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1. INTRODUCTION

Nowadays, the use of social networks [1] are progressing very fast.
Social networks can be used for many purposes. Many types of
social networks are available. These social networks are prepared to
grow their business rapidly, and hence the providers of social net-
works try to increase their networks.

Over the past few years, online social networking has exploded
in popularity as a means for people to share information and
build connections with others. For communication, marketing, and
spreading of news, etc., it becomes a vital instrument. In the social
network market, there is a substantial competitive situation, so all
social network organizations are trying to enhance their networks’
popularity. So popularity directly depends on how many users and
edges/relationship are there between users. In social networks, it is
essential to know how to improve the number of edges.

A user of a social network wants to connect to another user by
nature of the user, therefore, at first, he/she gathers some informa-
tion like common friends, personality, age, sex, educational back-
ground, job and living area.

It is analyzed that the personalities of common friends are pro-
portional to build a link between to unknown friends. There are
lots of graph-theoretic measures for link prediction. However, the
given data in social networks are not precise all the times. Fuzzy
systems capture these uncertainties with a degree of memberships.
So, the fuzzy graph gives a more effective result for this calcula-
tion. Samanta and Pal [2-5] introduced many types of fuzzy graphs.
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The computation of link prediction is one of the most important tasks on a social network. Several methods are available in the
literature to predict links in networks and RSM index is one of them. The RSM index is applicable in the fuzzy environment
and it does not incorporate the notion of falsity and indecency parameters which occur frequently in uncertain environments.
In the present method, the behaviors of the common neighbor and the other parameters, like nature of job, location, etc., are
considered. In this paper, more parameters are included in the RSM index for making it more flexible and realistic and it is best
fitted in the neutrosophic environment. Many important properties are studied for this modified RSM index. A small network
from Facebook is considered to illustrate the problem.
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Mahapatra et al. [6-8] presented many applications of the fuzzy
graph.

It is a common research topic in social networks on how to improve
the number of edges in networks, and many types of methods are
used to increase links. Nowell et al. [9] introduced common neigh-
bor (CN) methods of link prediction and it is modified as Jaccard’s
coefficient [10]. Sorensen [11] introduced Sorensen Index. Adam-
ic/Adar (AA) index was introduced by Adamic and Adar [12].

Almost all the link prediction methods are calculated on the basis of
the neighbors. The prediction score for links is based on the num-
ber of neighbors. If the number of neighbors increases, the proba-
bility of predicting links will also increase. Yet neighbors’ behavior
is essential. But, in link prediction calculation nature of common
neighbor plays a vital role. Mahapatra et al. [13] introduced RSM
index for link prediction calculation depending on the nature of
common neighbor in the fuzzy graph.

Though capturing false data is a research question, some times,
data are displayed with falsity and indeterminacy. The number of
friends of person may be assumed as true value. But the number
of inactive or fake friends may be assumed as falsity. Sometimes
data are not available or the data are contradicting the facts. In
these cases, indeterminacy may be taken to capture the notions. All
three values, true value, falsity, indeterminacy, are taken in neu-
trosophic graphs [14]. Manh Tuan et al. [15] proposed link predic-
tion calculation by neutrosophic modelling. In these cases, too, the
nature of common friends is ignored. Besides, there are some other
realistic notions like locality, jobs, educations which have effect
in link prediction calculation. In the proposed method, the RSM
index has been updated with these notions in neutrosophic fuzzy
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environment. This article proposes an advanced idea of RSM index,
modified RSM index.

Some Notations

All the basic notations are shown in Table 1.

2. PRELIMINARIES

A fuzzy graph & = (V, o, ) is complete if u(u, v) = min{o(u), o(v)}
for all u,v € V, where (1, v) denotes the edge between the vertices
uand v.

A neutrosophic set A in X is characterized by a truth member-
ship function T4(x), an indeterminacy membership function I, (x)
and a falsity membership function F,(x). The functions T,(x),
I,(x) and F,(x) are real standard or nonstandard subset of [0~, 1*].
That is, T4(x) : X =]07,1%[, I4(x) : X —]07,1%[ and F4(x) :
X =]07,1 [ and 0~ < Ty(x) + I4(x) + F4(x) < 3T.

A neutrosophic graph is an order pair { = (A, B), where A : V —
[0, 1] is a neutrosophic setin V (nonempty)and B : VX V — [0,1]
is a neutrosophic relation on V such that

Tp(x,y) < min{T,(x), TA(M)},
Ip(x, ) > max{I,(x), L,(»)},

Fy(x,y) > max{F,(x), F4(»)}

forallx,y e V.

2.1. Link Prediction Methods

In a social network, two unknown users may be connect in future.
Suppose in Figure 1 consider a small networks, at time ¢ the vertices

Table 1 Some basic notations.

Notation Meaning

3 Fuzzy graph

¢ Neutrosophic graph
14 Vertex set

E Edge set

Ta(x), 14(x), Fa(x) True membership value, indeterminacy
membership value, falsity membership
value of the vertex x of {

True membership value, indeterminacy
membership value, falsity membership

value of the edge (x, y) of ¢

Tg(x, y), Ig(x, »), Fp(x, y)

C(x) Set of neighbor of the vertex x
dy Degree of vertex x
(Tci L o FCi ) True value, indeterminacy value, falsity

value of nature of common neighbors

Sxy Link prediction value between the vertices x
and y

(Tp.,Ip., Fp.) True value, indeterminacy value, falsity

o value of the other parameters

(Tr, 11, Fr) True value, indeterminacy value, falsity
value of link prediction by modified RSM
index

Sxy Score of link prediction between the

vertices x and y by modified RSM index

c and d has no edge but in future at time #* there may have some
chance to connect each other. This type of chance is calculated by
method of link prediction calculation.

Various types of link prediction methods are available, some of
these are given below.

