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that considers matches, mismatches, and gaps between sequences. Needleman-Wunsch 
[1] and Smith-Waterman [2] algorithms are among the first dynamic programming algo-
rithms applied to biological sequence alignment. Subsequently, several tools were imple-
mented, whether for sequence similarity searches, such as BLAST [3] and FASTA [4], 
or multiple sequence alignment (MSA), such as Clustal W [5], MAFFT [6], progressive 
MAUVE [7], and Muscle [8].

MSA methods are widely used and known to be very accurate, however, they have 
several limitations [9]; they are time and memory-consuming and can be an NP-hard 
problem while analysing multiple and large genomes [10, 11]. Furthermore, current 
alignment-based methods face challenges in identifying the correct homologous posi-
tions in highly divergent sequences, this can lead to potential inaccuracies in phyloge-
netic analysis [9, 12]. Additionally, MSA-based methods struggle to scale with the vast 
data sets available today; for example, aligning long DNA sequences of millions of nucle-
otides, such as whole bacterial genomes is practically unfeasible [13]. This has led to the 
development of alignment-free (AF) methods, especially for comparing genome-scale 
sequences [14–18]. These methods can be categorized into several groups; the most 
known are word-based methods and information-theory-based methods [19].

The graphical and numerical representation of genomic sequences is an important 
process as it is the first step in AF approaches. These representations can be catego-
rized into three types: single-value mapping, multidimensional sequence mapping, and 
cumulative sequence mapping [20]. Frequency Chaos Game Representation (FCGR) is 
a DNA encoding method, extended from the Chaos Game Representation (CGR) map-
ping technique [21]. FCGR maps a one-dimensional sequence into a higher dimensional 
space based on the k-mers frequencies in the sequence [22]. CGR and FCGR have sev-
eral applications in bioinformatics, such as phylogenetic analysis, the development of 
alignment-free approaches, and feature encoding for machine learning [23].

Furthermore, the numerical representation of DNA sequences also enables the appli-
cation of digital signal processing techniques for analyzing genomic data; which is 
known as Genomic Signal Processing (GSP) [24]. Recently, the GSP field has attracted 
researchers’ interest, and its techniques are applied in various applications including 
DNA sequence clustering [25, 26], protein-coding region detection [27], and the devel-
opment of alignment-free methods [24].

In this paper, we present TreeWave, a user-friendly command line tool for alignment-
free analysis based on FCGR transformation and Discrete Wavelet Transform (DWT) of 
DNA sequences. We have tested our method on different genome types, and the results 
indicate the proposed method’s effectiveness and potential to infer accurate phyloge-
netic trees.
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The first step of the TreeWave approach is mapping DNA sequences to numerical rep-
resentations. We opted for graphical representations of DNA following the Frequency 
Chaos Game Representation (FCGR) technique. The noteworthy feature of this tech-
nique is that it transforms sequences of different lengths into equal-size images, where 
each pixel corresponds to the frequency of a particular k-mer in the sequence. Algo-
rithm 1 illustrates the steps to implement FCGR for a given DNA sequence.

Genomic signal processing: discrete wavelet transform

The Discrete Wavelet Transform (DWT) is a mathematical method that breaks down a 
signal into multiple coefficients. Each group of coefficients represents a level of detail or 
approximation of the original signal. Using DWT, we can effectively analyze DNA input 
signals at different resolution levels, capturing both frequency and location information.

Numerical representations of DNA sequences obtained in the first step (Algorithm 1) 
are considered as digital signal inputs; for each sequence, we applied the Haar Discrete 
Wavelet Transform up to 5 levels of decomposition (Eq. 1).

where W(S) denotes the wavelet feature vector of the DNA sequence S, fcgrS is the DNA 
embedding of the sequence S obtained according to algorithm 1, and L is the decompo-
sition level, which we have set to five.

