phylogenetic Trees. In this work focuses on how 

to extract the largest subset of sequences in order to obtain the most 
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supported species tree. Due to computational complexity, a distributed 

Binary Particle Swarm Optimization (BPSO) is proposed in sequential 

and distributed fashions.  

 Noutahi, E, et al. (2016) [9]: proposed a new gene tree correction method, 

called Profile NJ, which can be directly used as a fast integrative method, 

without local search. It is a deterministic approach with a guaranteed time 

complexity  

 Alsrraj, R., et al.(2017) [1]: A discrete particle swarm optimization 

algorithm has been proposed in this article, which focuses on the problem 

to extract the largest subset of core sequences with a view to obtain the 

most supported phylogenetic tree. The proposal of this research work is  

thus the application of a Discrete Particle Swarm Optimization (DPSO) 

that aims at finding the largest subset of core genes producing a 

phylogenetic tree as supported as possible. A new algorithm has been 

proposed and applied, in a distributive manner, to investigate the 

phylogeny of Rosales order.  

 Noutahi, E., and El-Mabrouk, N. (2018) [10]: Several methods have 

been developed for the accurate reconstruction of gene trees. Some of 

them use reconciliation with a species tree to correct, a posterior, errors in 

gene trees inferred from multiple sequence alignments. The method is 

based on a genetic algorithm acting on a population of trees at each step.  

It substantially increases the efficiency of the phylogeny space exploration 

,reducing the risk of falling in to local minima ,at a reason able 

computational time. 

 Zhao, T.,et al. (2020) [11]:  [present a novel approach for phylogenetic 

tree reconstruction based on genome-wide synteny network data. The 
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proposed system results highlight that phylogenies based on genome 

structure and organization are complementary to sequence-based 

phylogenies and provide alternative hypotheses of angiosperm 

relationships to be further tested. 

1.3 Problem Statement  

The amount of completely sequenced chloroplast genomes increases rapidly 

every day, leading to the possibility to build large-scale phylogenetic trees of plant 

species. Considering a subset of close plant species defined according to their 

chloroplasts, the phylogenetic tree that can be inferred by their core genes is not 

necessarily well supported, due to the possible occurrence of “problematic” genes 

(i.e., homoplasy, incomplete lineage sorting, horizontal gene transfers, etc.) which 

may blur the phylogenetic signal. 

 However, a trustworthy phylogenetic tree can still be obtained provided such 

a number of blurring genes is reduced. The problem is thus to determine the largest 

subset of core genes that produces the best supported tree. To discard problematic 

genes and due to the overwhelming number of possible combinations. 

1.4 Aim of Thesis 

Each plant family contains a set of genome DNA and this genome DNA has a 

relationship with the other genome family of plants, in order to build a phylogenetic 

tree to find the relationship of the genomes of all plant families and to discover the 

relationship between the different family of plants, and therefore the objectives of 

this thesis are a proposed system to build A faster and more powerful phylogenetic 

tree to find optimal solutions based on the firefly optimization algorithm.   
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Also this work aims to conducting a comparative study between firefly 

optimization algorithm and Genetic algorithm depending on the performance of each 

of them in building the phylogenetic tree effectively, quickly and with high accuracy. 

 

 

 

 

 

 

 

1.5 Contribution 

The contribution of this thesis is using firefly optimization algorithm rather than 

genetic algorithm to provide best solutions in faster and more accuracy manner. 

1.6 Layout of thesis   

     The rest of the thesis chapters are clarified as follow: 

Chapter two: “theoretical background” 

      In this chapter explains about the algorithm of fireflies and algorithm     used in 

constructing the phylogenetic tree   

Chapter Three: “proposed System” 

This chapter illustrates the design stages and the implementation requirements of the 

proposed system 
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Chapter Four: “Results and Discussion”   

This chapter presents the implementation of the proposed algorithm  

Chapter Five: “the conclusions and future work” 

In this chapter explain conclusions about the implementation and results 
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Chapter Two 

Theoretical Background 

2.1 Introduction  

This chapter, will explain the scientific and theoretical background for each 

algorithms, techniques, and concepts that related to firefly optimization versus 

genetic algorithm for inferring well supported phylogenetic trees. It will also 

review in this chapter the most important concepts to Chromosomes and Genomes. 

2.2 Chromosomes and Genomes 

The genome includes both the genes (the coding regions) and the noncoding 

DNA, as well as mitochondrial DNA and chloroplast DNA. The study of the genome 

is called genomics. The shape of the genome varies from one organism to another 

DNA could consist of one or more molecules, which would have a major impact on 

the complexity of the problem of rearrangement of chromosomes and ancestral 

genomes.From one organism to another, the genome organization may differ. It can 

be composed of one or more DNA molecules, which will have a significant impact 

on the complexity of the problem of reconstructing chromosomal rearrangements 

and ancestral genomes. In prokaryotes (bacteria and archaea), the genome is located 

in the cytoplasm of the cells, which is usually contained in a circular DNA molecule. 

However, there are many exceptions: some Species may have several circular 

chromosomes, or a single linear chromosome, or a linear chromosome and a circular 

one [8]. 

2.3 Sequence Alignment 

One of the principal problems in computational molecular biology is sequence 

alignment. A sequence alignment is a process of aligning blocks of provided 
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sequences (of DNA, RNA, or protein) to recognize similar regions – that may be a 

consequence of functional or evolutionary relationships between the sequences. 

Aligned sequences of amino acids or nucleotides are reproduced as rows within a 

matrix. Gaps are inserted between the deposits so that residues with identical or 

similar sequences are arranged in successive columns. Let us for instance consider 

two sequences which are homogeneous except that the first sequence contains one 

other residue (e.g., a given nucleotide). When we view the alignment of these two 

sequences, the other residue will be matched to a gap. This corresponds to an 

insertion event in the first sequence or a deletion event in the second. On the other 

hand, if we note that an insertion event has occurred in the first sequence (concerning 

the second) then we know how to match that residue to a gap in the second [12].  

Thus one way to build a sequence alignment is to find a series of insertions, 

deletions, or replacements collectively called mutation events, which will transform 

one sequence into the other. The number of mutation events needed to transform one 

sequence into the other is called the edit distance. Indeed, in sequence alignment, 

there are two broad categories, namely the local and the global one. A local 

alignment returns the best matching subsequence, while in a global alignment, we 

obtain the best match of both sequences in their totality. Local sequence alignments 

intend to reveal similar regions in a given pair of sequences. In other words, they 

find an optimal local alignment by searching for two segments with maximum 

similarity score by discarding weak initial and terminal fragments, see Figure (2.1) 

for an illustrative example. 

 Many algorithms have been developed for these two kinds of alignments, some 

of the most popular ones being summarized in the next subsections [13]. 
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Figure 2.1: Global alignments are applied for comparing homologous genes whereas local 

alignment can be used to locate homologous regions in otherwise non-homologous genes [12]. 

2.3.1 BLAST  

Basic Local Alignment Search Tool (BLAST) is a database sequence search 

engine proposed by the National Center for Biotechnology Information (NCBI). The 

first version of BLAST was published in 1990 and it supported only un gapped 

searches. The second version, released in 1997, has been designed to determine high-

scoring local alignments between sequences, without discrediting the speed of such 

searches. BLAST addresses thus an essential problem in bioinformatics research. It 

uses a heuristic process that attempts local as crossed to global alignments and, 

therefore, it is suitable to identify relationships between sequences (amino-acid 

sequences of proteins or the nucleotides of DNA sequences) which share only 

isolated regions of similarity [13]. 

 

 

2.3.2 LOCAL SEQUENCE ALIGNMENT: SMITH–WATERMAN 

ALGORITHM  
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The Smith-Waterman algorithm was developed by Temple F. Smith and 

Michael S. Waterman in 1981 [12]. Using a dynamic programming approach, it is 

able to provide the optimal local alignment between two strings. The algorithm 

estimates the alignment that minimizes the costs provided by a certain distance 

function. It is used to produce conserved regions between the two sequences, and 

one can align two partially overlapping sequences. Also, it is able to align the 

subsequence of the sequence to itself. This powerful dynamic programming 

approach was designed to discover the highly preserved fragments by discarding 

poorly conserved initial and terminal segments [13]. 

In this algorithm, a two-dimensional scoring matrix D of size (m + 1) × (n + 1) 

is formed from the two provided nucleotide, RNA, or protein sequences A and B of 

lengths n and m respectively. One extra column and one row containing zeros are 

added to the matrix, for score computation. The score in each cell is computed based 

on the scoring function presented in Equation (2.1)[14]: 

D(i,j)=max

{
 

 
𝐷(𝑖 − 1, 𝑗 − 1) + 𝑆(𝐴𝑖 ,𝐵𝑗),

𝐷(𝑖, 𝑗 − 1) − 𝑔𝑎𝑝 𝑝𝑒𝑛𝑎𝑙𝑡𝑦,

𝐷(𝑖 − 1, 𝑗) − 𝑔𝑎𝑝 𝑝𝑒𝑛𝑎𝑙𝑡𝑦,
0

 (2.1) 

   Where D (i, j) is the value at line i and column j of the scoring matrix of Ai and Bj. 

The value S (Ai, Bj) is provided by a standard substitution matrix [14]. 

 

 

 

2.3.3 GLOBAL SEQUENCE ALIGNMENT: THE NEEDLEMAN    

WUNSCH EXAMPLE 
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In global alignments, the alignment is carried out from the beginning until the 

end of the sequence to find out the best potential solution, which is more appropriate 

with closely related sequences that have approximately the same length. 

S.A.Needleman and C.D.Wunsch have developed the first method of this 

category,naturally called the Needleman-Wunsch algorithm [12]. The objective of 

this latter is to maximize the number of matches between the sequences along the 

entire length of the sequences. The original Needleman-Wunsch algorithm computes 

the minimal edit distance of two sequences under a very general scoring scheme, 

taking O(n 3 ) time and O(n 2 ) space [13].  

This algorithm is constituted by the following steps, similar to the Smith-

Waterman ones [12]: 

 — Initialization : A two-dimensional matrix D must be firstly initialized. The 

row vector represents the first sequence A, while the column one corresponds to the 

second sequence B.  

— Matrix scoring : We fill the matrix D in the same manner than in Smith-

Waterman. D(i, j) is computed recursively according to a dynamic programming 

approach. If S (i, j) is the substitution score for residues Ai and Bj and g is the gap 

penalty, then we have : 

D(i,j)=max{

𝐷(𝑖 − 1, 𝑗 − 1) + 𝑆(𝐴𝑖, 𝐵𝑗) 𝑀𝑎𝑡𝑐ℎ 𝐴𝑖  𝑤𝑖𝑡ℎ 𝐵𝑗
𝐷(𝑖, 𝑗 − 1) − 𝑔(𝑖𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛  𝑖𝑛 𝐴 )

𝐷(𝑖 − 1, 𝑗) − 𝑔(𝑖𝑛𝑠𝑒𝑟𝑡𝑖𝑜𝑛  𝑖𝑛 𝐵 )

 (2.2) 

-Traceback and alignment: Tracing back process starts from the lowest right 

position in the scoring matrix. Then follow the maximum scores until reaching the 

upper left position. The path drawn in this matrix is considered to correspond to the 

most optimal global alignment for the two given sequences. 

