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Abstract: Background: This study addresses the need for analyzing viral genome sequences and un-
derstanding their genetic relationships. The focus is on introducing a novel natural graph approach as
a solution.

Objective: The objective of this study is to demonstrate the effectiveness and advantages of the pro-
posed natural graph approach in clustering viral genome sequences into distinct clades, subtypes, or

districts. Additionally, the aim is to explore its interpretability, potential applications, and implica-
ARTICLE HISTORY tions for pandemic control and public health interventions.
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Results: The natural graph approach successfully clusters viral genome sequences, providing valuable

insights into viral evolution and transmission dynamics. The ability to generate directed connections
between nodes enhances the interpretability of the results, facilitating the investigation of transmis-
sion pathways and viral fitness.

Conclusion: The findings highlight the potential applications of the natural graph algorithm in pan-
demic control, transmission tracing, and vaccine design. Future research directions may involve scaling
up the analysis to larger datasets and incorporating additional genetic features for improved resolution.

The natural graph approach presents a promising tool for viral genomics research with implications
for public health interventions.

Keywords: Viral genome analysis, genetic relationships, natural graph approach, phylogenetic clustering.

1. INTRODUCTION biological systems [11, 12]. Investigating the relationships

between nucleotide sequences is a pivotal endeavor in bio-

Nucleic acid sequences serve as the fundamental constit- logical research, contributing to advancements in genetics,
uents of all organisms and play a crucial role in understand- genomics, and evolutionary biology.

ing biological components [1, 2]. Composed of nucleotides
that intricately interact, they give rise to complex systems
essential for life [3]. Within the vast nucleotide universe,
each sequence possesses a distinct spatial arrangement of
nucleotides, suggesting potential evolutionary relationships
[4-6]. Unraveling these connections is of utmost importance
as it offers valuable insights into genetic variation [7, 8],
evolutionary processes [9, 10], and the functioning of

Nucleotide sequences are strings composed of four nu-
cleotide bases (A, C, G, and T or U), and a k-mer is a sub-
string of length k, and for a fixed k, there are 4% possible k-
mers for a DNA sequence [13, 14]. To facilitate sequence
comparison, nucleotide sequences can be transformed into k-
mer-based numerical vectors [15-18]. Many studies have
demonstrated that k-mer-based methods perform well on
sequence clustering problems [19, 20]. We also proposed a
k-mer-based method, the k-mer Natural Vector method, in
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ing sequence minimal models [28]. In this study, we employ
this method to transform nucleotide sequences into vectors.
The mathematical distance between these vectors serves as a
measure of sequence similarity, allowing for comparative
analysis of the sequences [29-33].

The distance-based natural graph representation method
elucidates the relationships between sequences [5]. Natural
graphs provide a mathematical representation of intercon-
nected elements observed in the natural world. These graphs
capture intricate patterns and relationships in natural sys-
tems, enabling a deeper understanding of complex phenome-
na. Our team used to develop a natural graph approach that
considers only the minimum distance between nodes [4, 5,
34] while disregarding other distances. However, it is im-
portant to consider additional distances to capture a more
comprehensive view of the relationships within the graph.

By improving upon traditional natural graph methods, we
proposed a novel approach to uncover significant connec-
tions between nucleotide sequences. Our method does not
rely on the dimensionality of sequence vector representations
but instead relies on a computed distance matrix. When rep-
resenting the data in a 2D plane using the distance matrix,
some distance values are inevitably lost. However, our
method takes into account as many distance values as possi-
ble. We analyzed five subsets within the nucleotide sequence
universe and determined the correlations between sequences.
The results demonstrate the effectiveness of our method.

2. MATERIALS AND METHODS

2.1. K-mer Natural Vector

The k-mer Natural Vector is an encoding method that
maps a biological sequence in the sequence space S to a vec-
tor space € [21].

The definition of k-mer should be introduced first.
S =(515,..5,) €S is a genome sequence of length n,
s; € L={A,C,G,TorU}; k-mer, kstring;, is a sub-
sequence of length k, which has 4% types (ie. i=
1,2,..,4%). Specifically, if k=1, kstring; €L, =
{A,C,G, T} if k=2,
kstring; € L, =

{AA, AC, AG, AT, CA, CC, CG, CT, GA, GC, GG, GT, TA, TC, TG, TT}

. There are n-k+1 k-mers for sequence S: kstring, =
5185 o Si, KString, = S,S3 .. Sjqq,y o, KString,_p 41 =
Sn—k+1Sn—k+2 =+ Sn-

The distribution of the k-mer, kstring;, can be character-
. . j
ized by three components: Nygring;s Uistring; 304 Dicgrrin P

The definition of each component is as follows:

®  TNystring;: Lt represents the frequency of occurrence of
the k-mer kstring; in a given sequence S;

Nistring; Wkstringi[l]

®  HUkstring; = Zz=1 : It represents the av-

Nkstring;

erage position of the k-mer kstring; in sequence S,
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where Wigiring,[l] is the l-th position of kstring; in
the sequence;

J
. D] Nkstring; (Wk.'stringi[l]_#kstringi)

kstring; =1 ng:ﬂng.(n—k+ nj-1
13

sents the j-order normalized central moment of k-mer
kstring; occurring in sequence S.