We opted for a 5 level of decomposition as it provides a good balance between captur-
ing both high and low frequency signal components while maintaining computational 
efficiency; several studies have also chosen this level of decomposition for its effective-
ness [28–31]. At each level of Wavelet decomposition, the FCGR image signal is decom-
posed into approximation coefficients (ACs) and detail coefficients (DCs); ACs preserve 
most of the energy from the original signal, capturing its overall characteristics. In con-
trast, DCs primarily represent specific features of the signal, highlighting detailed varia-
tions [32]. The total number of features extracted is the concatenation of all coefficients 
from the different levels of decomposition. Specifically, in our implementation, Wave-
let coefficients are flattened into a single feature vector for each FCGR image. Given a 
64 × 64 FCGR matrix, the number of features is a combination of coefficients across the 
5 levels, leading to a highly detailed feature space.

The implementation of DWT is performed by the PyWavelets [33] python module.

Distance matrix computation

In the previous step, we obtained the discrete wavelet feature vector W(S) for each 
sequence in the input dataset. Subsequently, we constructed the distance matrix of the 
genomic sequences by computing the pairwise cosine distances between their wavelet 
feature vectors.

Cosine similarity between two given feature vectors is the cosine of the angle between 
those two vectors. Hence, considering two DNA sequences S1 and S2, their cosine dis-
tance is defined by Eq. 2, where 

−−−−→
W (S1) and  

−−−−→
W (S2) are the wavelet feature vectors of S1 

and S2 obtained by Eq. 1.

(1)W (S) = Haar
(

fcgrS , L
)
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Phylogenetic tree inference

The phylogenetic tree was established using the hierarchical clustering algorithm 
UPGMA (Unweighted Pair Group Method with Arithmetic Mean); it is an agglomera-
tive clustering approach commonly used to construct dendrograms representing the 
evolutionary relationships between a set of genomes.

The UPGMA algorithm takes as input the constructed cosine distance matrix and 
returns the inferred phylogenetic tree in newick format.

A graphical summary of TreeWave workflow is shown in Fig. 1.

Results and discussion
Datasets

Five datasets of different sizes and genome types are used in our experimental evalua-
tion, namely, papillomavirus sequences, hepatitis B sequences, streptococcus sequences, 
16 S sequences, and mitochondrial DNA sequences. Table  1 contains information on 

(2)Cosine_distanceS1,S2 = 1−
→W (S1) · →W (S2)

→||W (S1)||→||W (S2)||

Fig. 1 The workflow of TreeWave

Table 1 Datasets summary

Dataset Genomes type Number of 
sequences

Diversity groups Average 
sequences 
length

Papillomavirus Human papillomavirus com-
plete genome

146 12 Genotypes: 6 – 11 – 16 
– 18 – 31 – 33 – 35 – 45 – 52 – 
53 – 58- 66

7926 bp

Hepatitis B Hepatitis B virus complete 
genome

87 8 Genotypes: A – B – C – D – E 
– F – G – H

3200 bp

Streptococcus Streptococcus bacteria whole 
genome

31 4 Species: Aglactiae – Pyo-
genes – Mutans – Pneumo-
niae

2.06 Mb

16 S 16 S ribosomal DNA 13 4 Genera of bacteria: Escheri-
chia coli – Streptococcus—
Bacillus—Thermus

1518 bp

Mitochondrial DNA Human mitochondrial com-
plete genome

142 16 Haplogroups: X – U6 – U5 
– HV – H1 – R – U3 – K – W – 
N – T – J – M – L3 – L2 – L1

16,569 bp



Page 6 of 17Boumajdi et al. BMC Bioinformatics          (2024) 25:367 

each dataset, including its size, diversity groups, and average sequence length. The 
sequences constituting the datasets are publicly available, and the NCBI accession num-
bers are listed in additional file 1.

DNA sequence to digital signal

Visual representation of DNA sequences enhances the comprehension of genetic infor-
mation by revealing patterns, similarities, and relationships that might be undetectable 
through raw sequences, facilitating clustering and classification tasks [34, 35]. Addi-
tionally, this representation can help in the application of Machine Learning models 
by transforming complex sequences into high dimensional features [36–38]. However, 
visual representations of DNA sequences might obscure critical functional elements 
such as specific nucleotide positions, sequence motifs and structural components; these 
techniques may not be effective in study cases requiring detailed functional or positional 
information [39].

Concerning our proposed method, we opted for an FCGR transformation of DNA 
sequences, a technique derived from Chaos Game Representation (CGR) which is a 2D 
graphical representation. A key aspect of CGR is that each point’s position encodes the 
historical information of the preceding DNA sequence, while also visually representing 
the frequencies of nucleotide patterns. CGR retains the statistical properties of DNA 
sequences, enabling the exploration of both local and global patterns [40].