2.1.1. Common neighbors (CN)

CNs [9] methods directly depend on number of common neigh-
bors. Suppose, set of neighbor of a vertex x is C(x) then link predic-
tion value by this method is

S(a, b) = |C(a) [ ) C®)|-

2.1.2. Salton index

C(x) is the set of neighbor and d,, is the degree of a vertex x then the
link prediction value by Salton index [16] defined as

|C(a) N Cb)|
Vd xd,

S(a, b) =

2.1.3. Jaccard index

Suppose, set of neighbor of a vertex x is C(x) then the link prediction
value by Jaccard index [10] is

_e@ncw)

S@b = @ Ucol

2.1.4. Sorensen index
Soresen index [11] of link prediction is defined as

|C(a) " C(b)|

S@.b)=—r "3

2.1.5. Hub promoted index
The link prediction value by Hub Promoted index [17] is defined as

|C(a) N Cb)|

S(a,b) = min(d,, d,)

2.1.6. Hub depressed index
The link prediction value by Hub Depressed index is defined as

|C(a) () Cv)|

S@a,b) = max(d,, dy)

2.1.7. Leicht-Holme-Newman index

The link prediction value by Leicht-Holme-Newman index [18] is
defined as

|C(a) N C(b)|

S = (d, * dy)
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c
Graph at time t

Figure1 Example of link prediction.

2.1.8. Preferential attachment index

The link prediction value by Preferential Attachment index is
defined as

S(a, b) = d, * d,.

2.1.9. AAdar index
The link prediction value by AA index [12] is defined as
1

S(a,b) = .
penia N 108 9p)

2.1.10. Resource allocation index

The link prediction value by Resource Allocation index [19] is
defined as

S@ab= > ;%
P

PeN(a) [ N(b)

2.1.11. RSM index in fuzzy graph

The link prediction value by RSM index [13] in fuzzy graph is
defined as

r
N;
S(a, b) = Z_
i=1 r

N; is the nature of the common neighbors and it is calculated by
N; = min{u(a, x;), (b, x;)}, x; is the common neighbors between
the vertices a, b where u(a, x;) is the edge membership value of edge
(a,x;) of a fuzzy graphand i = 1,2, 3, ..., 1.

3. MODIFIED RSM INDEX FOR LINK
PREDICTION

All above methods except “RSM index” are based on the number of
neighbors. As aresult, link prediction value depends on the number
of neighbors. The number of common neighbors increases, then the
probability of link prediction will be increase. However, the nature
of neighbors is significant for the calculation of link prediction in
“RSM index” But, there are several other factors which are essential
to predict the link between two unknown people. That is, despite
no mutual friends, there are still chances to be linked between two
unknown people based on other parameters like location, job, edu-
cation, etc. In the proposed Modified RSM Index, link prediction

d
Graph at time t*

value is calculated from nature of neighbor and a few other param-
eters in neutrosophic environment.

Now introduce the Modified RSM Index in neutrosophic
environment-

Consider u and v be any two nonadjacent vertices of a neutro-
sophic graph ¢. Also, let u and v have n number of neighbors as
W1, Wy, ..., W,. Then the link prediction between u and v depends
on the nature of this common neighbor and some other associated
parameters like (i) job, (ii) location, (iii) education, etc.

Now, true value, indeterminacy value, falsity value of nature of com-
mon neighbors are denoted by (T¢, I, Fc,) defined by

TCi = min{TB(us Wi)’ TB(Wi5 V)}
Ic, = max{Ip(u, w), Ip(w;, v)}

Fe, = max{Fp(u, w;), F(w;, v)},

where, Tg(u, w;), Iz(u, w;), Fg(u, w;) are the true membership value,
indeterminacy membership value, falsity memberships value of the
edge (u,w;)and i =1,2,...,n.

Also, consider the (Tp,,Ip,Fp,) be the true membership value,
indeterminacy membership value, falsity memberships value of the
other m associated parameters.

Then the link prediction between u and v is denoted by (T}, I}, F;)
is defined by

_ Z:lzl TCi + Z]W;l TDj

m+n

Ty

n m
Zi:l IC, + Zj:l IDj

m+n

IL—

n m
Zi:l FC,- + Zj:l FDj

L=

m+n
Score of link prediction by Modified RSM Index

. 24T, —-I,—F
SM'V:#'
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3.1. Algorithm to Calculate Score of Link
Prediction by the Neutrosophic Graph

Input: { = (A, B) be a neutrosophic graph.
Output:- Score of link prediction between two vertices a and b of .

Step 1: Calculate true value, indeterminacy value, falsity value of
nature of common neighbors (direct) between g, b are (Tcl., Ic, Fc,.),
wherei=1,2,3,...,n.

Step 2: Calculate (Tp, Ip , Fpp,) be true membership value, indeter-
minacy membership value, falsity memberships value of the other
m associated parameters.

Step 3: Calculate true value, indeterminacy value, falsity value of
link prediction between a and b is (T;, I, F}).

Step 4: Calculate the score of link prediction by Modified RSM

2 24T, —I,—F
Index is S, = %

Example 1. Consider in Figure 2, a neutrosophic graph with five
vertices and the vertices membership value are consider as in

a(0.8,0.5,0.2)

Table 2. Edges membership values are consider as in Table 3. Here,
we consider three others parameters like (i) job, (ii) location, (iii)
education. The membership value between of three parameters
between a and b are location (0.7,0.3,0.5), job (0.8,0.2,0.1), edu-
cation (0.5,0.1, 0.2). Now, the nature of this common neighbor c is

TC[ = min{0.6,0.6} = 0.6
I¢, = max{0.6,0.5} = 0.6

Fc = max{0.4,0.3} = 0.4.

Similarly, nature of d is Tc, = 0.5, Ic, = 0.6, F¢, = 0.5 and for
vertex eis Tg, = 0.2, ¢, = 0.5, F¢, = 0.5. Then the link prediction
between aand bis L, ;, = (T, I}, F;) is

_06+05+02+08+0.5+0.7

T, = ; =3.3/6 = 0.55
0.6+ 0.6+ 0.5+ 02+ 0.1+0.
= 20F00F 5J6“ +01+03 _ 5 36 = 0383

b (0.7, 0.4, 0.3)

Figure 2 Link prediction by modified RSM index between the vertices a

and b.
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Table 2 Vertex membership modified RSM index in neutrosophic cycle graph is equal to nature

value of Figure 2. of the neighbor.