. It repre-

Previous studies have demonstrated that the second order
is sufficient to represent the sequence S and there is a one-to-
one correspondence between the vector and the sequence [5].
The second-order k-mer Natural Vector of a DNA sequence
is defined as follows:

(nkstringli nkstringzﬂ """ ’ nkstring4k )
ﬂkstringll :ukstringzi """ ’ “kstring4k )
2 2 2

Dkstring1' Dkstringzi """ ’ Dkstring4k )

2.2. Sequence Similarity Measurement

Each sequence can be converted into a k-mer Natural
Vector, and the similarity between sequences can be meas-
ured by the geometric distance between their corresponding
vectors. The most commonly used distance includes Euclid-
ean distance. The Euclidean distance of the k-mer Natural
Vector is defined as dy:EXE - R, di(x,y) = OCL,(y; —

1

x;)?)?, and the weighted summation of the distance yields
better performance [4]:
Dn(x,y) = aydy(x,y) + apdy(x,y) + azds(x,y) + - +

a,d,(x,v), a, € Rtk =1,2,..,n. The weighted distance
is a true metric and satisfies the following conditions in the
metric space: (1) Nonnegativity: d(x,y) = 0, d(x,y) = 0 if
and only if x =y; (2) Symmetry: d(x,y) = d(y,x); (3)
Triangle inequality: d(x,z) < d(x,y) +d(y,z), Vx,y,z €
E. The weight a;, reflects the contribution of the correspond-
ing k-mer Natural Vector to the description of sequence sim-

. . . 1
ilarity, and for virus sequences, a; = Py [4].

2.3. A Novel Graphical Representation for Phylogeny

Distance-based phylogenetic algorithms primarily in-
clude Unweighted Pair Group Method with Arithmetic Mean
(UPGMA) [35-37], Weighted Pair Group Method with
Arithmetic Mean (WPGMA) [35, 38, 39], Neighbor-Joining
method (NJ) [40-42], Minimum Evolution method (ME) [43-
45], and Fitch-Margoliash method (FM) [46-48]. These
methods generate rooted or unrooted phylogenetic trees and
provide insights into the evolutionary relationships among
DNA or protein sequences [49-51]. However, different algo-
rithms based on distance matrices can yield non-unique re-
sults, leading to ongoing debates and controversies. To ad-
dress this limitation, we have developed a novel approach
called the Natural Graph algorithm for inferring phylogenet-
ic relationships in biological sequences. Unlike the previous
version [5], our new approach considers not only the most
similar sequence for each sequence but also the second or
even the third most similar sequence. This expanded consid-
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eration helps to better capture the relationships between se-
quences. The algorithm is as follows:

Algorithm 1: The novel Natural Graph

Input: Distance Matrix D

Step 1: For each element i, find the nearest element j to
i. Then draw a directional line from i to j.

Step 2: If i points to j and j points to k, the three ele-
ments are connected. Repeat this step until no other el-
ements are connected. Several undirected connected
subgraphs are obtained.

Step 3: Determine the distance matrix for each sub-
graph. The positions of elements within each subgraph
are not random. We aim to ensure that the distance ma-
trix of the connected subgraph is similar to the distance
matrix of the original dataset. To achieve this, the se-
cond or third nearest element for each element is con-
sidered. More computational details can be found in
Section 3.1, which provides examples of randomly gen-
erated points. The undirected subgraphs acquire direc-
tions.

Step 4: Define the distance between two subgraphs as
the minimum distance between any element in one sub-
graph and any element in the other subgraph.

Step 5: Finally, obtain a connected directed graph rep-
resenting all elements. This serves as the final directed
graphical representation. The new graphical representa-
tion provides a low-dimensional visualization that pre-
serves the distances of the high-dimensional vectors.

Output: Natural Graph and n subgraphs.

Here, the dataset consists of DNA sequences, which are
converted into high-dimensional Natural Vectors. The Eu-
clidean distance is employed to quantify the similarity be-
tween sequences. As a result, each dataset corresponds to a
distance matrix. The algorithm takes a distance matrix as
input. If we aim to visualize the dataset in a low-dimensional
space, such as R? or R3, we utilize the aforementioned steps
to accomplish the projection task. The distance matrix of the
newly projected points approximates the distance matrix of
the high-dimensional points.

