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Abstract. The phylogenetic analysis is one of the fundamental analyses in bioinformatics, aiming at determining the 

evolutionary relationship between a set of taxa. While recent advances in sequencing technology have led to decreased 
costs and increased availability of whole-genome sequences, there are various studies focusing on employing a partial 
sequence as a genome representative in phylogenetic studies. This situation can often be encountered in the analysis of 
viral evolution, where the analysis is more biased towards antigen evolution and variation can be tracked through one or 
more coding subsequences of the genome. Such a representative may drastically decrease the cost of computation. The 
lack of a tool for finding a genome representative motivated us to investigate the application of distance metrics of tree 
space in order to highlight candidates for the role of phylogenetic representative. In this preliminary study, we propose a 
pipeline to compute the phylogenetic self-similarity of the genome by using a tree distance and visualizing the results in 
a 2D map. Though our approach is at an early stage of development, the obtained results indicate that the approach has 
potential as an exploratory tool in phylogenetic studies. 
Keywords: visualization, phylogenetic tree, similarity, tree distance, genome. 

 
Introduction 

Phylogenetic analysis plays an important role in many studies within evolutionary biology [1]. It is one of 
the fundamental analyses in bioinformatics, aiming at determining the evolutionary relationship between a set 
of taxa. Reconstructing a phylogenetic tree from molecular data can lead to a better understanding of evolution 
among different groups of organisms [2]. Specifically, in the case of virus studies, it provides a valuable view 
of the evolutionary history of viruses and the transmission behavior of diseases, which is urgent for designing 
a strategy to combat them [3]. Recent advances in sequencing lead to a rapid growth of large-scale genomic 
data, which highlights that estimating phylogeny requires novel, fast, and accurate methods and pipelines [4]. 

Embedding genetic sequences into tree space is a good way of interpretation since the raw sequences are 
not human-readable in terms of phylogenetic characteristics. Although visualizing phylogenetic relationships 
as a rooted acyclic graph is simple, interpretable, and facilitates hypothesis formulation and testing, such 
representation cannot cover all evolutionary events [5]. Recombination, horizontal transfer, and hybridization 
are examples of events that are poorly described in the content of rooted acyclic graphs. Therefore, a 
generalization of tree structure called a phylogenetic network is employed to express the reticulate 
events [6, 7]. 

An efficient way to quickly gain overall insight about phylogeny is selecting phylogenetic representatives 
to approximate a phylogenetic tree of the full genome. Previous studies have also demonstrated that some 
regions of the genome have the potential to be selected as its phylogenetic representative. This can be visited 
especially in viruses, where the majority of the evolution is directed at events occurring in specific antigens. 
For example, a fragment of glycoprotein E (gE) from the Tick-Borne Encephalitis Virus (TBEV) complete 
genome is used for genotyping and classifying its isolates [8]. The fragment consists of 151 amino acid 
residues (aa positions 104–254), encoded by 454 nucleotides (positions 309–762) in gene E [9].  

Similarity measurement deeply underpins many areas of bioinformatics, including classical topics, such as 
sequence alignment [10], as well as modern topics like protein function prediction and even protein 
folding [11]. Various types of similarity measures have been defined for genomic sequences. While some are 
directly related to phylogeny, others are taken from fields such as natural language processing (NLP) and 
fractal analysis. In this work, we focus on self-similarity, which can reflect the evolutionary behavior of a 
continuous fragment in relation to the entire genome. Here, we provide a brief review of fractal-based methods 
and those based on NLP techniques. 
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To the best of our knowledge, the first fractal-like visualization of genomic sequences is the Chaos Game 
Representation (CGR), proposed by Jeffrey [12]. The CGR method draws a unit square, with each corner 
representing a nucleotide (A, C, G, and T). The algorithm begins by setting the center of the square as the 
initial point. At each iteration, the algorithm selects the nucleotide at the position corresponding to the iteration 
index. It then assigns a new point that lies midway between the point associated with the previous iteration 
(i.e., the previous nucleotide) and the corner corresponding to the current nucleotide. A practical proof of the 
potential application of CGR for assessing self-similarity was provided by plotting the CGRs of 21 human 
chromosomes [13]. Hao et al. [14] have observed fractal-like patterns across long DNA sequences and 
employed them to develop a deterministic method for visualization of DNA in a 2D portrait format. As stated 
by the authors, the method can be used to highlight the evolutionary relatedness of species. The proposed 
visualization illustrates the regularities in DNA, which can be beneficial in measuring self-similarity. Recently, 
Durán-Meza et al. [13] studied the multifractal properties of DNA and proposed a visualization of long DNA 
sequences by plotting the multifractal spectra representing the level of multifractality in the genomic sequence. 
Although fractal-based approaches have typically been developed to measure similarity between sequences, 
for example, in classification tasks [15], we believe they also have potential for measuring self-similarity 
within genomic sequences. Despite these promising results, fractal-based approaches remain difficult to 
interpret. 