In the Frequency Chaos Game Representation (FCGR) of DNA sequences step, each 
pixel represents a specific k-mer, this means that a k value of 3, for example, indicates 
that each pixel uniquely represents a subsequence of 3 oligonucleotides, enabling the 
enumeration of occurrences of all oligonucleotides. For example, Fig. 2 represents the 
resulting FCGR images of 16 S ribosomal DNA from the following species: Escherichia 
Coli, Thermus Filiformis, Streptococcus Cameli, and Bacillus Australimaris at k = 7.

Given a multi-fasta file of DNA genomic sequences as input, the first step of our 
approach is the FCGR transformation of each sequence, this requires setting the right 
value of k; the k-mer size. This is crucial for accurate analysis because it impacts the 
resolution and information content of the representation; smaller values provide higher 
resolution but might lead to sparse data, whereas a larger value of k increases data den-
sity but might lose detailed information [41, 42]. Since k-mer length is a crucial param-
eter in AF phylogenetic inference, researchers have developed standardized approaches 
for the optimal selection of k values, as KITSUNE software [43].

To determine a range of optimal k values, we have adopted a strategy that depends 
on the types of genomes to be analyzed, as the optimal k value varies depending on the 
genome type and size.

We have selected one genome from each dataset (Table  1), and for an interval of k 
ranging from 1 to 17, we determined the total number of unique k-mers that can be 
formed (Possible k-mers), and the number of k-mers that appear once in the genomic 
sequence (Distinct k-mers). According to the results (Fig. 3), we can see that the viruses’ 
genome curves display a similar format; both for the human papillomavirus genome and 
hepatitis B virus genome, before k = 5, the number of distinct k-mers is almost 0, and 
for k > 11, nearly every possible k-mer is distinct. Therefore, we suggest that the interval 
5–11, where there is a progressive growth of possible and distinct k-mers, could contain 



Page 7 of 17Boumajdi et al. BMC Bioinformatics          (2024) 25:367  

the optimal k value. The range considered for 16 S ribosomal DNA is 4–9, and the range 
considered for human mitochondrial genomes is 6–11. Whereas for the complete strep-
tococcus genomes, the interval is set from k = 7 to k = 13.

For each dataset, we have run our workflow at odd k values belonging to the defined 
intervals and calculated accuracy metrics to specify a k value for the final phylogenetic 
tree inference of each dataset (Table 2). Additional details of these metrics are provided 
in the subsequent section about accuracy evaluation.

As mentioned in the implementation section, digital transformations of genomic 
sequences are obtained according to a specific k value for each dataset, then the cosine 
distance matrices between wavelet feature vectors are constructed and used as inputs for 
phylogenetic tree reconstruction.

Phylogenetic tree of human papillomavirus genomes

Human papillomavirus (HPV) is a circular DNA virus from the Papillomaviridae fam-
ily that causes various epithelial lesions and cancers, predominantly affecting cutaneous 
and mucosal surfaces [44]. HPV is classified into over 150 different genotypes, which 
are grouped into five main genera: Alpha, Beta, Gamma, Mu, and Nu, some genotypes 
are associated with pathologies, hence the importance of studying the phylogeny of this 
virus [45]. 146 complete human papillomavirus genomes were downloaded from the 

Fig. 2 FCGR images of 16 S ribosomal DNA genomes of four distinct species at k = 7
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National Center for Biotechnology Information (NCBI), belonging to 12 different geno-
types. The optimal k-mer size is set to 11 in the DNA embedding step. The phylogenetic 
tree resulting from the proposed method successfully organized HPV genomes into dis-
tinct clusters based on their genotypes (Fig. 4A). Figure 4B is the phylogenetic tree of 
the 146 complete papillomavirus genomes constructed by the alignment-based method 
Clustal W. Both trees display identical topology, thus reinforcing the validity of Tree-
Wave method.