Vertex Membership Theorem 2. Let { be a star neutrosophic graph then the link predic-
Value tion by modified RSM index between any two vertices is equal to the

a (0.3,05,0.2) nature of center against those vertices.

b (0.7,0.4,0.3)

¢ (0.7,0.5,0.3) Proof. In Figure 5, consider a star neutrosophic graph with the ver-

d (0.6,0.3,0.4) tices A, B, D, E, F, G, H, I and C is the center vertex. In this case link

e (0.3,0.3,04)

prediction between A and B is equal to the nature of the center ver-
tex C against the vertices A and B (Lemma 1, it is proved that nature

Table 3 Edges membership value of Figure 2. of avertex is not fixed). So, in star neutrosophic graph there is a only
Edge Membership Edge Membership
Value Value
@0 (0.6,0.6,0.4) (cb) (0.6,05,03) R(0.3,0.2,0.1)
(a,d) (0.5,0.6,0.4) d, b (0.5,0.4,0.5)

(a,e) (0.3,0.5,0.5) (e, b) (0.2,0.5,0.4)

_04+05+05+05+01+0.2

Fy 6 = 2.2/6 = 0.367. ° (0.1,0.5,0.7) (0.1,0.6,0.8)
R P (0.5,0.1,0.2 .2,0.5,0. S(0.4,0.5,0.6
Score of link prediction by modified RSM is S, = HT’_# = ( ) Q00.2,0.5,0.6) ( )
2+0.55—-0.383—-0.367 =1 8/3 =0.6 . .
3 ’ ) Figure 3 A neutrosophic graph.

Lemma 1. The value of nature of a vertex is not fixed.

Proof. In Figure 3 a neutrosophic graph shown here Q is the com-
mon neighbor between the vertices P and R. So, the nature of Q is
(0.4,0.5,0.6). Also, Qis the common neighbor between the vertices
R and S. In this case nature of Q is (0.3, 0.5, 0.6). So,the nature of Q B E
is not fixed. Therefore, the nature of a vertex is not fixed.

Theorem 1. Score of link prediction between u and v in a neutro-
sophic graph ¢ by Modified RSM Index is S,,, then 0 < §,, < 1.

Proof. §,,, is the Score of link prediction between u and v in a neu-
trosophic graph ¢. Then, §,, = w and 0 < T} <1,
0<I;<1and0 < F; <1aretrue. C‘

—@D

The value of §,,, will maximum if the value of T is maximum and

I, Fy are minimum value. Figure 4 The link prediction for the neutrosophic cyclic

So, the maximum value of S,,, is S,,, = 2“;0_0 =1 graph.

Also, the value of S, will minimum if the value of T} is minimum
and I;, F; are maximum value. So, the minimum value of S, is

o _ 240-1-1 _
8,, =21 =,

Then0 <§,, <1.

In the modified RSM index ignore the other parameter then follow-
ing theorems hold.

Lemma 2. Let {, (n > 4) be a neutrosophic cycle graph then link
prediction by the modified RSM index and nature of neighbor are
equal.

Proof. In the Figure 4, consider {5 is a neutrosophic cycle graph
with 5 vertices. Now link prediction between B and E (having com-
mon neighbor A) is equal to nature of A. In the cycle neutrosophic © F
graph, there is only one common neighbor and cycle graph less than
three vertices is a complete graph. Therefore, link prediction by the

Figure 5 The link prediction for the neutrosophic star graph.
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one neighbor C. So, the link prediction between any two vertices is
equal to the nature of center vertex against those vertices.

4. VERIFICATION OF MODIFIED RSM
INDEX IN A SMALL NETWORK FROM
FACEBOOK

Few data have been collected from Facebook, which is reflected in
Figure 6. A small network of Facebook friends has been considered
for the analysis of modified RSM index. All the users of Facebook
have been considered as vertices of this network and there exists
an edge between two vertices if they are friends in Facebook. Based
on these data, a small network has been considered (see Figure 7).
Figure 8 shows the mutual friend between two friends. In the con-
sidered network, few link-predicted measures have been shown by
Modified RSM index. For the considered graph, vertex have true
membership value, falsity and indeterminacy membership value. A
total number of Facebook friends of a node are assumed as the indi-
cator of true membership value. The normalized value is taken as

true membership value of a vertex. Among Facebook friends, few
friends are inactive. These friends indicate the falsity membership
value of a vertex. The ratio of inactive friends to the total num-
ber of friends is assumed as falsity. The number of inactive friends
is considered by calculating the “likes/comments” in the last five
posts. Now, indeterminacy membership value of a vertex is taken
as 1 — (number of active friends/total number of friends)®. This is
taken as when the number of active friends increases, the indeter-
minacy value decreases. All the calculation of vertex membership
value have been shown in Figure 9.

The true membership value of an edge is calculated from the num-
ber of common friends. True membership value of an edge is “Nor-
malized value of mutual friends X minimum true membership
value of end vertices,” i.e., ur(x, y) = {Normalized value of mutual
friends} X { or(x) A or(p)}. For the simplification we assumed the
indeterminacy membership of an edge is the maximum indetermi-
nacy membership value of end vertices, i.e.,u;(x, y) = o;(x) V o1(y).
Also, same condition applies for the falsity membership value of
an edge, i.e., Up(x,y) = 0p(x) V op(y). The membership values
of all edges are shown in Figure 8. Also, the neutrosophic graph

. Number Distinct Like count
Vertex Location .
of Friends from Last 5 post
Ramchak, _
JS Moyna, 1157 15+30+19+3+18 = 85
D
pp | EPYULI 1034 | 741454214186 = 220
Burdwan
Panchberi
Ms | oneMPeM g74 | 1041554134249 = 189
a, Ghatal
M contai 416 2+12+7+10+28 =59

DK Tamluk 428

1+1+1+43+2 =8

PP1 Barpeta 961

6+0+30+10+2 =48

37+50+1+3+1 =92

4+2+6+4+3=19

3+153+4+51+8 =219

1000

11+1+4+1+7 =24

Dp Khukurdh 933
a
Khukurdh
SKS 526
a
AM Khukurdh 946
a
PP2 Jhargram
RD Khul;urdh 1200