Generally, many mathematical tools for measuring similarity require a numerical representation of data. A 
genomic sequence can be represented in a numerical vector space using encoding or embedding approaches. 
These methods typically break the sequence into k-mers while preserving their order and replace each k-mer 
with its numerical representation. A simple example of DNA encoding is one-hot encoding, where each 
nucleotide is represented by a binary vector. More advanced approaches are adapted from NLP, such as the 
Word2Vec framework [16]. Another popular method is positional embedding [17], a key component of 
transformer models. This type of embedding not only captures the relationships between words within the 
sequence context but also incorporates their positional information, thereby enhancing model performance. 

Accordingly, various embeddings for genomic sequences have been proposed, such as ProtVec [18] and 
Gene2Vec [19]. These embeddings are typically trained on large datasets to capture general patterns within 
the data or are generated for specific tasks using specialized datasets, for example, immunological sequences. 
Since some species have a unique type of genome organization and specific genetic patterns, employing 
Word2Vec-based embeddings to identify a genome representative may not be adequate. Despite their 
promising results on similar tasks, these models also require training on genomic sequences of each species 
individually to effectively measure self-similarity within its genome. In other words, the model must be 
specifically retrained and adapted for each species. In addition, numerical vector embeddings of genomic 
sequences often increase the sequence length, leading to higher computational cost. 

Our aim is to leverage phylogenetic self-similarity across a set of genome sequences to highlight potential 
regions of candidates for the role of genome representative. The absence of a dedicated tool motivates the 
development of our approach. To maintain simplicity and interpretability, the proposed method operates in the 
space of phylogenetic trees. 

Our contribution in this paper is as follows: 
● Proposing a pipeline for computing the phylogenetic self-similarity along the genome and visualizing 

the results in a 2D map. 
● Experimentally investigating the extent to which phylogenetic representatives can approximate the 

phylogenetic behavior of the complete genome. 
To the best of our knowledge, no such pipeline has been proposed so far. The pipeline consists of four main 

steps: 
● Estimating a reference phylogenetic tree. 
● Estimating partial phylogenetic trees based on fragmented genome sequences. 
● Comparing the partial phylogenetic trees with the reference tree using a tree distance metric. 
● Visualizing the resulting similarity measures along the genome. 
The pipeline accepts an aligned FASTA file as its input, processes it, and generates the final output as a 2D 

visualization scene. We also investigate the phylogenetic characteristics of a coding (nucleotide) sequence of 
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glycoprotein E as a genome representative for tick-borne encephalitis virus (TBEV). This fragment serves as 
a typical sequence for determining the TBEV phylogeny and is the key element in the clusteron 
approach [8, 20] and its implementation in the TBEV Analyzer platform [21]. 

The remainder of this paper is organized as follows: Section 2 presents the methodology of the pipeline, 
where each step is described in detail. In Section 3, we outline the computational experiment setup and present 
the results. The pipeline is evaluated through numerical experiments and visualization of the TBEV genome. 
Finally, conclusions and directions for future work are provided in Section 4. 

 
Methodology 

Figure 1 illustrates the overall schema of the proposed pipeline. It consists of five main steps: 
● Data preparation. 
● Estimation of the reference phylogenetic tree from the complete sequences. 
● Fragmentation of the complete sequences and construction of a phylogenetic tree for each fragment. 
● Measurement of the distance between each fragment tree and the reference tree. 
● Visualization of the results in a 2D map, where the x-axis represents the position of the fragment within 

the complete sequence, and the y-axis indicates the fragment length. 
Each step of the pipeline is explained in detail in the following subsections. 
1. Data preparation 

The goal of this step is to prepare a FASTA-format file of genomic sequences that meet three criteria: they 
must be aligned, free of recombinant sequences, and free of duplicates. We begin with alignment. Sequence 
alignment is a crucial step in most evolutionary analyses. The purpose of alignment is to arrange genomic 
sequences by identifying regions of similarity that indicate the type of relationship, such as evolutionary 
history. The output of an alignment algorithm consists of sequences of equal length. For more details on 
sequence alignment, the interested reader is referred to [22]. It is worth noting that, although alignment remains 
a foundational technique in bioinformatics, there is a growing trend in the scientific community toward 
developing alignment-free methods for various bioinformatics tasks [23]. 
 

