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Abstract Genomes hold the complete genetic information of an organism. Exam-
ining and analyzing genomic data plays a critical role in properly understanding an
organism, particularly the main characteristics, functionalities, and evolving nature of
harmful viruses. However, the rapid increase in genomic data poses new challenges
and demands for extracting meaningful and valuable insights from large and com-
plex genomic datasets. In this paper, a novel Framework for Genome Data Analysis
(F4GDA), is developed that offers various methods for the analysis of viral genomic
data in various forms. The framework’s methods can not only analyze the changes
in genomes but also various genomes contents. As a case study, the genomes of five
SARS-CoV-2 (severe acute respiratory syndrome coronavirus 2) VoC (variants of
concern), which are divided into three types/groups on the basis of geographical lo-
cations, are analyzed using this framework to investigate (1) the nucleotides, amino
acids and synonymous codon changes in the whole genomes of VoC as well as in
the Spike protein, (2) whether different environments affect the rate of changes in
genomes, (3) the variations in nucleotide bases, amino acids, and codon base compo-
sitions in VoC genomes, and (4) to compare VoC genomes with the reference genome
sequence of SARS-CoV-2.
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1 Introduction

Despite significant progress due to scientific advancements, infectious diseases re-
main prevalent around the world. Examining the genomes of viruses is critical for
understanding their main characteristics, functionalities, evolving nature, and for de-
veloping effective vaccines or therapeutics that can provide long-term immunity. The
genomes of a virus can now be sequenced rapidly from patients around the world
and shared on public repositories such as GenBank [1] and GISAID [2]. However,
the rapid growth in size and complexity of genomic data poses new challenges. It de-
mands the use of high-performance computing (HPC) and the development of novel
methods to extract meaningful and valuable insights from large and complex genomic
datasets. Some key issues are the storage, management, and processing of massive bi-
ological data, as well as extracting useful information from the data. Thus, to analyze
complex biological data, sophisticated and efficient computational approaches are
now necessary. In particular, the recent COVID-19 pandemic [3, 4] impact showed
to the world that efficient genomes analysis approaches, well-organized databases
and search engines, preferably integrative ones capable of working across multiple
data sources, are required to address pandemics. Furthermore, the third United Na-
tions Sustainable Development Goal', which emphasizes the importance of "Good
Health and Well-being," highlights the necessity of utilizing computational tools and
computer-assisted techniques in healthcare research and development. These tools
are crucial not only for combating emerging diseases but also for improving health
outcomes. In this context, computational and computer-assisted tools can aid biomed-
ical and biological scientists in investigating and uncovering important information
within genomic data. Their use can not only expedite the process of discovering ac-
tionable insights for early intervention but can also contribute to an improved global
response.

Computational biology and bioinformatics projects, such as Biopython [5], Bio-
conductor [6], and BioJava [7]), offer diverse tools for analyzing and comprehend-
ing genomic data. However, these projects utilize distinct algorithms for sequence
alignment. Since the onset of COVID-19, numerous online databases (e.g. COG-
UK [8], EpiCoV from GISAID, CARD [9]), search systems, and resources (e.g.
CoV-GLUE [10], 2019nCoVR [11], CoV-Seq [12], VirusViz [13], CoVMT [14],
coronaApp [15], MicroGMT [16], hcov19-variants) have been developed specifically
for analyzing the genomes of SARS-CoV-2 and its variants. Nevertheless, the ma-
jority of these tools concentrate on specific accruing changes in genomes, operate
solely on nucleotides or amino acids, and align and compare genomes with the ref-
erence genome sequence. Furthermore, these systems predominantly rely on other
algorithms for sequence alignments and comparisons.

In this paper, a novel framework is introduced, called FAGDA (Framework for
Genome Data Analysis), which comprises three primary methods to analyze genome
data in (1) nucleotide form, (2) in coding region form and (3) in protein form. The
first method identifies nucleotides changes in whole genomes. The second method is
used to find nucleotides changes, including those arising from synonymous codons,

! undp.org/sustainable-development-goals/good-health
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in whole genomes as well as in different genes within genomes. The third method
detects amino acid changes in genomes and their constituent genes. Additionally,
the framework offers the capability to analyze the overall composition of nucleotide
bases (A%, C%, G% and T%) and amino acids, GC and AT/GC contents, and the
codon base composition (A3%, C3%, G3%, Ts%, GC1%, GC2%, GC3%) in both
whole genomes and different genes.

As a case study, the FAGDA framework is applied to analyze the genomes of
five SARS-CoV-2 VoC (Alpha, Beta, Delta, Gamma and Omicron). This analysis
encompasses genomes sourced from different countries (DC), the same country but
different locations (SCDL) and the same country and location (SCSL). Compared to
existing tools, the FAGDA framework does not depend on any sequence annotation
and sequence alignment techniques, and it allows for the comparison and analysis
of genomes in three distinct forms (nucleotide, coding region, and protein), among
themselves and with the reference sequence. The framework can interpret and analyze
genomes with a focus on both nucleotide and amino acid sequence variations. As a
result, the FAGDA framework facilitates simple and rapid analysis of viral genomes,
enabling the monitoring of evolutionary changes in both nucleotide and amino acid
sequences across populations.

The rest of this paper is organized as follows: The related work is discussed in
Section 2. The proposed FAGDA framework for the analysis of viruses genomic data
in various forms is introduced in Section 3. Section 4 presents an evaluation of the
framework’s capabilities and performance. Finally, Section 5 concludes the paper
with some remarks.

