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Abstract: The method of determining the precise arrangement of the four chemical bases (A, T, C, and G)
in a DNA molecule—which contains the genetic instructions for every living thing—allows scientists to
interpret the code of life, comprehend gene function, identify illnesses, and monitor evolution. Alignment
free sequence studies used to solve challenges varying from complete-genome phylogenetics to protein
family categorization, horizontally transmitted gene identification, and rejoined sequence discovery.
These approaches are very effective for processing and analyzing data from next-generation sequencing
because of their strength. Many researchers, however, are unsure of how these approaches function, how
they collate to alignment-based approaches, and how they may be used in their research. We answer
these issues and present an overview of the alignment-free sequence analysis algorithms that are
currently available. Next-Generation Sequencing (NGS) is a novel method that much outperforms Sanger
sequencing by enabling fast, high-speed reading of large volumes of DNA.
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1. Introduction

The introduction of sequence comparison methods changed the computation as well as molecular biology
sciences in the 1990s, making bioinformatics a thriving field. Many computational biologists rose to
prominence at the period by inventing programmes for sequence alignment, which is a tool for identifying
regions of similarity in biological sequences that could have implications for functional, structural, or
evolutionary relation [1].

Any technique of assessing sequence similarity which does not utilize or create alignment at any phase of
the algorithmic application is known as alignment-free techniques to sequence analysis. Due to the lack
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of dynamic programming, alignment-free methods are computationally less expensive and thus suited for
complete genome comparisons. Alignment free approaches are robust to shuffle and recombine events,
as well as are useful when alignment could not consistently handle low sequence conservation [2, 3].
Finally, unlike alignment based approaches, they are not predicated on assumption about sequence
change evolutionary paths.

Approaches on the basis of frequency of sub-sequences of a specific count (word centric approaches) and
approaches that find the informational content among full length sequences (information theory centric
approaches) are the two types of alignment free approaches. There are also techniques that cannot be
classified into either group, such as those based on the count of matching words (common, longest
common, or minimal absent words among sequences), chaos game representation, iterated maps, and
graphical representation of DNA sequences.

All of the alignment free methods calculate pair wise measure of dissimilarity or distance among
sequences and are mathematically effectively established in domains of linear algebra and information
theory [4, 5, 6, 7]. Most of these metrics may be easily entered into common tree-building tools like Phylip
or MEGA, which is quite convenient.

2. Algorithm for word frequency based approach

The logic behind such approaches is straightforward: similar sequences have similar words/k-mers, so
mathematical functions on the frequencies of the words provide a decent comparative scale of sequence
dissimilarity [8, 9, 10, 11]. The approach is closely linked to the concept of genetic patterns, which were
first developed for dinucleotide compositions and have now been expanded to include prolonged words.
This procedure can be divided into three distinct parts (Table 1).

The sequences to be analyzed first be broken into groupings of distinct words of a predetermined size.
Two DNA sequences, a= ATGCATC and b = CATATG, and a word size of 3 nucleotides (3-mers), for example,
create two sets of unique words: W, = ATG, TGC, GCA, CAT, ATC and W3 = CAT, ATA, TAT, ATG. We build
a complete set of words that belongs to at least W, or W,* more to streamline the computations, leading
in the combine set W\3 = ATG, TGC, GCA, CAT, ATC, ATA, TAT, because certain words are frequently
included in one sequence but not in the another.

The next pace is to change every sequence into a vector (an array of integers) (for example, by counting
how many times each word (from W) appears inside the sequences). We find two real-valued vectors for
sequencesaand b: 0.>=(1,1,1,1,1,1,0,0)and 0,3=(1,0,0, 1, 0, 1, 1). The final step involves applying
a distance function to the sequence representation vectors 0. as well as Oy® in order to quantify the
dissimilarity among sequences. The Euclidean distance is a popular method for calculating this difference,
however some metric can be used. The larger dissimilarity number, the further apart the sequences are;
consequently, two identical sequence will have a distance of zero between both.
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Table 1: Alignment free comparison of word based distance among 2 DNA samples.

DNA Sequences a = ATGCATC b = CATATG

W33

ATG CAT
TGC ATA
GCA TAT
CAT ATG
ATC

Union of 2 sets ATG TGC GCA CAT ATC ATA TAT

WG W.3U W2

[| 0 - O] =sqrt(0+1+14+0+1+1+
1) =+/5 =223

You can test various word length approximations, but it's vital to pick words that aren't likely to occur in
a sequence frequently (the smaller the word, the further possibly it is to look randomly in a series).

