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ABSTRACT
In the literature of graph theory, networks are represented as directed graphs or undirected graphs and a mixed of both com-
binations. In today’s era of computing, networks like brain and facebook that do not belong to any of the mentioned networks
category and in fact, it belongs to the combination of both networks which have connections as directed as well as undirected.
To represent such networks, semi-directed graphs have been studied in this paper that provides the detailed mathematical fun-
damentals related to better understand the conceptualization for social media networks. This paper also discusses the suitable
matrices analyze for the representation of the graphs. Few new terminologies like incidence number, complete-incidence related
to semi-directed graphs and counter isomorphism of semi-directed graphs have been inculcated. A centrality measure, namely
incidence centrality, has also been proposed based on incidence number on neighbors in social media networks.
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1. INTRODUCTION

Graph Theory is eventually the study of relationships. For a set of
nodes and connections, graph theory contributes a helpful tool to
quantify and simplify the many evolving parts of dynamic meth-
ods. Swiss mathematician Leonhard Euler first originated the fun-
damental idea of graphs in the 18th century. After that, the branch is
advanced rapidly and at present graph theory has several branches
for researchers.

Analyzing brain network is a popular research area of network sci-
ences. However, the representation is done by undirected graphs.
Though, researchers on network science believe that the brain net-
work might be a mixture of direction and undirection [1]. The
nodes of the network denote the brain regions, and the links
describe the connections or information flow among them. In the
literature of graph theory, there is nothing to represent such mix-
ture networks accurately. There are many instances in the current
world, indicating that semi-direction of networks. For example, the
current Facebook setting [2] has mixed direction. It can be noted
that two friends on Facebook may be connected without following
themselves. In that case, the linkage between the two friends may
be undirected. If they follow each other, then along with undirected
edge, there are directed edges too. In the literature, Sotskov and
Tanaev [3], discussed coloring of mixed graphs. In mixed graphs, a
link is either an edge or an arc (directed edge). But, the link between

*Corresponding author. Email: ssamantavu@gmail.com

two vertices may be edge or arc or both. To measure the connec-
tivity between two nodes properly, semi-directed graphs have been
introduced in this paper.

Representation of such mixed graphs has some literature. Liu and
Li introducedHermitian-adjacencymatrices ofmixed graphs. After
that, Adiga et al. [4] described the adjacency matrix of a mixed
graph. In that paper, the matrix was defined as a real matrix. Paral-
lel edges combing both undirected and directed edges should have
a single value representing adjacency. In this study, the adjacency
matrix is defined in a more convenient way to describe such semi-
directed graphs.

Isomorphism in graph theory is another interesting topic. Whit-
ney [5] described some properties on isomorphic graphs in 1933.
After that, several works on graph isomorphism can be found. But
directed networks are also required to be represented, and their
similarity is also desired. This is solved by Berztiss [6]. The iso-
morphism in a mixed graph is introduced in [7]. In all these cases,
mixed graphs have been assumed as there exists directed edges or
undirected edges. In our proposed graphs, these edges may appear
simultaneously. A new term incidence number of a vertex is defined
as a single value of the degree of semi-directed graphs. Also, isomor-
phism is defined as per assumption on mixed graphs. The opposite
of the orientation of edges has been made in counter-isomorphic
graphs. Barbosa et al. [8,9] introduced augmenting health assistant
applications with socialmedia. Readers can access the idea ofmixed
graphs from [10–15].
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Mahapatra et al. [16–19] introduced the edge colouring of a fuzzy
graph and radio k colouring in fuzzy graphs. There are different
types of centralities available in the literature. But measuring influ-
ence can be made proper by their dominance in nature. Some
persons do not dominate others in their relationship. These are
assumed as undirected edges. Directed edges make the dominances
and influences of relationship. In this study, a centrality measure,
incidence centrality, has been defined. At last, the area of applica-
tion is described before the conclusion has been made.

1.1. Gist of Contributions
• This study develops the properties (completeness, influential

neighbors) on semi-directed graphs.

• Three types of matrices are proposed.

• Isomorphism and counter-isomorphism on semi-directed
graphs are proposed.

• Areas of application on semi-directed graphs are proposed.