2.3.4 MULTIPLE SEQUENCE ALIGNMENT (MSA) 
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Multiple sequence alignment is an expansion of pairwise alignment to combine 

more than two sequences at a time. They are implemented to identify conserved 

regions among a set of sequences, evaluating by doing so if they are evolutionarily 

related. Alignments are also used to help in building evolutionary relationships on 

phylogenetic trees construction [12]. The goal of MSA is to align all of the sequences 

in a given set if possible. A MSA is thus a collection of three or more nucleotide or 

amino acid sequences that are aligned partially or entirely. Identical residues are 

aligned in columns across the length of the sequences. These aligned residues are 

homologous in a fundamental sense or even in an evolutionary sense : they are 

probably derived from a common ancestor [13].  

Figure (2.2) is an example of the result of MSA applied on Apiales order. 

However, as soon as the sequences exhibit some divergence, the problem of multiple 

alignments becomes extraordinarily difficult to solve. And if exact approaches 

produce optimal alignments, they are not feasible in time or space for more than a 

few sequences. Let us finally notice that the alignment accuracy can be hard to 

estimate and their actual biological significance can be ambiguous [12]. 

 

Figure 2.2: Multiple sequence alignment of various sequences of Apiales order 

[12]. 

In practice, a very popular progressive sequence alignment tool is the Clustal 

family [15], in particular the weighted variant ClustalW that is incorporated in many 

web tools like GenomeNet 3 or EBI 4. Another important progressive alignment 
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approach is called TCoffee  [16], which operates as a post processing on various 

MSAs of the same set of sequences that are provided by other existing methods like 

Clustal. Due to its principle of conception, T-Coffee is slower than Clustal and its 

derivatives but, in general, it yields more accurate alignments for distantly related 

sequence sets [12]. 

 

  2.4 Boyer Moore Algorithm 

The    Boyer Moore    (BM)    exact    string matching algorithm was proposed by 

(Boyer & Moore, 1977) [14]. The BM algorithm scans the characters of the pattern 

from right to left beginning with the rightmost one. In case of a mismatch it uses two 

preprocessed functions to shift the alignment to the right [15]. These two shift 

functions are called the bad character rule and the good suffix rule. In the bad 

character rule, mismatched characters at the right end of the pattern allow a large 

shift to the next occurrence of the character in the pattern P, or to the end of P if the 

character is not present in P [16]. According to the good suffix rule, a mismatched 

character at the left end of a matched substring triggers a shift to the next occurrence 

of the substring or an identical left end of the substring. If no part of the substring is 

repeated in P, then P can be shifted its entire length. Since the bad character rule 

shift can be negative, the Boyer-Moore algorithm applies the maximum shift 

obtained with either the good suffix rule or the bad character rule [17].  

 

2.4 Firefly Optimization Algorithm  

 FA is a nature-inspired optimization algorithm that was developed by Xin-

She Yang in the late 2007 and early 2008 [18, 19]. The FA algorithmic design 

concept was inspired by the dynamic illumination of the light attribute from the 
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fireflies, which are commonly found in most tropical and temperate regions. There 

are approximately 2000 species of fireflies, of which many of them produce short, 

rhythmic flashes of illuminations at regular intervals. 

 The flashlights produced by these insects often act as communication signals 

that are used to entice other fireflies and also to send warnings to potential prey [20]. 

As a novel swarm intelligence population-based metaheuristic algorithm, FA has 

been used for solving different nonlinear engineering design optimization problems, 

as reported in [21]. Furthermore, studies have also shown that FA is very promising 

in terms of solving the most difficult NP-hard numerical optimization problems in 

both continuous and discrete spaces [22]. The mathematical modeling and 

representation of the standard FA algorithm are represented in equations (2.3) to 

(2.7).  

In equation (2.3), the light intensity I of a firefly flashlight is said to be 

inversely proportional to the square of its distance denoted by r. This implies that 

the light intensity of the individual firefly diminishes with an increase in distance. 

However, this is because as the distance increases, the flashlight is released into the 

atmosphere [23]. 

𝐼𝛼  1/𝑟2  (2.3) 

Aligning the problem landscape to the FA algorithm design, the optimization 

model can be formulated in such a manner that the firefly flashlight is proportional 

to the fitness function value to be optimized. The following design principles were 

used to formulated basic FA: it was assumed that all firefly species are identical in 

sex, the attractiveness of every firefly is directly proportional to the quality of its 

light intensity produced, the intensity of flashlight produced by any firefly is 
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determined by the fitness function landscape that is to be optimized. In the FA 

algorithm design, light intensity and attractiveness are considered to play a vital role 

in the algorithm implementation and performance. Usually, in the case of 

maximization problems, the light intensity, produced at a specified point (y) is 

directly proportional to the fitness value of the fitness function, that is F(𝑦) ∝ F(𝑦). 

As shown in equation (2.4), the light intensity changes with respect to distance and 

intensity of light emitted into the atmosphere [19].  

𝐼(𝑟)=𝐼𝑂𝑒
−γ 𝑟2                        (2.4) 

Where 𝐼𝑜 denotes initial light intensity at r=0,𝛾 is the light absorption coefficient, 

while 𝑟 is the distance. From equation (2.4), by combining the effect of the inverse 

square law and absorption, the singularity at 𝑟 = 0 is circumvented in the expression 

1/ 𝑟2  [20, 23]. Based on equation (2.5), the attractiveness of a firefly (𝛽) is 

proportional to the light intensity of the firefly. 

𝛽=𝛽𝑂𝑒
−γ𝑟2                        (2.5) 

Where 𝛽𝑂 refers to the attractiveness at 𝑟 = 0. 

The distance measure between any two fireflies 𝑥𝑖𝑎𝑛𝑑 𝑥𝑗 is determined in terms of 

Euclidean distance[19]: 

𝑟𝑖,𝑗 = ‖𝑥𝑖 − 𝑥𝑗‖= √∑ (𝑥𝑖,𝑘 − 𝑥𝑗,𝑘)
2𝑑

𝑘=1  (2.6) 

where d is the problem dimension. The movement of firefly from one point 𝑖 to 

another point 𝑗 is formulated as shown in equation (2.7)[19]: 
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𝑥𝑖 = 𝑥𝑖 + 𝛽0𝑒
−𝛾𝑟𝑖,𝑗

2
(𝑥𝑗 − 𝑥𝑖) + 𝛼𝜖𝑖 (2.7) 

where 𝛼 ∈ [0,1], 𝛾 ∈ [0, ∞). The parameter 𝜖𝑖 is a random number obtained from a 

Gaussian distribution. 𝜖𝑖 can be replaced with 𝑟𝑎𝑛𝑑 − 0.5, where 𝑟𝑎𝑛𝑑 ∈ [0,1]. The 

third term (α𝜖𝑖 ) in equation (2.7) shows firefly movement from one point to another, 

with regards to their attractiveness. 

  Figure (2.3) shows the working of firefly algorithm. Let there are N initial 

solutions and i denotes the number of iteration, with ’max_itr’ maximum iteration 

number. ’I’ is the intensity or brightness of flash. 
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Figure 2.3: General Block Diagram of the Firefly Algorithm [18]. 

2.5 Genetic Algorithm (GA) 

GA is one of the first population-based stochastic algorithm proposed in the 

history. GA was inspired from the Darwinian theory of evolutionary, in which the 

survival of fitter creature and their genes were simulated. GA is a population-based 

algorithm. Every solution corresponds to a chromosome and each parameter 

represents a gene [24].  
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Genetic Algorithms (GAs) are generally search based algorithms established 

on the concepts of natural selection and heredity. GA is a sub division of a much 

bigger area of computation which is called as Evolutionary computation. In GAs, 

for a given problem, we have a varied and numerous solutions. The solutions 

obtained then go through recombination as well as process of mutation (similar to 

biological genetics), lead to generating new offspring’s and the process get replicates 

for multiple generations [25]. Each single is given a unique fitness vale which is 

decided by the value of its objective function and the individuals who are more fir 

have a greater possibility of mating to produce further Fit individuals [26]. This 

process ensures to create Fitter individuals or better solutions in succeeding 

generations, which continues till it reach final destination criterion. GA to a great 

extent are probability based criterion in nature, on the contrary they work well as 

against local random search ( Which uses random solutions, unable to identify best 

possible solutions), due to the fact that historic data gets into it making it complex 

and sophisticated in nature [27].GA includes three main operation are illustrated in 

subsection bellow. 

2.5.1 Selection (Encoding of a Chromosome) 

 A chromosome will be in a format that hold information related to solution 

that it personify. Widely used way of encoding is a binary string format as shown in 

figure (2.4) [27]. 

 

 

 

Figure 2.4: Example of binary encoding for Chromosomes. 

Chromosome 1        1101100100110110  

Chromosome 2         1101111000011110 
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Every one of the chromosomes can be plot by a binary string. Each of the bit 

accommodate in the string is also responsible containing some aspects or standard 

of the solution [24]. 

2.5.2 Crossover 

Once we are confirmed on the selected coding to be used, we can move 

forward to crossover operation. Crossover functions on part portion of genes from 

parent chromosomes which results in creation of a new offspring [25]. The simplest 

process for this to be executed is the selection of a crossover point in random manner, 

taking range from first parent point till this point . The illustration of cross over point 

can be shown as figure (2.5) [27]. 

 

Figure 2.5: Crossover of Chromosome [27]. 

There are many different ways to make crossover, like as we can select many 

other crossover points. Crossover can be more complex and intricate. It depends 

mainly on encoding of chromosome. For improving the performance of genetic 

algorithm select crossover for the special problems [26]. 

2.5.3 Mutation 

After the crossover is performed, next step is mutation. Mutation is deliberate 

to stop falling of all solution in the population into a local optimum of the solved 

problem. Offspring results from crossover randomly changes by mutation operation. 
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In binary encoding, we can switch some randomly selected bits from 0 to 1 or 1 to 

0. Mutation can be adorned as given in figure (2.6) [26, 27]. 

 

Figure 2.6: Mutation of Offspring [26]. 

The process of mutation (as well as crossover) totally depends on the encoding 

of chromosomes.  

b) Crossover and Mutation Probability Genetic algorithm consist of two basic 

parameters namely crossover probability and mutation probability [26]. 

c) Crossover probability: this may be attributed to the extent of frequency of 

crossover. If offspring’s are duplicate of parents that means there is no crossover. In 

case of crossover, the two part of parent’s crossover result into an offspring. A 

probability of 100% will be there for offspring from crossover. On the other hand, if 

whole of new generation is produced as carbon copy of chromosomes from earlier 

population (doesn’t necessarily indicate that new generation will be same) then it 

will be 0%. Basically crossover is done so that chances of new chromosomes 

consisting of good character of the old chromosomes so that new crossover will be 

batter then old one. It is batter to left some portion of old population in order for 

survival till the next generation [24]. 
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d) Mutation probability: It may be described as the chance of chromosome 

parts to get mutated. In the absence of mutation, offspring are produced with no 

change immediately preceding crossover [25]. 

 The value of mutation probability is in direct proportion to chromosome 

change. If value is 100%, then there would be whole chromosome change, for 0% 

value no chromosome change is there. Mutation process helps in preventing GA 

from the downfall into local extremes [28]. 

 The frequency of occurrence of mutation should be low, otherwise GA will 

transform into a random search. The flowchart of GA are shown in figure (2.7) [29]. 

