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Introduction 

DNA barcoding is one of the critical areas in biodiversity and 
evolutionary research and is an emerging and effective tool for 

species identification (1, 2). This procedure makes it possible to 
identify and distinguish between different species by using 
specific DNA segments known as barcode regions. These areas 

contain distinct genetic information that makes them ideal for 
species differentiation (3). Undoubtedly, DNA barcoding has 
changed biodiversity studies with computational techniques 

and next-generation sequencing (NGS) (4). The significance of 
DNA barcoding in ecological and evolutionary research has 
risen because of recent advancements in technology and cost 

reduction (5). Sophisticated bioinformatics and computational 
techniques used by the sequenced data from DNA barcoding 
studies enable extracting relevant information on genetics, 

such as identifying species, phylogenetic analyses, or habitat 
monitoring (6). However, these tools allow the quick and easy 
processing of huge sequenced data (4). With novel data 

processing methods and a suitable NGS platform, a large-scale 
DNA barcoding study will undoubtedly contribute to creating a 
reference library of DNA barcodes from every species, 

preventing misidentification and misinterpretation (7). 
Advanced bioinformatics and computational tools are 

essential for accurate and practical analysis of given data 
because NGS technologies have made it possible to generate 

large-sequenced data quickly and efficiently (4).  

 Various analysis methods are employed for efficient 

data analysis, such as tree-based, similarity-based, 
composition-based and hybrid methods (8). A commonly used 

computational technique is BLAST (similarity-based), which 
facilitates the comparison of DNA sequences and aids in the 
identification of comparable sequences from the reference 

database (9). Software MEGA (tree-based) allows post-
sequence analysis, which uses phylogenetic methods such as 
maximum likelihood (ML), neighbour-joining (NJ), Bayesian 

inference (BI) (in MEGA12) and maximum parsimony (MP) (10). 
Similarly, a wide range of computational tools is available for 
efficient post-evaluation of sequenced data in composition-

based methods (e.g., PhyloPythia) and hybrid approaches 
(e.g., SPHINX). Data processing efficiency and quality in DNA 
barcoding studies might significantly improve by developing 

specific algorithms and pipelines suited to experimental 
settings (11). This study aimed to discuss the significant 
computational and bioinformatic tools used in post-

sequencing data analysis during DNA barcoding studies. 
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Abstract  

DNA barcoding is a significant and valuable method for identifying species and it is one of the key fields of biodiversity and evolutionary 

research. It changed biodiversity studies with computational techniques and next-generation sequencing. Post-sequencing data analysis is an 
essential stage encompassing many critical procedures to ensure precise identification of organisms and their classification. Processing 

generated mass-sequenced information is a significant problem in any barcoding studies. Various analysis methods are employed for 
inferring organismal taxonomy, such as tree-based, similarity-based, composition-based and hybrid methods. This study will review the 

diversity of these computational methods for post-sequence data analysis in DNA barcoding studies. Tree-based techniques (e.g.: MrBayes 
and RAxML) illustrate evolutionary relationships among species, similarity-based techniques (e.g.: SOrt-ITEMS and BLAST) assist in identifying 

species by sequence similarities and composition-based techniques (e.g.: Phymm and NBC) categorize species according to their nucleotide 
composition. These methods are combined in hybrid approaches (e.g.: PhyScimm and RITA) to provide an in-depth investigation. 

Computational tools for post-sequence analysis use graphical user, command line or web-based interfaces with supervised, unsupervised, or 
semi-supervised machine learning approaches. Operating systems such as Linux, UNIX, Windows and macOS are used to analyze DNA 

barcoding data, while Java, R, Python, C/C++ and Perl are the most widely used programming languages. This review emphasizes how crucial 
it is to incorporate such bioinformatics and computational techniques to improve the robustness and consistency of DNA barcoding studies 

and provide an adequate set of tools for advanced biodiversity research.   
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DNA barcoding 

DNA barcoding is one of the effective taxonomic approaches 
for identifying and discovering species (3). It identifies taxa 

using one or more short, standard DNA segments (7). DNA 
barcoding is an economically viable, time-saving, objective 
approach and a potent tool for species identification when 
cryptic species and phenotypic plasticity are problematic and 
morphological keys are not accessible (12). The concept of a 
barcoding gap, which describes the variation in mean intra- 

and interspecific genetic distances, is the backbone of DNA 
barcoding such that the reliability of species identification 
increases with the length of the barcoding gap (13). DNA 

barcoding differs from other molecular approaches because it 
uses standard markers viz., RbcL, rpoB, COI, MatK, ITS, PsbA-
trnH, rpoC1, psbK-psbI and atpF-atpH in plants, COI and COII in 

animals, 16S rRNA in bacteria and archaea and ITS in fungi (7, 
14). The standard marker gene must meet parameters like 
conserved flanking regions to construct universal PCR primers, 

distinct barcoding gaps and short sequence lengths (3). The 
steps followed during DNA barcoding are as follows: a sample 
is taken from the field, the DNA is extracted, amplification of 

the barcoding gene with a universal primer, the amplified DNA 
molecule is sequenced using Sanger sequencing or high-
throughput sequencing to ascertain its diversity and data 

analysis software is used after the data is sequenced (15). Fig. 1 
represents the sequential steps involved in the DNA barcoding 
process. 