2. PRELIMINARIES

Definition 2.1. [9] Let V be a nonempty set of elements, called
vertices or nodes. Also let, E = E1 ∪ E2 where E1 ⊂ V × V is a set
of unordered pairs of vertices, i.e., E1 = {(u, v) |u, v ∈ V}, called a
set of undirected edges and ⃖⃖⃖⃗E2 ⊂ V × V is a set of ordered pair of
vertices ⃖⃖⃖⃗E2 =

{
⃖⃖⃖⃖⃖⃖⃖⃖⃗(a, b)|a, b ∈ V

}
, called a set of directed edges. Here

G =
(
V,E1, ⃖⃖⃖⃗E2

)
is said to be a semi-directed graph.

Example 2.1. Let V =
{
a, b, ⃖⃖⃖⃖⃖⃖⃖⃖⃗c, d, e, f

}
, E1 = {(a, b) , (b, d) , (c, e)}

and ⃖⃖⃖⃗E2 =
{(

⃖⃖⃖⃖⃗a, f
)
,
(
⃖⃖⃖⃖⃗f, a

)
,
(
⃖⃖⃖⃖⃖⃗b, a

)
,
(
⃖⃖⃖⃖⃗b, e

)
,
(
⃖⃖⃖⃖⃗e, d

)(
⃖⃖⃖⃗f, c
)
,
(
⃖⃖⃖⃖⃗d, c

)}
.

HereG =
(
V,E1, ⃖⃖⃖⃗E2

)
is a semi-directed graph (shown in Figure 1).

Definition 2.2. [9] Degree of a vertex u is denoted as triplet
D (u) =

(
d (u) , d+ (u) , d− (u)

)
where d (u) is the sum of all inci-

dent edges of E1, d
+ (u) is the number of out-directed edges of E2

from the vertex u and d− (u) is the number of in-directed edges of
E2 toward the vertex u. Now, the incidence number of a vertex u is
denoted as in (u) and defined as in (u) = d (u) + d+ (u) − d− (u).

Example 2.2. The degree of a vertex a of the graph, shown in
Figure 1, is given as d (a) = (1, 1, 2). Now the incidence number is
in (a) = 1 + 1 − 2 = 0.

Note 2.1. The sum of the incidence numbers in a semi-directed
graph is always even.

Figure 1 Example of semi-directed graph.

Definition 2.3. A undirected walk in a semi-directed graph
G =

(
V,E1, ⃖⃖⃖⃗E2

)
is a sequence: v1e1v2e2v3 …… ekvk+1 where

v1, v2, v3,…… , vk+1 are the vertices and e1, e2,…… , ek are edges
respectively such that all the edges are undirected. A undirected
walk from vertex u to v is said to be a undirected path of length m
if there exist exactly m edges in the walk and no vertices, no edges
repeat.

A directed walk in a semi-directed graph G =
(
V,E1, ⃖⃖⃖⃗E2

)
is

a sequence: v1 ⃖⃖⃗e1v2 ⃖⃖⃗e2v3 …… ⃖⃖⃗ekvk+1 where v1, v2, v3,…… , vk+1 are
the vertices and ⃖⃖⃗e1, ⃖⃖⃗e2,…… , ⃖⃖⃗ek are edges respectively such that all
the edges are directed. A directed walk from vertex u to v is said to
be a directed path of length m if there exist exactly m edges in the
walk and no vertices, no edges repeat except u, v.

A path in a semi-directed graph G =
(
V,E1, ⃖⃖⃖⃗E2

)
is said to cycle if

initial and end vertices are the same. If a semi-directed graph does
not contain a cycle, then the graph is acyclic.

Example 2.3. In semi-directed graph (Figure 2), v5e4v4e3v3e1v1
undirected a path and v4 ⃖⃖⃗e5v2 ⃖⃖⃗e2v1 is a directed path and there is no
cycle.

Definition 2.4. Let G =
(
V,E1, ⃖⃖⃖⃗E2

)
be a semi-directed graph.

Then a graph H =
(
V′,E′1, ⃖⃖⃖⃗E

′
2

)
is said to be a subgraph of G if

V′ ⊂ V,E′1 ⊂ E1, ⃖⃖⃖⃗E′2 ⊂ ⃖⃖⃖⃗E2.