The graph generation procedure is divided into two parts.
The first part involves generating individual subgraphs,
while the second part focuses on creating the connected
complete graph. The algorithm is unsupervised and operates
on a dataset comprising n groups, with each group contain-
ing k; elements (where k; + k, + -+ + k,, = N, N represents
the total number of elements in the dataset). The input to the
algorithm is a distance matrix D of size N x N. By identify-
ing the nearest element for each element, the distance matrix
D is divided into n submatrices, namely D1, D2, ..., Dn (cor-
responding to steps 1 and 2 of Algorithm 1). The corre-
sponding subgraphs are denoted as G1, G2, ..., Gn. For each
subgraph, a directed line is drawn between the two closest
vertices and the second or third nearest vertex is determined
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through the intersection of two circles (step 3 of Algorithm
1). The next step involves combining the subgraphs into a
single graph. We begin by identifying the subgraph with the
closest distance to another subgraph. One of the subgraphs is
selected as the central component of the drawing, and a rota-
tion is applied toward the other subgraph while considering
the shortest distances. The first shortest distance, second
shortest distance, and possibly the third shortest distance
(depending on the availability of x, y, and rotation 8 posi-
tions) are determined (steps 4 and 5 of Algorithm 1). It is
important to note that the 2-dimensional Natural Graph
should consider as many distances as possible, and the con-
sideration of the third closest distance only occurs after the
computation of the previous two distances.

3. RESULTS

3.1.The 2D Graphical Representation of Randomly Gen-
erated 3D Points

The new Natural Graph algorithm is first built within a
randomly generated 3D scenario which made it easier to
illustrate the algorithm's principles. We want to visualize the
16 3D points in 2D space. The 16 3D points are displayed in
Fig. (1), numbered 1, 2, ..., 16. The distance matrix of the 16
3D points is computed first, and the nearest point j is deter-
mined for each point i (see Step 1 in Fig 1.
i=1,2,..,16,j € {1,2,..,16}). Then we get four connected
subgraphs A, B, C, D (see Step 2 in Fig. 1). Here Graph A =
{Points 4, 5, 6, 7}, Graph B = {Points 11, 12, 15}, Graph C
= {Points 8, 9, 10, 14, 16}, Graph D = {Points 1, 2, 3, 13}.
Next, the individual distance matrix for each subgraph is
calculated (see Step 3 in Fig. 1). For distance matrix DA, the
distance between Points 5 and 7 is the smallest (d(5,7) =
15), so there is a double arrow between them. The second
largest distance value is d(4,5) = 17.32, and there is an
arrow from Point 4 to Point 5; d(4,7) = 20.62 is also con-
sidered, that is, Point 4 is on the circumference (x — x,)? +
(y — y,)? = d(4,7)%. Point 6 points to Point 5, and d (6, 4)
and d(6,7) are considered. The distance matrix DA is simi-
lar to DA”, here we ignore d(4,6). For graph B, Point 11
and Point 15 point to each other. Point 12 points to Point 11
and is on the circumference (x —x;5)?+ (y —y,5)? =
d(12,15)2. For distance matrix DC, the distance between
Points 8 and 9 is the smallest, and they point to each other.
Point 10 is at the intersection of the circumference
(x —xg)* + (¥ — yg)* = d(8,10)? and (x — x9)? +
(y —y9)? =d(9,10)%2. Point 14 points to Point 8§,
d(9,14) = 20.81 and d(10,14) = 25.57 are also consid-
ered. Point 16 points to Point 9, d(8,16), d(10,16), and
d(14,16) are also considered. For distance matrix DD,
Points 2 and 13 point to each other. Point 1 is at the intersec-
tion of the circumference (x — x,)% + (y — y,)? = d(1,2)?
and (x — x13)% + (y — y13)% = d(1,13)2. Point 3 points to
Point 2, d(3,1) and d(13,3) are also considered. The four
graphs are further connected (see Step 4 in Fig. 1, Fig. 2).
The distance between two graphs is the minimum distance
between any point in one graph and any point in the other
graph. We further consider the second or third nearest
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16 3D points
1:[10,1,0]
2:[10,10,2]
3:[5.,5.5]
4:[50,50,20]
5:(60,60,30]
6:(70,60,15]
7:[50,70,25]
8:[17,17,15]
9:[10,10,15]
10:(20,20,2]
11:[13,22,63]
12:(46,5,67]
13:[7,15,3]
14:(18,25,27]
15:[10,28,65]

16:(6,12,28]

point 4
point_5 = [60,60,30];

0,50,20];

Step 1
Orlg'lnal The ne-eﬂ Distance
point | point

16 9 1375
5 T 7.00
14 14.46
13 2 5.92
- FEN T
11 15 7.00
10 8 13.67
9 8 9.90
8 9 9.90
7 5 15.00
G 5 1803
5 7 15.00
4 5 17.32
3 2 768
2 13 5.92
1 3 812

GraphA: 4, 5, 6. 7

Space:
point 4 = [17.00,3.33];