Post-sequencing data analysis in DNA barcoding 

In DNA barcoding, post-sequencing data analysis is an 
essential stage encompassing many critical procedures to 
guarantee precise identification of organisms and 
their classification (16). The processing of generated mass-

sequenced information is a significant problem in many 
barcoding studies (17) because high throughput sequencing 
creates so much data that post-processing, analysis and 

interpretation require quick and efficient computing and 
bioinformatics tools. Following the sequencing of DNA barcode 
regions, a thorough post-sequencing data analysis must be 

performed to provide highly accurate and reliable species 
identifications. It involves several steps like quality control, 
taxonomy assignment, sequence alignment, error correction 

and more, which are essential for precise data analysis. 
Additionally, comparing new sequences with existing reference 
databases can provide valuable insights into the diversity and 

distribution of species (18, 19). Various analysis methods are 
employed for inferring organismal taxonomy, such as tree-
based, similarity-based, composition-based and hybrid 

methods (8). The required phylogenetic and machine-learning 
assessments, information from reference databases and 
possible taxonomic range can vary amongst the 

abovementioned approaches (8). There are various 
computational and bioinformatic tools/software in each of 
these approaches, which are briefly described below and in 
Table 1, the computational features of these tools are given in 
Fig. 2, which presents the significant importance of 
computational and bioinformatic tools in post-sequence data 

analysis during DNA barcoding studies. 

Tree-based approaches  

In the tree-based approach, a querys’ taxonomy of an 

operational taxonomic unit (OTU) is determined by positioning 
the OTU within a preformed reference phylogenetic tree (8). 

This approach, which allocates query sequences to species 
based on their cluster membership in a barcode tree, is 
frequently used to determine phylogenetic relationships. 

Hierarchical clustering techniques like NJ, ML, MP and BI are 
used to construct phylogenetic trees and combining these 
algorithms improves classification accuracy compared to 

single-method approaches by leveraging their strengths and 
mitigating individual biases (49). The combination of multiple 
algorithms ensures robust, error-checked results and 

improved resolution of phylogenetic trees by cross-validating 
results (50). The major tree-based programs were covered 
briefly below.  

MEGA  

MEGA (latest version MEGA12) is a computer program created 

to compare homologous genome sequences from multi-gene 
families or various species, with a focus on identifying 
variations in DNA and protein evolution as well as relationships 

in evolution (10, 20). MEGA offers several useful services for 
assembling sets of sequencing data from files or web-based 
sources and it has resources for displaying the outcomes 

visually, such as evolutionary distance matrices and interactive 
phylogenetic trees (20). A wide range of applications are 
available in MEGA to do alignment of sequences, to determine 

phylogenetic trees, to calculate time-trees, to measure 
diversities and genetic distances and to check selection (51, 
52). Three distinct parts make up MEGA: a processing engine, a 

report engine and a graphical user interface and it is 
compatible with several phylogenetic techniques, including 
MP, BI (in MEGA12), NJ and ML (10, 20). Furthermore, MEGA 

calculates statistical data analysis like codon frequencies, 
transition/transversion biases and the frequency of variable 
sites in certain portions of nucleotide and amino acid strands 

(53).  

MRBAYES  

The application MRBAYES does Bayesian inference of 

phylogeny utilizing a variation of Markov chain Monte Carlo 
(MCMC) to estimate posterior probability of trees. It employs 

Metropolis coupled Markov chain Monte Carlo (variation of 
MCMC) ((MC)3 for short) in addition to the traditional MCMC 
technique and the programme reads a typical NEXUS-

formatted aligned matrix of amino acid or DNA sequences (54). 
The users can modify the assumptions of the substitution 
model, the prior and the specifics of the (MC)3 analysis any time 

during the process and also the users has the ability to add, 
remove and recover characters and taxa in the analysis (54). 
The updated versions include convergence diagnostics and let 

users perform various studies simultaneously while keeping 
track of the convergence process. Additionally, it has 
substantially quicker likelihood calculations because it 

provides support for the BEAGLE library and streaming single-
instruction-multiple-data extensions (SSE), which enable 
graphics processing units (GPUs) on suitable hardware to do 

likelihood calculations (21, 55). 