Phylogenetic tree of hepatitis B genomes

The Hepatitis B virus (HBV) genome is a small and enveloped DNA virus that belongs 
to the Hepadnaviridae family, HBV is classified into 10 main genotypes, designated A 
through J [46]. The classification of HBV virus genomes provides valuable insights into 
the impact of specific genotypes on the severity and progression of hepatitis B disease 

Fig. 3 Distribution of possible and distinct k-mers within k range values from 1 to 17
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[47]. HBV dataset used to validate our approach contains 87 complete genomes belong-
ing to 8 distinct genotypes. Figure 5 illustrates the phylogenetic trees of HBV genomes 
inferred by our proposed method TreeWave, with a k-mer size set to 11 (Fig. 5A) and 
Clustal W method (Fig. 5B); both trees show accurate grouping of genotypes.

Phylogenetic tree of streptococcus genomes

Classical alignment solutions become inefficient in the analysis of whole-genome bacte-
ria, this is due to the computational intensity and the significant time required for align-
ment processes, and the difficulty in aligning genomes that are highly similar but have 
significant differences in gene content and order. We applied our method to 31 complete 

Table 2 Normalized Robinson Foulds distance and Baker’s gamma coefficient results

Dataset K value Normalized Robinson 
Foulds distance

Bakers’s 
Gamma 
coefficient

Human papillomavirus genomes 5 0.15 0.9728466

7 0.17 0.9729083

9 0.15 0.9696713

11 0.11 0.9954782

Hepatitis B genomes 5 0.40 0.7994529

7 0.11 0.9997261

9 0.12 0.9997109

11 0.10 0.9998684

Streptococcus genomes 7 0.50 0.9437716

9 0.50 0.9438471

11 0.43 0.9441479

13 0.39 0.9874893

16 S ribosomal DNA 5 0.10 0.997625

7 0.10 0.997625

9 0.10 0.997625

Human mitochondrial DNA genomes 7 0.27 0.9451289

9 0.16 0.8946325

11 0.21 0.8787195

Fig. 4 Phylogenetic tree of 146 whole human papillomavirus complete genome constructed by A TreeWave 
at k = 11 and B Clustal W multiple sequence aligner
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streptococcus genomes belonging to 4 different species (Aglactiae, Pyogenes, Mutans, 
and Pneumoniae) with an average sequence length of 2.06 million bases. The phyloge-
netic tree generated by our method (k = 13) is shown in Fig.  6A, we can see that our 
method accurately classifies the genomes into species. Figure 6B is the phylogenetic tree 
of the 31 streptococcus genomes generated by the alignment-based tool Mauve. The 
dendrogram produced by our method aligns closely with the phylogenetic tree derived 
from the alignment-based method, with the sole discrepancy lying in the topology of 
interspecies relationships.

Phylogenetic tree of 16 S ribosomal DNA genomes

16 S rRNA gene is an essential marker in bacterial phylogenetics due to its low evolution 
rate and high conservation across different bacterial species [48]. To test our method, 

Fig. 5 Phylogenetic tree of 87 hepatitis B virus complete genome constructed by A TreeWave at k = 11 and B 
Clustal W multiple sequence aligner

Fig. 6 Phylogenetic tree of 31 streptococcus complete genome constructed by A TreeWave at k = 13 and B 
Mauve multiple sequence aligner

Fig. 7 Phylogenetic tree of 13 16S ribosomal DNA genome constructed by A TreeWave at k = 9 and B Clustal 
W multiple sequence aligner
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we used a dataset of 13 bacterial 16 S ribosomal DNA of 4 distinct groups. In Fig.  7, 
we present the dendrogram generated by our approach at k = 9 (Fig. 7A), alongside the 
phylogenetic tree inferred by Clustal W method (Fig.  7B); we can also see the overall 
agreement between our proposed tool result and the alignment-based tree. There is only 
a difference in topology at the level of the Thermus clade; the tree generated by the align-
ment-based method groups thermophilus and filiformis species in one clade, which is 
not the case in the dendrogram generated by TreeWave.

Phylogenetic tree of human mitochondrial DNA genomes

The human mitochondrial genome is a 16,569 base pair (bp) circular double-stranded 
DNA molecule. The diversity of human mitogenomes is classified by haplogroups; a 
set of alphanumeric labels that are implied in various applications such as population 
genetics, forensics, and studies of disease associations [49]. We applied our method to 
a dataset containing 142 human mitochondrial genomes, then we identified their hap-
logroups by Haplogrep2 tool [50]. Figure 8 represents the phylogenetic trees inferred by 
our method at k = 9 (Fig. 8A) and Clustal W method (Fig. 8B); both dendrograms accu-
rately classified the genomes according to their haplogroups, with only minor differences 
in topology observed between the two trees.