2 Related Word

Several research studies [17-26] have examined and identified frequent mutations
types, single nucleotide polymorphisms (SNPs) and nucleotides/amino acid changes
in SARS-CoV-2 genomes sourced from various countries and archived in online
databases such as NCBI’s GenBank and GISAID. For a deeper understanding of SNP
data analysis, readers may refer to [27]. The study [28] developed a framework lever-
aging SNPs analysis for the early detection of Alzheimer’s disease. The CoVsurver
tool, integrated with GISAID, was employed in [29] to analyze genomes with patient-
follow up status for mutations, revealing a direct correlation between mutations and
clinical outcomes. . However, some of these studies lack details regarding the quality
and nucleotide completeness of the collected genomes. Furthermore, genomes were
analyzed solely in one form, relying on various alignment techniques to compare the
collected genomes with the SARS-CoV-2 reference sequence (either NC_045122 or
MN908947). In [23], the ORF1lab gene, which constitutes two thirds of the SARS-
CoV-2 genome at the 5‘'UTR end and encodes PPlab and PPla polyproteins, was
excluded from the analysis.

Shi et al. [30] proposed a development method for biological sequence analy-
sis algorithms, integrating the formal partition-and-recur (PAR) method, component
technology, generic programming and domain engineering. Some studies [31,32] em-
ployed pattern mining techniques on genome sequences to uncover interesting hidden
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patterns of nucleotides and amino acids, their relationships with each other, and their
prediction(s) in genomes. Moreover, a mutation technique was used to find nucleotide
and amino acid changes in genomes. However, these prediction models have limita-
tions, as they can only predict the next nucleotide or amino acid in the genomes,
and with low accuracy. The mutation analysis technique has the limitations that the
length of the genomes must be the same and also the genomes should only contain
nucleotides without any additional information. Pathen et al. [33] computed the mu-
tations in nucleotides and codons in the whole genomes of COVID-19 for various
countries. But each genome was only compared with the reference genome.

SARS-CoV-2 genomes were compared in [34] with other coronaviruses genomes
for various parameters using bioinformatics tools. FLAT [35] and its improved ver-
sion BPNIF [36] can be used for the detection of longest common consecutive sub-
sequences (LCCS) in biological sequences.

Compared to previous works and recently developed tools, this study offers a
unified framework to analyze genomic data in various forms. SARS-CoV-2 genomes
for VoC in three forms, which are further categorized into three groups (DC, SCDL
and SCSL), are analyzed using this framework. VoC genomes from the same group
are compared not only with each other but also with the reference genome sequence
to analyze them for various aspects. F4GDA is independent of any external tools or
packages and is not only limited solely to SARS-CoV-2; it can be utilized to analyze
genomes of other known viruses.

3 The F4GDA Framework

The proposed FAGDA framework for genome analysis (Figure 1) consists of: (1)
Accepting the genomes in three forms (nucleotide, coding region and protein), and
(2) Analyzing these genomes for (a) changes in nucleotides, codons (synonymous
and non-synonymous) and amino acids, as well as (b) variations in various compo-
sitions such as the nucleotide bases, amino acids composition, nucleotides contents,
and codons third base composition. This analysis can be conducted either on whole
genomes or on specific regions of interest, such as the S protein. Further details are
provided next.

FAGDA is utilized to analyze genomes of SARS-CoV-2 VoC sourced from Gen-
Bank [1]. The genomes are downloaded from GenBank in three forms. Consequently,
there are three FASTA files for each VoC genomes: (1) Whole genomes in nucleotide
form, (2) Genomes in coding region form, where each genome contains genes in-
formation and nucleotides encoding amino acids for each gene, and (3) Genomes in
protein form, where each genome contains the genes information and the amino acid
sequence for each gene.

Nucleotides other than the four basic nucleotide bases (A, C, G and T') are re-
ferred to here as ambiguous or redundant nucleotides (RN due to their infrequent
occurrence. Similarly, amino acids other than the 20 main amino acids are designated
as ambiguous or redundant amino acids (RAA). When analyzing genomes, the pri-
mary focus is on the four bases and 20 amino acids, and it is assumed that RN and
RAA encode the same base and amino acid, respectively, in both sequences. Note
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Fig. 1: Schematic of the FAGDA for genomes analysis. Dotted red box contains meth-
ods to analyze the genomes for nucleotides, amino acids and codons changes in three
forms: Nucleotide Form (NF), Coding Region form (CRF) and Protein Form (PF).
Dotted blue box contains methods to discover various contents inside genomes in
CRF and PF.

that we investigated the RN and RAA in collected genomes and found that indeed
they encode the same base and amino acid, respectively, in most cases. In the ge-
netic code, there are 2 amino acids with a single codon choice, 9 amino acids with
two codons, 1 amino acid with three codons, 5 amino acids with four codons, and 3
amino acids with six codons [37]. Thus, there are five synonymous codon families
(SCF).

SARS-COV-2 genomes of VoC from different geographical locations are ana-
lyzed using the framework. Three cases are considered: (1) genomes from different
countries (DC), (2) genomes from the same country but different locations (SCDL)
and (3) genomes from the same country and the same location (SCSL). The earlier
genome of a variant is compared with the new genome of same variant on the basis
of collection dates. The main reason for selecting VoC genomes from DC, SCDL,
and SCSL is to examine and investigate the changes in genomes from both similar
and different environments. The following sections provide details of the methods
developed within the FAGDA framework for analyzing genomes in various forms.