RAxML 

RAxML is a command line tool that offers extra features like 

phylogenetic placement of a short sequence of environmental 
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Fig. 1. Sequential steps involved in DNA barcoding studies. 
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reads (56). RAxML provides various methods for post-analyzing 
the trees using consensus tree algorithms (22). It does post-

analysis under ML and provides techniques for phylogeny 
inference using binary, multi-state, RNA secondary structure, 
protein and DNA data. RAxML also offers a variety of methods, 

such as the bootstrap operation and statistical tests, like the 
approximate likelihood-ratio test, for determining support 
values on phylogenies (57-60).  

IQ-TREE 

IQ-TREE is software for reconstructing ML trees that saves time 

and searches well. It performs superior to RAxML in terms of ML 
search and enhances accessible ML programs (61). The three 
crucial processes in phylogenetic analysis-quick model selection 

using Model Finder, a successful tree likely search algorithm and 
a unique ultrafast bootstrap approximation-are made better by 
the clever integration of novel phylogenetic methodologies, 

which leads to IQ-TREEs’ excellent performance (62). 

BEAST  

It is a quick and adaptable software framework for the 

Bayesian examination of DNA sequences connected by a tree 
of life (24) and Metropolis-Hastings MCMC is the core algorithm 

(63). It was the first program that supported flexible molecular 
clock models and allowed for the deduction of the actual 
phylogenetic tree (64). BEAST stands out because of its 

emphasis on calibrated phylogenies and genealogies, that is, 
rooted trees integrated on a time scale. This is made possible 
by precisely modelling the rate of molecular evolution on each 

branch of the tree (24). The component-based nature of 
BEASTs’ model definition makes it challenging to summarize 
the vast array of potential evolutionary models (24). 

Similarity-based approaches  

It needs raw reference sequences accessible in public 

nucleotide databases such as NCBI, GenBank, EMBL and DDBJ 
and they include taxonomic details (8, 65). Here, the algorithm 

arranges and classifies the raw reads close to neighbours in the 
phylogeny and hence relieson closely comparable genomes 

being available in the database. Such approaches fail to detect 
homologs for reads from new species because most existing 
databases are significantly biased in depicting actual diversity 

(65). This technique can function even with read lengths as 
small as 80 base pairs (66). The major similarity-based 
programs were covered briefly below. 

MLTreeMap 

The MLTreeMap aims to provide insights into the phylogenetic 

structure and functional characteristics of lifeforms based on ML 
and manually selected protein-coding marker gene sets as well 
as 16S and 18S rRNA information, where the query sequences 

are placed within pre-existing phylogenies (67). To decrease 
false positive findings, deep paralogs of these genes should be 
further inspected and removed if found after the BLAST search 

for the marker genes from the query (26). Subsequently, the 
Genewise software extracts marker genes based on Hidden 
Markov models (HMMs), aligns them with referencing proteins 

(using hmmalign and Gblocks), concatenates them if multiple 
marker genes are on a fragment and performs mild gap removal. 
Further, the sequences are processed with RAxML for 

phylogenetic classification using ML (26). 

pplacer 

pplacer is intended to carry out phylogenetic placements and 

sequence analysis, which makes it easier to place reads 
accurately using ML and posterior probability (27, 68, 69). It 

aims to be user-friendly for single-runs and pipeline 
applications and may be used whenever a reference alignment 
and phylogenetic tree are available. Its robust and fully 

integrated visualization capabilities may be used to view both 
the placements and the accompanying uncertainty on a single 
tree through branch thickness and colour (27). The method 

can put 20000 short reads on a reference tree of 1000 taxa per 
hour per processor, is simple to execute in parallel and has 

 

Fig. 2. Application of computational and bioinformatic tools in post sequence data analysis of DNA barcoding studies. 
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roughly linear time and memory complexity in the number of 
reference taxa. It might inform the user about positional 

uncertainty for query sequences by calculating the estimated 
distance between locations of placements. This is crucial for 
estimating the uncertainty when using a well-sampled 

reference tree (27, 70). 

SOrt-ITEMS 

SOrt-ITEMS is an upgraded similarity-based binning technique. 

The process initially determines a suitable taxonomic level 
using alignment characteristics other than the bit score where 

the read can be assigned, then employs an orthology-based 
methodology for the final assignment (71). The orthology 
technique aims to find hits that exhibit a remarkable orthology 

that is reciprocal in similarity with the query read sequence. 
The final read assignment is then based on the hits found to be 
orthologs of the query sequence. First, reads with negligible 

alignments are found and classified as "Unassigned". 
Secondly, if they have significant alignment parameters, it 
determines a taxonomic rank at which the reads can be 

assigned (28). Eliminating irrelevant hits based on the bit-score 
cut-off and determining the LCA are the sole processes that 
SOrt-ITEMS and MEGAN share. Compared to MEGAN, assigning 

a read takes almost twice as long since it completes many 
more steps beyond these common steps. SOrt-ITEMSs’ 
remarkably low false-positive rate justifies this extra-time 

investment (28, 72). 