 

Figure 2.7: Flow chart of genetic algorithm [29]. 
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First step aims at certain of the initial population and after that analyzing 

fitness factor of all the chromosomes by the application of fitness function. Second 

step, chromosomes possessing fitness values similar to threshold will be selected as 

next generation parent. Check this criteria, if it lies within the specified criteria then 

we need to stop, else any of two strings can be selected from initial population and 

after that crossover can be performed on it leading to offspring formation and again 

checking the criteria of star function, if yes then we need to stop, else the process 

need to be continued until the problem is solved satisfactorily [27]. 

2.6 Phylogenetic Tree Construction  

      To begin, phylogenetics is the science which studies evolutionary relationship 

between species. In order to make predictions about these relationships, 

phylogenetic trees are constructed which link the species. The problem of 

phylogenetic tree construction is widely accepted as an area in need of more research 

in bioinformatics as it is considered to be an NP-complete problem which means it 

is in a very small class of the most difficult problems to solve [30]. A relationship 

between two species is classified as a phylogeny. A phylogenetic tree is a binary tree 

representation of the resulting relationship. There are two main types of trees that 

can be found [31]: 

1) Rooted trees: Those that have a single node from which all nodes are derived. 

2)  Enrooted trees: Those that do not originate from one clear node. The tree follows 

standard graph theory notation were each species is represented as a node or leaf, 

and the relationship between species is referred to as an edge or branch. The 

lengths of the branches represent the time estimate between the species. A simple 

representation of this is illustrated in figure (2.8) [32]. 
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Figure 2.8: (a) unrooted tree, (b) rooted tree [32]. 

Phylogenetic tree construction methods are widely accepted to fall into one of two 

categories: distance based and character based. These two categories both offer a 

vast variety of options when constructing trees in two different directions. The most 

common distance based methods are arithmetic averages (UPGMA) and NJ [33]. 

2.6.1 Character-based methods  

Can depend on a divergence of phylogenetic characters such as genetic and 

molecular attributes to construct phylogenetic trees. As long as that, there is 

divergence among taxa in the characteristic and that the characteristic is heritable, it 

could probably be accepted as a phylogenetic character. In this context, molecular 

phylogenetic, attempt to estimate the modification rates and patterns occurring in the 

sequences (protein, DNA, or RNA) and to reconstruct the evolutionary history of 

organisms using such characters [32, 33]. 

2.6.2 Distance-based methods  

Begin by transforming the original data into a matrix of pairwise distance values. 

The next stage is to infer a tree either by sequential joining approaches, or by 

estimating a set of candidate trees and applying a type of optimality criterion 

technique to select the best one. Under the minimum evolution criterion, the tree that 

has a minimum sum of branch lengths is selected as the best estimate [32, 33]. 
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2.6.2.1 Neighbor joining algorithm 

         Neighbor joining (NJ) (Saitou and Nei, 1987; Studier and Keppler, 1988) is a 

popular phylogeny construction algorithm which clusters taxa according to 

estimated pairwise evolutionary distances. Before discussing the algorithm of the 

present method, let us first define the term “neighbors.” A pair of neighbors is a pair 

of OTUs connected through a single interior node in an unrooted, bifurcating tree 

[34]. The number of pairs of neighbors in a tree depends on the tree topology. For a 

tree with N (2≥4) OTUs, the minimum number is always two, whereas the maximum 

number is N/2 when N is an even number and (N - 1)/2 when N is an odd number 

[35].  

The sum of the branch lengths is computed as follows: Let us define Dij and Lab as 

the distance between OTUs i and j and the branch length between nodes a and b, 

respectively as shown in equation (2.8) [31]: 

  

𝑆 =∑𝐿𝑖𝑥 =
1

𝑁 − 1

𝑁

𝑖=1

∑𝐷𝑖𝑗
𝑘𝑗

 (2.8) 

                                                                                                               

The distance between nodes X and Y is calculated as follows : 

𝐿𝑋𝑌 =
1

2(𝑁 − 1)
[∑(𝐷1𝑘 + 𝐷2𝑘) − (𝑁 − 2)(𝐿1𝑋 + 𝐿2𝑋)

𝑁

𝑘=3

− 2∑𝐿𝐼𝑌

𝑁

𝑖=3

]                  

 

 

(2.9) 
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The first term within the brackets of equation (2.9) is the sum of all distances 

that include Lxy, and the other two terms are for excluding irrelevant branch lengths. 

In general, we do not know which pairs of OTUs are true neighbors. Therefore, the 

sum of branch lengths (Sij) is computed for all pairs of OTUs, and the pair that shows 

the smallest value of Sii is chosen (inferred) as a pair of neighbors [35]. 

Thus, the number of OTUs is reduced by one, and, for the new distance matrix, the 

above procedure is again applied to find the next pair of neighbors. This cycle is 

repeated until the number of OTUs becomes three, where there is only one unrooted 

tree [34]. 

         
D(1 − 2)j = (D1j + D2j)/2       3 ≤ 𝑗 ≤ 𝑁 

(2.10) 

Thus, the number of OTUs is reduced by one, and, for the new distance matrix, the 

above procedure is again applied to find the next pair of neighbors. This cycle is 

repeated until the number of OTUs becomes three, where there is only one unrooted 

tree. Suppose that OTUs 1 and 2 are the first pair to be joined. Llx and L2X are then 

estimated by equation (2.11) [36]: 

         
𝐿1𝑥 = (𝐷12 + 𝐷1𝑧 − 𝐷2𝑧) ∕ 2 

 

𝐿2𝑥 = (𝐷12 + 𝐷2𝑧 − 𝐷1𝑧) ∕ 2 

(2.11) 

 

 

 

Where 𝐷1𝑧 = (∑ 𝐷1𝑖)/(𝑁 − 2)
𝑁
𝑖=3  and𝐷2𝑧 = (∑ 𝐷2𝑖)/(𝑁 − 2)

𝑁
𝑖=3  . Here, z 

represents a group of OTUs including all but 1 and 2, and Dlz and D2z are the 
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distances between 1 and z and 2 and 4, respectively. L1X and L2X are the least-squares 

estimates and they are estimates of L1A and Lu, respectively. 

 

2.6.2.2   Unweighted Pair Group Method (UPGM) Tree 

 

          UPGMA and Neighbor Joining use a clustering procedure that is commonly 

found in data mining techniques. The method is simple and intuitive [37] which 

makes it appealing. The method works by clustering nodes at each stage and then 

forming a new node on a tree. This process continues from the bottom of the tree 

and in each step a new node is added, and the tree grows upward. The length of the 

branch at each step is determined by the difference in heights of the nodes at each 

end of the branch [31]. UPGMA has built in assumptions that the tree is additive and 

that all nodes are equally distance from the root. Since a “molecular clock” 

hypothesis assumption poses biological issues, UPGMA is not used much today, but 

gave way to a very common approach now termed “Neighbor Joining” [38]. 

Suppose that class S={𝑠1, 𝑠2, … . , 𝑠𝑁} is a data set of N biological sequences, where 

N=|S| represents the cardinality of S . Ω ={ 𝐶1, 𝐶2, … . , 𝐶𝑁} satisfies that 

S=∪𝑖=1
𝑛 𝐶𝑖,∀ 𝑖 ≠ 𝑗, 1 ≤ 𝑖, 𝑗 ≤ 𝑛, 𝐶𝑖 ∩ 𝐶𝑗 = ∅(𝐶𝑖 ⊆,∅  𝑠𝑡𝑎𝑛𝑑𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑒𝑚𝑝𝑙𝑡𝑦 𝑠𝑒𝑡) 

Let Ω is called a classification or partition of S, and𝐶1, 𝐶2, … . , 𝐶𝑁 are called clusters 

or subclass of S. Apparently, the largest cluster or subclass of S is S itself. Let d(x,y) 

represent the distance between x and y, Ω={𝐶1, 𝐶2, … . , 𝐶𝑁} is a classification of S, 

the arithmetic mean distance between 𝐶𝑖 and 𝐶𝑗 are defined using equation (2.12) 

[39]: 
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𝑑𝑎𝑣𝑔(𝐶𝑖, 𝐶𝑗) =
1

|𝐶𝑖||𝐶𝑗|
∑ 𝑑(𝑥, 𝑦)

𝑥∈𝐶𝑖 ,𝑦∈𝐶𝑗

 (2.12) 

 

Where d (x, y) could be defined as p-distance, Jukes- Cantor, or some other distance. 

If T is considered a graph variable, UPGMA can be described below [39]: 

 

1- Define one leaf of T for each sequence, and place it at height zero; 

2- Let n=N ,assign each sequence 𝑆𝑖  to its own cluster 𝐶𝑖 = {𝑆𝑖}, 𝑖 =

1,2,… 𝑛; if  n=1,stop;otherwise ,let k=N; 

3- ∀ 𝑖 ≠ 𝑗, 1 ≤ 𝑖, 𝑗 ≤ 𝑛 compute the arithmetic mean distance between𝐶𝑖  and 

𝐶𝑗 namely  

𝑑𝑖𝑗 = 𝑑𝑎𝑣𝑔(𝐶𝑖 , 𝐶𝑗) (2.13) 

4- Determine the two clusters 𝑖∗ 𝑎𝑛𝑑 𝑗∗ for which  

𝑑𝑖∗𝑗∗ = 𝑑𝑎𝑣𝑔(𝐶𝑖∗ , 𝐶𝑗∗) = {𝑑𝑎𝑣𝑔(𝐶𝑖 , 𝐶𝑗1≤𝑖≠𝑗≤𝑛
𝑚𝑖𝑛 )} 

5- Let k=k+1 , define a union cluster 𝐶𝑘 = 𝐶𝑖∗ ∪ 𝐶𝑗∗,and comput d kl as : 

𝑑𝑘𝑙=
𝑑𝑖∗𝑙|𝐶𝑖∗ |+𝑑𝑗∗𝑙|𝐶𝑗∗ |

|𝐶𝑖∗ |+|𝐶𝑗∗|
 for all 𝐿 ≠ 𝑖∗ , 𝑗∗ (2.14) 

6- Define a new node 𝐶𝑘 with the two daughter nodes 𝐶𝑖∗ , 𝐶𝑗∗. , and place it 

at height 𝑑𝑖∗𝑗∗ ∕ 2 

7- Let n=n-1, if n= 1, stop; otherwise, denote all clusters but 𝑖∗ , 𝑗∗ as 

𝐶1, 𝐶2, … . , 𝐶𝑁 again, goto (4). 

Because there may be several equidistant minimal pairs of  𝐶𝑖∗ , 𝐶𝑗∗. in the 

above UPGMA procedure, a different selection of such pairs is likely to produce a 

different UPGMA tree for a single data set . 
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2.7 BootStrap  

 Bootstrapping is statistical method to evaluate and distinguish the confidence 

of partial hypotheses (“branch support”) that are contained in a phylogenetic tree 

and have become a standard in molecular phylogenetic analyses [40]. 