Example 2.5. In Figure 2, G =
(
V,E1, ⃖⃖⃖⃗E2

)
where V ={

v1, v2, v3, v4, v5
}
, E1 =

{
e4, e3

}
, ⃖⃖⃖⃗E2 =

{
e1, e2, e5

}
is a semi-

directed graph. ConsiderH =
(
V′,E′1, ⃖⃖⃖⃗E

′
2

)
whereV′ =

{
v2, v4, v5

}
,

E′1 =
{
e4
}
, ⃖⃖⃖⃗E′2 =

{
⃖⃖⃗e5
}
. Then H is subgraph of G.

3. COMPLETENESS PROPERTY OF
SEMI-DIRECTED GRAPHS

If there exist all three types of connections, i.e., out-directed edges,
in-directed edges and undirected edges between every pair of
vertices, then the graph is called a complete semi-directed graph.
Without having all three types of edges, sometimes graphs may be
called complete depending on incidence number and connections
between every pair of vertices.

Figure 2 An example of a semi-directed
graph.
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Definition 3.1. A semi-directed graph is said to be complete-
incidence semi-directed graph if every pair of vertices is connected
by at least one edge (undirected or directed) and the incidence num-
ber of all vertices are equal.

Example 3.1. Since in the above graph (Figure 3), there are the
connections (undirected or directed) between every pair of vertices
and the incidence number of each of the vertices is 3. Hence it is a
complete-incidence semi-directed graph.

Note that, every complete semi-directed graph is complete-
incidence semi-directed graphs.

Definition 3.2. A semi-directed graph is called regular if the inci-
dence numbers of each vertex are equal.

Lemma 1. Every complete-incidence semi-directed graph is
regular.

Proof. Let G =
(
V,E1, ⃖⃖⃖⃗E2

)
be a complete-incidence semi-directed

graph. Then there is at least one connection between others vertices
and the incidence numbers of all the vertices are equal. Thus obvi-
ously, it is a regular semi-directed graph.

Definition 3.3. Let G =
(
V,E1, ⃖⃖⃖⃗E2

)
be a semi-directed graph. If

the vertex set V partitioned into two nonempty subsets V1 and V2
such that

i) V1 ∪ V2 = V and V1 ∩ V2 = ∅,

ii) Every vertex ofV1 is connected (undirected or directed) to the
vertices of V2 and conversely,

iii) There are no edges between the vertices ofV1 itself orV2 itself.

Then the graph is a bipartite semi-directed graph.

Definition 3.4. A bipartite semi-directed graph is said to be
complete-incidence if there exist a partition V1 and V2 such that

i) V1 ∪ V2 = V and V1 ∩ V2 = ∅,

ii) Every vertex ofV1 is connected (undirected or directed) to all
the vertices of V2 and conversely and the incidence numbers
of each vertex of V1 (V2) are same.

iii) There are no edges between the vertices ofV1 itself orV2 itself.

Example 3.2. Let us consider a complete-incidence bipartite
graph, as shown in Figure 4. Here two sets of vertices are shown as

Figure 3 An example of a
complete-incidence semi-directed graph.

{a, b} and {c, d, e} which have no connections among themselves
and each vertex of a set is connected to the vertices of another set.

Definition 3.5. LetG =
(
V,E1, ⃖⃖⃖⃗E2

)
be a semi-directed graph and

let CV =
(
V,E, ⃖⃖⃗E′

)
be a complete semi-directed graph. The com-

plement of G is denoted as Gc and defined as Gc =
(
V,EC1 ,

⃖⃖⃖⃗EC2
)

where EC1 ∪ E1 = E, EC1 ∩ E1 = 𝜙 and ⃖⃖⃖⃗EC2 ∪ ⃖⃖⃖⃗E2 = ⃖⃗E, ⃖⃖⃖⃗EC2 ∩ ⃖⃖⃖⃗E2 = ⃖⃗E.

Example 3.3. In Figure 5, a semi- directed graph, and its comple-
ment graph is shown.

4. INFLUENTIAL NEIGHBORHOODS OF
SEMI-DIRECTED GRAPHS

In semi-directed graphs, the 1-step neighbor is measured depend-
ing on the out-directed edge and undirected edge. Thus, influential
neighborhoods are classified as followers and following. Incidence
number is the parameter for influential neighbors.