BLAST 

BLAST locates areas of local similarity between sequences 

using a query sequence and a huge database (NCBI, National 
Center for Biotechnology Information). This software 

compares sequences of nucleotides or proteins to the 
constantly expanding sequence databases and estimates the 
statistical significance of hits with NCBIs’ sequence search 

engine (9, 15). It lists BLAST search types, including translated, 
nucleotide, protein and genome (73). It looks for short 
similarities between two sequences and tries to initiate 

alignments from these hot spots. Besides facilitating 
alignments, BLAST offers statistical data that aids in 
interpreting the biological importance of the alignment; this is 

known as the false positive rate or expected value (74). The 
BLAST server provides a Request Identifier (RID) once the query 
is given there, either as a sequence identification or in FASTA 

format. After an RID is given, the query and results are kept in a 
structured manner for a maximum of twenty-four hours. The 
query is identified by the RID, which enables many forms to 

view the results (ASN.1, BLAST report and XML) (73).  

MARTA 

MARTA was developed to use DNA sequence data to describe 

the taxonomic diversity of communities. This program 
coordinates BLAST with the taxonomy database to ascertain if 

taxonomic consensus exists among the top hits that BLAST 
returns. It uses resources of NCBI for taxonomic classification 
from the sequenced data. It necessitates a reduced consensus 

requirement (66 %) at the genus and species level and a strict 
percentage consensus (100 %) among ties at the six higher 
taxonomic ranks (domain to family), also it can be modified at 

the command line easily. MARTA allows either the best-score 
technique (above) or the slip-score (percentile-based) strategy. 

And it also has a revote option that enables users to consider 
extra voting strategies during BLAST which avoids the 

bottleneck experienced (30).  

Composition-based approaches  

This method uses pattern recognition of the k-mer length word 

composition to give a sequence to a taxonomic unit. Also, 
before carrying out a querys’ taxonomic assignment, the 

algorithms must learn the word composition of reference 
sequences (8). This program is quicker and uses less 
computational power, which compares reads to sequences or 

models already available in reference databases using 
compositional features such as oligonucleotide usage 
patterns, codon use and GC percentage (71). It creates models 

from the genomes of the reference organisms, then groups the 
input sequence reads according to the model that best 
matches the read (42). The degree of compositional similarity, 

expressed either in absolute or relative terms, determines the 
final taxonomic assignments and these approaches also need 
sufficiently long query sequences. Composition-based 

approaches can vary depending on how they reflect, measure 
and differentiate compositional features (71). Most approaches 
begin with a training phase wherein "genome-specific" 

reference models or classifiers are constructed using one or 
more compositional characteristics in known genomes (like 
Support Vector Machines, Naive-Bayesian approach, 

kernelized-Nearest Neighbor (k-NN) approach, Relative 
Abundance Index and Interpolated Markov Models) (71). The 
major composition-based programs were covered briefly 

below. 

PhyloPythiaS 

The successor of PhyloPythia, PhyloPythiaS, is a quick and 

precise classifier based on sequence composition that uses the 
hierarchical links between clades (31, 75). Utilizing Support 

Vector Machines (SVMs) techniques, Phylophithia creates 
genome or clade-specific classifiers that freeze and describe 
oligonucleotide using patterns found in recognized taxonomic 

clades (19). High prediction accuracy is demonstrated by 
PhyloPythiaS, which enables quick analysis of datasets 
containing hundreds of megabases or gigabases (76, 77). It 

performs well in prediction and was tested on simulated and 
actual data sets. Its processing times are significantly less than 
those of MEGAN and PhymmBL. There are two modes of 

application for PhyloPythiaS, such as general and sample-
specific (31). The expert-trained PhyloPythiaS package is one 
of the best methods for recovering species bins from a single 

sample. Machine learning relies on matching the training and 
test data sets to achieve high classification accuracy. A human 
expert uses marker genes and contig coverage information to 

identify the training sequences from the sample and then 
determines which taxa to include in the composition-based 
taxonomic model based on the availability of data (78). The 

successor to PhyloPythiaS is called PhyloPythiaS+. In addition 
to carrying out the tasks that the human expert had previously 
completed, it incorporates a novel k-mer counting method 

that amplifies k-mer counting by 100 (78). 