30+10+12+18+2=72

Figure 6 Source data, data taken from Facebook.
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Figure 7 Source graph, data taken from Facebook.

of this source graph has been shown in Figure 10. The location
membership value of all predicted edges is shown in Figure 11.
Here, the distance between their (predicted vertex) home address is
shown in Figure 11 and the normalized score of this distance taken
as true membership value of location. Also, the distance between
their (predicted vertex) Facebook address is shown in Figure 11.
The calculation of falsity membership value and indeterminacy
membership value of location has been shown in Figure 11. Then,
the calculation of the link prediction by modified RSM index of all
the thirty-six predicted edges is shown in Figure 12. Also, calcu-
lation of the value of link prediction by first five methods of the
Subsection 3 of all thirty-six predicted edges is shown in Figure 13
and the normalized score of link prediction by first five methods
and modified RSM index is shown in Figure 14. Also, a compari-
son graph with the RSM index and the first five methods is shown
in Figure 15.

Also, calculation of the value of link prediction by another five
methods of the Subsection 3 of all thirty-six predicted edges is
shown in Figure 16 and the normalized score of link prediction
by another five methods and modified RSM index is shown in
Figure 17. Also, a comparison graph with the RSM index and
another five methods is shown in Figure 10.

1157

Here, the common neighbor method gives the same value for max-
imum prediction links. However, the modified RSM index gives
the different value of predictions links compare to the common
neighbor method. For example, consider a link in serial number
6 of Figure 14. It is the link between JM and AM. The common
neighbor method only counts the number of common neighbors.
However, our method modified RSM index checks the nature of
common neighbors and other parameters. Also, this value consid-
ers the neutrosophic environment. Thus the results of our proposed
methods depend on the human behaviors and other parameters like
the location. HUB Promoted index gives high value for the predic-
tion links compare to modified RSM index. The score of link pre-
diction of the links of serial numbers 6,7,17, 28, 34 of Figure 14
is different from our proposed method. Jaccard method gives the
score proportional to our proposed method except for some links.
Few results are upper than the modified RSM index, and some are
lower than abovementioned links.

The almost similar score is given for HUB depressed and modified
RSM index except for some links. Leicht-Holme-Newman index
gives identical results with modified RSM index except for that spe-
cific links of serial numbers of Figure 16 are 3,4, 5,18, 22, 34. The
almost same scores are given for the methods AA and Preferential
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EDGE MEMBERSHIP VALUE

TRUE VALUE =

NORMALIZED
EDGE VALUE X

MUTUAL | NorMALIZED | MINIMUN TRUE |INDETERM| FALSITY
FRIEND VALUE | VERTEX | ENSITY | VALUE
VALUE OF END VALUE
VERTICES

JM-RD 14 035 0.12 1.00 0.94
RD-DK 13 0.33 0.12 1.00 098 |
DK-AM 19 0.48 0.17 1.00 0.98
PP,-RD 3 0.08 0.06 1.00 095 |
PP,-DD 15 0.38 0.30 1.00 0.95
DP-MS 27 0.68 0.13 0.95 0.78
DP-RD 5 0.13 0.02 1.00 0.94
DP-SKS 40 1.00 0.19 1.00 096 |
DP-AM 32 0.80 0.15 0.95 0.77
SKS-MS 19 0.48 0.21 1.00 096 |
SKS-RD 18 0.45 0.20 1.00 096 |
SKS-AM 22 0.55 0.24 1.00 0.96
AM-RD 24 0.60 0.47 1.00 094 |
AM-MS 35 0.88 0.64 0.95 0.78
PP,-RD 5 0.13 0.10 1.00 0.98
PP,-JS 15 0.38 0.31 1.00 0.98
JS-RD 25 0.63 0.60 1.00 0.94
DD-RD 32 0.80 0.69 1.00 0.94
MS-RD 23 0.58 0.42 1.00 094 |

Figure 8 Calculation of edge membership value.

VERTEX MEMBERSHIP VALUE

Number
Number | True Value | Number . . .
. X X . of Active | Indeterminacy Falsity
Vertex | of friends | (Normalized |of inactive .
. Friends 1-(A/B)"2 (D/B)
(B) value of B) |[friends (D) (A)
JS 1157 0.96 1072 85 0.99 0.93
DD 1034 0.86 814 220 0.95 0.79
MS 874 0.73 685 189 0.95 0.78
M 416 0.35 357 59 0.98 0.86
DK 428 0.36 420 8 1.00 0.98
PP1 961 0.80 913 48 1.00 0.95
DP 233 0.19 141 92 0.84 0.61
SKS 526 0.44 507 19 1.00 0.96
AM 946 0.79 727 219 0.95 0.77
PP2 1000 0.83 976 24 1.00 0.98
RD 1200 1.00 1128 72 1.00 0.94
Figure9 Calculation of vertex membership value.
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021, 1, 0.96)

(042,

(0.73,0.95,0.78)

(0.86, 95, 0.79)

(0.80, 1, 0.95)

(0.19,0.84, 0.61)

(96°0 “T ‘61°0)

LT
(LL0S6°0 ‘ST°0)

960

(0.79,0.95, 0.77)

(0.83, 1, 0.98)

(0.96,0.99, 0.93)

Figure 10 Neutrosophic graph of the source graph.

attachment. Thus it can be decided that the modified RSM index is
the considerable expected result for link prediction than other exist-
ing methods.