5= (0,05;
point 6 = [17.95, 167];
point 7 = [0, 15};

GraphB: 11, 12, 15

0,05;
(2518, 27.57);
point_15 = [0, 7);
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The new 16 2D points
1:[14.10, -3.81)
2:[12.12, 5.20]
3:[6.77,-0.31]
4:[-3.95, -47.10]
5:[-13.57, -61.50]
6:[0.26, -49.95]
7:[-24.21, -50.93]
8:[0.00, 0.00]
9:[0..00, 9.90]
10:[13.00, -4.24]

11:(-48.53,

.45]
12:[-20.06, -25.61]
13:[8.10, 9.53]

14:-12.45,

78]
15:[-49.41, 5.49]
16:[-13.58, 10.91]
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Fig. (1). Example of mapping 16 3D points into 2D space for graphic representation. (A4 higher resolution / colour version of this figure is
available in the electronic copy of the article).
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Step 4-1: graph C& D

Graph D | Graph D
B \‘\ Sl

Graph C T Graph C
____ GraphD

Graph C
/N
Step 4-2: graph C& D & B i 4 L

Graph B

Step 4-3:graph C& D & B& A
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Fig. (2). The implementation details of connected directed graph from step 4 to step 5. (4 higher resolution / colour version of this figure is

available in the electronic copy of the article).

distance between graphs to obtain the final directed connect-
ed graph (see Step 5 in Fig. 1), these distance values are
marked in gray color, and the new 16 2D points are dis-
played beside. Each subgraph is distinguished in different
colors. The dotted lines represent the shortest distances be-
tween each subgraph. The graphical representation of the
mapping from the m-dimensional space to the n-dimensional
space can be similarly implemented (m<n).

The graph in step 4 obtains the direction by considering
the second and third closest distances between the subgraphs
(Fig. 2). Specifically, the coordinates are symmetrized or
rotated step by step. The symmetry formula is as follows:
(x1,v1) and (x,,y,) are symmetric about line x = x,, if and

+x, = 2x .
2 0. The rotation

Vi=Y2 @
x; = Lcos
formula is as follows: the original point { ! . 1S
g P y1 = Lsin(¢)

rotated by 6 angle, then the new point is
{xz = Lcos(¢p + ) = x; cos(0) — y; sin(0)
vy, = Lsin(¢ + 68) = y; cos(8) + x, sin(8)’

only if they meet the property: {xl

that is

— Qi X
cos(6) sm(G)) (}’1); if the rotation center

() =(
Y2 sin(@) cos(0)
(x0,¥o) is translated to the origin (0, 0), the rotation formula
. X cos(8) —sin(0)\ /X1 X X0
18 (}’2) - (sin(@) cos(6) >[(3’1) a (}’o)] + (YO)'
Through the above two formulas, we can get the directed
connected graph in step 5.

3.2. The 2D Graphical Representation of SARS-CoV-2
Genomes

The COVID-19 pandemic has profoundly affected hu-
man health over the past years. Notably, the virus's extensive
variability, especially within the S protein, has given rise to
the emergence of numerous viral subtypes [52]. According
to the classification criteria of GISAID, SARS-CoV-2 can be
classified into 12 evolutionary clades: G, GH, GK, GKA,
GR, GR, GR, GV, L, O, S, V [53-55]. The G clade is also
known as S-D614G, indicating a mutation of the 614th ami-
no acid of the S protein from D (aspartic acid) to G (gly-
cine). The GH clade is referred to as S-D614G+NS3-Q57H,
indicating mutations at the 614th amino acid of the S protein



692  Current Bioinformatics, 2024, Vol. 19, No. 8 Song et al.
Table 1.  The statistical information of the SARS-CoV-2 datasets.
DisMat1 DisMat2
Clade Name Subgraph label
Sequence Number Sequence Label Sequence Number Sequence Label
G 5 1~5 9 1~9 1
GH 5 6~10 7 10~16 2
GR 3 11~13 9 17~25 3
GRA 4 14~17 10 26~35 4
GRY 5 18~22 10 36~45 5
GV 5 23~27 4 46~49 6
2 28~29 4 50~53 7
5 30~34 10 54~63 8
S 5 35~39 10 64~73 9
GK 3 40~42 10 74~83 10
\Y% 2 43~44 8 84~91 11
GKA 3 45~47 3 92~94 12
Total 47 1~47 94 1~94 12

(D (aspartic acid) to G (glycine)) and the 57th amino acid of
the NS3 protein (Q (glutamine) to H (histidine)). Other
clades follow a similar naming convention [53, 56]. We ob-
tained all complete genome sequences of SARS-CoV-2 from
GISAID as of June 22, 2022 (https://gisaid.org). Only hu-
man-derived genomes were included, and low-quality se-
quences were removed from the dataset, resulting in a total
of 115,390 sequences. Among them, the GKA clade had
only 3 high-quality sequences. To test the new Natural
Graph algorithm, we selected two subsets of the dataset.
Specifically, we randomly chose 47 sequences and 94 se-
quences, and assigned them labels 1 to 47 and 1 to 94, re-
spectively. Their distance matrix was calculated based on k-
mer Natural Vectors. The similarity between virus sequences
was measured using the distance formula Dg(x,y) =
(6, y) +2dy(6,) + 5 ds(e,y) + -+ 2 dy(x,y)  [4]
These two distance matrices are referred to as DisMatl and

DisMat2, with sizes of 47 by 47 and 94 by 94, respectively.
The statistical information is presented in Table 1.