TACOA  

For input query DNA fragments, this composition-based 

technique can yield a significant taxonomic level and 
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taxonomic group and the modified kernel-NN (nearest 
neighbour) theory is used to create this classifier (79, 80). The k-

NN technique in TACOA makes it possible to create an accurate 
multi-class classifier (19, 32). Until the rank class, TACOA can 
accurately categorize genomic segments between 800 bp and 

1000 bp in length. The taxonomic origin of genomic segments 
as short as 800 bp may be reliably predicted by it. Additionally, 
it can yield accurate solutions when a fragments’ taxonomic 

origin is not recorded in the reference set, categorizing it as 
unknown (32). Additionally, adding recently sequenced 
genomes to the reference set that the proposed classifier utilizes 

is simple. Researchers may quickly integrate sample-specific 
models from certain species into the TACOA framework, just like 
with PhyloPythia (32).  

RDP classifier  

This method is composition-based (8) and it is dependent upon 

the naive Bayes classifier (NBC) that uses the 8-mer 
decomposition of a sequence (81). It is a standard sequence 
classifier that exhibits low error and excellent sensitivity at the 

family and order levels (82). The RDP Classifier might be used to 
analyze libraries of thousands of sequences and individual rRNA 
sequences. It can quickly offer summary information and 

taxonomic placement, including how many input sequences 
belong to each taxon (83). It has been established that reference 
libraries for taxonomy categorization using RDP classifiers 

utilizing plant rbcL sequences have been developed (84).  

Phymm 

The rank-specific Phymm characterizes variable-length 

oligonucleotides (where n-mers up to n=10) using interpolated 
Markov models (IMMs) (19). Using details from many 

oligonucleotides and integrating the information is one benefit 
of IMMs over other approaches, especially those that rely on 
oligonucleotide counts. Therefore, Phymm may employ both 5

-mers and 6-mers for categorization at the class/phylum levels 
rather than having to choose between them (34, 85). The 
software creates an IMM within a genome for every 

chromosome and plasmid (45). Any read can be classified 
using Phymm and its genus-level accuracy was 32.8 % for 100 
bp reads (compared to 6 % for CARMA) and 71.1 % for 1000 bp 

reads (compared to 7.1 % for PhyloPythia) (34). Phymms’ log-
likelihood output, ease of use and speed of training and testing 
make them attractive, simple but sophisticated designs for 

extensive classification and comparison (86). 

NBC 

Applying Bayes' theorem and supposing that every feature in 

the classification is independent of every other feature is the 
base of a naive Bayes classifier (NBC) (87). Using Naive-

Bayesian techniques, NBC classifiers create genome or clade-
specific classifiers that freeze and describe oligonucleotide use 
patterns found in known taxonomic clades (19). In contrast to 

other tools, NBC classifies every read, is simple to use, 
completes a dataset in a reasonable amount of time and 
produces competitive results. Moreover, NBC can classify next-

generation sequencing reads according to their taxonomic 
classification and identify significant genera populations that 
other classifiers might ignore (35). NBC can handle data 

anywhere in the genome, making it competitive with different 
classifiers. It can determine the species by comparing the type 

of repeat in the query to the databases’ repetition (88). Usually, 
it employs motifs that are longer than 12-mers. NBC uses the 

likelihood that a sequenced read originates from a certain 
reference genome to determine scores. Every read has been 
assigned to the genome with the highest score (89). 

RAIphy 

RAIphy, a semi-supervised classification method, uses the 

Relative Abundance Index (RAI) to show patterns of over- or 
under-abundance of k-mers in sequences from different 
known taxonomic clades. After that, this index is employed to 

link a specific taxon to a query sequence (19). The taxonomic 
designations of genomic fragments of uncertain origin are 
determined using membership scores that assess the genomic 

fragments’ fitness to each taxon-specific index pattern (90). 
Compared to similarity-search-based applications, RAIphy is 
quick and easy to use as a standalone desktop program. The 

approach exhibits accurate performance for longer 
environmental contigs while maintaining competitive binning 
accuracies for read lengths (100 to 1000 bp) (36). Since RAIphy 

uses models that have been estimated using genomes that are 
now accessible in the RefSeq database, it falls under the 
category of semi-supervised methods. At its runtime, RAIphy 

consumes considerable memory (304 MB) when training at the 
species level and 47 MB at the genus level (36). 

CARMA  

CARMA predicts the taxonomic origins of DNA fragments. 
Firstly, Pfam profile hidden Markov models identify protein 

family and domain fragments in a samples’ unassembled 
reads. The second step is reconstructing a phylogenetic tree for 
every Pfam family that matches (91, 92). The readings are then 

categorized into a taxonomically higher-order stage based on 
their evolutionary links to sequences in the database that are 
known to have taxonomic origins (93). Because CARMA uses 

complete protein/nucleotide domains and tries to categorize 
any given genome fragment, it may be used for binning and is 
commonly used for phylotyping. Even for short sequences (80–

400 bp), these techniques have been demonstrated to be 
accurate despite their high computing expense (36). CARMA uses 
a reciprocal BLAST search to further filter the findings rather 

than utilizing all hits in a particular region to create the LCA of a 
single read. CARMA refines the taxonomic categorization to a 
lower level in the taxonomic tree using the bit scores of the 

reciprocal search. Although this reciprocal search produces a 
thorough categorization, it is computationally expensive (94). 