Accuracy evaluation and phylogenetic tree distance

To assess the accuracy of our alignment-free approach, we calculate the normalized Rob-
inson Foulds (nRF) distances and Baker’s Gamma coefficients between the dendrograms 
generated by TreeWave and those generated by alignment-based methods. RF distance 
is a widely used metric for comparing phylogenetic trees, it is the number of splits that 
differ between two trees [51]. The Baker’s Gamma coefficient between two dendrograms 
quantifies the level of agreement in hierarchical clustering structures [52]. The two met-
rics are calculated for a range of k values, results are shown in Table 2. Regarding nRF 
distance, values close to 0 suggest that the trees are very similar in terms of topology, 
and values close to 1 indicate that the trees are dissimilar; we note that the nRF values 
obtained don’t reach 0.50. About Baker’s Gamma coefficient, all values are close to 1, 
which indicates that dendrograms generated by TreeWave and those generated by classi-
cal alignment-based methods have a perfect match in terms of clustering structure.

Fig. 8 Phylogenetic tree of 142 whole human mitochondrial DNA genome constructed by A TreeWave at 
k = 9 and B Clustal W multiple sequence aligner
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Time performance

To assess the computational efficiency of TreeWave, we evaluated the run time cost of 
the analyzed datasets using both the classical alignment methods and our proposed 
alignment-free approach TreeWave (Table  3). The results demonstrate that TreeWave 
has a significant advantage in terms of time efficiency, especially when analyzing large 
genomic datasets; it achieves speedup factors of 15.6 and 1160.37 against Clustal W 
alignment method for the human papillomavirus dataset and human mitochondrial 
DNA dataset respectively. Lower speed factors were observed when comparing Tree-
Wave performance against MAFFT; TreeWave proved to be significantly faster by fac-
tors of 5.89 and 436.59 for the papillomavirus and mtDNA datasets, respectively. For 
the hepatitis B dataset, TreeWave is approximately two times faster than Clustal W and 
one time faster than MAFFT. In the case of a smaller dataset, such as 16 S ribosomal 
DNA, the three tools performed almost similarly. Another pronounced difference was 
observed with the whole genome streptococcus bacteria dataset, TreeWave completed 
the process within a reasonable timeframe of 48 min, while multiple sequence alignment 
remains unfinished for this dataset by Clustal W and MAFFT, which led us to use Pro-
gressive Mauve alignment that took more than 19 h for the execution time.

These analyses were performed on a MacBook with an Apple M1 chip and 8GB of 
memory.

Performance comparison with alignment‑free methods

To assess the performance of TreeWave, we compared its results with several state-of-
the-art Alignment-Free tools including Filtered Spaced Word Matches (FSWM) [15], k-
mer inner distance distribution for phylogenetic analysis (KINN) [53], Alignment-free 
Dissimilarity Analysis & Comparison Tool (ADACT) [54], and an Alignment-Free Phy-
logeny Estimation Method Using Cosine Distance on Minimal Absent Word Sets (CD-
MAWS) [55].