5. CONCLUSION

In the modified RSM index, few limitations are there. Calculation
of true value, falsity and indeterminacy from crisp data is not easy

to capture. There are no available methods to find such data. In this
study, some parameters which display the results are assumed for
true value, some parameters which are taken wrongly in the dis-
played results are assumed as falsity, and the parameters which are
neutral for showing the results are indeterminacy. Otherwise, this
method captures all the notions of link prediction. This link pre-
diction captures the nature of common neighbors as well as jobs,
education and living places are assumed in the calculations.
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MEMBERSHIP VALUE (LOCATION)
. TRUE INDETERMINCY ERROR
SL | PREDICTED | HOME perweey | HOMEADRESS |\ oo vALUE (RapIUS OF| | (CTVEN FALSITY
NO| EDGE ADRESS FACEBOOK | DISTANCEIN | paiip | nomecimy+ | POCATION& |y iBERSHIP
DISTANCEIN| \ b o I K, w. [ UNITCO K- M= 1 P8 RADIUS OF ORIGINAL | U/ i oym)
K. M. (B) ) UNIT) (E) im PACTEOIOE LOCATION)
CITY/MAX{A,B} ) (D)
1 JM-DK 63 56 3.15 0.32 0.07 7 0.11
2 JM-MS 109 119 5.45 0.18 0.10 10 0.09
3 JM-DD 53 50 2.65 0.38 0.03 3 0.06
4 IM-JS 55 70.5 2.75 0.36 0.15 15.5 0.28
5 JM-PP, 102.3 100.1 5.12 0.20 0.02 2.2 0.02
6 JM- AM 19 23 0.95 1.05 0.04 4 0.21
7 JM-SKS 22.5 21 1.13 0.88 0.01 1.5 0.07
8 JM-DP 56 60 2.8 0.36 0.04 4 0.07
9 JM-PP, 103 117.3 5.15 0.19 0.14 14.3 0.14
10 DK-PP, 96 60 4.8 0.21 0.36 36 0.38
11 DK-DP 104 115.3 5.2 0.19 0.11 11.3 0.11
12 DK-SKS 90 117 4.5 0.22 0.27 27 0.30
13 DK-PP, 75 80 3.75 0.27 0.05 5 0.07
14 DK-JS 35 55 1.75 0.57 0.20 20 0.57
15 DK-DD 45 65 2.25 0.44 0.20 20 0.44
16 DK-MS 35 25 1.75 0.57 0.10 10 0.29
17 DP-PP, 45 95.5 2.25 0.44 0.50 50.5 1.12
18 SKS-PP, 55 65.3 2.75 0.36 0.10 10.3 0.19
19 AM-PP, 65 70.3 3.25 0.31 0.05 5.3 0.08
20 PP,-PP, 75 110 3.75 0.27 0.35 35 0.47
21 JS-PP, 77 70.12 3.85 0.26 0.07 6.88 0.09
22 MS-PP, 85 80.1 4.25 0.24 0.05 4.9 0.06
23 DP-PP, 99 90.6 4.95 0.20 0.08 8.4 0.08
24 DP-JS 89 88 4.45 0.22 0.01 1 0.01
25 DP-DD 87 85 4.35 0.23 0.02 2 0.02
26 | SKS-PP, 88 83.1 4.4 0.23 0.05 49 0.06
27 SKS-JS 104 100.3 5.2 0.19 0.04 3.7 0.04
28 SKS-DD 78 77.3 3.9 0.26 0.01 0.7 0.01
29 AM-PP, 304 291.3 15.2 0.07 0.13 12.7 0.04
30 AM-JS 566 560 28.3 0.04 0.06 6 0.01
31 AM-DD 455 430.2 22.75 0.04 0.25 24.8 0.05
32 PP,-DD 409 510 20.45 0.05 1.00 101 0.25
33 PP,-MS 102 110.5 5.1 0.20 0.08 8.5 0.08
34 JS-DD 78 75.3 3.9 0.26 0.03 2.7 0.03
35 JS-MS 89 80.3 4.45 0.22 0.09 8.7 0.10
36 DD-MS 107 105.3 5.35 0.19 0.02 1.7 0.02

Figure 11 Calculation of location membership value.
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NATURE OF NEIGHBOURS
SCORE OF
SL | PREDICTED LINK
NO. | LINK OTHER PARAMETER LINK PREDICTION BY | PREDICTION
NEIGHBOUR1 NEIGHBOUR2 (LOCATION) MODIFIED RSM INDEX | BY MODIFIED
(T_Ci,1_Ci,F C_i) (T_C_i,1_C_i,F_C_i) (T_D,I_D,F_D) (T_LI_LF_L) RSM INDEX
1 JM-DK 0.12 1 0.98 0.32 0.07 0.11 0.22 0.53 0.55 0.38
2 IM-MS 0.12 1 0.94 0.18 0.10 0.09 0.15 0.55 0.52 0.36
3 JM-DD 0.12 1 0.94 0.38 0.03 0.06 0.25 0.51 0.50 0.41
4 IM-JS 0.12 1 0.94 0.36 0.15 0.28 0.24 0.58 0.61 0.35
5 IM-PP, 0.12 1 0.98 0.20 0.02 0.02 0.16 0.51 0.50 0.38
6 JM- AM 0.12 1 0.94 1.05 0.04 0.21 0.59 0.52 0.58 0.50
7 | JM-SKS | 0.12 1 0.96 0.88 0.01 0.07 0.50 0.51 0.51 0.49
8 IM-DP 0.02 1 0.96 0.36 0.04 | 0.07 0.19 0.52 0.52 0.38
9 IM-PP, 0.12 1 0.95 0.19 0.14 0.14 0.16 0.57 0.54 0.35
10 | DK-PP, 0.06 1 0.95 0.21 0.36 0.38 0.14 0.68 0.66 0.26
11 DK-DP 0.02 1 0.98 0.15 0.98 0.19 0.11 0.11 0.12 0.70 0.70 0.24
12 | DK-SKS [ 0.12 1 0.98 0.17 0.98 0.22 0.27 0.30 0.17 0.75 0.76 0.22
13 DK-PP, 0.1 1 0.98 0.27 0.05 0.07 0.19 0.52 0.52 0.38
14 DK-JS 0.12 1 0.98 0.57 0.20 0.57 0.35 0.60 0.78 0.32
15 | DK-DD | 0.12 1 0.98 0.44 0.20 0.44 0.28 0.60 0.71 032
16 DK-MS 0.12 1 0.98 0.57 0.10 0.29 0.35 0.55 0.63 0.39
17 | DP-PP, 0.02 1 0.95 0.44 0.50 1.12 0.23 0.75 1.04 0.15
18 | SKS-PP, | 0.06 1 0.95 0.36 0.10 0.19 0.21 0.55 0.57 0.36
19 AM-PP,; 0.06 1 0.95 0.31 0.05 0.08 0.19 0.53 0.52 0.38
20 | PP,-PP, 0.06 1 0.98 0.27 0.35 0.47 0.17 0.67 0.72 0.26
21 JS-PP; 0.06 1 0.98 0.26 0.07 0.09 0.16 0.53 0.53 0.36
22 | MS-PP, 0.06 1 0.98 0.24 0.05 0.06 0.15 0.52 0.52 0.37
23 | DP-PP, 0.02 1 0.98 0.20 0.08 0.08 0.11 0.54 0.53 0.35
24 DP-JS 0.02 1 0.94 0.22 0.01 0.01 0.12 0.50 0.48 0.38
25 | DP-DD 0.02 1 0.94 0.23 0.02 0.02 0.13 0.51 0.48 0.38
26 | SKS-PP, 0.1 1 0.98 0.23 0.05 0.06 0.17 0.52 0.52 0.37
27 SKS-JS 0.2 | 0.96 0.19 0.04 0.04 0.20 0.52 0.50 0.39
28 | SKS-DD 0.2 1 0.96 0.26 0.01 0.01 0.23 0.50 0.48 0.41
29 AM-PP, 0.1 1 0.98 0.07 0.13 0.04 0.09 0.56 0.51 0.34
30 | AM-JS 0.47 1 0.94 0.04 0.06 0.01 0.26 0.53 0.48 0.42
31 AM-DD 0.47 1 0.94 0.04 0.25 0.05 0.26 0.62 0.50 0.38
32 | PP,-DD | 0.69 1 0.98 0.05 1.00 0.25 0.37 1.00 0.61 0.25
33 | PP,-MS 0.1 1 0.98 0.20 0.08 0.08 0.15 0.54 0.53 0.36
34 JS-DD 0.6 1 0.94 0.26 0.03 0.03 0.43 0.51 0.49 0.48
35 JS-MS 0.42 1 0.94 0.22 0.09 0.10 0.32 0.54 0.52 0.42
36 DD-MS 0.42 1 0.94 0.19 0.02 0.02 0.31 0.51 0.48 0.44