3.1 Nucleotide Form

Algorithm 1 presents the pseudocode for the analysis of genomes in nucleotide form.
The algorithm takes two genomes (G.S; and G\Ss) as input and compares the nu-
cleotides one by one. If nucleotides at a particular location do not match and they do
not belong to RV, then the location and the changed nucleotides in both sequences
are stored in Di f f. The change rate (C'R) is calculated by the following formula:
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M
CR=— x 100 (M
Y

where M is the total number of changed nucleotides and Y is the total number of
nucleotides in the genomes.

Algorithm 1 Analysis of genomes in nucleotide form

Input: Genomes in nucleotide form (GS1, GS2)
Output: Locations, changed nucleotides, total changes and the change rate

1: Diff <« 0

2: RN« {N,R,Y,K,M,S,W,B,D,H,V}

3: Y < min(len(GS1), len(GS2))

4: M+ 0

5: fori < 1toY do

6: if (GS1(3) # GS2(i)) A (GS1(3) V GS2(i) € RN) then
7.

8

M+ M +1;
: +-Diff + i, GS1(2), GS2(1)
9: end if
10: end for

11: Calculate C R using Equation 1.
12: return Diff, M, CR

3.2 Coding Region Form

Algorithm 2 presents the pseudocode for analyzing genomes in coding region form.
It takes genomes as input and compares the nucleotides in each gene within the
genomes one by one. If the nucleotides at a specific location in the genes are dif-
ferent and they do not belong to N R, then the codon where the changed nucleotides
are is found by invoking the FindCodon procedure. The changed codons go through
the CheckCodon procedure to determine whether each changed codon is a SC or not.
The locations, changed nucleotides, and changed codons are stored in Dif f. Ad-
ditionally, the gene in which the change occurred and whether the changed codon
resulted in the same or a different amino acid are also recorded in Di f f. The change
rate is calculated using Equation 1.

The FindCodon procedure identifies the respective codon for the changed nu-
cleotides. It takes as input the location (¢) and the lines (LGene;, LGenes) within the
genes where the change occurred, and returns the codon for the changed nucleotides.
The CheckCodon procedure first determines the amino acids encoded by the codons.
It then checks whether these amino acids belong to the SCF. If both amino acids be-
long to the SCF, the changed codon is considered a SC; otherwise, the changed codon
produced results in a different amino acid.
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Algorithm 2 Analysis of genomes in coding region form

Input: Genomes in coding region form (GS1, GS2)
Output: Locations, changed nucleotides and codons, SC or not, total changes and the overall change rate

s Diff < 0;
RN« {N,R,Y,K,M,S,W,B,D,H,V}
: Y < min(len(GS1), len(G'S2))
M+ 0
: for each Gene; € GS1 N Genea € GS2 do
Z < min(len(Gene1), len(Genes))
fori < 1toZ do
if (Gene1 (i) # Genea (1)) A (Genei (i) V Genea (i) € RN) then
M+ M+1;
10: CGeney, CCenes = FindCodon(i, LGeney, LGenes);
11: CC1,CC3% = CheckCodon(CGene1, CGenes)
12: +#-Diff < i, Geney (i), Genea (i), CGene1, CGenez, CC1, CCy
13: end if
14: end for
15: end for
16: Calculate CR using Equation 1
17: return Dif f, M, CR

R A

3.3 Protein Form

Algorithm 3 presents the pseudocode for analyzing amino acids in genome sequences
in protein form. The algorithm takes genomes as input and compares the amino acids
in each gene of the genomes, one by one. If amino acids at a specific location in the
genes do not match and they do not belong to RAA, the location and changed amino
acids are recorded in D+ f f along with the genes information. The change rate (C'R)
is calculated using Equation 1, where M represents the total number of changed
amino acids, and Y represents the total number of amino acids in the genomes.

Algorithm 3 is actually verifying that the amino acid changes in the genomes are
due to non-synonymous codons that can be found by using Algorithm 2.

3.4 Nucleotide Bases, Amino Acids and Codon Base Compositions

The FAGDA framework is also utilized for analyzing genomes in coding region form
and protein form to find:

— Frequent Nucleotide Bases and Amino Acids: The overall composition (occur-
rence) of four nucleotide bases and 20 amino acids. This can reveal the frequent
nucleotides and amino acids present in the genomes.

— GC and AT/GC Contents: The occurrence of G+C (called GC content) and
AT/GC ratio.

— Codon Base Compositions: The occurrence of four nucleotide bases and G+C at
the third position of a codon (A3, Cs, T3, Gs, GC1, GCo, GC4,).

The procedure for calculating the GC, AT/GC contents, and four nucleotide bases
compositions in genome(s) in nucleotide form, or in any specific gene of interest in
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Algorithm 3 Analysis of genome sequences in protein form

Input: Genomes in protein form (GS1, GS2)
Output: Locations, changed amino acids, total changes and the overall change rate

: Diff < 0;
: RAA«+ (B, J, X, Z}
1 Y < min(length(GS1), length(G S2))
M<+0
: for each Gene; € GS1 N Genea € GS2 do
Z < min(len(Geney), len(Genes))
fori < 1toZ do
if (Geneq (i) # Genea(i)) A (Gene1 (i) V Genea (i) € RAA) then
M <+ M+1;
Diff < i, Gene; (i), Genea(t)
end if
end for
: end for
: Calculate C'R using Equation 1
. return Diff, CR

SVENDUE LY

—_—
DA WN =

genome(s) is not presented here. Similarly, the genomes in protein form are analyzed
to find the composition of 20 amino acids.