Incidence number of a vertex (x) due to the node
(
y
)
is denoted as

iny (x) = (number of an undirected edge between x and y) + (num-
ber of out-directed edge from x to y) − (number of edge in-directed
edge from y to x). If iny (x) > 0, then x has a follower “y,” and the
same will be represented as in+y (x). Similarly, if iny (x) < 0 then x
has a precursor “y,” and the same will be represented as n−y (x).

Thus set of followers of a node x, is denoted F (x) ={
y ∈ V ∶ iny (x) > 0

}
and set of precursors is denoted by P (x) ={

z ∈ V ∶ iny (x) < 0
}
. It can be noted that a node x having both

out-directed and in-directed edges to another node y, i.e., iny (x) =
0, y is not an influential neighborhood, and hence y does not belong
to F (x) or P (x).

Figure 4 A complete-incidence bipartite
graph.

Figure 5 A semi-directed graph and its complement.
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Example 4.1. In Figure 6, the node a has one follower, namely b.
The node b has three followers, namely d, e, c and one precursor
as a.

5. MATRIX REPRESENTATION OF
SEMI-DIRECTED GRAPH

5.1. Adjacency Matrix Representation of
Semi-directed Graphs

Adjacentmatrix is one of the importantmatrices. It is used to repre-
sent vertices which are adjacent to others, i.e., there is an edge con-
necting vertices in a graph. The adjacencymatrix of a semi-directed
graph G =

(
V,E1, ⃖⃖⃖⃗E2

)
with n vertices is a n × n symmetric binary

matrix A (G) =
(
aij, bij

)
, where

aij =
⎧⎪⎨⎪⎩
inj (i) , if there is an edge (directed or indirected )

ith and jth vertices
0, if there is no edge between them.

Example 5.1. The adjacency matrix (depending on incidence
value) of the semi-directed graph, shown in Figure 1, is given as
follows:

a b c d e f
a – 0 0 0 0 0
b 2 – 0 1 1 0
c 0 0 – −1 1 −1
d 0 1 1 – −1 0
e 0 −1 1 1 – 0
f 0 0 1 0 0 –

5.2. Adjacency Matrix Representation of
Semi-directed Graphs Depending on
Incidence Value

In this article, a new kind of adjacency matrix is introduced and
termed as “adjacency matrix depending on incidence value.” The

Figure 6 A semi-directed graph with
set of followers.

adjacency matrix of a semi-directed graph G =
(
V,E1, ⃖⃖⃖⃗E2

)
with n

vertices is a n × n symmetric binary matrix A (G) =
(
aij
)
, where

aij =
⎧⎪⎨⎪⎩
in, if there is an edge of E1 between

ith and jth vertices
0, if there is no edge between them.

bij =
⎧⎪⎨⎪⎩
1, if there is an edge of E2 directed from

ith vertex to jth vertex
0, if there is no edge between them.

Example 5.2. The adjacency matrix of the semi-directed graph,
shown in Figure 1, is given as follows:

a b c d e f
a – (1, 0) (0, 0) (0, 0) (0, 0) (0, 1)
b (1, 1) – (0, 0) (1, 0) (0, 1) (0, 0)
c (0, 0) (0, 0) – (0, 0) (1, 0) (0, 0)
d (0, 0) (1, 0) (0, 1) – (0, 0) (0, 0)
e (0, 0) (0, 0) (1, 0) (0, 1) – (0, 0)
f (0, 1) (0, 0) (0, 1) (0, 0) (0, 0) –

5.3. Incidence Matrix Representation of
Semi-directed Graphs

Let G =
(
V,E1, ⃖⃖⃖⃗E2

)
be a semi-directed graph with n vertices and

m edges. The incidence matrix of G is a n × m matrix B (G) =(
cij, dij, eij

)
, where

cij =
{

1, if ith vertex is incident with jth edge of E1
0, else.

dij =
⎧⎪⎨⎪⎩
1, if the jth edge of ⃖⃖⃖⃗E2 is directeed away

from the ith vertex
0, else.

eij =
⎧⎪⎨⎪⎩
−1, if the jth edge of ⃖⃖⃖⃗E2 is directeed

towards to the ith vertex
0, else.