3. Algorithm for information theory based approach

The quantity of information shared among two studied biological sequences is recognized as well as
computed using information theory-based approaches. Nucleotide as well as amino acid sequences are
essentially strings of symbol, and their digital arrangement can be easily deciphered using information
theory ideas [12, 13, 14]. It is extremely simple to calculate a distance among sequences employing
complexity (compression) (Table 2).

This process concatenates the two sequences that are being evaluated (a = ATGTGTG and b = CATGTG) to
get one larger sequence (ab = ATGTGTGCATGTG). If a and b are identical, ab's complexity (compression
length) will be quite near to the complexity of the individual a or b. If a and b are not similar, however,
ab complexity will tend to be greater than the sum of a and b complexities. Naturally, there are more
alternative information based distances as there are complexity assessment techniques. LZ complexity
[15, 16, 17], such as, is a prominent metric that estimates the count of unlike subsequences encountered
when examining a sequence from start to finish. One time sequences' complexity have been determined,
a measure of their differences can be simply calculated. Currently, various DNA-specific compression
techniques are being used to solve latest kinds of challenges.

SGS Initiative, VOL. 1 NO .2 (2026): LGPR



Table 2: Alignment free estimation of CD using LZ algorithm

DNA Sequences
a=ATGTGTG b = CATGTG ab = ATGTGTGCATGTG
LZ Complexity

Ca)=4 C(b)=5 C(ab)=7
CATGTG ATGTG CAT GT

Compression Distance (CD)

(C(ab) — min {C(a),C(b)}) (7-4)/5=0.6
max {C(a), C(b)}

4. Machine Learning Algorithms for DNA Sequencing

We have seen the tremendous expansion of biomedical data and the innovative advancement of
biotechnology and biomedical research during the last few decades. The growing amount of biological
data is no longer the issue; instead, it is how to extract valuable insights from the data. On one hand, a

difficult new area called bioinformatics has emerged as a result of rapid growth of biotechnology and

biological methodologies for analyzing data. However, the ongoing advancement of biological data mining

methods has led to the invention of numerous efficient and scalable algorithms. It is worthwhile to focus

on and do research on how to effectively process biomedical data by bridging the two domains of machine
learning and bioinformatics [25-26]. We should specifically examine how data mining may be used to
evaluate biomedical data effectively (Figure 1) and formulate certain research objectives that could

encourage the development of more potent biological machine learning algorithms.
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Figure 1: Sequence data mining of DNA.
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4.1 Association Rule Mining Algorithm

Association rule mining, one of the most significant subfields of data mining, can find frequently occurring
trends and associations among a group of items in a certain database. There are two smaller issues with
it: (1) Use the minimal support and set the minimum support criterion. Locate often occurring itemsets in
the database; (2) Utilize minimum confidence to identify association rules that meet predetermined
requirements for frequently occurring item-sets. In addition to being crucial for corporate data analysis,
association rule mining has shown effective in a variety of other domains, including shopping basket
analysis and healthcare data analysis. The prediction of protein structures and sequence pattern mining
are two uses for the Apriori algorithm, a common association rule-based mining technique. Apriori is the
foundation for many machine learning techniques used in data mining [32]. The database's strong
relationships are analyzed using a few metrics. Minimum confidence and minimum support are the most
widely used measurement techniques. The Apriori algorithm mines association rules between data
elements in the database using a guided way.

4.2 Classification Algorithm

One of the most widely researched machine learning domains is classification. In order to forecast the
class of the desired attribute that the user has provided, the classification principle relies on the
anticipated attribute. The two main problems in genetics are sequence annotation and genome
categorization. Fuzzy sets, neural networks and genetic algorithms are popular techniques in biological
sequence mining. Numerous broad categorization methods are also available, including decision trees,
neural networks, naive Bayesian networks, and rule learning with evolutionary algorithms.

4.3 Clustering Algorithm

In machine learning, the technique of clustering can group related sequences that share certain traits and
investigate the useful information of unfamiliar sequences from known structures and functions. As a
result, biological sequence grouping is crucial to bioinformatics studies. Clustering differs from
classification in that it does not apply a predetermined category. Every cluster has unique traits in
common. Cluster analysis's goal is to group data that shares similar features into a single category, after
which the data can be analyzed using further techniques.