Figure 12 Calculation of link prediction by modified RSM index.
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Score & Link Prediction calculation

Link prediction in verious methods

HUB HUB LEICHT .
COMMON | ¢, ron ivpex [ aaccarp ivbex | aen [ PROMO |pEPRE ‘U Lapawic abar| AT | SO
INDEX INDEX | INDEX AN Index Index
SL. | Predicted INDEX
NO Edges
LINK G- LINK Link
covion| PP oron o D crion| 00 P L | | PR SOt
NEIGHBO coMMON| EDGE [EDGE OF NODE NODE OF ON N OF HUB HUB LEICHT (T()MML)N ADMIC Attachme Preferentia| Resource
RS NEIGHBO 1 5 SALTO NEIGHB NE[G»H JACCA | SORENSE [PROMOTED| DERESSE | HOLME NE[(;;IBOR rAN[])D/]\E]){( it Index Anac]hmcn A]}E::l):on
RS lNl];’EX ORS BORS lN]:)]i'X NINDEX INDEX D INDEX INDEX ¢ Index
1 JM-DK 1 0.50 1 2|07 1 2 | 050 | 0.67 1.00 0.50 0.50 | 10 0.50 2 0.20 0.10
2 JM-MS 1 0.50 1 4 | 050 1 4 0.25 | 0.40 1.00 0.25 0.25 10 0.50 4 0.40 0.10
3 JM-DD 1 0.50 1 2 0.71 1 2 0.50 | 0.67 1.00 0.50 0.50 10 0.50 2 0.20 0.10
4 JM-JS 1 0.50 1 2 0.71 1 2 0.50 | 0.67 1.00 0.50 0.50 10 0.50 2 0.20 0.10
5 JM-PP, 1 0.50 1 2 0.71 1 2 0.50 | 0.67 1.00 0.50 0.50 10 0.50 2 0.20 0.10
6 JM- AM 1 0.50 1 5 0.45 1 5 0.20 | 0.33 1.00 0.20 0.20 10 0.50 5 0.50 0.10
7 JM-SKS 1 0.50 1 4 | 0.50 1 4 0.25 | 0.40 1.00 0.25 0.25 10 0.50 4 0.40 0.10
8 JM-DP 1 0.50 1 4 | 0.50 1 4 0.25 | 0.40 1.00 0.25 0.25 10 0.50 4 0.40 0.10
9 JM-PP, 1 0.50 1 2 0.71 1 2 0.50 | 0.67 1.00 0.50 0.50 10 0.50 2 0.20 0.10
10 DK-PP, 1 0.50 2 2 0.50 1 3 0.33 | 0.50 0.50 0.50 0.25 10 0.50 4 0.40 0.10
11 DK-DP 2 1.00 2 4 | 071 2 4 0.50 | 0.67 1.00 0.50 0.25 10| 5| 121 8 0.80 0.30
12 | DK-SKS 2 1.00 2 4 | 071 2 4 0.50 | 0.67 1.00 0.50 0.25 10| 5| 121 8 0.80 0.30
13 DK-PP, 1 0.50 2 2 0.50 1 3 033 | 0.50 0.50 0.50 0.25 10 0.50 4 0.40 0.10
14 DK-JS 1 0.50 2 2 0.50 1 3 0.33 | 0.50 0.50 0.50 0.25 10 0.50 4 0.40 0.10
15 DK-DD 1 0.50 2 2 0.50 1 3 033 | 0.50 0.50 0.50 0.25 10 0.50 4 0.40 0.10
16 DK-MS 1 0.50 2 4 | 035 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
17 DP-PP, 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
18 | SKS-PP, 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
19 AM-PP, 1 0.50 5 2 0.32 1 6 0.17 | 0.29 0.50 0.20 0.10 10 0.50 10 1.00 0.10
20 PP,-PP, 1 0.50 2 2 0.50 1 3 0.33 | 0.50 0.50 0.50 0.25 10 0.50 4 0.40 0.10
21 JS-PP, 1 0.50 2 2 0.50 1 3 033 | 0.50 0.50 0.50 0.25 10 0.50 4 0.40 0.10
22 MS-PP, 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
23 DP-PP, 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
24 DP-JS 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
25 DP-DD 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
26 | SKS-PP, 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
27 SKS-JS 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
28 SKS-DD 1 0.50 4 2 0.35 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
29 AM-PP, 1 0.50 5 2 0.32 1 6 0.17 | 0.29 0.50 0.20 0.10 10 0.50 10 1.00 0.10
30 AM-JS 1 0.50 5 2 0.32 1 6 0.17 | 0.29 0.50 0.20 0.10 10 0.50 10 1.00 0.10
31 AM-DD 1 0.50 5 2 0.32 1 6 0.17 | 0.29 0.50 0.20 0.10 10 0.50 10 1.00 0.10
32 PP,-DD 1 0.50 2 2 0.50 1 3 033 | 0.50 0.50 0.50 0.25 10 0.50 4 0.40 0.10
33 PP,-MS 1 0.50 2 4 | 035 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
34 JS-DD 1 0.50 2 2 0.50 1 3 0.33 | 0.50 0.50 0.50 0.25 10 0.50 a4 0.40 0.10
35 JS-MS 1 0.50 2 4 | 035 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10
36 DD-MS 1 0.50 2 4 | 035 1 5 0.20 | 0.33 0.50 0.25 0.13 10 0.50 8 0.80 0.10