Fig. (3) illustrates the 2D graph representation of the dis-
tance matrix DisMatl. The 47 points are clustered into 12
groups, corresponding to 12 subgraphs as shown in Fig.
(3A). Each subgraph contains different sequences. For ex-
ample, subgraph 1 contains sequences labeled 1 to 5, sub-
graph 2 contains sequences labeled 6 to 10, ..., and subgraph
12 contains sequences labeled 45 to 47. According to the
sequence label of DisMatl in Table 1, each subgraph corre-
sponds exactly to a clade. By considering the second or even
third closest distances and applying rotation or translation
operations to the subgraphs according to the steps outlined in
Section 3.1, the 2D-directed complete graph shown in Fig
(3B) is obtained. Different clades are distinguished by dif-
ferent colors, and the sequence labels are omitted. Gray
dashed lines indicate sequences that have a second or third

closest relationship. It can be observed that all 47 sequences
are correctly clustered. To facilitate a direct comparison be-
tween our method and traditional DNA sequence clustering
approaches, we also constructed a phylogenetic tree, as
shown in Fig (4). The tree was generated using the FastME
software [57] with the BioNJ algorithm [58], taking the dis-
tance matrix DisMatl as input. Different colors represent
distinct clades. This further demonstrates the validity of our
method in producing meaningful results.

To eliminate randomness, we also considered a slightly
larger distance matrix, DisMat2, and obtained its 2D graph
representation as shown in Supplementary Figs. (S1 to S2).
The 94 sequences are also successfully clustered in this rep-
resentation.

3.3. The 2D Graphical Representation of HIV-1 Genomes

HIV, which stands for Human Immunodeficiency Virus,
encompasses two types: HIV-1 and HIV-2 [59]. Among the-
se, HIV-1 is the primary cause of global HIV infections [60].
HIV is a highly mutable virus, with the envelope gene exhib-
iting the highest mutation rate [61]. Based on the nucleic
acid sequence differences in the envelope gene, HIV-1 can
be primarily classified into three groups: M, N, and O. The
M group further consists of 12 subtypes, namely A, B, C, D,
E,F, G, H,1,J, K, and L. The N group only contains the N
subtype, while the O group comprises the O subtype [62].
On average, the dissimilarity of the envelope gene sequence
among each subtype is approximately 30%. HIV-2, on the
other hand, is divided into seven main subtypes: A, B, C, D,
E, F, and G. Additionally, there are circulating recombinant
forms (CRFs) resulting from recombination events between
different subtypes [63], For instance, CRF02_AG is a re-
combinant form arising from the recombination of subtypes
A and G.
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Fig. (3). (A) The 47 sequences are divided into 12 subgraphs, with sequence labels indicated. The corresponding clade can be determined
based on the sequence labels using Table 1. The sequence accession numbers are provided in the supplementary data. (B) 2D-directed com-
plete graph of the 12 clades. Different clades are distinguished by different colors. The sequence labels are omitted here. Gray dashed lines
indicate that the sequences have a second or third closest relationship. (4 higher resolution / colour version of this figure is available in the

electronic copy of the article).
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Fig. (4). The phylogenetic tree of the 47 sequences of SARS-CoV-2. The tree is based on the DisMat1 and constructed by FastME software
with BioNJ algorithm. Different colors represent different clades. (4 higher resolution / colour version of this figure is available in the elec-

tronic copy of the article).

Table 2.  The statistical information of the HIV-1 datasets.
DisMat3 DisMat4
Subtype Name Subgraph Label
Sequence Number Sequence Label Sequence Number Sequence Label

