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A B S T R A C T

Influence maximization is one of the most important topics in the social network

analysis field. As all the social networks can be considered signed, explicitly

or implicitly, assessing influence maximization in these networks is inevitable.

Due to the NP-hard nature of this problem, the category of node-ranking-based

solutions is of concern, where, the PageRank algorithm is outstanding. Original

PageRank is merely defined based on the trust relationships and it is not

applicable in signed social networks. Upon an agreement on the scheme of trust

propagation, where trust propagates step by step in the social network, the two

main schemes of distrust propagation are: a) distrust propagates step by step

throughout the social network, and b) distrust propagates up to one step of

the neighborhood. Despite the claims made by related researches that scheme

(b) is the dominant behavior compared to (a); available PageRank algorithms

are updated to incorporate scheme (a). In this study, a new PageRank-based

method, which adopts scheme (b) to model the distrust-based influence

propagation in signed social networks, is proposed. Accordingly, the importance

of each node is computed considering that every node propagates the received

influence from its trusted neighbors to other nodes, while it blocks the received

influence from its untrusted neighbors. Assessments run on the three real

datasets reveal the superiority of this proposed method over other existing

PageRank algorithms in maximizing influence in signed social networks. The

outperformance is between 22% to 46% considering all experimental settings in

comparison with the most effective benchmark method.

1 Introduction

Social networks constitute a medium, where informa-
tion, news, innovations, or influence spreads among
its members [1]. As to influence spread, influence max-
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imization, first introduced by Kemp et al. [1], is an
NP-hard optimization problem defined as identifying
a seed set of size k from a social network’s nodes to
trigger information diffusion based on an information
diffusion model to maximize influence spread in the
social network. Node ranking-based methods based
on centrality measures are well-applied methods in
selecting the top-k nodes as the solution to this NP-
hard problem. Among these methods, PageRank is a
well-known and highly applicable algorithm [2–7].

https://dx.doi.org/10.22108/JCS.2023.136555.1119
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Signed social networks model both positive rela-
tionships (friendship/trust) and negative relationships
(hostility/distrust) between nodes. In this context,
Epinions and Slashdot could be mentioned as real-
world signed social networks [8]. The importance of
the signed social network analysis is that even ordinary
social networks can be considered signed implicitly,
as both kinds of positive and negative relationships
exist in all social networks. Accordingly, there exists
important research filed in the social network analy-
sis domain, with a focus on mining implicit negative
relationships from metadata of the social networks,
named sign mining or the negative link prediction field
[9, 10]. Influence spreading and information diffusion
models in these networks are more complex than in
ordinary social networks due to the negative relation-
ships’ dynamics. There exists an agreed-upon scheme
on how the influence spreads through trust relation-
ships, which is a step-by-step propagation through the
social network. To be more specific, every individual
receiving the influence from their trusted neighbors
tries to propagate it to their neighbors who trust or
distrust it; therefore, trust-based influence propagates
in the whole social network.

Unlike trust relationships, there exists no agreed-
upon scheme for the influence spread through dis-
trust relationships. According to the basic studies
[11, 12], there exist two available schemes where diffu-
sion through distrust relationships is of concern. Ac-
cording to the first scheme, a node v may prefer to be
influenced in the opposite manner of node u when v
is influenced by his/her untrusted neighbor u. Being
influenced oppositely is objectified by adopting an
opposite opinion: negative in the opposite of positive,
and vice versa. The distrust propagation, the focus of
this study, is different from the negative opinion prop-
agation issue in social networks. While the negative
opinion can be propagated in basic social networks
as well, the distrust propagation issue is limited to
signed social networks. However, positive and negative
opinions propagation are applied here to model the
opposite action based on the existence of the distrust
relationships next to the trust relationships in the
signed social networks. Adopting the opposite opinion
leads to distrust propagation in more than one step of
the neighborhood. It means that when a node v adopts
the opposite opinion of his/her untrusted neighbor,
the neighbors of v that distrust or trust v, adopt the
opposite or the same opinion of v’s respectively. This
process proceeds for further steps in a similar manner
[11, 12]. This scheme is consistent with the balance
theory, where, the statements ”my enemy’s enemy is
my friend” and ”my enemy’s friend is my enemy” hold
[8]. However, not all the theories about the signed so-
cial networks describe their behavior perfectly; thus,

other theories including weakly balanced theory and
status theory can describe some behavioral aspects of
the signed social networks more accurately [8].