Algorithm 4 outlines the steps for calculating the codon base, such as GC;, GCs,
GCs, A3, C3, G and T3 in genomes in coding region form. The procedure first finds
the codon present in the genome(s). The list GC with 3 elements is used to store the
C or G presence at the third position of a codon. Initially the three elements are set to
0. If C or G is the first (second) or (third) nucleotide in the codon, then GC[0] (GC[1])
or (GC[2]) is incremented by 1. The list AC'T'G with 4 elements is used to store the
total occurrence of A, C, G and T at the third position of a codon respectively.

FAGDA, a Python-based tool, is designed to accept genomes in both FASTA and
TXT formats , without reliance on external library, packages, or tools. The code for
the main methods will be made public following the peer review process.

4 Results and Discussion

SARS-CoV-2 genomes for five VoC are obtained from the NCBI’s GenBank. Some
records within it have limited research potential due to being smaller than the ref-
erence sequence (< 5,000 nucleotides) or containing a large number of ambiguous
letters, such as RN and RAA. We filter and select only those genomes that are com-
plete, with a length of at least 29,000 nucleotides, and are available in three forms.
For each variant, their genomes are collected from DC, SCDL and SCSL. Thus each
variant is divided intro three types/groups based on to geographical locations. Each
genome is downloaded in three forms: nucleotide form, coding region form and pro-
tein form.

The VoC genomes are ordered in ascending order on the basis of their collection
date. Only genomes with complete collection data (Year-Month-Day) are considered,
excluding those with only year in the collection date. The earlier genome of a vari-
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Algorithm 4 Codon Base Composition

Input: Genome(s) (G.S)
Output: A3, C3, G3, T3, GCI1, GC2, GC3

I: GC«+ [0]x 3

2: ACTG < [0]x 4

3: CC+0

4: for i < 1 tolen(GS) do

5 if (i % 3 == 0) then
6: CC+=1
7: if (GS[i-2] == C or GS[i-2] == G) then
8: GC[1]+=1
9: else if (GS[i-1] == C or GS[1-1] == G) then
10: GC[2]+=1
11: else if (GS[i] == C or GS[i] == G) then
12: GC[3]+=1
13: end if
14: if (GS[i] == A then
15: ACTG[1] +=1
16: else if (GS[i] == C then
17: ACTG[2] +=1
18: else if (GS[i] == G then
19: ACTG[3] +=1
20: else if (GS[i] == T then
21: ACTG[4] +=1
22: end if
23: end if
24: end for )
25: GC1,GC2,Ge3 = S EOR] GOl3]

> C
ACGT[1] ACGT[2] ACGTI[3] ACGT[4
26: A3, C, G3, T3 ACCTI ACHTR] ACCTIS) ACCTI]
27: return CG1 x 100, CG2 x 100,CG3 x 100

28: return A3 x 100, C3 x 100, G3 x 100,73 x 100

ant is compared with the new genome of the same variant based on their collection
dates. The information for some collected genome sequences for SARS-CoV-2 VoC
are listed in the Appendix (Table A1). Only the accession numbers for genomes are
provided in Table A1. All experiments were performed on a laptop equipped with an
Intel Celeron processor and 16 GB of RAM.

4.1 Results for Genomes in Nucleotide Form

First, the changes that occurred in various genomes of VoC are presented in nu-

cleotide form (Table 1). The format: %Omicron is used to show the

results for the five VoC. For example, consider the changes in the first two genomes
(1 and 2) for DC with the following format: %(2@980) in Table 1. This
indicates that 22,264 changes occurred in the Alpha genome 2 when compared with
the Alpha genome 1, 22,107 changes occurred in the Beta genome 2 when compared
with the Beta genome 1, 10 changes occurred in the Gamma genome 2 when com-

pared with the Gamma genome 1, 21,463 changes occurred in the Delta genome 2
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when compared with the Delta genome 1 and 20,980 changes occurred in the Omi-
cron genome 2 when compared with the Omicron genome 1.

Table 1: Results for VoC genomes in nucleotide form

Location = Genomes Nucleotides changes CR
DC 152 %(20980) W(m 677)
DC 23 %(21%4) %ﬁgg’;g;(n 466)
DC 354 %(21986) B ggiggﬁ ggzg; (71.014)
beans SN gpp  ERGLE )
DC 556 %(mzu) T s ggggg% gzg‘ji (71.214)
DC 67 %ﬁﬁgﬁg(m%s) %ﬁ;gg?;m 857)
DC 78 %ﬁfgggg(mwg) %(M 491)
DC 89 %(21587) %(72 4809)
SCDL 1—2  2Z2I1C1589) (92056) %(71 1178)
SCDL 253 %(21399) %(71 910)
SCDL 34 %(22063) %ﬁgggg;(u 168)
SCDL 455 %21(2335)(22289) %m(m 928)
SCDL 556 %(22018) %(m 962)
SCDL 67 16021145 (22179) 0.5554(11-9508) (74.403)
SCDL 78 2@)%%(21307) %(71.51@
SCDL 89 %ﬁ;;%%( 21328) %m(nﬁmg)
SCSL 152 ;}fgggfgj? (22237) %ﬁ’jggggg(u 741)
S 23 MG g TR 0 )
sost aors sy sl g )
S 4ovs Al gy MO 0y )
e soe SRR A oo
SCSL 657  H98CI%I) (91357)  TL1505(78.0565) (71.788)
SCSL 78 %(21:&81) %(71.801)
SCSL 8—9 %(22089) %(M.Ns)