Example 5.3. The incidence matrix of the semi-directed graph,
shown in Figure 7, is given as follows:

6. ISOMORPHISM OF SEMI-DIRECTED
GRAPHS

Let G1 =
(
V1,E1, ⃖⃖⃖⃗E2

)
and G2 =

(
V2,E3, ⃖⃖⃖⃗E4

)
be two semi-

directed graphs. Then G1 and G2 are said to be isomorphic if there
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e1 e2 e3 e4 e5 e6 e7 e8 e9
a (0, 1, 0) (0, 0, 0) (0, 0, 0) (0, 0, 0) (1, 0, 0) (0, 0, 0) (0, 0, 0) (0, 0, 0) (0, 0, 0)
b (0, 0, −1) (0, 1, 0) (0, 0, 0) (0, 0, 0) (0, 0, 0) (0, 0, 0) (1, 0, 0) (0, 0, 0) (0, 0, 0)
c (0, 0, 0) (0, 0, −1) (1, 0, 0) (0, 0, 0) (0, 0, 0) (1, 0, 0) (0, 0, 0) (0, 0, 0) (1, 0, 0)
d (0, 0, 0) (0, 0, 0) (0, 0, −1) (0, 1, 0) (0, 0, 0) (0, 0, 0) (1, 0, 0) (1, 0, 0) (1, 0, 0)
e (0, 0, 0) (0, 0, 0) (0, 0, 0) (0, 0, −1) (1, 0, 0) (1, 0, 0) (0, 0, 0) (1, 0, 0) (0, 0, 0)

Figure 7 A semi-directed graph.

exists a one-one correspondence between the vertex setsV1 andV2,
between undirected edge sets E1 and E3 and between directed edge
sets ⃖⃖⃖⃗E2 and ⃖⃖⃖⃗E4 such that if any two vertices a, b ∈ V1 are connected
by an edge (a, b) ∈ E1 or

(
⃖⃖⃖⃖⃖⃗a, b

)
∈ ⃖⃖⃖⃗E2 if and only if correspond-

ing vertices c, d ∈ V2 are also connected by an undirected edge
(c, d) ∈ E3 or directed edge ⃖⃖⃖⃖⃖⃖⃖⃗(c, d) ∈ ⃖⃖⃖⃗E4. Alternatively, the following
definition is defined below.

Definition 6.1. Let G1 =
(
V1,E1, ⃖⃖⃖⃗E2

)
and G2 =

(
V2,E3, ⃖⃖⃖⃗E4

)
be

two semi-directed graphs. ThenG1 andG2 are said to be isomorphic
if there exists a bijectivemapping f ∶ V1 → V2 such that there exists
an edge

(
f (a) , f (b)

)
in E3 (or ⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃗(f(a), f(b)) in ⃖⃖⃖⃗E4) if and only if there

exist edges (a, b) in E1 (or ⃖⃖⃖⃖⃖⃖⃖⃖⃗(a, b) in ⃖⃖⃖⃗E2).

It follows from the definition that two isomorphic semi-directed
graphs have

• same number of vertices

• same number of undirected edges

• same number of directed edges

• same degree sequences

• same adjacency matrices

• same incidence matrices

• same incidence number of corresponding vertices.

Example 6.1. Consider two pairs of semi-directed graphs
(Figure 8). We see that there is one to one correspondence between
vertices

a ↔ w, b ↔ x, c ↔ u, d ↔ v

Figure 8 Two semi-directed graphs.

Figure 9 Two semi-directed graphs.

and one-to-one correspondence between edges

(a, b) ↔ (w, x) , (b, c) ↔ (x, u) ,
(
⃖⃖⃖⃖⃗d, c

)
↔

(
⃖⃖⃖⃖⃖⃗v, u

)
,

(d, c) ↔ (v, u) , (b, d) ↔ (x, v) ,
(
⃖⃖⃖⃖⃖⃗a, d

)
↔

(
⃖⃖⃖⃖⃖⃗w, v

)
.

Also, the adjacency matrix and incidence matrix both are same for
two graphs. Hence the graphs are isomorphic.