 

Figure 1. Schema of the proposed pipeline. The pipeline mainly consists of five steps: data preparation; construction 
of the reference phylogenetic tree; sequence fragmentation; construction of a phylogenetic tree for each fragment; 

measurement of the distance between the reference tree and each fragment tree; and visualization of the final results 
in a 2D map. Note that FastTree is used for phylogenetic tree construction 

 
The output of an alignment process usually requires post-processing steps, such as trimming, to tackle gaps. 

Hence, alignment results often need manual correction and expert validation. Among the available alignment 
tools, we chose MAFFT (Multiple Alignment using Fast Fourier Transform) [24] due to its speed, accuracy, 
and efficiency in handling long sequences, large datasets, and gap-rich regions. Note that the quality of 
alignment significantly affects the accuracy and reliability of inferred phylogenetic trees [25]. 

After trimming and handling gaps in the aligned sequences, duplicates are identified and removed. As 
mentioned earlier, certain evolutionary events, such as recombination, cannot be accurately represented in a 
rooted acyclic graph. Therefore, it is necessary to exclude the sequences of recombinants. Recombination 
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events within the sequences are identified using the Recombination Detection Program (RDP) [26] along with 
other methods within RDP5 (GENECONV, BootScan, MaxChi, Chimaera, SiScan, and 3Seq), applying the 
default parameters and a significance threshold of p-value of 0.05. Sequences flagged as potential 
recombinants by at least two methods are excluded from further analysis. The final curated multiple sequence 
alignment (MSA) is then converted to PHYLIP format using the Biopython package [27]. 

2. Reference phylogenetic tree estimation 

The second step involves estimating a reference phylogenetic tree from the aligned sequences obtained in 
the previous step. This inferred tree serves as a reference for evaluating the similarity between a selected 
fragment and the whole sequence. A fragment, in this context, refers to a continuous subsequence of the 
genome. Algorithms for reconstructing a phylogenetic tree from a set of aligned sequences can be grouped 
into three main categories: distance-based methods (e.g., neighbor-joining), character-based methods (such as 
maximum parsimony and maximum likelihood), and Bayesian inference methods [2]. Maximum likelihood 
(ML)-based methods are generally evaluated as the most accurate, but they are computationally intensive [4]. 
Since searching for the optimal tree under the ML framework is an NP-hard problem, many algorithms employ 
heuristics to manage the trade-off between speed and accuracy. 

 

 

Figure 2. The process of fragmentation and measuring the phylogenetic tree. A fragment is a shifting window along the 
multiple sequence alignment. The fragment is varied by its center and length. The self-similarity score is obtained by 

measuring the distance between the fragment and reference trees 

 
There are various widely used tools for phylogenetic tree inference based on maximum likelihood, e.g., 

RAxML [28], IQ-TREE2 [29], and FastTree 2 [30]. RAxML (Randomized Axelerated Maximum Likelihood) 
is one of the leading programs based on ML estimation and is capable of handling large-scale datasets through 
various strategies to accelerate computation. In terms of speed and performance, FastTree is recognized as one 
of the fastest tools for approximate phylogenetic tree inference using the ML approach, offering reasonable 
accuracy in topology estimation despite slightly lower accuracy in branch length estimation [4, 25, 3]. In our 
pipeline, we use FastTree 2 with its default parameters for phylogenetic tree construction due to its 
computational efficiency. For simplicity, we refer to FastTree 2 as FastTree throughout the remainder of this 
paper. We also include RAxML in our numerical experiments to demonstrate that FastTree provides a good 
approximation of RAxML's results. It is worth mentioning that all trees generated by these programs are 
subsequently rooted at the midpoint using the ETE3 Toolkit [31]. 

3. Fragmentation 

A fragment is a multiple sequence alignment that represents a subset of the full-genome MSA. It consists 
of aligned subsequences defined by two parameters: center and length. Conceptually, a fragment can be viewed 
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as a sliding window along the complete sequences, where the window's position and size are determined by 
its center and radius (see Fig. 2). To measure self-similarity, we generate multiple fragments from the full-
genome MSA by varying their center and length, construct a phylogenetic tree for each fragment, and compute 
the distance between the fragment tree and the reference tree. A parallel computation strategy is employed to 
accelerate the pipeline's speed during the distance measurement step. Notably, all settings used for 
phylogenetic tree construction in this step are identical to those used for estimating the reference tree. 