MEGAN 

MEGAN uses BLAST to map query sequences to the NCBI-NR 
database, then classifies them taxonomically based on the top 

databases’ lowest common ancestor (LCA) (36, 93). Each read 
is assigned to the LCA of the set of taxa that the program hits 
throughout the comparison using a simple algorithm. As a 

result, high-order taxa at the roots of the NCBI tree are 
assigned widely conserved sequences. In contrast, taxa close 
to the leaves are assigned species-specific sequences, enabling 

easy usage and the study of big data sets. Fragments as small 
as 35 bp are appropriately assigned by MEGAN (version 1) 
analysis, which also enables the integration of several 

taxonomic systems and offers filters to subsequently modify 
the stringency level to a suitable level (38). Version 2 of the 
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application made it possible to compare the taxonomy of 
several datasets, while version 3 sought to offer a functional 

analysis based on the GO ontology as well (95) and two new 
functional analysis techniques (KEGG and SEED classification) 
have taken the role of the GO analyzer in version 4 (96, 97). 

Additionally, versions five and six introduced better speed and 
a better user interface (39, 98). To use MEGAN, compare reads 
against BLASTX against NCBI-NR, import reads and BLAST files, 

calculate taxonomic and functional classifications and a single 
comparative document can simultaneously open multiple 
datasets, offering comparative views of different classifications 

(99). 

Scimm 

Scimm is an IMM-based unsupervised sequence clustering 

technique (46). Scimm employs the same general technique as 
CEM (Classification Expectation Maximization), in which IMMs 

are cluster models and data points are read sequences (46). 
For IMM modelling, Scimm employs entirely autonomously 
determined bins, which improves precision and accuracy. 

Before using IMM for the data, initial bins must be formed. This 
may be accomplished with a different binning technique 
(likelyBin and compostBin initialized) or k-means clustering, 

which requires a predicted number of clusters as an input (39). 

Treephyler 

Treephyler is involved in a quick and precise taxonomic profile 

of big data sets (40). During analysis, Treephyler may use 
several processing cores to make assignments at taxonomic 

ranks higher than the genus level. It can also provide measures 
of assignment confidence (25). 

DiScRIBinATE  

DiScRIBinATE is the successor to SOrt-ITEMS (42). It substitutes 
the SOrt-ITEMS' orthology approach with a faster alignment-

free approach. By using a new reclassifying technique, 
DiScRIBinATE lowers the overall misclassification rate to about 
3 to 7 %. Compared to SOrt-ITEMS, this misclassification rate is 

1.5 to 3 times lower and compared to MEGAN, it is 3-30 times 
lower. The suggested algorithms’ enormous applicability with 
high specificity and accuracy is demonstrated by the notable 

binning time reduction combined with excellent assignment 
accuracy (41). DiScRIBinATE utilizes the procedures used in the 
initial stage of SOrt ITEMS to keep assignment accuracy. In 

order to guarantee assignment specificity, it uses a faster 
alternative approach based on the ratio of bit-score to distance 
information derived from the hits corresponding to a read, 

avoiding the tedious orthology stage of SOrt-ITEMS (41). 
Additional techniques used by DiScRIBinATE, such as 
alignment parameter thresholds and a reciprocal BLAST 

search stage, have been demonstrated to increase the 
precision of taxonomic designations in specific situations (42). 

INDUS 

Instead of assuming a "one genome-one composition model", 
the INDUS algorithm demonstrates every genome as several 

vectors. The tetranucleotide frequency pattern of distinct (non-
overlapping) 1kb segments produced by slicing the 
corresponding genome is shown by each vector. INDUS 

determines the proper taxonomic level of assignment for the 
query by utilizing the compositional distance between the 

identified set of reference segments and the query read. The 
nearest reference segments at or above the designated 

taxonomic level are assigned to a consensus taxon at the end 
(43). 

Hybrid approaches  

This approach utilizes either tree-based and similarity-based 
methods or composition-based and similarity-based 

approaches together (8). The hybrid strategy is here to put effort 
into improving classification or speed. In the case of enhancing 
classification, for every prediction, scores from the composition 

and similarity areas might be combined and to improve speed, 
utilize the composition method to reduce the number of 
candidate species, allowing the similarity search to be 

conducted against a smaller subset of the original database (34, 
44). The major hybrid programs were covered briefly below. 

PhymmBL 

It is an approach that combines Phymm and BLAST and 
performs better than either of the two approaches alone. 

PhymmBL performs better than both Phymm and BLAST for all 
read lengths and clade levels, with a 6 % improvement over 
BLAST alone for the 1000 bp query set for all taxonomic levels. 