2.7.1 Non-Parametric Bootstrapping  

Non-parametric bootstrapping (or simply “the bootstrap”) was developed by 

Efron (1979) as a general statistical method for estimating the parameters of an 

unknown probability distribution by resampling from an existing sample that was 

drawn from this distribution [40]. The method was transferred to phylogenetic 

reconstruction by Felsenstein (1985). From an alignment of length n, columns are 

randomly drawn with replacement n times. The drawn columns are arranged in a 

new dataset, a bootstrapped alignment of length n. From this bootstrapped 

alignment, a phylogenetic tree is constructed by following the same method of 

phylogenetic analysis as was used for the analysis of the original alignment. This 

process of constructing bootstrap alignments and bootstrap trees is repeated a large 

number (e.g., 1000) of times, and the resulting trees are stored. The percentage with 

which a certain bipartition of the taxon set is present in the bootstrap trees (the 

bootstrap value) can be taken as a measure of how homogeneously this bipartition 

of sequences (i.e., the respective branch in the underlying topology) is supported by 

the data [41].  

Suppose genomes of the taxon set are available and a superalignment could 

be constructed from them (which is of course not possible using real genomes). The 

original alignment can be seen as the result of a random draw of n columns from that 

super-alignment. Additional (original) datasets can be interpreted as generated in the 

same way, and their phylogenetic analysis would be a natural way to infer clade 
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support. The bootstrap can be seen as a transfer of this (hypothetical) way of 

generating additional datasets to the “real world”, i.e., by using the limited empirical 

data that are at hand instead of a hypothetical genomic super-alignment to deduce 

clade support [40]. 

 A theoretical prerequisite for non-parametrical bootstrapping to work for 

alignments is that the alignment sites should be independent of each other. This 

assumption may be incorrect (e.g., in portions of rRNA genes coding for stem 

regions), and variants of the bootstrap have been developed to cope with this 

problem (e.g., Künsch 1989). Bootstrap values are often interpreted as probabilities 

that respective groups of taxa are present in the true phylogeny, i.e., interpreting 

them in the same way as posterior probabilities. However, it has been shown that 

support values inferred from non-parametric bootstrapping tend to underestimate the 

probabilities that groups of taxa are present in the true tree [41]. 

 

 

 

 

 

 

 

2.7.2 Parametric Bootstrapping 

 In a probabilistic context, there is an alternative way of generating replicate 

alignments from given data by computer simulation. This approach (Efron 1985) is 
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model-based, and hence is commonly referred to as parametric bootstrapping. In its 

first step, a model of DNA substitution and a phylogenetic tree T are estimated from 

the original alignment X. Using this model, replicate alignments Xi are generated, 

i.e., sequences are simulated along T [40].  

 

Subsequently, phylogenetic trees Ti are computed for each of the alignments 

Xi, and branch support values are derived (as in non-parametric bootstrapping) by 

computing the percentage with which a certain branch occurs in the set of generated 

trees Ti. Support values derived by parametric bootstrapping depend to a large extent 

on the model estimated from the original alignment [42]. For this reason the method 

can be used for testing the model inferred from the original alignment as a null 

hypothesis [41]. 
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Chapter Three 

Design and implementation  

3.1 Introduction 

 This chapter illustrates the design stages and the implementation 

requirements of the proposed system by using firefly optimization and (NJ& 

(UPGM)) algorithm to building Phylogenetic tree in fast and more accuracy 

manner.The objective of this works introduced in this chapter. In addition, the 

general block diagram of the proposed system and the plant genome data set used 

in the proposed system will be explained in this chapter. 

3.2 The Objective of the Proposed System  

 The main goals of the proposed system are: 

1. Design the proposed system for building a Phylogenetic Tree using two 

techniques which are (Neighbor Tree and Unweighted Pair Group Method 

(UPGM)) to detection the ancestral strains of the existing families and 

extracted the most identical hosts with each other. 

2. Using a firefly optimization algorithm to make the proposed system faster 

in compute Bootstrap value to find the optimal genome for each family. 

3.3 Architecture of the Proposed System 

The proposed work has been building a Phylogenetic tree to find the 

matching between the input DNA genome and the existing DNA genome 

families. The input to the system is an DNA dataset, and the output is bootstrap 

values. The proposed work consists of four main stages: - loading DNA 

dataset, Evaluation Data set Genomes, Firefly Optimization Algorithm, 

building NJ Tree and (UPGM),and finally evaluation performance using 
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bootstrap measurements. Figure (3.1) shows the general block diagram of the 

proposed system to recognize the genome from dataset.  

 

Figure 3.1: Block Diagram of the Proposed System. 

The main idea of the proposed system is to take all of the plant genome 

DNA database and to evaluate each DNA value at the family level and at the same 

time to evaluate the value of the DNA in all levels of families. Each DNA has 

sequence of genome, so based on  BM Algorithm for pattern searching will be 

gives the rate of matching between genome and pattern and resulting evaluation 

vector for each family. 
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To find the best match for each family, Firefly optimization algorithm will 

be used. NJ Tree and (UPGM) are representing graphical relation between 

genomic sequence of same family and with another family to find the input plant 

genome belong to any family, and finally using bootstrap measurement to 

evaluated performance for    NJ Tree and (UPGM). 

Based on the above, the proposed system consists of four main stages for 

achieving its goals, which are discussed and explained in detail subsection below. 

3.3.1 Input Data Set Genomes Stage  

 The first stage in the proposed system is load all dataset Plant Genomes 

DNA.  The National Center for Biotechnology Information (NCBI) Taxonomy 

includes organism names and classifications for every sequence in the nucleotide 

and protein sequence databases of the International Nucleotide Sequence 

Database Collaboration. [43]. A plant Genomes DNA dataset includes from 9 

families, see table (3.1).  

Table 3.1:  A plant Genomes DNA dataset 

No Family Name 

1 Ardi_polysticta 

2 Came_cuspidata 

3 Came_danzaiensis 

4 Came_impressinervis 

5 Came_pitardii 

6 Came_sinensis 

7 Came_taliensis 

8 Came_yunnanensis 

9 Dauc_carota_outgroup 

10 Dauc_carota_outgroup_98 
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3.3.2 Evaluation Data set Genomes Stage 

    The evaluation dataset genome aims to produced one vector for each 

family in dataset , this vector include of the best matching  between input plant 

genome and pattern using BM Algorithm  Good Suffix heuristic .For Evaluation 

all Plant Gnome based on BM Algorithm Good Suffix Heuristic  ,see algorithm 

(3.1) and (3.2). 

Algorithm 3.1: Boyer Moore Algorithm  Good Suffix heuristic 

Input: Genomes.DNA, pattering 

Output: No Macheing   

Begin 

Step1: Preprocess Strong Suffix 

Step1-1:while(i > 0) 

Step1-2:while  if character at position i-1 is not  equivalent to character at  

                 j-1, then continue searching to right of the pattern for border  

Step1-3: character preceding the occurrence of t in pattern P is different than 

the mismatching character in P, we stop skipping the occurrences  and 

shift the pattern from i to j 

Step1-3-1 : if (shift[j] == 0) then shift[j] = j - i; 

Step1-4: Update the position of next border  

               j = bpos[j]; 

Step1-5: p[i-1] matched with p[j-1], border is found. store the beginning 

position of border   

Step1-5-1:i--; j--; 

Step1-5-2:bpos[i] = j;  

Step1-6:end while  

Step1-7:end while 

Step2: Preprocessing for case 2 
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Step2-1:For each (i=0; i< m is the length of pattern )     

Step2-2: set the border position of the first character of the pattern to all    

indices in array shift having shift[i] = 0   

Step2-3-1:if(shift[i] == 0) then shift[i] = j 

Step2-4: suffix becomes shorter than bpos[0], use the position of next widest 

border as value of j   

Step2-5: if (i == j) then j = bpos[j] 

Step2-6:end for  

Step3: Search for a pattern in given text using Boyer Moore algorithm 

with Good suffix rule 

Step3-1: install parameters   

Step3-1-1: s is shift of the pattern  with respect to text 

                m = Genomes.Length; 

                 n = pattering.Length; 

                bpos[] , shift[] 

Step3-1-2: initialize all occurrence of shift to 0 

                  For each( i = 0; i < m + 1; i++)  

                  shift[i] = 0 

Step3-1-3:do preprocessing 

                  preprocess_strong_suffix(shift, bpos, jeno, m) 

                  preprocess_case2(shift, bpos, jeno, m) 

Step3-1-4: while(s <= n - m) 

Step3-1-5:  j = m - 1; 

Step3-1-6:  Keep reducing index j of pattern while characters of pattern and    

text are matching  at this shift s 

Step3-1-7:  while(j >= 0 and Genomes [j] = Genomes [s + j]) 

Step3-1-8:   j--; 

Step3-1-9:   If the pattern is present at the current shift, then index j will  

become -1 after the above loop 
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Step3-1-10:   if (j < 0) then   

                         s += shift[0];  

                         retune pattern occurs at shift(s) 

 

                      else 

                           s += shift[j + 1] 

                          loop 

End Algorithm 

 

Algorithm 3.2:Evaluation  all Genomes 

Input:  data set DNA, 

             Pattering 

Output: evaluation  data set DNA 

Begin 

Step1: for each Genomes  XGenomes  in data set do  

Step1-1: Calculate value matching  of each DNA  

               Evalua_ mach =Using Algorithm  Boyer Moore Algorithm  with  

parameter’s  (Genomes.DNA, pattering) using 

algorithm (3.2) 

Step1-2:add evaluation value for each DNA                

              Genomes.Value= Evalua_ mach 

Step 2 :end for  

Step3 end 

 

 

To illustrated Boyer Moore Algorithm  Good Suffix heuristic step by step as 

shown in example (3.1). 

Example 3.1: Let t be substring of text T which is matched with substring of 

pattern P. Now shift pattern until: 

Case one: Another occurrence of t in P matched with t in T. 
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 Pattern P might contain few more occurrences of t. In such case, will try 

to shift the pattern to align that occurrence with t in text T as shown in table 

(3.2). 

Table 3.2: Case One. 

i 0 1 2 3 4 5 6 7 8 9 10 

T A B A A B A B A C B A 

P C A B A B       

 

i 0 1 2 3 4 5 6 7 8 9 10 

T A B A A B A B A C B A 

P   C A B       

 

In table (3.2), will have got a substring t of text T matched with pattern P 

(in green) before mismatch at index 2. Now will search for occurrence of t 

(“AB”) in P. Found an occurrence starting at position 1 (in yellow background). 

So, will right shift the pattern 2 times to align t in P with t in T. 

Case Two: A prefix of P that corresponds to the suffix of t in T. It is not always 

possible to find the presence of t in P. Sometimes there is no occurrence at 

all; in these situations, try searching for a t suffix that matches a prefix of 

P and aligning them by moving P, see table (3.3). 

 

Table 3.3: Case Two. 

i 0 1 2 3 4 5 6 7 8 9 10 
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T A B B A B A B A C B A 

P  A B A B B      

 

i 0 1 2 3 4 5 6 7 8 9 10 

T A A B A B A B A C B A 

P   C A B       

 

In above table (3.3), before the mismatch, t (“BAB”) would have been 

matched with P (in green) at index 2-4. However, because there is no occurrence 

of t in P, it will look for a prefix of P that matches a t suffix. It discovered the 

prefix “AB” (in the yellow background) starting at index 0 that matches the 

suffix of t “AB” starting at index 3 rather than the full t. So now we'll move the 

pattern three times to align the prefix and suffix. 

Case Three: P shifts past t: if the aforementioned two conditions are not met, 

the pattern will be shifted past the t, see table (3.4). 