 
Comparison of phylogenetic trees 

Since a similarity measure can be viewed as the converse of a distance measure, we frequently switch 
between them in the rest of this paper. To evaluate the phylogenetic similarity between each fragment and the 
complete sequences, we use the topology of their corresponding phylogenetic trees. The genetic sequences of 
a fragment are embedded into tree space, and then the distances are calculated over this metric space. There 
are various metric distances defined for tree space according to tree clusters, splits, or sets of taxa (labels). The 
Robinson-Foulds (RF) distance [32] is one of the most common and simple metrics still used for phylogenetic 
tree comparison. Although it can be computed fast in linear time, it suffers from some shortcomings, e.g., 
imprecision compared to other methods, overestimation, and underestimation in some cases [33]. The distance 
is constructed based on two functions, ^ and ^�7, which are called contraction and decontraction operators, 
respectively. The ^ operator contracts an edge by merging its endpoints and creating a new vertex labeled by 
the union of the endpoint’s labels. On the contrary, the ^�7 performs the inverse operation by generating a 
new edge and converting a vertex into two vertices representing the endpoints of the new edge, while the label 
set of the old vertex is split in any fashion between the two new vertices. Given two trees, J7 and J1, defined 
on the same set of taxa, the ^ operator contracts all edges from J7 that are not present in J1 and results in J7 ∧
J1. The ^�7 expands the J7 ∧ J1 structure by adding those edges that are in J1 but are not included in J7 to 
reconstruct J1. The RF distance between two trees, J7 and J1, is defined as the minimum number of operations 
(^ and ^�7) to convert J7 into J1) [32]. The distance ranges from zero to 2�< � 3� for the case of unrooted 
trees with < taxa. Therefore, it can be normalized as follows: 

�`ab�J7, J1� � �ab
2�< � 3�. 

There are various versions of RF distance by its generalization, normalization, or the method of calculating 
the similarity score between pairs of splits [34, 35, 36]. Smith [35] investigated the generalized RF metrics for 
comparing phylogenetic trees, in the results of which he recommends the application of clustering information 
(CI) distance due to intuitiveness and meaningfulness. The CI distance is a kind of entropy distance. Taking 
the same definition and notation provided by Smith, we explain the basics of this distance metric. 

A split of a tree with taxa set # into a bipartition Z and 3 leads to the formation of two disjoint clusters of 
taxa associated with Z and 3. The entropy of split � is calculated as follows: 

&��� � �5cd�Z� eOf  5cd�Z�  � 5cd�3� eOf  5cd�3 �, 
where 5cd�Z� is the probability that a randomly selected taxon (label) belongs to cluster Z and is defined as 
5cd�Z� � |Z| ÷ |#|. The same holds for 5cd�3� accordingly. The CI distance corresponds to the mutual 
clustering information (MCI) concept. Given two splits, �7 and �1, the MCI measures the amount of 
information that is shared between splits. In other words, it reflects how knowledge about disjoint clusters Z7 
and 37 obtained from split �7 decreases the uncertainty about disjoint clusters Z1 and 31 in �1. MCI is 
calculated as follows [34]: 

icd��7; �1� �  5cd�Z7, Z1� eOf  5cd�Z7, Z1�
5cd�Z7�5cd�Z1�   �  

�5cd�Z7, 31� eOf 5cd�Z7, 31�
5cd�Z7�5cd�31� � 

�5cd�37, Z1� eOf  5cd�37, Z1�
5cd�37�5cd�Z1� � 

� 5cd�37, 31� eOf  5cd�37, 31�
5cd�37�5cd�31�,  
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where 5cd�Z7, Z1� � |Z7 ∩ Z1| ÷ |#| represents the probability of a point occurrence in both clusters Z7 and 
Z1 from �7 and �1, respectively. The metric reflects the degree of agreement between two trees on exhibiting 
the relationship of taxa by grouping them. The CI distance employed in this paper is based on MCI and 
normalized, so it ranges between zero and one. The interested reader is referred to Smith's paper [34] for a 
detailed description of the distance. 