In the nucleotide form, we found that a very large number of nucleotides (>
20,000) were changed in most of the VoC genomes, resulting in very high change
rates. For some genomes, the changes were less (< 33 nucleotides). The average
changes in VoC were: Alpha (18,961.54), Beta (21,668.7), Gamma (19,856.16), Delta
(20,910.75) and Omicron (20,820.70). The slightly lower changes in Alpha/Gamma
were due to three/two occasions where fewer nucleotides (in the range 10-33) were
changed. The average changes in genomes from DC were 21,282.2, in genomes from
SCDL were 19,541.8, and in genomes from SCSL were 20,556.7. VoC genomes from
DC have more changes than those from from SCDL and SCSL. In contrast, SCSL
genomes have slightly more changes than SCDL. In fact, this difference is significant,
according to the p-value (0.5723 > 0.05) obtained after using the Wilcoxon test [38]
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on nucleotides changes in genomes from SCDL and SCSL. High changes in VoC
genomes from DC suggest that different environments have an effect on nucleotides
changes.

4.2 Results for Genomes in Coding Form

Next, SAR-CoV-2 VoC genomes in coding region form are analyzed for nucleotide
changes and CR in various genes. In total 12 genes were considered, which are:
ORFlab, ORFla, S, ORF3a, E, M, ORF6, ORF7a, ORF7b, ORFS, ORFI0 and N.
Some nucleotide changes (NC) produce the synonymous codon (SC) that encodes
the same amino acid. The complete results for total NC (TNC), SC, NC in 12 genes
and CR in VoC genomes from DC, SCDL and SCSL are listed in the Appendix (Ta-
ble A2). ORF10 is not included in Table A2 as no changes occurred. Table 2 lists the

changes in the S protein, TNC, SC and CR with the format: #gﬁ%
1(4)

For example, the entry W(O) in Table 2 for DC indicates that 1 change occurred
in the S protein of Alpha genome 2 when compared with the S protein of Alpha
genome 1, 4 changes occurred in the S protein of Beta genome 2 when compared
with the S protein of Beta genome 1, 1 change occurred in the S protein of Gamma
genome 2 when compared with the S protein of of Gamma genome 1, and so on.

The average total nucleotide changes (TNC) in VoC are: Alpha (221.29), Beta
(934), Gamma (212.29), Delta (2633.58), and Omicron (1413.33). Delta genomes ex-
hibit more nucleotides changes compared to genomes from other variants, followed
by Omicron and Beta. As discussed in Section 2.1, the S protein binds to the human
host cell membrane by interacting with the host ACE2 receptor. Thus, blocking or
preventing the binding of S proteins with ACE2 receptors is considered the primary
and most important approach to block the cell entry of SARS-CoV-2. Consequently,
the S protein is the most significant target for COVID-19 vaccine, drugs, and thera-
peutic research.

The average nucleotide changes in the S protein in VoC are: Alpha (203.41), Beta
(182.66), Gamma (196.04), Delta (643.20) and Omicron (568.5). This means that
in Delta genomes, 25% of nucleotide changes were in the S protein. For Omicron
genomes, 40% of nucleotide changes were in the S protein. Whereas for Alpha, Beta,
and Gamma, the percentage of nucleotide changes occurring in the S protein were:
92%, 19% and 92%, respectively. The average nucleotide changes in the S protein in
VoC genomes from DC were 649.05, in VoC genomes from SCDL were 296.97, and
in VoC genomes from SCSL were 130.25. Thus, VoC genomes from DC have more
nucleotides changes, followed by SCDL and SCSL. The average nucleotide changes
in VoC genomes from DC were 1,149.82, in VoC genomes from SCDL were 763.55
and in VoC genomes from SCSL were 1,335.55. The high average for SCSL is due to
the fact that one genome sequence in Gamma generated changes (> 26,000) with its
successor and predecessor. Otherwise, DC has more nucleotide changes than SCDL.

The average nucleotide changes that produce the SC in VoC are: Alpha (9.58),
Beta (27.91), Gamma (11.37), Delta (58.6) and Omicron (35.12). In Alpha genomes,
there are approximately 4.49% nucleotide changes due to SC resulted in the silent
mutation. For other variants this percentage is Beta (2,98%), Gamma (5.35%), Delta

(Omicron).
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Table 2: Results for VoC genomes in coding region form

Loc  Genomes S TNC SC CR
-2 o0 (0) ritsizs) (0) 75 © G (©)
23 Tty (2264)  ppsrhs(11939) 435*15;) (278) ‘;233;323% (28.13)
5 354 2“322%3@ (2264) 23:1‘;22;22(}11%%(11943) 4%(%))(278) 005-09;22%05&6;% (28.14)
= 45 FoI) 205 (9) 516y (2) T 213(0-110) (0-0212)
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(2.22%), and Omicron (2.48%). Delta has the lowest rate for silent mutations among
all the variants. It is important to point out here that it is possible for two or three
consecutive nucleotide changes in a codon to only change one amino acid; these are
not included in the SC.