Figure 13  Calculation of link prediction by common neighbors, Salton Jaccard, Sorensen, Hub Promoted, Hub

Depressed, Newman, Adamic-Adar, Preferential and Resource Allocation.
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Normalize score of Link Prediction

Link prediction in verious methods

MDDII;:)EEI;(RSM N(l:“lo(gzlnggNRS SALTON INDEX JACCARD INDEX HUB PROMOTED INDEX
SL. | Predicted

NO Edges LINK LINK LINK LINK LINK

PREll‘)l::l:mN PEEr:J cl)(;n PREll‘)lltél;mN PR?\JD(I)CFTIO PREll‘)l:él;mN PRI:JACFT'O PREII‘)II':II"I('ION PREll‘)l]r(‘Zl'f'ION PREI;)II':I;ION Pnall;l::l'l('low PRgFm:::;ON E Rg?‘:;:;)"

OF MODIFIED | MODIFIED | OF COMMON | COMMON | OFSALTON | /.o | OFJACCARD | OFJACCARD | SORENSEN SORENSEN PROMOTED |[ERGHOEaD

RSM INDEX RSM NEIGHBORS |NEIGHBOR|  INDEX INDEX (N) INDEX INDEX (N) INDEX INDEX (N) INDEX INDEX(N)
INDEX (N) S(N)

1 JM-DK 0.38 0.76 0.50 0.50 0.71 1.00 0.50 1.00 0.67 1.00 1.00 1.00
2 JM-MS 0.36 0.72 0.50 0.50 0.50 0.70 0.25 0.50 0.40 0.60 1.00 1.00
3 JM-DD 0.41 0.82 0.50 0.50 0.71 1.00 0.50 1.00 0.67 1.00 1.00 1.00
4 JM-JS 0.35 0.70 0.50 0.50 0.71 1.00 0.50 1.00 0.67 1.00 1.00 1.00
5 JM-PP, 0.38 0.76 0.50 0.50 0.71 1.00 0.50 1.00 0.67 1.00 1.00 1.00
6 JM- AM 0.50 1.00 0.50 0.50 0.45 0.63 0.20 0.40 0.33 0.50 1.00 1.00
7 JM-SKS 0.49 0.98 0.50 0.50 0.50 0.70 0.25 0.50 0.40 0.60 1.00 1.00
8 JM-DP 0.38 0.76 0.50 0.50 0.50 0.70 0.25 0.50 0.40 0.60 1.00 1.00
9 JM-PP, 0.35 0.70 0.50 0.50 0.71 1.00 0.50 1.00 0.67 1.00 1.00 1.00
10 | DK-PP, 0.26 0.52 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
11 DK-DP 0.24 0.48 1.00 1.00 0.71 1.00 0.50 1.00 0.67 1.00 1.00 1.00
12 | DK-SKS 0.22 0.44 1.00 1.00 0.71 1.00 0.50 1.00 0.67 1.00 1.00 1.00
13 | DK-PP, 0.38 0.76 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
14 DK-JS 0.32 0.64 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
15 DK-DD 0.32 0.64 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
16 DK-MS 0.39 0.78 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
17 DP-PP, 0.15 0.30 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
18 | SKS-PP, 0.36 0.72 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
19 AM-PP, 0.38 0.76 0.50 0.50 0.32 0.45 0.17 0.33 0.29 0.43 0.50 0.50
20 | PP,-PP, 0.26 0.52 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
21 JS-PP,; 0.36 0.72 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
22 MS-PP, 0.37 0.74 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
23 DP-PP, 0.35 0.70 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
24 DP-JS 0.38 0.76 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
25 DP-DD 0.38 0.76 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
26 | SKS-PP, 0.37 0.74 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
27 SKS-JS 0.39 0.78 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
28 | SKS-DD 0.41 0.82 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
29 AM-PP, 0.34 0.68 0.50 0.50 0.32 0.45 0.17 0.33 0.29 0.43 0.50 0.50
30 AM-JS 0.42 0.84 0.50 0.50 0.32 0.45 0.17 0.33 0.29 0.43 0.50 0.50
31 | AM-DD 0.38 0.76 0.50 0.50 0.32 0.45 0.17 0.33 0.29 0.43 0.50 0.50
32 PP,-DD 0.25 0.50 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
33 PP,-MS 0.36 0.72 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
34 JS-DD 0.48 0.96 0.50 0.50 0.50 0.70 0.33 0.67 0.50 0.75 0.50 0.50
35 JS-MS 0.42 0.84 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50
36 DD-MS 0.44 0.88 0.50 0.50 0.35 0.50 0.20 0.40 0.33 0.50 0.50 0.50