PhymmBL produces extremely reliable and repeatable results, 
in every instance; the accuracy standard deviation was less than 
1 % (34). To get more precision, PhymmBL combines log-scores 

from Phymm and BLASTN linearly. Either the entire set of 
PhymmBL predictions or just the subset based on composition 
and homology can be included (47). It is composed of two 

components: one is Phymm-dependent composition-directed 
taxonomic predictions and the second one is BLAST-based 
homology. These are combined by PhymmBL, which then 

assigns each input sequence its best estimate of the source 
organisms’ taxonomy. It phylogenetically classifies input 
sequences as short as 100 bp more accurately and predicts 

phylum to species for each read (100).  

SPHINX 

The hybrid binning approach SPHINX, uses both composition 

and alignment-based binning algorithm concepts to achieve 
higher binning efficiency and it targets to reduce the total time 

requirement of alignment-based binning techniques by an 
order of magnitude (101). It depends on the sequence 
alignment and generated alignment parameter (43). There are 

three steps in the sequence binning by SPHINX. In the first 
stage, small sequence subsets (in the reference database) that 
are similar in composition to the query are found using the 

compositional properties of the query sequence. In the second 
stage, BLAST similarly searches the query sequence against 
this small subset of database sequences. The last phase 

involves analyzing the results of these BLAST searches and 
assigning the query to a taxon or clade that produced 
significant hits (44). Compared to pure BLAST-based 

approaches, compositional characteristics are employed to 
limit the initial space of search for BLAST, resulting in a 4-to 8-
fold decrease in total binning time (48).  

NB-BL 

NB-BL was developed using Naive Bayes and BLAST algorithms 

as its foundations (45). Both NB-BL classifier and PhymmBL 
perform almost identically and produce higher average 

https://www.zotero.org/google-docs/?rYjBIP
https://www.zotero.org/google-docs/?dp3XWt
https://www.zotero.org/google-docs/?53BJGS
https://www.zotero.org/google-docs/?tQ0NaI
https://www.zotero.org/google-docs/?FNHi6n
https://www.zotero.org/google-docs/?MKyRlu
https://www.zotero.org/google-docs/?0YhEb2
https://www.zotero.org/google-docs/?LDFRpC
https://www.zotero.org/google-docs/?woy1WT
https://www.zotero.org/google-docs/?HabkF5
https://www.zotero.org/google-docs/?MOnNrr
https://www.zotero.org/google-docs/?OheAMr
https://www.zotero.org/google-docs/?5P6mby
https://www.zotero.org/google-docs/?5P6mby
https://www.zotero.org/google-docs/?tR2XtS
https://www.zotero.org/google-docs/?xVnZMx
https://www.zotero.org/google-docs/?k32q1y
https://www.zotero.org/google-docs/?dPPF6O
https://www.zotero.org/google-docs/?RT2nOg
https://www.zotero.org/google-docs/?ajzZKf
https://www.zotero.org/google-docs/?CChk7a


ADOT & VADAKKEMURIYIL  10     

https://plantsciencetoday.online 

sensitivity when compared to BLASTN (45). Using a vector of 
nucleotide frequencies, it might be used to detect genomic 

fragments of varying length (80). 

PhyScimm  

A combination of the SCIMM and PHYMM (initial partitioning of 

the sequences) strategies is called PhyScimm. When dealing 
with very complicated data, such as a combination of several 

species, it performs poorly and cannot differentiate between 
species with lesser abundance. Additionally, noise contributed 
by species with lower abundance impairs the clustering 

accuracy of high-abundance species (102). Initially, a subset of 
the sequences was chosen at random to classify and cluster 
the sequences at a particular taxonomic level. In most cases, 

Phymm returns too many clusters because of misclassification 
noise. A helpful recommendation for removing 
misclassification noise is to retain clusters that comprise more 

than 20  % of the sequenced bases (where the genome number 
in the mixture is denoted by k). Phymms’ ability to return k 
clusters depends on the strictness of the filtering, which the 

user must specify in a new environment. All uncluttered 
sequences should be moved to a different cluster once clusters 
have been filtered; otherwise, SCIMM tends to force these 

sequences into the generally high-quality clusters from 
Phymm classifications. At the end, IMM clustering was 
continued as in the SCIMM algorithm (46).  