4.3 Results for Genomes in Protein Form

SAR-CoV-2 VoC genomes in protein from for amino acids and CR in 12 genes is also
analyzed. The complete results for total amino acids (TAA), amino acid changes in
12 genes (excluding ORF10) and CR in VoC genomes from DC, SCDL and SCSL
are listed in the Table A3 of Appendix. Table 3 lists the amino acid changes in the S
protein, TAA and CR with the format: % (Omicron).

The average TAA changes in VoC are: Alpha (101.95), Beta (407.66), Gamma
(95.16), Delta (1,155.54) and Omicron (615.16). Delta genomes have more amino
acid changes compared to genomes from other variants, followed by Omicron and
Beta. The average amino acid changes in the S protein in VoC were: Alpha (90.54),
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Table 3: Results for VoC strains in protein form

Loc Genomes S TAA MR
DC 152 %(0) 7f1<});)_2)) (0) %(0)
DC 253 1Olfif()s)(sm) %(5190) %(3672)
DC 354 %(985) %(5194) %(36‘75)
DC 455 g%u) %(7) 7%2)9221(%?223) (0.049)
DC 556 33;&% (1) ;3fgg7; (8) %@?gg;(o.om)
DC 67 1007{’2%1 (1) e (8) %@?32;(0.056)
bC 78 3(710148) 1) 132(41(075)4) () 06.1172005)7'.04459; (:035)
DC 89 25 (990) 2o} (990) 0602708 (7-00)
SCDL 12 %(0) 4;‘;3?? (341) 73%22336?13 (2.42)
NONECTHEE UM RN 1
SCDL 34 %(1) 25 6) 78;8;‘1153;828 (0.035)
SCDL 45 %i(ggo) 96<§{3(’)) (990) %(7.00)
SCDL 56 %(990) 2100(102)) (991) ooy (7.01)
SCDL 67 %(0) 1%;‘) 1) %(0.007)
SCDL 78 253 (0) };Egg (1) 73;})3?(3;8“;’2) (0.007)
SCDL 89 33 (990) Sice) (991) Fiootom (7:01)
SCSL 12 %ﬁ’i(o) %(2) %ﬁ:gigg(o.om)
SCSL 23 1(111%2) (0) 7(171345) ®3) [340&99(&??685) (0.021)
SCSL 3—4 2(11(103)2) (5) 11(1?%%1) (14) 0.8%3?3%7% (0.099)
SCSL 45 %(5) %(10) 3 i (0:01s) (0.070)
SCSL 56 %(1) %(1) %(0/007)
SCSL 67 X ) %g)( ) %(omsg)
SCSL 78 3%(0) 213;(1(3)) (6) 7‘5}32&832; (0.042)
SCSL 89 1 0) f?g}g; ) %(o.om)

Beta (79.70), Gamma (43.25), Delta (277.12) and Omicron (267.79). This means
that in Delta strains, 24% of amino acid changes were in the S protein. For Omicron,
40.28% of amino acid changes were in the S protein. Whereas for Alpha, Beta and
Gamma, the percentage of amino acid changes occurred in the S protein are: 89%,
19% and 46% respectively. Is is interesting to see that nucleotide and amino acid
changes in the S protein share the same ratio for the variants excluding Gamma. The
average amino acid changes in the S protein in VoC genomes from DC were 258.97,
in VoC genomes from SCDL were 126.4 and in VoC genomes from SCSL were 57.67.
The average TAA changes in VoC genomes from DC were 504.4, in VoC genomes
from SCDL were 333.95 and in VoC genomes from SCSL were 586.95. Thus, VoC
strains from SCSL have more amino changes, followed by VoC strains from DC and
SCDL. The reason for high changes in SCSL is discussed next.

Amino acids change rates for VoC genomes are shown in Figure 2. The changes
in Delta is the highest followed by Omicron and Beta. It can be seen that changes
in two Delta genomes from SCSL were very high (approximately 81% CR). This
has played a significant part in increasing the changes rate in SCSL. For the same
genomes, 56% of nucleotides and amino acid changes were found in the ORF1ab.
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Fig. 2: Amino acids CR for VoC genomes

Such huge changes can be caused by sequencing error as ORFlab is prone to such
errors because it is present at the one end (5°UTR) of genomes. Such high changes
in nucleotides and amino acids in ORF1lab were also found in some sequences from
Beta and Omicron.
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Fig. 3: Nucleotides and amino acid changes in VoC genomes when compared with
the RefSeq. (a) Nucleotides changes in the whole genomes and in the S protein, and

(b) amino acid changes in the whole genomes and in the S protein

For SARS-CoV-2, the reference sequence (RefSeq) NC_045512 in NCBI Gen-
Bank with Pango Lineage B is the first genome sequence. This sequence was released
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in January 2020 by the Public Health Clinical Center and School of Public Health in
Shanghai, China [3]. The nucleotides and amino acid changes in VoC genomes when
compared with the RefSeq are also analyzed (Figure 3). Omicron variant genomes
have most nucleotide and amino acid changes compared to other three variants. It
is interesting to see that nucleotides and amino acid changes decrease from Beta to
Gamma to Delta (15% and 65% decrease from Beta to Gamma and Gamma to Delta
respectively). However the increase in changes from Delta to Omicron is huge, with
approximately 6.38 times more changes. However, most of the changes in Omicron
genomes were not in the S protein. Omicron genomes have approximately 1.2 times
more changes in the S protein compared to Delta. Gamma genomes have the least
number of changes in the S protein when compared to other three variants. Each
of the variant genomes when analyzed with the RefSeq have more nucleotides and
amino acid changes (8 times more for whole genomes and 4 times for the S gene)
compared to nucleotide changes and amino acid changes in each variant genomes
when analyzed with each other.