BC 5 1~5 7 1~7 1

01B 5 6~10 7 8~14 2

CD 5 11~15 7 15~21 3

BF1 5 16~20 7 22~28 4

D 5 21~25 7 29~35 5

A1D 5 26~30 7 36~42 6
02_AG 5 31~35 7 43~49 7
AlC 5 36~40 3 50~52 8

Al 5 41~45 7 53~59 9

01 _AE 5 46~50 7 60~ 66 10

C 5 51~55 7 67~173 11

B 2 56~57 3 74~176 12

Total 57 1~57 76 1~76 12

In our study, we focus on HIV-1 and utilize a dataset ob-
tained from a previous paper [64], which was sourced from
the HIV sequence Database (https://www.hiv.lanl.gov). This
dataset comprises 11,897 high-quality complete genomes, up
until April 8, 2022. Among the available subtypes, we spe-

cifically consider the top 12 subtypes with a larger number
of genomes, namely B, C, 01_AE, Al, AIC, 02_AG, AlD,
D, BF1, CD, 01B, and BC. The corresponding sequence
numbers for each subtype are provided in Table 2. For our
analysis, we randomly selected 57 sequences and 76 se-
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Fig. (5). (A) The 57 sequences are divided into 12 subgraphs, with sequence labels indicated. The corresponding subtype can be determined
based on the sequence labels using Table 2. The sequence accession numbers are provided in the supplementary data. (B) 2D-directed com-
plete graph of the 12 subtypes. Different subtypes are distinguished by different colors. The sequence labels are omitted here. Gray dashed
lines indicate that the sequences have a second or third closest relationship. (4 higher resolution / colour version of this figure is available in

the electronic copy of the article).

quences, resulting in the calculation of weighted Euclidean
distance matrices named DisMat3 (57 by 57) and DisMat4
(76 by 76), respectively.

Fig. (5) presents the 2D graph generated from the dis-
tance matrix DisMat3. The 57 data points are organized into

12 distinct clusters, which correspond to 12 subgraphs de-
picted in Fig. (5A). Each subgraph contains sequences spe-
cific to a particular subtype. Referring to the sequence labels
in Table 2, it is evident that each subgraph corresponds pre-
cisely to a subtype. By considering the second or even third
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Fig. (6). The phylogenetic tree of the 57 sequences of HIV-1. The tree is based on the DisMat3 and constructed by FastME software with
BioNJ algorithm. Different colors represent different subtypes. (4 higher resolution / colour version of this figure is available in the elec-

tronic copy of the article).

closest distances, we obtain the 2D-directed complete graph
displayed in Fig. (5B). Notably, all 57 sequences are accu-
rately clustered within the graph. We also constructed a phy-
logenetic tree to compare with our method, as depicted in
Fig. (6). Distinct subtypes are represented by different col-
ors, further validating the effectiveness of our approach in
producing meaningful results.

To mitigate the effects of randomness, we also examined
a slightly expanded distance matrix, DisMat4, and derived its
corresponding 2D graph visualization, presented in Supplementary
Figs. (S3 to S4). In this representation, the 76 sequences were effec-
tively clustered, further reinforcing the reliability and consistency
of our approach.

3.4. The 2D Graphical Representation of HIN1 NS1 Se-
quence

Influenza, a viral respiratory infection, is categorized into
four types: A, B, C, and D [65]. Type A influenza, specifi-
cally the HINI strain, is characterized by the presence of
type 1 hemagglutinin and type 1 neuraminidase proteins
[66]. A typical influenza A virus comprises 8 RNA strands
[67], one of which encodes the nuclear export protein and
non-structural protein 1 (NS1) [65]. NS1 gene mutations are

associated with the virulence of HIN1 and can serve as indi-
cators of its evolutionary trajectory [68]. To conduct our
analysis, we retrieved a dataset of 18,211 HIN1 NSI se-
quences from the NCBI database
(https://www.ncbi.nlm.nih.gov) up to April 12, 2022, using
the keywords "HIN1" and "NS1". The dataset encompassed
sequences from 845 districts. We focused on the top 10 dis-
tricts with the highest number of genomes, namely Califor-
nia, Singapore, New York, lowa, Texas, Hong Kong, Minne-
sota, Florida, Thailand, and Italy. The corresponding se-
quence counts for each district are presented in Table 3. We
randomly chose 36 sequences totally and calculated the dis-
tance matrix, named DisMat5, with dimensions of 36 by 36.
This matrix captures the pairwise distances between the se-
quences, providing insights into their genetic relationships.

Fig. (7) illustrates the 2D graph representation of Dis-
Mat5, where 36 data points form 10 distinct clusters (Fig.
7A). Each cluster corresponds to sequences from a specific
district, as indicated by Table 3. Considering the second and
third distances, we obtain the 2D-directed complete graph
(Fig 7B) where all 36 sequences are accurately clustered. In
addition, we constructed a phylogenetic tree (Fig. 8) for
comparison, highlighting different districts with distinct col-
ors.
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Table 3. The statistical information of the HIN1 NS1 dataset.
DisMat5
District Name Subgraph Label
Sequence Number Sequence Label
California 4 1~4 1
Florida 3 5~7 2
Hong Kong 4 8~11 3
Towa 3 12~14 4
Italy 4 15~18 5
Minnesota 3 19~21 6
New York 5 22~26 7
Singapore 2 27~28 8
Texas 3 29~31 9
Thailand 5 32~36 10
Total 36 1~36 10
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Fig. (7). (A) The 36 sequences are divided into 12 subgraphs, with sequence labels indicated. The corresponding district can be determined
based on the sequence labels using Table 2. The sequence accession numbers are provided in the supplementary data. (B) 2D-directed com-
plete graph of the 12 districts. Different districts are distinguished by different colors. The sequence labels are omitted here. Gray dashed lines
indicate that the sequences have a second or third closest relationship. (4 higher resolution / colour version of this figure is available in the
electronic copy of the article).
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Fig. (9). Genetic network based on DisMatl with 12 clusters representing distinct clades. Nodes named "Clade name_Sequence label". Solid
black lines indicate closest distances between nodes. Solid red lines connect clusters with closest distances. Dashed blue lines link groups
with closest distances. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