Table 3.4: Case Three. 

i 0 1 2 3 4 5 6 7 8 9 10 

T A A C A B A B A C B A 

P C B A A B       

 

i 0 1 2 3 4 5 6 7 8 9 10 

T A B A A B A B A C B A 

P      C B A A B  
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In table (3.4) there is no occurrence of t (“AB”) in P, and no prefix in P 

that corresponds to the suffix of t. In such scenario, we'll push the P beyond the 

t, to index 5, because we'll never discover a perfect match before index 4. 

Suppose substring q = P[i to n] got matched with t in T and c = P[i-1] is 

the mismatching character. Now unlike case one will search for t in P which is 

not preceded by character c. The closest such occurrence is then aligned with t in 

T by shifting pattern P, see table (3.5) 

Table 3.5: Strong Suffix Rule 

i 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

T A A B A B A B A C B A C A B B C A B 

P A A C C A C C A C          

 

i 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

T A A B A B A B A C B A C A B B C A B 

P       A A C C A C C A C    

 In table (3.5), q = P[7 to 8] got matched with t in T. The mismatching 

character c is “C” at position P. Now if start searching t in P will get the first 

occurrence of t starting at position 4. But this occurrence is preceded by “C” 

which is equal to c, so will skip this and carry on searching. At position 1 got 

another occurrence of t (in the yellow background). This occurrence is preceded 

by “A” (in blue) which is not equivalent to c. So will shift pattern P 6 times to 

align this occurrence with t in T.  Doing this because already know that 

character c = “C” causes the mismatch. So any occurrence of t preceded by c 

will again cause mismatch when aligned with t. 

Preprocessing for Good suffix heuristic as a part of preprocessing, an array shift is 

created. Each entry shift[i] contain the distance pattern will shift if mismatch 
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occur at position i-1. That is, the suffix of pattern starting at position i is matched 

and a mismatch occur at position i-1. 

 

3.3.3 Select Genome Using Firefly Optimization Algorithm 

 In the previous stage will obtained matching vector Genome  for each 

family in plan genome dataset ,in this stage using Firefly Optimization 

Algorithm to select the best matching  genome for each Plant family as shown 

in algorithm (3.3). 

Algorithm 3.3:  Select Genome Using Firefly Optimization 

Algorithm 

Input:  data set Genomes, 

Output: optimization  data set Genomes 

Step1 for each x in Dataset do  

    xMax=find max of all Genomes value in x   

    get location xMax  in all Genomes call xbest 

    brighness=x.get(xbest).xi  using equation (2.3),(2.4)and (2.5) 

 Step1-1 Compute attractiveness   

            for each itration do  

        set rnd1=1.0F,rnd2=0.001F // initialize n fireflies to random positions 

        for each Genome in X do  

           Genome.Rij= brighness - Genome.xi 

           Genome.br= Genome.xi *pow(2.77F ,(-rnd2 * pow(Genome.rij, 

2.0)) using equation (2.6 ) 

           if (locat =xbest) then Genome.xi=0 

           else  
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           Genome.xi=(locat+ Genome.br * (xbest - j) + seq * (rnd1 - 0.5F)) 

using equation(2.7) 

        Endfor 

        rnd1 = ((rnd1 * 1.0F    == 1.0F)? 0.01: rnd1 + 0.01 

         rnd2 = ((rnd2 * 1000.0F == 9.0F)? 0.001: rnd2 + 0.001 

         rnd1=rnd.nextDouble(); 

         rnd2=rnd.nextDouble(); 

Step1-2   Sot x Genome based on Genome.xi 

    endfor 

end for 

 

 3.3.4 Building  Phylogenetic Tree stage 

Final stage in the proposed system is building Inferring Well Phylogenetic Tree 

using two techniques are Neighbors Tree as illustrated in subsection (3.3.4.1) and 

Unweighted Pair Group Method (UPGM) as explain in subsection (3.3.4.2). 

3.3.4.1 Neighbor joining (NJ) Tree 

In this section, it will be explained how to find the match between the best 

genome that was found in the previous step and between all the families in the 

database .Neighbor joining is another distance-based method for tree 

construction. It uses clustering approach to construct the tree. The well-known 

Cluster package uses this approach to construct phylogenetic tree. Neighbor 

joining is a special case of star decomposition. In contrast to cluster analysis, 

neighbor joining keeps track of nodes on a tree rather than taxa or clusters of taxa. 

For the construction of the tree, will be need a distance matrix derived from the 

pair wise hamming distances of the sequences under examination.  

  To discussion in details how Neighbor joining works, see example (3.3) 
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Example 3.3: Suppose we have to construct the NJ tree using following distance 

matrix as shown in figure (3.2). 

 A B C D E 

A 0     

B 4 0    

C 5 7 0   

D 2 6 3 0  

E 3 8 4 6 0 

Figure 3.2: distance matrix. 

Step 1: construct a modified distance matrix is constructed in which the 

separation between each pair of nodes is adjusted based on their average 

divergence from all other nodes. calculate the net divergence r (i) for each OTU 

from all other OTUs as following  

𝑟(𝐴) = 4 + 5 + 2 + 3 = 14 

𝑟(𝐵) = 4 + 7 + 6 + 8 =25 

𝑟(𝐶) = 5 + 7 + 3 + 4 = 19 

𝑟(𝐷) = 2 + 6 + 3 + 6 = 17 

𝑟(𝐸) = 3 + 8 + 4 + 6 = 21 
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Step 2: Now we calculate a new distance matrix using for each pair of OTUs 

using equation (2.8)  

A,B: 2) or in the case of the pair-] / (N(j) + r  (i)[r  - (ij) d(ij) = M 

9 -[ 14 + 25] / 3 =   –2) =  4 -] / (N (B)+  r  (A)[ (r -  (AB)= d (AB)M 

6 -[14 + 19] / 3 =   –2) =   5 -] / (N(C) +  r(A)  [ (r -  (AC)= d (AC)M 

8.3 -[14 + 17] / 3 =   –2) =   2 -] / (N(D) +  r(A)  [ (r -  (AD)= d (AD)M 

8.7 -[14 + 21] / 3 =   –2) =   3 -] / (N(E) r+  (A)  [ (r -  (AE)= d (AE)M 

Step 3 : calculate M(ij)for all other pairs and construct the following matrix as 

shown in figure (3.3) using equation (2.8).  

M(BC) = d(BC)  - [ (r(B)  +  r(C) ] / (N-2) =   7 – [25 + 19] / 3 =  -7.7  

M(BD) = d(BD)  - [ (r(B)  +  r(D) ] / (N-2) =   6 – [25 + 17] / 3 = - 8  

M(BE) = d(BE)  - [ (r(B)  +  r(E) ] / (N-2) =   8 – [25 + 17] / 3 =  -7.3  

M(CD) = d(CD)  - [ (r(C)  +  r(D) ] / (N-2) =   3 – [25 + 17] / 3 =  -9  

M(CE) = d(CE)  - [ (r(C)  +  r(E) ] / (N-2) =   4 – [25 + 17] / 3 =  - 11.3 

M(DE) = d(DE)  - [ (r(D)  +  r(E) ] / (N-2) =   6 – [25 + 17] 

/ 3 =  - 6.7 

 A B C D E 

A 0     

B -9 0    

C -6 -7.7 0   

D -8.3 -8 -9 0  

E -8.7 -7.3 -11.3 -6.7 0 

Figure 3.3: Modify Distance Matrix. 
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Step 4: Now will choose as neighbors those two OTUs for which Mij is the 

smallest, which is between C & E 11.3, join these two taxa together. Now from a 

star topology will have to merge A and E together. join C & E with a common 

ancestor U. Now ,calculate the branch length from the internal node U to the 

external OTUs A and E using equation (2.9): 

𝑆(𝑐𝑢) = 𝑑(𝐶𝐸) 2⁄ + [𝑟(𝑐) − 𝑟(𝐸)] ∕ 2(𝑁 − 2) 

𝑆(𝑐𝑢) = 4 2⁄ + [19− 21] 2⁄ ∗ 3 = 2 + {[−2] 6⁄ } = 1.7 

𝑆(𝐸𝑉) = 𝑑(𝐶𝐸)−𝑆(𝑐𝑢) = 4 − 1.7 = 2.3 

 

Figure 3.4: Tree Topology. 

 

Figure 3.5: Tree Topology After Change Value.  

Step 5: now we define new distances from U to each other terminal using 

equation (2.10): 

𝑑(𝐴𝑈) = [𝑑(𝐴𝐶) + 𝑑(𝐶𝐸)] 2⁄ = [5 + 3 − 4] ∕ 2=2 

𝑑(𝐵𝑈) = [𝑑(𝐵𝐶) + 𝑑(𝐶𝐸)] 2⁄ = [7 + 8 − 4] ∕ 2=5.5 

𝑑(𝐷𝑈) = [𝑑(𝐷𝐶) + 𝑑(𝐶𝐸)] 2⁄ = [3 + 6 − 4] ∕ 2=2.5 
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The new distance matrix by calculate net divergence with this matrix : 

 U A B D 

U 0    

A 2 0   

B 5.5 4 0  

D 2.5 2 6 0 
 

𝑟(𝑈)=2+5.5+2.5=10 

𝑟(𝐴)=2+4+2=8 

𝑟(𝐵)=5.5+4+6=15.5 

𝑟(𝑈)=2.5+2+6=10.5 

We create a new matrix M(ij) using equation (2.11):  

M(ij) = d(ij)  -  [r(i)  + r(j) ] / (N-2), here value of N will be 4 – 2 = 2 

 U A B D 

U 0    

A -7 0   

B -7.25 -7.75 0  

D -7.75 -7.25 6 6 

 

𝑀(𝑈𝐴)=2− [10+ 8]/2 = −7 

𝑀(𝑈𝐵)=5.5 − [10 + 15.5]/2 = −7.25 

𝑀(𝑈𝐷)=2.5 − [10+ 10.5]/2 = −7.75 

𝑀(𝐴𝐵)=4− [8 + 15.5]/2 = −7.75 

𝑀(𝐴𝐷)=2− [8 + 10.5]/2 = −7.25 

𝑀(𝐵𝐷)=6− [15.5 + 10.5]/2 = −7 

 

Step 6: choose and merge the OTU having lowest M(ij) value which is 7.75 

between UD & AB. Lets join AB this time and make this U1. Merge BD and with 

common node U1. 

S(AU1) = d(AB) / 2 + [r(A) - r(B) ] / 2(N-2) =  4 /2 + { [8 – 15.5] / 2 * 2} = 2 + {[-7.5 

] /4} = 0.1 

 

S(BU1) =  d(AB)  - d(AU1)  = 4– 0.1 = 3.9 

 Rearranged our tree with merging of BC under U1 with calculated distance.   
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Step 7: Define new distances from U1 to each other terminal node as following 

formula using equation (2.11): 

d(UU1) = [d(UA) + d(UB) - d(AB)] / 2 = [2 + 5.5 – 4] / 2 =  1.75 

d(DU) = [d(DC) + d(DE) - d(CE)] / 2 = [ 3 + 6 – 4 ] /2 = 2.5 

d(DU1) = [d(DA) + d(DB) - d(AB)] / 2 = [ 2 + 6 – 4 ] /2 = 2 

 

Figure 3.6 : Tree Topology with U1 value. 

The new distance matrix based on calculate net divergence as shown in figure 

(3.7). 