4.4 Nucleotides, Amino Acids and Codon Base Compositions

The composition (occurrence frequency) were computed for the following : (1) nu-
cleotide bases, (2) amino acids, (3) GC and AT/GC contents, and (4) the nucleotide
bases at the third position of a codon (A3, Cs, Gs, T3) and GC (G or C) at the first,
second and third codon position (GCy, GCs, GC3). These composition were com-
puted in all genomes (Table 4) and the S protein (Table 5) of variants respectively.

In five VoC genomes, A and T make up for approximately 62% and the remaining
38% belongs to nucleotides C and G. Similarly, for amino acids, Leucine (L) is the
most frequent amino acid with composition of 9.6%, followed by Valine (V) (8.21%)
and Thr (T) (7.12%). These results are consistent with the results obtained in [31,
34,39]. In [31], the Apriori algorithm was used to identify frequent nucleotide bases
and it was found that A (29.88%) and T (32.12%) contribute 62%, and C(18.34%)
and G (19.64%) contribute the remaining 38%, on average. Similarly, in [34], [39],
MEGA X [40], Alfree [41] were used to find frequent nucleotides in SARS-CoV-2
genomes. It was found that A and T contribute 62%, 62.1%, and C and G contribute
38%, 37.9%, approximately.

The average GC and AT ratios were approximately 37.83% and 62.17% respec-
tively, which indicates that all the SARS-CoV-2 genomes are AT rich. The AT/GC
ratio for all variants was the same. In all the genomes, GC; (46.84%) is the most fre-
quent, followed by GCs (38.45%) and GC3 (28.07%). This means that ATs (71.93%)
is most frequent, followed by AT (61.46%) and AT; (53.16%). Thus, the third po-
sition in a codon is also AT rich across the genomes. At the third position in the
codon, it is observed that on average T (43.76%) was most frequent, followed by A
(28.04%), C (15.15%) and G (12.92%).

In the S protein, GC;, GC3, A3 and G3 were low. Whereas, GC, GCs, C3 and T
were high. We find some interesting information related to compositions percentage
in variants. For example, GC; and A3 in Delta and Omicron were high compared to
Beta and Gamma. Similarly GCy was high in Delta (40.72%) and A3 was high in
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Table 4: GC contents and Nucleotides/AAs frequencies

Contents  Alpha Beta G Delta Omicron
A 29.909  29.865 29.863 29.872 29.897
C 18.084  18.077 18.084 18.070 18.074
G 19.750  19.754 19.746 19.756 19.751
T 32256 32.303 32.305 32.301 32.276

Ala A 6.846 6.826 6.837 6.837 6.818
ArgR 3.403 3.417 3.405 3.414 3.421
Asn N 5.426 5.424 5.407 5.427 5.376
AspD 5.088 5.085 5.096 5.066 5.097
CysC 3.056 3.070 3.068 3.069 3.069
Gln Q 3.646 3.639 3.662 3.667 3.623
GluE 4813 4.808 4.794 4.806 4.823
Gly G 5.935 5.939 5.923 5.951 5.909
His H 1.865 1.874 1.859 1.853 1.889
Ilel 5.137 5.172 5.163 5.145 5.181
LeuL 9.685 9.664 9.665 9.683 9.632
LysK 5.940 5.897 5919 5917 5.964
MetM 2216 2.206 2.206 2213 2.207
Phe F 5.001 4.996 5.009 4.988 5.028
Pro P 3.905 3.929 3.928 3.889 3.922
Ser S 6.722 6.729 6.731 6.759 6.710
Thr T 7.541 7.494 7.501 7.500 7.497
Trp W 1.108 1.110 1.109 1.109 1.110
Tyr Y 4.529 4.552 4.568 4.553 4.550
Val V 8.126 8.157 8.139 8.136 8.163
GC 37.835  37.831 37.830 37.826 37.825
AT/GC 1.643 1.643 1.643 1.643 1.643
GCl1 46.685  46.880 46.877 46.878 46.886
GC2 38434  38.465 38.460 38.493 38.406
GC3 28.041  28.065 28.090 28.070 28.099

A3 28.089  28.066 28.064 28.089 28.115
C3 15.120  15.162 15.147 15.138 15.157
G3 12.920  12.903 12.943 12.931 12.942
T3 43.717  43.795 43.786 43.809 43711

Table 5: CG Contents in Spike Protein

Contents  Alpha Beta G Delta Omicron
GC 38.460  38.619 38.543 38.618 38.545

AT/GC 1.600 1.589 1.594 1.589 1.594
GCl1 45.288  44.965 44.813 45.248 45.110
GC2 39.859  39.930 39.996 40.727 39.536
GC3 26.700  26.576 26.587 26.582 26.579

A3 26.974  26.861 26.997 27.033 27.252
C3 15933 15917 15914 15.883 15.691
G3 10.766  10.658 10.672 10.698 10.887
T3 46.267  46.156 46.415 46.384 45.920

Delta and Omicron, compared to other variants. On the other hand, C3 was low in
Delta and Omicron (15.88% and 15.69% respectively). These differences needs fur-
ther study to investigate their possible association or role in the change rates increase
or decrease among variants.