Figure 14 Normalized scores of modified RSM index along with common neighbors, Salton, Jaccard, Sorensen and HUB

methods.
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Figure 15 Comparison graph with common neighbors, Salton, Jaccard, Sorensen and HUB methods.
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Normalize score of Link Prediction
Link prediction in verious methods
MODIFIED RSM DEPI;I]-EI}SBSED LEICHT HOLME AEII;Z[;C Preferential Resource Allocation
INDEX
INDEX NEWMAN INDEX INDEX Attachment Index Index
SL. | Predicted
NO Edges LINK LINK LINK Pl:‘éNDlI(CT LINK LINK | o ooo| SCORE Link Link
PREDIC | PREDICTI | PREDICT PREDICTIO OF Preferenti Prediction
ION OF |PREDICTION OF Preferential Prediction of
TIONOF| ONOF | IONOF | “yyp | opyprcar | NOF | apmic| APMIC | Attachment 2 Resource o
MODIFI [MODIFIED| HUB DERESSE HOLME LEICHT ADAR ADAR Index Attachmen Allocation Resource
EDRSM| RSM [DERESSE( o o [ oo HOLME [ o | INDEX tindex(N)| Allocation
INDEX_ | INDEX (N) | D 1NDEX | = INDEX (N) ) 14X | Index (N)
1 JM-DK | 0.38 0.76 0.50 1.00 0.50 1.00 0.50 | 0.41 0.20 0.20 0.10 0.25
2 JM-MS | 0.36 0.72 0.25 0.50 0.25 0.50 0.50 | 0.41 0.40 0.40 0.33 0.82
3 JM-DD | 0.41 0.82 0.50 1.00 0.50 1.00 0.50 | 0.41 0.20 0.20 0.33 0.82
4 JM-JS 0.35 | 0.70 0.50 | 1.00 0.50 1.00 | 0.50 [ 0.41 0.20 0.20 0.20 0.50
5 JM-PP, | 0.38 0.76 0.50 1.00 0.50 1.00 0.50 | 0.41 0.20 0.20 0.08 0.19
6 JM-AM | 0.50 1.00 0.20 0.40 0.20 0.40 0.50 | 0.41 0.50 0.50 0.20 0.50
7 | JM-SKS | 0.49 | 0.98 0.25 | 0.50 0.25 0.50 | 0.50| 0.41 0.40 0.40 0.08 0.19
8 JM-DP 0.38 0.76 0.25 0.50 0.25 0.50 0.50 | 0.41 0.40 0.40 0.08 0.19
9 JM-PP, 0.35 0.70 0.50 1.00 0.50 1.00 0.50 | 0.41 0.20 0.20 0.08 0.19
10 DK-PP, | 0.26 0.52 0.50 1.00 0.25 0.50 0.50 | 0.41 0.40 0.40 0.33 0.82
11 DK-DP | 0.24 | 0.48 0.50 | 1.00 0.25 0.50 | 1.21| 1.00 0.80 0.80 0.40 1.00
12 | DK-SKS | 0.22 0.44 0.50 1.00 0.25 0.50 1.21| 1.00 0.80 0.80 0.40 1.00
13 DK-PP, | 0.38 0.76 0.50 1.00 0.25 0.50 0.50 | 0.41 0.40 0.40 0.28 0.69
14 DK-JS | 0.32 | 0.64 0.50 | 1.00 0.25 0.50 | 0.50| 0.41 0.40 0.40 0.08 0.19
15 DK-DD | 0.32 0.64 0.50 1.00 0.25 0.50 0.50 | 0.41 0.40 0.40 0.28 0.69
16 DK-MS | 0.39 0.78 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.20 0.50
17 DP-PP, 0.15 0.30 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.20 0.50
18 | SKS-PP, | 0.36 | 0.72 0.25 | 0.50 0.13 0.25 | 0.50| 0.41 0.80 0.80 0.08 0.19
19 | AM-PP, | 0.38 0.76 0.20 0.40 0.10 0.20 0.50 | 0.41 1.00 1.00 0.08 0.19
20 PP,-PP, | 0.26 0.52 0.50 1.00 0.25 0.50 0.50 | 0.41 0.40 0.40 0.28 0.69
21 JS-PP, 0.36 0.72 0.50 1.00 0.25 0.50 0.50 | 0.41 0.40 0.40 0.08 0.19
22 | MS-PP, | 0.37 | 0.74 0.25 | 0.50 0.13 0.25 | 0.50| 0.41 0.80 0.80 0.08 0.19
23 DP-PP, 0.35 0.70 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.20 0.50
24 DP-JS 0.38 0.76 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.33 0.82
25 DP-DD 0.38 0.76 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.20 0.50
26 | SKS-PP, | 0.37 | 0.74 0.25 | 0.50 0.13 0.25 | 0.50| 0.41 0.80 0.80 0.20 0.50
27 SKS-JS | 0.39 0.78 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.28 0.69
28 | SKS-DD | 0.41 0.82 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.08 0.19
29 | AM-PP, | 0.34 | 0.68 0.20 | 0.40 0.10 0.20 | 0.50| 0.41 1.00 1.00 0.08 0.19
30 AM-JS 0.42 0.84 0.20 0.40 0.10 0.20 0.50 | 0.41 1.00 1.00 0.33 0.82
31 AM-DD | 0.38 0.76 0.20 0.40 0.10 0.20 0.50 | 0.41 1.00 1.00 0.28 0.69
32 PP,-DD | 0.25 0.50 0.50 1.00 0.25 0.50 0.50 | 0.41 0.40 0.40 0.08 0.19
33 | PP,-MS | 0.36 | 0.72 0.25 | 0.50 0.13 0.25 | 0.50| 0.41 0.80 0.80 0.08 0.19
34 JS-DD 0.48 0.96 0.50 1.00 0.25 0.50 0.50 | 0.41 0.40 0.40 0.40 1.00
35 JS-MS 0.42 0.84 0.25 0.50 0.13 0.25 0.50 | 0.41 0.80 0.80 0.20 0.50
36 | DD-MS | 0.44 | 0.88 0.25 | 0.50 0.13 0.25 | 0.50| 0.41 0.80 0.80 0.08 0.19

Figure 16 Normalized scores of modified RSM index along with HUB Depressed, Newman, Adamic-Adar, Preferential
and Resource Allocation indexes.
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