RITA 

RITA generates predictions more precisely than a one-step 

BLASTN search by combining homology-based predictions 
with the Naive Bayes technique for compositional grouping 
(103). It uses three BLAST algorithms to reduce and save the 

computational time spent (47). RITA assigns sequences as 
short as 50 nt to several classification groups with differing 
levels of confidence based on the concordance between 

composition and homology and thus, comparable homology 
search techniques make it significantly quicker than the 
PhymmBL (47). RITA can classify sequences more precisely 

than the best rank-flexible classifier currently in use by 
applying prior information about taxonomic distributions to 
improve assignment accuracy in data sets with different levels 

of taxonomic novelty and it could use paired-end details that 
might enhance the accuracy of short reads (47). There are 
three key differences between PhymmBL and RITA. Firstly, 

RITA employs NBC rather than Phymms’ IMM. This improves 
speed by more than ten times without losing accuracy. 
Secondly, RITA proposes a methodology that increases the 

importance of homology-based predictions by first examining 
the agreement between homology and compositional 
predictions and then determining if homology results in them 

significantly preferring one taxonomic label over all others. 
Thirdly, in order to limit the range of forecasts that RITA can 
make, a rank-flexible version of the program enables the user 

to supply a list of predicted taxonomic categories (47).  

TWARIT 

TWARIT offers expected improvements in binning precision 

(101). Its binning method combines composition-based 
signature sorting techniques with short-read alignment to 

attain high binning rates without reducing binning specificity 
and accuracy (48). TWARIT is a major step forward in the 

creation of computationally inexpensive tools (48). In two 
separate stages, TWARIT assigns input reads phylogenetically. 

Firstly, using a special hit-pair-based assignment (HPBA) 
process, query sequences that come from known genomes are 
found in the first phase. Secondly, a novel signature sorting-

based assignment (SSBA) process is used to bin the remaining 
query sequences (48).  

 

Conclusion  

DNA barcoding is a significant and valuable method for 

identifying species and it is one of the key fields of biodiversity 
and evolutionary research. It allows the analysis of large 

amounts of DNA sequence data effectively. The appropriate 
use of reference databases, visualization tools and advanced 
algorithms improves the speed and precision of post-sequence 

analysis. Depending on the study environment, tree-based, 
similarity-based and composition-based approaches each 
have unique benefits. Similarity-based techniques assist in 

identifying species by sequence similarities, composition-
based techniques categorize species according to their 
nucleotide composition and tree-based techniques illustrate 

evolutionary relationships. These various methods are 
combined in hybrid approaches to provide an in-depth 
investigation. These techniques are widely applied to multiple 

types of biological research, including species identification. 
Through direct comparisons of DNA, RNA and proteins of 
various species, similarity-based methods can be used to 

identify homologous regions, predict the functions of proteins 
and find genetic elements that are conserved across species. 
Composition-based methods are valuable in meta-genomic 

classifications and genome assembly studies. Tree-based 
methods support species classification, reconstruction of 
evolutionary relationships and analysis of protein family 

divergence. Computational tools for post-sequence analysis 
use graphical user, command line or web-based interfaces 
with supervised, unsupervised or semi-supervised machine 

learning. 

 Operating systems such as Linux, UNIX, Windows and 

macOS are used to analyze DNA barcoding data. At the same 
time, Java, R, Python, C/C++ and Perl are the most widely used 

programming languages for data analysis.. For evolutionary 
precision, tree-based algorithms (RAxML, IQ-TREE, BEAST) 
work best if there are reference trees; they are, however, 

slower and need high-quality data. Similarity-based methods 
(BLAST, MLTreeMap) are very sensitive for taxonomic 
classification; however, they struggle with new species and are 

computationally expensive. Composition-based algorithms 
(Phymm, NBC, PhyloPythiaS) are fast and flexible; they are less 
accurate for closely related taxa. For large or complex datasets, 

hybrid approaches (SPHINX, PhyScimm, RITA) integrate 
strengths for accuracy and higher efficiency. Both RAxML and 
IQ-TREE are fast tools for phylogenetics, but IQ-TREE offers 

better model selection. 

 MEGA is simple to use but has limitations when 

handling large datasets. The RDP Classifier and NBC are fast 
but may lack accuracy for taxonomy classification compared 

to BLAST, which is slow but sensitive. MEGAN and Scimm 
maintain a balance between accuracy and speed. The pplacer 
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is a rapid phylogenetic placement program but requires 
reference trees. Phymm is better for short-read classification, 

while PhyloPythiaSs’ oligomer-based taxonomic assignment 
makes it more useful in novel environments. Hybrid strategies 
often work better in general than single approaches. 

Combining tree-based, sequence similarity-based and 
composition-based techniques, hybrid barcoding data analysis 
improves accuracy, flexibility and robustness by mitigating 

their weaknesses-particularly for complicated, noisy, or 
incomplete datasets. They utilize fast initial filters (such as k-
mers) (that help to balance speed and sensitivity) before 

implementing more computationally intensive phylogenetic 
refinements. They also manage database biases more 
effectively than single-method technologies. There are still 

issues with improving database accuracy, managing massive 
datasets and developing user-friendly interfaces. Future 
algorithms and interdisciplinary cooperation developments 

will improve these methods even more, allowing for a more 
thorough and accurate understanding of biodiversity.  
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