Now consider two semi-directed graphs (Figure 9). These two
graphs are like similar but not isomorphic since vertex c corre-
sponds to vertex f and vertex b corresponds to vertex g but the edge(
⃖⃖⃖⃖⃗c, b

)
does not correspond to the edge

(
⃖⃖⃖⃖⃗f, g

)
because of the oppo-

site direction.

Lemma 6.1. Two semi-directed graphs are isomorphic if and only
if its complements are isomorphic.

Definition 6.2. If a semi-directed graph is isomorphic to its com-
plement graph, then the graph is called self-complement semi-
directed graph.

Example 6.2. Consider the semi-directed graph G (Figure 10a)
and hence find its complementG′ (Figure 10b). See that there is one
to one correspondence between vertices and edges correspondence
are given by:
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Tables drawn below represents the vertices and its edge
combinations:

Vertex of G Vertex of G′

a d
b c
c b
d a

Edges of G Edges of G′

(a, b) (d, c)
(b, c) (c, b)
(b, c) (c, b)
(c, b) (b, c)
(c, d) (b, a)
(d, c) (a, b)
(a, d) (d, a)
(a, d) (d, a)
(d, a) (a, d)

Theorem 6.1. The number of edges in a semi-directed self-
complement graph with n vertices is 3∕2 nC2.

Proof. Let G be any semi-directed graph with n vertices and G′ be
the self-complement graph of G. Since the graph contains n edges,
then the total number of edges in a complete semi-directed graph
is 3 nC2,

Again, the number of edges in G + number of edges in G′ = 3nC2.

Since self-complement graphs are isomorphic to itself, then the
number of edges in G = number of edges in G′.

Therefore, the number of edges in G is 3∕2 nC2

6.1. Counter-Isomorphic Semi-directed
Graphs

Definition 6.3. Let G1 =
(
V1,E1, ⃖⃖⃖⃗E2

)
and G2 =

(
V2,E3, ⃖⃖⃖⃗E4

)
be

two semi-directed graphs. Then G1 and G2 are said to be counter-
isomorphic if there exists a bijective mapping f ∶ V1 → V2 such

Figure 10 Self-complementary semi-directed graph.

that there exists an edge ⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃖⃗(
f (b) , f (a)

)
in ⃖⃖⃖⃗E4 (or (f(a), f(b)) in E3) if

and only if there exist edges ⃖⃖⃖⃖⃖⃖⃖⃖⃗(a, b) in ⃖⃖⃖⃗E2 ((a, b) in E1).

Example 6.3. In Figure 11, two graphs have been shown. The part
(b) of the figure is counter isomorphic to the part (a).

Theorem 6.2. Incidence number of a vertex is differed by twice the
difference of out-degree and in-degree of the vertex to its correspond-
ing vertex in a counter-isomorphic graph.

Proof. Let G1 =
(
V1,E1, ⃖⃖⃖⃗E2

)
and G2 =

(
V2,E3, ⃖⃖⃖⃗E4

)
be two

counter-isomorphic semi-directed graphs. Let a vertex v1 ∈ V1 and
its corresponding vertex be v2 ∈ V2. It is clear that the incidence
number of v1 is expressed as in

(
v1
)
= d

(
v1
)
+ d+

(
v1
)
− d−

(
v1
)

and incidence number of v2 is expressed as in
(
v2
)

= d
(
v2
)
+

d+
(
v2
)
− d−

(
v2
)
.

By the definition of a counter-isomorphic graph, the in-degree is
replaced by out-degree in incidence number for the correspond-
ing vertex and vice versa. Thus d

(
v1
)

= d
(
v2
)
, d+

(
v1
)

=
d−

(
v2
)
, d−

(
v1
)

= d+
(
v2
)
is true. Hence, in

(
v1
)

∼ in
(
v2
)

=
2
(
d+

(
v1
)
∼ d−

(
v1
))

= 2(d−(v2) ∼ d+(v2) the result is true.

7. APPLICATION AREA OF SEMI-DIRECTED
GRAPHS

There can be numerous applications that follows and utilizes the
concept of semi-directed graph or network where direct and indi-
rect point of connection can be established.

One major application that involves the prediction of epidemic
spread (Figure 12) of a disease like flu (Corona Virus Dis-
ease 2019) or measles into human society. This can be used to
inspect the impact of directed or indirect point of contacts. Such
application can be investigate for the case of uncorrelated semi-
directed networks [12].