The clustering method has gained popularity as a machine learning study topic in the past few years due
to the advancement of artificial intelligence. Scholars both domestically and internationally have studied
clustering algorithms in greater detail in order to increase the processing capability of large-scale data.
Numerous outstanding clustering techniques have been developed, primarily based on granularity,
uncertainty, entropy, clustering integration, and other factors. There are numerous algorithms in addition
to the ones listed above [22]. Every algorithm has unique qualities, and no algorithm can be used in every
circumstance. Knowing each algorithm's benefits and drawbacks could improve our application and
analysis.
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5. Applications of alignment free approaches in next generation

The amount of data generated by the sequenced specimens has already beyond the storage and
computing capabilities of advanced systems. Because of the computationally costly multiple alignment
procedure, the volume of data created by next-generation genomics is rapidly surpassing analytics
capabilities [18, 19]. Alignment-free techniques often give a significant speed boost over traditional next-
generation sequencing applications, but they offer way to extract biological relevant information directly
from raw next generation sequence information.

Alignment-free techniques for transcripts measurement, for example, reveal utmost of the data offered
by aligners is not required for higher quality transcript level assessment. Such techniques use a standard
set of transcripts to create an indexing of k-mers, which are then used to estimate expressions by directly
matching them to each sequencing read [20, 21]. The association among read and a collection of matching
transcripts is described as "pseudoalignment." When pseudoalignments from the same set of transcripts
are grouped together, the output of each transcript models can be inferred directly.

Screening of genome variability’s, such as single nucleotide/variant polymorphisms, seems to be another
essential feature of next-generation sequencing methods. Genotype calling on mapped reads is
commonly used to detect these genomic changes. Yet, alignment free methods based on k-mer evaluation
allow genotyping of familiar variants straightly from next-gen sequencing information [23, 24]. These
approaches appear to be particularly applicable for clinical uses, where sequencing information from a
huge count of individuals must be analyzed in a timely way, because they are 1-2 substantially faster than
standard mapping-based identification.

Synthesis of recently genomic sequences is among the most difficult jobs in modern biology. It involves
an error correction phase and the development of a genomic scaffold depending on read similarity in
standard applications (sequence overlaps) [27, 28, 29]. Numerous alignment-free techniques for
correcting sequencing reads have been developed, with the goal of being both quick and memory
effective as well as extremely accurate.

When the first alignment free metric was introduced absolutely 30 years ago, the efficiency of alignment
free approaches has greatly enhanced. The problem nowadays isn't a shortage of alighment-free
techniques, but rather the count of benchmark techniques to alignment free sequence analysis every time
an advance technique is reported, an advance assessment method and specified dataset are released as
well [30, 31]. The bulk of methods, for example, have been tested on simulated DNA sequences,
primate/mammalian mitochondrial genomes, complete prokaryotic genomes/proteomes, chosen plant
genomes, limited subsets of homologous genes, and possible combinations of these.

6. Conclusion

The computing problems of sequence analysis will be even more significant as sequencing approach gets
less costly and more widely available. This problem forces developers to shift their attention to speedier,
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alignment-independent alternatives. Will conventional alignments be doomed as a result of these new
methods? Probably not throughout the authors' lifetimes. Many aspects of modern biology, including the
author's note of conserved protein domains, rebuilding of ancestral Nucleotide sequence, evaluating the
cost of study sample, as well as homology-based modelling of 3-dimensional protein molecules, still rely
on alignment.

Alignment-free methods are quickly expanding their applicability including addressing formerly
unanswered problems in phylogenomics as well as horizontal gene transfer, regulating sequence
evolution, as well as genome-epigenome linkages. The alignment-free solutions appear to be particularly
effective in addressing the limitations of next generation sequencing data processing. The currently
prevalent k mer techniques are tied to new measurements for biomedical application.

7. Future scope

The most popular technique to deal with data is machine learning, which is the foundation of data mining.
The ability of machine learning technologies to filter vast amounts of data in order to investigate patterns
that could otherwise go unnoticed is one of their main advantages. Machine learning is essential for
identifying recurring trends in biological processes in the era of massive data of biomedical studies.
Machine learning relies heavily on large data sets. Currently, the majority of biological data sets are still
too tiny to satisfy machine learning algorithms. Even if the overall amount of biological data is enormous
and growing daily, the data is gathered from a variety of platforms. Integrating various data sources is
extremely challenging because of the gaps between biology and technology. Machine learning algorithms
based on one data set may not be successfully adapted to different data sets since the variations in
biological data directly. The machine learning algorithm's analytical outputs tend to be inaccurate if the
new data differs greatly from the training data. Biological applications have additional difficulties due to
the black-box nature of machine learning models. The applicability of a model is often limited by the
difficulty of interpreting its results from a biological perspective.
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