 U U1 D 

U 0   

U1 1.7 0  

D 2.5 2 0 
 

𝑟(𝑈)=1.7+2.5=4.2 

𝑟(𝑈1)=1.7+2=3.7 

𝑟(𝐷)=2.52=4.5 

 

Figure 3.7: distance matrix based on calculate net divergence. 

Create a new matrix M(ij) using equation ( 2.9): 

 

 

 



Chapter Three                                                         Proposed System 

48 
 

M(ij) = d(ij)  -  [r(i)  + r(j) ] / (N-2), here value of N will be 3 – 2 = 1 

M(UU1) = 1.7 – [ 4.2 + 3.7] /1 =  -6.2 

M(UD) =  2.5 – [ 4.2 + 4.5] /1 =  -6.2 

M(U1D) = 2 – [ 3.7 + 4.5 ] /1 = -6.2 

Create a matrix MIj. Because all the values are same, will be  join any one of them 

as presents in figure (3.8)  

 U U1 D 

U 0   

U1 -6.2 0  

D -6.2 -6.2 0 

Figure 3.8: Create a matrix MIj. 

Step 8: Lets join U with D and make it U2 using equation (2.9)   

S(DU2) = d(UD) / 2 + [r(D) - r(U) ] / 2(N-2) = 2.5 /2 + { [4.5 – 4.2] / 2 * 1} = 1.25 + { 

0 .15} = 1.4  

S(UU2) = d(DU)  -  S(DU2)  =  2.5 – 1.4 = 1.1  

The distance between U1 & U2 will be  

d(U1U2) = [d(U1D) + d(U1U) - d(DU)] / 2 = [2 + 1.7 – 2.5] / 2 =  0.6 

 U1 U2 

U1 0  

U2 6.2 0 
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Figure 3.9: NJ final Tree. 

 

3.3.4.2 Unweighted Pair Group Method (UPGM) Tree 

The UPGMA is the simplest method of tree construction. It was originally 

developed for constructing taxonomic phenograms, i.e. trees that reflect the 

phenotypic similarities between OTUs, but it can also be used to construct 

phylogenetic trees if the rates of evolution are approximately constant among the 

different lineages.  UPGMA employs a sequential clustering algorithm, in which 

local topological relationships are identified in order of similarity, and the 

phylogenetic tree is built in a stepwise manner. First identify from among all the 

OTUs the two OTUs that are most similar to each other and then treat these as a 

new single OTU. Such a OTU is referred to as a composite OTU. Subsequently 

from among the new group of OTU will  identify the pair with the highest 

similarity, and so on, until are left with only two UTUs. 

To illustrate constructing UPGM tree, see Example (3.4). 
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Example 3.4: Suppose will have the following tree consisting of 6 OTUs as 

shown in figure (3.10) 

 

 Figure 3.10: Tree Consisting of 6 OTUs. 

First cycle: the pairwise evolutionary distances are given by the following 

distance matrix as illustrated in figure (3.11): 

 

 A B C D E 

B 2  

C 4 4  

D 6 6 6  

E 6 6 6 6  

F 8 8 8 6 8 

Figure 3.11: Distance Matrix 

Now cluster the pair of OTUs with the smallest distance, being A and B, that are 

separated a distance of 2. The branching point is positioned at a distance of 2 / 2 

= 1 substitution. Figure (3.12) shows construct a subtree . 
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Figure 3.12: Construct a Subtree . 

Following the first clustering A and B are considered as a single composite 

OTU(A,B) and calculate the new distance matrix using equation (2.12) 

dist(A,B),C = (distAC + distBC) / 2 = 4 

dist(A,B),D = (distAD + distBD) / 2 = 6 

dist(A,B),E = (distAE + distBE) / 2 = 6 

dist(A,B),F = (distAF + distBF) / 2 = 8 

 

In other words the distance between a simple OTU and a composite OTU is the 

average of the distances between the simple OTU and the constituent simple 

OTUs of the composite OTU. Then a new distance matrix is recalculated using 

the newly calculated distances and the whole cycle is being repeated: 

Second Cycle : The second iteration result shown in figure (3.13). 

 A,B C D E 

C 4  

D 6 6  

E 6 6 4  

F 8 8 8 8 

 

 

Figure 3.13: Results of second Cycle of building UPGM Tree 
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Third  Cycle : The third iteration result shown in figure (3.14). 

 A,B C D,E 

C 4   

D,E 6 6  

F 8 8 8 

 

 

Figure 3.14: Results of Third Cycle of building UPGM Tree 

Fourth  Cycle : The fourth iteration result shown in figure (3.15). 

 A,B,C D,E 

D,E 6 6 

F 8 8 

 

 

Figure 3.15: Results of Fourth Cycle of building UPGM Tree 

Five Cycle : The final step consists of clustering the last OTU, F, with the 

composite OUT . 

 A,B,C,D,E 

F 8 

Although this method leads essentially to an unrooted tree, UPGMA assumes 

equal rates of mutation along all the branches, as the model of evolution used. 

The theoretical root, therefore, must be equidistant from all OTUs. Here thus 

apply the method of mid-point rooting. The root of the entire tree is then 

positioned at dist (ABCDE),F / 2 = 4. 
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The final tree as inferred by using the UPGMA method is shown figure (3.16). 

 

Figure 3.16: UPGMA Tree. 
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Chapter Four 

 Results and Discussion 

  

4.1 Introduction 

 This chapter presents the implementation of the proposed algorithm. In 

addition, this chapter illustrates the result and discussion for each stage in the 

proposed system. 

Section (4.2) illustrates the initialization that includes the used tools in the 

proposed system. The DNA dataset is explain in section (4.3). The 

implementation of proposed firefly optimization and (Neighbors Tree & 

Unweighted Pair Group Method (UPGM)) algorithm to building Phylogenetic 

tree is introduced in section (4.4). Section (4.5) shows the results for each step of 

the both proposed system.  

 

4.2 Initialization  

 The proposed system is executed using Java programming language using a 

laptop computer and bootstrap is running using Python language. The 

examinations were performed on Laptop with processor Intel(R) Core(TM)i7-

7700HQ @ 2.80GHz (8 CPUs), 64 bit operating system, and Memory 16384 MB 

RAM. 
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4.3 Implementation of the proposed system  

 The proposed system aims building Phylogenetic tree based on firefly 

optimization to detect the gene that input the plant to any plant family with high 

accuracy and speed. Figure (4.1) illustrate the interface of load DNA plant dataset 

t of the ten plant families. 

 

Figure (4.1) the interface of load DNA plant dataset. 

Figure (4.2) shows the interface of implementation of the Firefly Optimization 

Algorithm to select genome for each plant family with initial parameters for 

firefly optimization algorithms which are: DNA dataset genome, iteration =100, 

and α=0.001.  

 



Chapter Four                                                         Results and Discussion 

56 
 

In the interface below, it was found that the value of Fitness is of high 

value, and because of the firefly optimization algorithm, all values became close 

depending on the intensity of illumination generated by the firefly optimization 

algorithm, the number of iteration used, and through which it was attracted from 

remote sites and the random selection of sites through which the fitness was 

improved 

 

 

Figure (4.2) The Interface of Implementation of the Firefly Optimization 

Algorithm to Select Genome for Each Plant Family. 

  Distance Matrix is based technique to building Neighbor joining (NJ) tree and 

Unweighted Pair Group Method (UPGM) tree see figure (4.3) 
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Figure (4.3) Interface of implementation of Distance Matrix Technique. 

Figure (4.4) and (4.5) Explain, respectively, the implementation interfaces for 

Neighbor joining (NJ) tree and (UPGM) tree. 

 

Figure (4.4) The Implementation Interfaces for Neighbor joining (NJ) Tree. 
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Figure (4.5) The Implementation Interfaces for (UPGM) Tree. 

4.4 Results of the proposed system 

 The results of each step in the proposed system are illustrated in this section 

as below: 

4.4.1 Load DNA Dataset 

 The first step in the proposed system is load DNA dataset. DNA dataset 

that used in this work includes nine families of the plant (Ardi - polysticta ,Cam-

cuspidata , Came - danzaiensis , Came – impressinervis , Came – pitardii , Came-

sinensis ,Came – talensis , Came - yunnanensis, Dauc- carota - outgroup).Each 

family   includes number of an individual and each individual has his own genome 

,Table (4.1)  clarify a description of each plant family in terms of genome  and 

length of each genome as well as a review of the DNA sequence of the dataset in 

this works. 
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Table 4.1 Description of Plant Genome of the Dataset. 

# Genome DNA 

Fa
m

ily
1=

 C
am

e_
ta

lie
n

si
s 

1 
>lcl|NC_022264.1_cdsid_gene1 

[gene=NDHB] 
3056 

2 
>lcl|NC_022264.1_cdsid_gene2 

[gene=NDHC] 
359 

3 
>lcl|NC_022264.1_cdsid_gene3 

[gene=NDHA] 
1087 

4 
>lcl|NC_022264.1_cdsid_gene4 

[gene=NDHF] 
2240 

5 
>lcl|NC_022264.1_cdsid_gene5 

[gene=NDHG] 
527 

6 
>lcl|NC_022264.1_cdsid_gene6 

[gene=TRNP-GGG] 
70 

7 
>lcl|NC_022264.1_cdsid_gene7 

[gene=NDHE] 
299 

8 
>lcl|NC_022264.1_cdsid_gene8 

[gene=NDHJ] 
473 

9 
>lcl|NC_022264.1_cdsid_gene9 

[gene=NDHK] 
865 

 

1 T C T C C C A C T C C A G T C G T T 

2 A T G T T T C T G C T T T A C G A A 

3 T T A T C T A A C A G T T C A A G T 

4 A T G G A A C A G A C A T A T C A A 

5 A T G G A T T T A C C C G G A C C A 

6 G G G A T G T A G C G C A G C T T G 

7 A T G A T G C T C G A A C A T G T A 

8 A T G C A G G G T C G T T T G T C T 

9 A T G G G C A A T G A G T T T C G A 

10 A T G A C T G C A C C A G C T A C A 

11 G C G A T A T G G C C G A G T G G T 

12 G G A G A G A T G G C T G A G T G G 

13 C T A C T T A A C T C A G T G G T T 

14 T G A C T C T T G C T T T C C A A T 

15 G G G C C G A T G C C C G A G C G G 

16 C G T C C A T T G T C T A A T G G A 

17 A C G A A T T T T T T T C C T T G G 

18 G C G G G G T A G A G C A G T T T G 

19 T G A G T T G T C G A T C A G A A C 

 

F
am

il
y

 2
=

 A
rd

i_
p

o
ly

st
ic

ta
 

1 
>lcl|NC_021121.1_cdsid_gene2 

[gene=NDHC] 

359 

2 
>lcl|NC_021121.1_cdsid_gene3 

[gene=NDHA] 

1087 

3 
>lcl|NC_021121.1_cdsid_gene4 

[gene=NDHF] 

2201 

4 
>lcl|NC_021121.1_cdsid_gene5 

[gene=NDHG] 

527 

5 
>lcl|NC_021121.1_cdsid_gene6 

[gene=TRNP-GGG] 

70 

6 
>lcl|NC_021121.1_cdsid_gene7 

[gene=NDHE] 

299 

7 
>lcl|NC_021121.1_cdsid_gene8 

[gene=NDHJ] 

473 

8 
>lcl|NC_021121.1_cdsid_gene9 

[gene=NDHK] 