Secondly, the basic reproduction rate of bacteria can be obtained
using semi-directed graph in which the rate of growth for a par-
ticular cell can be determine for the infection rate to its adjacent
cell. This phenomenon is termed as “Kinetic Modeling of Bacte-
ria Growth in Cells.” This examination is very useful in Tumor Cell
Morphology [13].

Figure 11 An example of counter-isomorphic graphs.
Note: The number of vertices and number edges are same in counter
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Thirdly, in automated driving system (ADS), the communication
among various vehicles can be based upon directed and indi-
rected connection where each vehicle can trace its path for possi-
ble number of links based upon availability of roads. This concept
of semi-directed networks can be used to not only improve vehi-
cle safety, but also to recover vehicle efficiency and travel times
prediction [14].

Fourth, one of the popular application of these semi-directed graph
is user identification into social media network. It can be benefi-
cial for finding vulnerabilities of cross platform or advertisement of
sale over social sites. The study of user behavior for analyzing infor-
mation diffusion and mapping of purchase pattern across social
e-commerce site can impact direct and indirect connection for its
examination [11].

Measuring central persons in large networks is an essential task
nowadays. The central persons are generally the most influential
persons in the networks. It can be a common point for spreading
information like news or any useful value to all overall the network
at a very rapid pace. Thus, finding such persons in a large network
is an interesting research area. Several definitions of centrality are
available in the literature [11]. All these definitions are based on
directed or undirected graphs.

Suppose a network is considered as an undirected edge links two
connected persons if they do not influence each other. If one per-
son/node (a) influences another person/node (b), then there will
exist one directed edge from a to b. Now, for influential measure-
ments of a node (a) is important to find the collection of all such
nodes (x) to whom a is connected by undirected edges and all the
nodes (y) to whom influences, i.e., there exists directed edges from
a to y. Also, the nodes which influence the target node is a kind of
negative influences on the target node. Thus, the incidence number
is a perfect measurement of such 1-step neighbors. As a measure of
influence is not only the subject matters of 1-step neighbors, it can
be extended up to the desired steps of neighbors. Thismeasurement
is termed as incidence centrality and defined as follows.

Definition 7.1. LetG =
(
V,E1, ⃖⃖⃖⃗E2

)
be a semi-directed graph rep-

resentation of a network. Incidence centrality Cin (v) of a node, v is

Figure 12 Node Analysis into Semi-directed Network.

given by

Cin (v) = in (v) + p

[ ∑
{u∈F(v)}

inv (u) +
∑

{u∈P(v)}
inv (u)

]

where in (v) denotes the incidence number of the node v, F (v) is the
set of followers of v, P (v) denotes the set of precursor nodes of v,
and p is a parameter ∈ (0, 1). By default, the value of the parameter
will be taken as 0.5. This parameter is a parameter, and its value is
chosen by the nature and problem of the network.

The incidence centrality considers the incidence number of a node
and its neighborhood in a network.

Example 7.1. In Figure 13, a small network is considered.

The incidence centrality of {b} is calculated as

Cin (b) = in (b) + 0.5

[ ∑
{u∈F(b)}

inb (u) +
∑

{u∈P(b)}
inb (u)

]
= (−2) + 0.5 [1 − 1 − 1 − 1]
= −3

The incidence centrality of {d},

Cin (d) = in (d) + 0.5

[ ∑
{u∈F(d)}

ind (u) +
∑

{u∈P(d)}
ind (u)

]
= (+2) + 0.5 [4 − 2] = +3

8. CONCLUSION WITH FUTURE WORKS

This paper introduced new properties of semi-directed graphs.
These properties can be the backbone for any social media
network representations. In the considered applications, a new cen-
trality measure, incidence centrality, has been introduced. In such
definition, direct neighborhood and 1-step neighborhoods have
been considered and for indirect neighborhoods, the consideration
is subject to the nature of such social media networks. With such
network properties analysis, the semi-directed graph will get a new
direction of representations. In future, this study can be extended
to fuzzy semi-directed graphs, neutrosophic semi-directed graphs
and related studies. It will be helpful to analysis of online social
networks.

Figure 13 A small network.
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