Table 3 Run time benchmark

Dataset No of sequences Method Run time

Human papillomavirus 146 TreeWave 13.74 min

Clustal W 3.59 h

MAFFT 1.3473 h

Hepatitis B virus 87 TreeWave 3.5505 min

Clustal W 10.51 min

MAFFT 4.9542 min

Streptococcus bacteria 31 TreeWave 48 min

Clustal W –

MAFFT –

Mauve 19.68 h

16 S ribosomal DNA 13 TreeWave 10.94 s

Clustal W 21.11 s

MAFFT 19.18 s

Human mtDNA 142 TreeWave 39.06 s

Clustal W 12.59 h

MAFFT 5.03 h
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We applied these tools to construct phylogenetic trees of the five datasets separately 
(Table  1). FSWM, ADACT and CD-MAWS produce a phylogenetic tree in newick 
format, whereas KINN result is a pairwise distances matrix, which we imported into 
MEGA software [56] and performed UPGMA analysis to obtain the tree. We then 
calculated the normalized Robinson-Foulds distance between each resulting tree and 
its reference tree; the results are represented in Table  4. According to nRF values, 
we note that TreeWave consistently demonstrates a good performance across the five 
datasets when compared to other methods. TreeWave achieved the best performance 
for Hepatitis B genomes, Streptococcus genomes, 16S ribosomal DNA, and human 
mitochondrial DNA genomes. On the human papillomavirus genomes dataset, Tree-
Wave performed well with an nRF value of 0.15; the third lowest value after ADACT 
and CD-MAWS. We were unable to obtain phylogenetic trees for the complete Strep-
tococcus genomes using ADACT, as the web server provided for this tool imposes a 
sequence length limit. Similarly, we could not generate results with KINN, likely since 
this tool was not tested on complete bacterial genomes. Overall, TreeWave showed 
competitive performance across diverse datasets, often outperforming other state-of-
the-art tools, and showed comparable results on specific datasets with CD-MAWS.

Numerous Alignment-Free approaches for sequence comparison have been devel-
oped, these approaches include methods based on Markov chain model to estimate 
the relationships between DNA sequences [57], graph theory and nucleotide triplets 
[58], k-mer forest structures of DNA sequences [59], and triplet frequencies [60]. 
However, a limitation of many alignment-free methods is that, while authors explain 
and validate their approaches, they often don’t implement a publicly available tool for 
testing. To advance this field, researchers should be encouraged to produce accessi-
ble tools, and open-source development is particularly important for fostering further 
innovation and collaboration. In response to these limitations, recent efforts have 
focused on benchmarking studies of proposed alignment-free methods to assess their 
effectiveness and robustness [9, 61].

To further validate our approach, we used an additional dataset of 25 complete 
mitochondrial DNA sequences of fish samples, this is a benchmarking dataset pro-
vided by Afproject [61]; it’s a publicly available framework that developers of AF 
methods could use to evaluate their approaches. We uploaded the pairwise distance 
matrix generated by treeWave at k = 9 to Afproject server for evaluation, then accord-
ing to the benchmark report generated by Afproject, among 107 methods with 18 

Table 4 nRF distance comparison between phylogenetic trees constructed using 5 alignment-free 
methods and reference trees

Dataset TreeWave FSWM KINN ADACT CD-MAWS

Human papillomavirus 0.15 0.87 0.23 0.11 0.09

Hepatitis B virus 0.10 0.35 0.11 0.14 0.11

Streptococcus bacteria 0.39 0.89 – – 0.41

16 S ribosomal DNA 0.10 0.20 0.12 0.10 0.10

Human mtDNA 0.16 0.97 0.47 0.28 0.26
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possible ranks due to ties in accuracy, Treewave is ranked 2th, with a nRF value of 
0.09 and a normalized Quartet Distance (nQD) value of 0.0327.

Conclusions
This paper presents TreeWave, an alignment-free approach for phylogenetic tree 
inference of DNA genome datasets. The method is based on Frequency Chaos Game 
Representation of DNA sequences and Discrete Wavelet Transform as signal process-
ing technique. TreeWave is tested on different datasets; the obtained dendrograms 
accurately classify the genomes into their diversity groups. The effectiveness of Tree-
Wave is also proved by comparing it with alignment-based methods and state-of-the-
art Alignment-Free methods; the normalized Robinson-Foulds distances obtained 
underscore the ability of TreeWave to accurately capture evolutionary relationships 
among sequences. In terms of time performance, TreeWave approach outperformed 
alignment-based methods across diverse datasets, exhibiting faster execution times. 
Beyond its primary functionality of inferring phylogenetic trees, TreeWave stands 
out for its open-source nature, allowing researchers to tailor it to specific needs. For 
example, users can employ the FCGR transformation algorithm to generate images 
suitable for machine-learning analyses or for visualizing genome structures. Further-
more, the pairwise distance matrix computation feature can be used for genome clus-
tering or genetic diversity analysis.

We aim for upcoming TreeWave releases to incorporate a web server to enhance 
user-friendliness, and simplify the process of selecting the optimal K value.
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