3.5. Comparison with an Existing Genetic Network

The previous proposed genetic network depicts viral ge-
nome relationships, identifies super-spreaders, and evaluates
diagnostics, therapeutics, and vaccines, enabling effective
control of pandemic waves and tracing transmission routes
with dynamic viral genome variations [69]. It also utilizes a
k-mer Natural Vector to characterize the composition and
distribution of k-mers in viral sequences. The k-mer Natural
Vector method considers the optimal parameter k based on
the range [ceil(log4 min(L)), ceil(logd max(L)) + 1], where
L represents the lengths of viral sequences. For SARS-CoV-
2 genomes, the chosen value of k is 8 (RefSeq: NC_045512,
29903 bp). For HIV-1 genomes, the chosen value of k is 7
(RefSeq: NC_001802, 9181 bp). For HIN1 NS1 sequences,
the chosen value of k is 5 (It is a gene segment of segment 8§
of HINI1, and the accession number of segment 8 is
NC_026432. The length of the NS1 gene is 660 bp). Each
sequence is uniquely represented by a k-mer Natural Vector,
and sequence similarity is measured using Spearman dis-
tance. The existing genetic network algorithm [69] is as fol-
lows:

Algorithm 2: The existing genetic network algorithm

Input: The distance matrix D of sample data.

Step 1: Connect sequences if they have the shortest
pairwise distance, resulting in n genetic clusters.

Step 2: Calculate the distance between genetic clusters
as the mean of pairwise distances.

Step 3: Link two genetic clusters if their distance is the

shortest, connecting the sequences with the shortest
pairwise distance. This process creates m groups (G1-
Gm) from the n genetic clusters.

Step 4: Update the distances between groups G1-Gm
using step (2). Repeat this step until all sequences are
connected, completing the genetic network of viral se-
quences.

Output: A genetic network.

We applied the above algorithm to construct genetic net-
works based on distance matrices DisMatl to DisMat5, as
shown in Fig. (9) and Supplementary Figs. (S5 to S8). The
network in Fig. (9) demonstrates excellent clustering results,
with distinct clades represented by different colors. Each
node represents a sequence and follows the naming conven-
tion "Clade name Sequence label". The solid black lines
indicate the closest distances between nodes, corresponding
to the results obtained in Step 1 of Algorithm 2, resulting in
12 clusters precisely aligned with the 12 clades. The solid
red lines represent connections between clusters, where pairs
of nodes with the closest distances are linked, corresponding
to Step 3. The dashed blue lines indicate connections be-
tween groups, with pairs of nodes with the closest distances
linked, corresponding to Step 4. By connecting all nodes, a
connected graph is obtained. In Fig. (S5), the genetic net-
work constructed from DisMat2 reveals 12 clades, with
clades "O" and "GRA" having two clusters each. Fig. (S6)
displays the genetic network constructed from DisMat3,
showing 12 subtypes, where subtype "02_AG" is divided
into two clusters, while subtypes "01 AE" and "01B" do not
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exhibit separation. Similarly, in v S7, the genetic network
constructed from DisMat4 demonstrates 12 subtypes, with
subtypes "BF1" and "C" exhibiting two clusters each, while
subtypes "A1D" and "A1" do not exhibit separation. Finally,
in Fig. (S8), the genetic network constructed from DisMat5
illustrates 10 districts, with districts "Texas" and "Minneso-
ta" showing no separation. The above results demonstrate
that our method can achieve improved clustering outcomes.
Furthermore, the networks generated by our method exhibit
directional connections between nodes, which can provide
more interpretable results in certain specific cases.

3.6. Comparison with Multidimensional Scaling

Classical Multidimensional Scaling (MDS) is a kind of
unsupervised manifold learning algorithm, which is an ap-
proach to non-linear dimensionality reduction [70-72]. The
method projects high-dimensional data into low-dimensional
space, and the relative distance between each two samples
remains unchanged. We compare our method with the MDS
X111t Xin
€ Rmxn,

method. For sample data Data = [

Xm1 " Xmn
where X; = (xjq, Xj, ---, Xir) 18 the i-th sample data, which
has n features. Suppose the data are projected into k-

Yir 0 Vik
dimensional space Data’' =| i ™ : ], where
Ymi " Vmk
Y; = Vi1, Yizs > Vi) is the i-th new data, the algorithm is as
follows:

Algorithm 3: Multidimensional Scaling (MDS)

Input: The distance matrix D = [di f]meOf m sample data.