 
2D map visualization 

The fragmentation yields a 2D map, with the X-axis and Y-axis representing the center and length of 
fragments, respectively. The map is constructed based on a grid, where each point corresponds to a fragment. 
The coordinates of each point are determined by striding over user-specified ranges for the center and length 
parameters, and the value at each point represents the distance between the fragment's phylogenetic tree and 
the reference tree. Thus, each fragment is associated with a 3D coordinate �>, Q, l�, where > and Q denote the 
fragment's center and length, and l indicates the tree distance. To enhance the visualization quality, we apply 
interpolation and generate a contour plot, in which the color of each point reflects the similarity between the 
fragment and the full MSA. Colors are assigned using a blue-to-red gradient palette, where blue indicates high 
similarity and red indicates low similarity. 

 
Experiments & Results 

Here, we discuss the details of two experiments. In the first one, we reconstruct the 2D self-similarity map 
using the expensive method RAxML, the result of which is called the reference map. Although we believe this 
map has a very good approximation of self-similarity, we try to find a desirable approximation that has a better 
trade-off between the accuracy and cost. This new approximation is obtained by applying FastTree, and the 
resulting map is compared with the one obtained from RAxML. That is why we refer to the RAxML's map as 
the reference map. 

We use the tick-borne encephalitis virus (TBEV) as a case study. This virus has an approximately 11-
kilobase genome. We downloaded 493 records from the GenBank nuccore database [37] by setting the 
minimum length of sequence to nine kilobases. The obtained FASTA file from GenBank was fed into the 
MAFFT (v7.490) program to conduct alignment. The result of alignment was manually trimmed and curated 
in MEGA 11 (version 11.0.13) [38]. The curated FASTA file was checked for any duplicate sequence by the 
SeqKit toolkit [39]. We removed the recombinants using the RDP5 program [26], as stated in Subsection 2.1. 
The final FASTA file has 300 viruses that are further used for constructing the self-similarity map. 

Before starting the experiments, we need to determine the grid, based on which the 2D map will be 
constructed. We set the minimum and maximum of the fragment length (!m*? and !mno) to 300 and 600, 
respectively. The stride value for both length and center was set to three since a codon is defined by three 

nucleotides. The fragment center varies within the range p⌊rstu
1 ⌋, ! � ⌈rstu

1 ⌉y, where ! is the length of the 

complete genome sequence. Considering these parameters, a total set of 334209 fragments was generated 
during each experiment. 

To conduct the first experiment, it is required to construct the reference tree. This tree is obtained by 
applying RAxML to the whole genome sequences of TBEVs. We measure the similarity of a fragment tree 
according to the reference tree. Note that all parameters for generating the (reference and fragment) trees are 
fixed during each experiment. Once the reference tree was achieved, the fragments were fed into RAxML in a 
parallel fashion to construct their phylogenetic tree under the GTRGAMMA model. We employed the rpy2 
package [40], which allows accessing R packages in Python, to use the TreeDist and ape packages for loading 
trees and measuring the distance between a fragment tree and the reference one. The distance was computed 
by the ClusteringInfoDistance function in a normalized fashion [34, 36]. Note that all trees were rooted at the 
midpoint using the ETE3 Toolkit [31] before distance measurement. The fragmentation forms a grid, the axes 
of which represent the length and center of fragments. Each row of the grid includes the fragments with the 
same length while the center is striding. To provide a contour visualization, we applied the unstructured 
triangular grid followed by interpolating to the grid using Matplotlib [41]. 

The only difference between the first and second experiments lies in the phylogenetic tree reconstruction 
program. The second experiment utilizes FastTree 2 instead of RAxML to boost the speed of the pipeline. To 
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evaluate the speed of FastTree in comparison to RAxML, we carried out a supplementary experiment in which 
1000 out of 334209 fragments were randomly selected and given to both programs to construct the 
phylogenetic tree while we tracked the execution time for them. Figure 3 shows the distributions of tree 
generation for fragments. The result indicates that FastTree is at least 20 times faster than RAxML. Here, a 
question arises whether this acceleration gives a good approximation of the RAxML results. Figure 4 
demonstrates the results of 2D map visualization for both programs. 
 