Note that the SARS-CoV-2 genomes in coding region and protein forms contain
two genes ORF1ab (that combines ORF1a and ORF1b) and ORFla. As ORFla con-
tents is present in ORF1ab, thus the changes found in ORFla will also be present
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in ORF1lab. This duplication increases the nucleotides and amino acid changes. We
did not exclude the ORF1a gene as we considered all the genomic data present in the
genomes. The methods for genomes analysis in genomes in coding region and protein
forms have one requirement. The additional genes information should be present at
the same location (line). In the future, we plan to make this framework more generic
that can analyze nucleotides and amino acids without considering the requirement
of same locations for genes information as well as adding codon usage bias (CUB)
measures in the framework.

5 Conclusion

A framework, called F4AGDA, was introduced, which offers various methods to ana-
lyze genomic data in various forms for (1) nucleotides and amino acid changes, (2)
silent changes due to synonymous codons, and (3) the compositions of nucleotides,
amino acids, GC, AT/GC contents, and codon bases.

To demonstrate the usefulness of FAGDA, a case study was presented with genomes
of five VoC (divided into three geographical locations) for SARS-CoV-2. The ob-
tained results reveal that genomes for VoC from DC have more changes than SCDL
and SCSL. Delta variant genomes have more nucleotides and amino acid changes,
followed by the Omicron and Beta variants. One quarter (approximately 24%) of
nucleotides and amino acid changes were found in the S protein in Delta. Delta
(Gamma) genomes have the least (most) silent changes due to synonymous codons,
followed by Omicron, Beta and Alpha. VoC genomes analysis with the SARS-CoV-2
reference sequence revealed that nucleotides and amino acid changes decreased from
Beta to Gamma to Delta. However, the changes were increased from Delta to Omi-
cron (6.38 times more changes). The GC; and Aj ratios in the S protein of Delta and
Omicron were high compared to Beta and Gamma. Similarly the GCs was high in
Delta compared to other variants.

FAGDA is not limited to analyzing SARS-CoV-2 and can be used for the com-
parison and analysis of DNA viruses, metagenomic data, and even human DNA. The
framework implementation does not depend on any external libraries/packages, tools,
and the genomes can be provided in both FASTA and TXT formats. We believe that
F4GDA will be particularly helpful to scientists, biomedical experts, and members
of the biocybernetics community who have limited or no programming knowledge.
FAGDA offers many interesting future work opportunities, such as:

1. Adding and analyzing more genomic data, not only from NCBI GenBank but also
from other databases, such as GISAID, for SARS-COV-2 variants.

2. Enhancing the framework’s generality by: (a) Analyzing genomes with varying
positions for genes information in coding region and protein forms, (b) Incorpo-
rating the codon usage bias (CUB) or synonymous codon usage bias (SCUB) [42]
measures in the framework, (c) Analyzing the difference in various nucleotides
at codon third position for their possible association with the nucleotides change
rates, (d) Examining and categorizing the nucleotide changes into various types,
such as missense, silent and nonsense changes, and (e) Finding the locations of
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frequent nucleotides and amino acid changes. This willfacilitate the examina-
tion and identification of single nucleotide polymorphisms (SNPs) in variants and
their various genes.
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Appendix

Table Al: Accession number of genome sequences collected from NCBI GenBank

No Loc Alpha Beta Gamma Delta Omicron
1 MZ292138 OKO091660 MZ611956 MWO989805  OM212472
2 BS001082 OL980871  MW642248  MZ401459  OL672836
3 MZ914594 MZ944846 MZ277386 MZ397171 OL869974
4 OL548855 MZ317890 MW938104 OMI180022  OL988214
5 8 OL548845 MZ068154  MZ427312 OL779162  OMO11974
6 0OK433390 MZ413998  MZ477746 OK067236  OM131552
7 0OK550252 OL691513 0OK433609 OK104589  OM635094
8 MZ914469 OK511530 0K550231 OM180371 BS002408
9 OL517745 OL779106 OM 148349 OL336682  OM621556
1 MW59728  MW580574 MW520923  MW989805  OL717062
2 OL615972 MW763126 MZ779649 MZ185411 OM322711
3 OL514263  MW808712 MW994525  MZ434516  OM444886
4 2 OL368928  MW938318  OL538280 OL522772  OM635624
5 8 OK511092 MZ195719 OK547875 OL524558  OMS570097
6 2 OL522043 MZ927137 OL522250 OL535295  OM615201
7 OL532082 0OK233737 OL532393 OL580287  OM622129
8 OL525541 OK183005 0OK410835 OL764554  OM618869
9 0OK367254 OK171528 0K262610 OL675618  OM621556
1 OK547686 ~ MW721421  MW963205  MZ283541 OL764360
2 MW519728  MZ779858 MW869051  MZ434516  OMO038110
3 MZ635623  MWO909347  MZ286697  MZ491480  OM159296
4 Q OL468875  MW939890  MZ356676 OL532097  OM197959
5 1§ OL368929 MW938318  MZ386214 0OK552549  OM228212
6 «» OK547770 MZ166476 OL522593 OL685808  OM360659
7 MZz450166 ~ MZ228902 OK121613 OL427108  OM372298
8 OL524451 MZ315302 OL525287 OL419184  OMS500947
9 OL535573 MZ307356 OK630532  OM258868  OM619789
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