848 

9 
>lcl|NC_021121.1_cdsid_gene2 

[gene=NDHC] 

359 

 

1 T C T C C C A C T C C A G T C G T T 

2 A T G T T T C T G C T T T A T G A A 

3 T T A T C T A A C A G T T C A A G T 

4 A T G G A A C A T A C A T A T C A A 

5 A T G G A T T T A C C T G G A C C A 

6 G G G G T G T A G C G C A G C T T G 

7 A T G A T G C T C G A A C A T G T A 

8 A T G C A G G G T C G T T T G T C T 

9 A T G G G C A A T G A G T T T T G A 

10 A T G A C T G C A C C A G C T A C A 

11 G C G A C A T G G C C G A G T G G T 

12 G A G A G A T G G C T G A G T G G T 

13 C C T A C T T A A C T C A G C G G T 

14 T G A C T A T T G C T T T C C A A T 

15 G G G T C G A T G C C C G A G C G G 

16 C G T C C A T T G T C T A A T G G A 

17 A C G A A C C A T T T T C C T T G G 

18 C G C G G G G T A G A G C A G T T T 

19 T G A G T T G G C A A T C A G A A C 
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F
am

il
y

 3
=

 C
am

e_
cu

sp
id

at
a 

1 
>lcl|NC_021121.1_cdsid_gene1 

[gene=NDHB] 
3056 

2 
>lcl|NC_021121.1_cdsid_gene2 

[gene=NDHC] 
359 

3 
>lcl|NC_021121.1_cdsid_gene3 

[gene=NDHA] 
1087 

4 
>lcl|NC_021121.1_cdsid_gene4 

[gene=NDHF] 
2201 

5 
>lcl|NC_021121.1_cdsid_gene5 

[gene=NDHG] 
527 

6 
>lcl|NC_021121.1_cdsid_gene6 

[gene=TRNP-GGG] 
70 

7 
>lcl|NC_021121.1_cdsid_gene7 

[gene=NDHE] 
299 

8 
>lcl|NC_021121.1_cdsid_gene8 

[gene=NDHJ] 
473 

9 
>lcl|NC_021121.1_cdsid_gene9 

[gene=NDHK] 
848 

 

1 T C T C C C A C T C C A G T C G T 

2 A T G T T T C T G C T T T A T G A 

3 T T A T C T A A C A G T T C A A G 

4 A T G G A A C A T A C A T A T C A 

5 A T G G A T T T A C C T G G A C C 

6 G G G G T G T A G C G C A G C T T 

7 A T G A T G C T C G A A C A T G T 

8 A T G C A G G G T C G T T T G T C 

9 A T G G G C A A T G A G T T T T G 

10 A T G A C T G C A C C A G C T A C 

11 G C G A C A T G G C C G A G T G G 

12 G A G A G A T G G C T G A G T G G 

13 C C T A C T T A A C T C A G C G G 

14 T G A C T A T T G C T T T C C A A 

15 G G G T C G A T G C C C G A G C G 

16 C G T C C A T T G T C T A A T G G 

17 A C G A A C C A T T T T C C T T G 

18 C G C G G G G T A G A G C A G T T 

19 T G A G T T G G C A A T C A G A A 

 

F
am

il
y

 4
=

 C
am

e_
yu

nn
an

en
si

s 

1 
>lcl|NC_022463.1_cdsid_gene1 

[gene=NDHB] 
3056 

2 
>lcl|NC_022463.1_cdsid_gene2 

[gene=NDHC] 
359 

3 
>lcl|NC_022463.1_cdsid_gene3 

[gene=NDHA] 
1087 

4 
>lcl|NC_022463.1_cdsid_gene4 

[gene=NDHF] 
2240 

5 
>lcl|NC_022463.1_cdsid_gene5 

[gene=NDHG] 
527 

6 
>lcl|NC_022463.1_cdsid_gene6 

[gene=TRNP-GGG] 
70 

7 
>lcl|NC_022463.1_cdsid_gene7 

[gene=NDHE] 
299 

8 
>lcl|NC_022463.1_cdsid_gene8 

[gene=NDHJ] 
473 

9 
>lcl|NC_022463.1_cdsid_gene9 

[gene=NDHK] 
865 

 

1 T C T C C C A C T C C A G T C G T T 

2 A T G T T T C T G C T T T A C G A A 

3 T T A T C T A A C A G T T C A A G T 

4 A T G G A A C A T A C A T A T C A A 

5 A T G G A T T T A T C T G G A C C A 

6 G G G A T G T A G C G C A G C T T G 

7 A T G A T G C T C G A A C A T G T A 

8 A T G C A G G G T C G T T T G T C T 

9 A A A A G A A A A A A A A A A A A A 

10 A T G A C T G C A C C A G C T A C A 

11 G C G A C A T G G C C G A G T G G T 

12 G A G A G A T G G C T G A G T G G T 

13 T A A C T C A G T G G T A G A G T A 

14 T G A C T A T T G C T T T C C A A T 

15 G G G T C G A T G C C C G A G C G G 

16 C G T C C A T T G T C T A A T G G A 

17 A C G A A T T A T T T T C C T T G G 

18 C G C G G G G T A G A G C A G T T T 

19 T G A G T T G G C G A T C A G A A C 
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4.4.2 Results evaluation Genome and Select Stages 

 In genetic algorithm all families (Population) are taken and then compute 

fitness value for all Population based on mutation while firefly optimization 

algorithm take part of the population based on power of brightness (Matching)     

As explained in (3.3.1) and (3.3.2), the initial values for the Firefly algorithm are 

obtained from the Boyer Moore Good Suffix algorithm (3.1) and (3.2) which 

represent the evaluation value of the genome of each family.  

Table (4.2) shows samples of pattern that taken to implementation firefly 

optimization algorithm (3.3) and study the behavior of this algorithm to find best 

matching. The patterns are (TTAC, AAGC, TCAG, GTIA, TGAC) and number 

of iterations =100 and sigma (0.2, 0.001, 0.003)  

Table 4.2 Results of Firefly algorithm with iteration =100. 

# Pattern 
Sigma 

0.2 0.001 0.0003 

C
as

e 
1 

TT
A

C
 

# brightness Firefly Best 

0 0.08396946564885496 49 

1 0.06578947368421052 105 

2 0.06593406593406594 107 

3 0.06593406593406594 107 

4 0.06593406593406594 107 

5 0.06593406593406594 107 

6 0.06593406593406594 107 

7 0.06593406593406594 107 

8 0.07894736842105263 105 

9 115.83458251722274 3 
 

# brightness Firefly Best 

0 0.08396946564885496 49 

1 0.06578947368421052 105 

2 0.06593406593406594 107 

3 0.06593406593406594 107 

4 0.06593406593406594 107 

5 0.06593406593406594 107 

6 0.06593406593406594 107 

7 0.06593406593406594 107 

8 0.07894736842105263 105 

9 116.99445879049664 34 
 

# brightness Firefly Best 

0 0.08396946564885496 49 

1 0.06578947368421052 105 

2 0.06593406593406594 107 

3 0.06593406593406594 107 

4 0.06593406593406594 107 

5 0.06593406593406594 107 

6 0.06593406593406594 107 

7 0.06593406593406594 107 

8 0.07894736842105263 105 

9 116.9944291597021 6 
 

C
as

e 
3 

A
A

G
C

 

0 0.0967741935483871 113 

1 0.10067114093959731 113 

2 0.10738255033557047 113 

3 0.10738255033557047 113 

4 0.10738255033557047 113 

5 0.10738255033557047 113 

6 0.10738255033557047 113 

7 0.10738255033557047 113 

8 0.11585365853658537 113 

9 116.53074835837495 7 
 

0 0.0967741935483871 113 

1 0.10067114093959731 113 

2 0.10738255033557047 113 

3 0.10738255033557047 113 

4 0.10738255033557047 113 

5 0.10738255033557047 113 

6 0.10738255033557047 113 

7 0.10738255033557047 113 

8 0.11585365853658537 113 

9 116.9977414284751 54 
 

0 0.0967741935483871 113 

1 0.10067114093959731 113 

2 0.10738255033557047 113 

3 0.10738255033557047 113 

4 0.10738255033557047 113 

5 0.10738255033557047 113 

6 0.10738255033557047 113 

7 0.10738255033557047 113 

8 0.11585365853658537 113 

9 116.99388604790892 87 
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C
as

e 
3 

TC
A

G
 

0 0.028169014084507043 43 

1 0.028169014084507043 43 

2 0.028169014084507043 43 

3 0.028169014084507043 43 

4 0.028169014084507043 43 

5 0.028169014084507043 43 

6 0.028169014084507043 43 

7 0.028169014084507043 43 

8 0.028169014084507043 43 

9 112.90443726370023 27 
 

0 0.028169014084507043 43 

1 0.028169014084507043 43 

2 0.028169014084507043 43 

3 0.028169014084507043 43 

4 0.028169014084507043 43 

5 0.028169014084507043 43 

6 0.028169014084507043 43 

7 0.028169014084507043 43 

8 0.028169014084507043 43 

9 116.99984575231406 89 
 

0 0.028169014084507043 43 

1 0.028169014084507043 43 

2 0.028169014084507043 43 

3 0.028169014084507043 43 

4 0.028169014084507043 43 

5 0.028169014084507043 43 

6 0.028169014084507043 43 

7 0.028169014084507043 43 

8 0.028169014084507043 43 

9 116.88872576175314 57 
 

C
as

e 
4 

G
TT

A
 

0 0.015463917525773196 114 

1 0.015228426395939087 114 

2 0.015228426395939087 114 

3 0.015228426395939087 114 

4 0.015228426395939087 114 

5 0.015228426395939087 114 

6 0.015228426395939087 114 

7 0.015228426395939087 114 

8 0.01818181818181818 86 

9 113.87610546852068 37 
 

0 0.015463917525773196 114 

1 0.015228426395939087 114 

2 0.015228426395939087 114 

3 0.015228426395939087 114 

4 0.015228426395939087 114 

5 0.015228426395939087 114 

6 0.015228426395939087 114 

7 0.015228426395939087 114 

8 0.01818181818181818 86 

9 113.88841763798982 44 
 

0 0.015463917525773196 114 

1 0.015228426395939087 114 

2 0.015228426395939087 114 

3 0.015228426395939087 114 

4 0.015228426395939087 114 

5 0.015228426395939087 114 

6 0.015228426395939087 114 

7 0.015228426395939087 114 

8 0.01818181818181818 86 

9 116.9548814593092 29 
 

C
as

e 
5 

TG
A

C
 

0 0.016 38 

1 0.016 38 

2 0.016 38 

3 0.016 38 

4 0.016 38 

5 0.016 38 

6 0.016 38 

7 0.016 38 

8 0.016 38 

9 116.99001521519263 54 
  

0 0.016 38 

1 0.016 38 

2 0.016 38 

3 0.016 38 

4 0.016 38 

5 0.016 38 

6 0.016 38 

7 0.016 38 

8 0.016 38 

9 116.96071367772407 33 

0 0.016 38 

1 0.016 38 

2 0.016 38 

3 0.016 38 

4 0.016 38 

5 0.016 38 

6 0.016 38 

7 0.016 38 

8 0.016 38 

9 116.8817993092663 25 
 

Table (4.3) shows the graph of the fitness function for each case in table (4.2). 
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Table 4.3 Fitness Function  
S

ig
m

a
 

P
a

tt
er

 

 

Fineness Function 
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.2

 

T
T

A
C

 

 

A
A

G
C

 

 

T
C

A
G

 

 



Chapter Four                                                         Results and Discussion 

64 
 

G
T

T
A

 

 

T
G

A
C

 

 

 

T
T

A
C

 

 



Chapter Four                                                         Results and Discussion 

65 
 

0
.0

0
1 

A
A

G
C

 

 

T
C

A
G

 

 

G
T

T
A

 

 



Chapter Four                                                         Results and Discussion 

66 
 

T
G

A
C

 

 

T
T

A
C

 

 

0
.0

0
03

 A
A

G
C

 

 



Chapter Four                                                         Results and Discussion 

67 
 

T
C

A
G

 

 

G
T

T
A

 

 

T
G

A
C

 

 



Chapter Four                                                         Results and Discussion 

68 
 

T
T

A
C

 

 

 

Table (4.4) shows the best location of that chosen by Firefly algorithm in 

range of iteration =100.In table (4.4) will find the pattern ( TCAG ,  TGAC ,  

TTAC ) with sigma 0.2 are fail to find matching ,the pattern (TCAG) with 

sigma=0.0001 fail to find matching, and pattern (AAGC,TCAG,GTTA,TGAC) 

are fail to find matching  with sigma =0.0003. 