Step 1: Compute inner product matrix B = [bi j], where
1

by =—3 (dizj - iZ?& dij — iZTzl di; + % =121 dij)-
Step 2: B is a positive semidefinite matrix, and its eigen-
decomposition is B =VAVT, where
V = [vy, vy, o, U], A = diag([A4, A5, ..., An]), the eigen-
values satisfy 44 = 1, = -+ > 1, and the corresponding
eigenvectors are vy, Uy, ..., Up,.

Step 3: Choose the first k largest eigenvalues Aj, =

diag([Ay, A, ..o, A ]) and eigenvectors Vi =
1 Yz 0 Vik
[v1, V3, ..., Vi), reconstruct VA7 2 | ¢ : ]
Ymi " Vmk
Yin 0 ik
Output: The new data Data’ =| @~ P e Rk,
Ymi " Ymk

We applied the MDS method to five datasets in this study
for comparison with the results obtained from the novel nat-
ural graph approach, as shown in Fig (S9). The MDS method
has been built in Python, and we use the “sklearn.manifold”
module to implement the algorithm. Due to the limitations of
the dataset size, we were unable to extract meaningful in-
formation from the MDS method. However, our approach
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successfully clusters nodes using directed lines and provides
reasonable clustering results, capable of representing phylo-
genetic relationships (as illustrated in Figs. 3-8).

4. DISCUSSIONS

Further discussion on the presented approach and find-
ings can shed light on its potential applications and areas for
future research. Firstly, the natural graph algorithm show-
cased its effectiveness in clustering viral genome sequences
and representing their genetic relationships. The ability to
visualize distinct clades, subtypes, or districts can aid in un-
derstanding the transmission dynamics and geographic
spread of viruses. Future research could focus on expanding
the application of the natural graph algorithm to larger da-
tasets, enabling analysis of broader viral populations and
capturing finer-scale genetic variations. As the study's objec-
tive is to demonstrate the effectiveness and advantages of the
new natural graph approach, and our method has no limit on
the input of the number of sequences, expanding its applica-
tion to larger datasets would necessitate careful consideration
of computational resources and optimization strategies. Giv-
en the complexity of dealing with large-scale datasets, scala-
bility could be achieved by leveraging distributed computing
frameworks and parallel processing techniques. This would
allow the method to effectively manage millions of genomes.
Additionally, exploring the integration of other genetic fea-
tures, such as single-nucleotide polymorphisms or structural
variations, could enhance the resolution and accuracy of the
clustering results. Furthermore, the comparison with existing
methods highlighted the advantages of the natural graph ap-
proach. Compared to the existing genetic network approach,
our method demonstrated improved clustering outcomes and
better visualization of the viral genome relationships. When
compared to MDS, our approach outperformed in terms of
generating meaningful results with the given dataset sizes.
By developing the new method, we address challenges that
existing methods may encounter when dealing with specific
datasets or applications. What sets the new natural graph as
superior to others is its utilization of novel algorithms and
strategies to enhance data analysis. The results indicate that
the new natural graph performs more favorably, and can of-
fer superior performance in certain datasets compared to
existing methods. Its ability to generate directed connections
between nodes also opens up opportunities for investigating
directional transmission pathways. Our method can be scaled
to virus sequences linearly (Fig. S10). In short, the natural
graph algorithm shows promise as a valuable tool in viral
genomics research, with potential applications in epidemic
control, transmission tracing, and evolutionary studies. Fur-
ther advancements and refinements in the methodology can
contribute to a deeper understanding of viral dynamics and
aid in the development of targeted interventions.

CONCLUSION

In conclusion, our study presents a novel approach for
the graphical representation and clustering of viral genome
sequences using a natural graph algorithm. We applied this
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method to three different viral datasets, including SARS-
CoV-2 genomes, HIV-1 genomes, and HIN1 NS1 sequenc-
es, and compared the results with existing genetic network
approaches and MDS. The natural graph algorithm success-
fully clustered the viral sequences into distinct subgraphs or
clusters, corresponding to known clades, subtypes, or dis-
tricts, as validated by the provided sequence labels. The gen-
erated 2D graphs accurately represented the genetic relation-
ships among the sequences and the directed connections be-
tween nodes provided interpretable results. Overall, the natu-
ral graph algorithm proved to be a valuable tool for analyz-
ing and visualizing viral genome sequences, enabling a bet-
ter understanding of their genetic relationships and aiding in
the identification of clades, subtypes, or districts. This ap-
proach holds promise for further research in the field of viral
genomics and epidemiology.
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