Figure 3. The execution time distribution for constructing the phylogenetic tree of randomly selected 1000 fragments. 
The left and right histograms are the results for RAxML and FastTree, respectively. FastTree outperforms RAxML 

in terms of speed by about 20 times. The X-axis represents time in seconds 

 
In recent years, a platform for analyzing the characteristics of TBEV called TBEV Analyzer has been 

developed [21]. The platform utilizes a specific fragment of the coding (nucleotide) sequence of the gene E 
and returns the hierarchical phylogenetic characteristics of the query virus. This fragment includes 454 
nucleotides (positions 309–762) encoding 151 amino acid residues (positions 104–254 aa) of the viral genome 
(gene E). As mentioned in [42], there are five reasons due to which this fragment is chosen to characterize 
TBEV: 

● It includes both conservative and variable regions. 
● It contains unique amino acid substitutions at positions 175, 206, and 234 that are critical for 

identifying the subtypes and phylogenetic lineages. 
● The majority of the GenBank TBEV records cover this fragment. 
● The fragment length is a compromise between sufficient information content and the possibility of its 

amplification, which allows studying the maximum number of virus samples obtained per season from 
natural foci of TBEV, almost in real-time mode. 

● The results of phylogenetic analysis based on this fragment are quite comparable in informativeness 
with those of the complete genome sequence. 

The last reason indicates that it has a role to be a representative for the TBEV genome. The green point in Fig. 4 
indicates the position of this fragment along the grid. The overall distance of this fragment is about 0.3 and 0.25 for 
RAxML and FastTree 2, respectively. It seems that the fragment has a moderate degree of similarity. Obviously, 
there are several regions with dark blue indicating the high degree of similarity with the full genome. It should be 
better to point out that the 2D map is used to infer a set of candidates; however, choosing a representative requires 
additional information and verification that is beyond the pipeline's functionality. 

Altogether, we recommend using our pipeline with FastTree to save time and resources. FastTree provides 
a good approximation of RAxML's results. Generally, the results of FastTree are smoother and more optimistic 
than those of RAxML. The pipeline mainly has two drawbacks. The first drawback is the resolution of the 
grid. Increasing the length of the fragment provides more information about the genome, leading to decreasing 
the fragment tree distance. We try to determine a proper resolution for the fragmentation grid. A high resolution 
in both center and length causes the number of fragments to increase in a quadratic manner, which adds more 
cost to computation. The appropriate choice is currently determined experimentally and depends on the length 
of the genome. Another drawback is that the choice of grid parameters requires prior knowledge about the 
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minimum and maximum length of the fragment. Indeed, the fragment should have enough length to reflect the 
phylogenetic variation. 

To the best of our knowledge, this is the first time that a visualization of phylogenetic self-similarity of the 
genome has been proposed. The primary application of our pipeline is to identify a set of candidates of partial 
sequences aiming to search for a genome representative. The choice of candidates depends on the task in which 
the representative is employed and requires prior knowledge about, e.g., biological characteristics of 
candidates. Application of the genome representative may dramatically decrease the cost of computation in 
phylogenetic studies. 
 

 

Figure 4. The 2D map visualization of phylogenetic self-similarity for the TBEV genome. The top plot is the results 
obtained from the RAxML program, while the bottom one is for FastTree. It is worth mentioning that FastTree gives 

a good approximation of the RAxML map while it is almost 22 times faster than RAxML within our experiments. The 
blue and red colors exhibit the low and high distances to the reference phylogenetic tree, respectively. The green point 

shows the result for the coding sequence of the gene E fragment used in the TBEV Analyzer platform 

 
Conclusions 

In this paper, we conducted a pilot study on computation and visualization of phylogenetic self-similarity 
for the genome. The main goal of the proposed pipeline is identifying the potential candidates that are more 
similar to the genome regarding the phylogenetic characteristics. The set of candidates can further be processed 
by an expert to select a representative of the genome. Such a representative may drastically decrease the cost 
of computation in phylogenetic studies. A desirable representative should be informative, biologically 
significant, and available in a public database. A good example of such a representative is the fragment of 
TBEV's gene E that is employed as input for the TBEV Analyzer platform. Besides its advantages, we 
demonstrated that this fragment has a moderate degree of similarity to the genome. 

We plan to improve the pipeline speed by employing the VeryFastTree program [43] instead of FastTree. 
However, this requires comparing the map obtained from VeryFastTree with those of FastTree and RAxML 
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to determine the quality of approximation. Another improvement can be achieved by the application of 
heuristics for searching candidates in the grid space. This can avoid computing the similarity for the whole 
grid and lead to implementing an optimized algorithm. The recent advances in the field of constructing 
phylogenetic trees suggest the application of deep learning [44]. We expect that deep learning has the potential 
to facilitate the task of computing the phylogenetic self-similarity and speed up the pipeline while maintaining 
the quality of approximation in the visualization scene. 
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