 

Table 4.4 The Best Location. 

S
ig

m
a

 p
a

tt
er

n
 

Best Location Selection   

0
.2

 

T
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A
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4.4.3 Results of Building Phylogenetic Tree  

 The order of input data is known to have a great influence on the results of 

a NJ algorithm. That is, given a set of homologous sequences, the NJ and UPGM 

may construct several different phylogenetic trees when the order of the input 

data is different. Therefore, we tested the consistency between the resulting trees 

and the real data. Figure (4.6) shows the distance matrix of the DNA of the three 

plant families : Came_ taliensis ,  Came - sinensis     , and  Came_ Prunus_ 

yedoensis . When the order of the input data is changed, the NJ and UPGM 

algorithm constructs two different phylogenetic trees. 
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327 0            
317 172 0           
315 174 21 0          
323 154 147 147 0         
359 231 186 185 209 0        
281 264 253 251 256 302 0       

1039 1047 1044 1040 1047 1046 1055 0      
319 154 148 143 129 207 260 1035 0     
243 294 292 294 294 352 268 1037 295 0    
327 192 191 186 159 238 270 1045 153 290 0   
315 121 154 151 125 203 248 1040 121 293 166 0  

273 252 230 226 236 279 157 1056 229 245 247 225 0 

a) distance matrix of the Came_ taliensis 

0             
1767 0            
1850 1213 0           
1577 1229 1229 0          
1716 1346 1348 475 0         
1628 1061 991 838 1028 0        
1702 1271 1392 961 1061 1059 0       
1503 1530 1641 1406 1536 1381 1648 0      
1495 1025 1006 804 997 680 1092 1373 0     
1381 1795 1718 1786 1930 1733 1736 1691 1741 0    
2116 1961 1922 1229 1355 1684 1708 1973 1689 2232 0   
1622 1201 738 903 1101 787 1095 1492 610 1597 1782 0  
1359 1444 1357 1166 1304 1135 1274 1085 1142 1469 1807 1153 0 

 

b) distance matrix of the Came - sinensis     

0             
1767 0            
1850 1213 0           
1577 1229 1229 0          
1716 1346 1348 475 0         
1628 1061 991 838 1028 0        
1702 1271 1392 961 1061 1059 0       
1503 1530 1641 1406 1536 1381 1648 0      
1495 1025 1006 804 997 680 1092 1373 0     
1381 1795 1718 1786 1930 1733 1736 1691 1741 0    
2116 1961 1922 1229 1355 1684 1708 1973 1689 2232 0   
1622 1201 738 903 1101 787 1095 1492 610 1597 1782 0  
1359 1444 1357 1166 1304 1135 1274 1085 1142 1469 1807 1153 0 

 

c) distance matrix of the Came_ Prunus_ yedoensis 

Figure (4.6) Distance Matrix Results of Three Plan Families. 
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 Figure (4.7) show results of neighbor joining (NJ) tree to detect the input 

genome of three plant family :  Came_ taliensis ,  Came - sinensis     , and  Came_ 

Prunus_ yedoensis  

 

a) NJ of the Came_ taliensis 

 



Chapter Four                                                         Results and Discussion 

76 
 

b) NJ of the Came - sinensis    

 

c) NJ of the Came_ Prunus_ yedoensis 

Figure (4.7) Results of NJ for Three Plan Families. 

 

Figure (4.8) show results of Unweighted Pair Group Method (UPGM) Tree 

to detect the input genome of three plant family :  Came_ taliensis ,  Came - 

sinensis     , and  Came_ Prunus_ yedoensis  
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a) UPGM of the Came_ taliensis 

 

b) UPGM of the Came - sinensis    

 

c) UPGM of the Came_ Prunus_ yedoensis 

Figure (4.8) Results of UPGM for Three Plan Families. 

 



Chapter Four                                                         Results and Discussion 

78 
 

4.4.4 Results of Boot Strap Measure  

 The Bootstrap metric is used to evaluate the performance of both the NJ 

and UPGM tree to detect the input genome, the best bootstrap obtains with pattern 

TCAG =0.919013 while TTAC=0.47074 and AAGC =0.400764,see table( 4.5).  

Table 4.5 Performance Evaluation of the NJ and UPGM based on Bootstrap 

Measure.  

Input 

Genome 

 

Boot Strap Measure 

 

T
T

A
C
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4.5 Comparison between Genetic Algorithm and Firefly 

Optimization Algorithm  

 The comparison between the genetic algorithm and the firefly optimization 

algorithm is based on several parameters and is listed as below: 

1- In genetic algorithm (GA) all population in dataset are taken and then find 

match between input genome and dataset but in firefly optimization 

algorithm take only samples of the population to find matching. To study 

the problem space to find the matching using GA and Firefly optimization 

mathematically as shown below: 

Suppose the dataset include three families X,Y,Z ∈ population to find best 

matching (𝜌 )using in both GA and firefly algorithm using equation (4.1): 

𝜌=𝑋! 𝑌! 𝑍! (4.1) 

 

So by default the firefly is faster than GA because firefly algorithm has 

fewer samples than in GA. 

2- In Genetic algorithm take all possibility of population for all families in 

dataset then make specific mutation and then apply the Genetic algorithm 

to find the best fitness which represents (matching between all families in 

dataset) and this mutation is randomly. But in the firefly optimization, the 

pattern is pre-determined within a specified algorithm to find matches 

between families, thus increasing the speed by finding the best match. 

Figure (4.9) show the comparison between Genetic algorithms and Firefly 

optimization algorithm to building Phylogenetic tree , where figure (4.9a ) 

illustrated example of Phylogenetic tree using Genetic algorithms (GA) 

while figure (4.9b ) illustrated example of Phylogenetic tree using Firefly 

optimization algorithm . 
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a) Building of the Phylogenetic tree using Genetic algorithms 

 

b) Building of the Phylogenetic tree using Firefly Optimization 

algorithms 

Figure (4.9) Comparison between Genetic Algorithms and Firefly 

Optimization Algorithm to building Phylogenetic Tree. 
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The figure (4.9) proved both GA and Firefly optimization algorithm have 

the ability of building tree but the different is the genetic algorithm needs 

a supercomputer to implement it and reach the optimal solution, and this 

takes a lot of time and high cost, but in the optimization algorithm you need 

a computer with specifications available to everyone that is inexpensive 

and does not need a large time to reach part of the optimal solution. 
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Chapter Five  

Conclusion and Future Works 

5.1 Introduction  

 The current chapter rounds this thesis up with some conclusions about the 

implementation and results of the proposed Firefly Optimization Versus Hybrid 

Genetic Algorithm for Inferring Well Phylogenetic Tree. These conclusions are 

illustrated in section (5.2), while, section (5.3) clarifies the suggestions for future 

work. 

 

5.2 Conclusions 

 The main conclusions could be drawn from the results and tests of this 

work, as follows: 

1- The proposed Firefly Optimization Versus for Inferring Well Phylogenetic 

Tree is successfully implemented to fulfill the conditions: robust and fast 

as shown in section (4.3). 

2- The firefly optimization algorithm is employed to find the best fitness 

based on the power of brightness (Matching) between all families of the 

DNA dataset in a faster manner. 

3- The proposed system has ability to build  Phylogenetic Tree using to 

techniques are : neighbor joining (NJ) tree and Unweighted Pair Group 

Method (UPGM) Tree . 

4- The choice of pattern has a significant effect on the results of bootstrap 

measures, where the best value of bootstrap has obtains with pattern TCAG 

=0.919013 while TTAC=0.47074 and AAGC =0.400764. 
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5.3 Future works 

There are some suggestions that can be applied to develop the proposed 

system, which are as follows: 

1- Using another optimization algorithm in the proposed system likes shark 

or Camel    optimization algorithm. 

2- Infer phylogenetic trees by using the maximum likelihood method (ML). 

The core of the method is an algorithm that adjusts tree topology and 

branch length simultaneously. 

3- Applied the proposed system for the Huma DNA. 
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 الخالصة

 تلفةالمخ األنواع في تحدث التي التعديالت دراسة هو والتطور النشوء تحليل أبحاث من الغرض

 وتسلسل فاألسال تسلسل واكتشاف الجيني النووي الحمض تسلسل بين الروابط وإيجاد التطور عملية خالل

 نسبي سجن لتحليل مهمة والتطور النشوء أشجار تعتبر ، الحيوية المعلوماتية مثل تخصصات في. أحفادهم

 .ومقارن

. والتطور النشوء أشجار لبناء والبروتين النووي الحمض تسلسل مثل الجزيئية البيانات تُستخدم

 شجرة ناءب يعد. الجينومية التسلسالت تمثل والتطور النشوء شجرة في ، التصنيفية الوحدات أو ، العقد

 جرةلش يمكن ، إنشائها بمجرد. الحيوية المعلوماتية مجال في مهمة ولكنها معقدة مشكلة والتطور النشوء

 من كبير عددل بالنسبة أنه في المشكلة تكمن. المختلفة األنواع لتطور ثاقبة نظرة تقدم أن والتطور النشوء

 .بسهولة حلها يمكن ال حسابي تعقيد درجة إلى المشكلة تتطور ، األنواع

 الحلول إليجاد وقوة أسرع بشكل والتطور النشوء أشجار لبناء نظاًما األطروحة هذه اقترحت 

 بين لمقارنةا إجراء وأخيًرا التمهيد قياسات باستخدام األداء تقييم. اليراع تحسين خوارزمية على بناءً  المثلى

 .اليراع تحسين وخوارزمية الجينية الخوارزمية

 شجرة بناء على القدرة لديه المقترح النظام أن المقترح النظام في مرحلة كل ونتائج تنفيذ أظهر

 مقياس ىعل بناءً  المقترح النظام أداء وتقييم اليراع تحسين خوارزمية باستخدام بسرعة والتطور النشوء

 = المقترح النظام في تحصل قيمة أفضل وأن العائلة أشجار بين التطابق مدى يقيس الذي التمهيد

9.515910. 
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