According to the second scheme, node v would not
tend to propagate the influence received from his/her
distrusted neighbor. Accordingly, node v receives the
distrust-based influence from u but does not propa-
gate this influence to his/her neighbors who trust or
distrust v. It means node u propagates distrust up to
one neighborhood step, or in other words, distrust-
based influence is blocked in node v [11, 12]. Based on
this scheme, when a node v distrusts u, it discounts all
the judgments made by u [11]. For instance, when u
declares that he/she has seen a movie and may express
his/her opinion about it, v does not express his/her
opposite opinion about that movie as a reaction to u,
but ignores that judgment without expressing his/her
own opinion. Most online social networks like Twit-
ter, Facebook, and Instagram even provide the ability
to “block” the untrusted individuals explicitly or to
“mute” them as a milder reaction than blocking. At
the same time, many individuals prefer to monitor
their untrusted peers for different reasons but do not
propagate the received influence from them.

According to the related studies in this context
[11, 12], the second scheme is the dominant behavior
adopted by individuals in social networks. To date,
the proposed PageRank algorithms for the signed
network are based on the first scheme[13–15]. In this
study, as a contribution, a new PageRank algorithm is
proposed and discussed based on the second scheme.
The experimental assessments are run on three real
datasets to evaluate the effectiveness of this proposed
PageRank for influence maximization in signed social
networks.

The rest of this article is organized as follows: The
related works are reviewed in Section 2. In Section 3,
the proposed PageRank algorithm in signed social
networks is presented. The details of the experiments
on three real-world datasets are presented in Section 4.
Finally, the study is concluded in Section 5.

2 RelatedWorks

2.1 Influence Maximization

Influence-spreading applications including viral mar-
keting in social networks have introduced important
issues, one of the most important being influence max-
imization (IM) [1]. This NP-hard combinatorial op-
timization problem is to identify a seed set of nodes
with a predefined size of k, where most possible fi-
nal influence in the social network through an infor-
mation diffusion model is generated [1]. Independent
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cascade (IC) [1], and linear threshold (LT) [1] models
are the two primary progressive information diffusion
models in IM. Unlike the symmetric models where
the state of the nodes can change more than once, in
progressive information diffusion models, the state of
the nodes can change only once. In this study, the
progressive information diffusion models are of con-
cern, because they expose the dynamics of real-world
information diffusion more accurately; where the situ-
ation of awareness about a piece of news that could
not change to not-awareness is a case of progressive
information spread [16].

The fitness function of the IM problem, named in-
fluence function, is the final number of the nodes in-
fluenced by the seed set in the social network [1]. The
influence function of the IM problem is increasing
monotone and submodular based on the most informa-
tion diffusion models like IC and LT [1]. A greedy hill
climbing-based approach leads to identifying the best
near-optimal solution for an NP-hard optimization
problem when the fitness function of that problem is
increasing monotone and submodular [1]. Accordingly,
two main greedy hill-climbing-based frameworks exist
in the related literature for solving the IM problem: 1)
the Mont-Carlo simulation-based approach presented
by Kempe et al. [1], and 2) the random reverse reach-
able set-based approach presented by Borgs et al. [17].
Improving the run-time efficiency of these two frame-
works without losing the effectiveness of result is one
of the main research directions in the IM problem
context. The extended versions of the Mont-Carlo
simulation-based approach [1] in this context are the
CELF [18], MixGreedy[19], LDAG [20], CELF++ [21],
SimPath [22], PMIA [23], StaticGreedy [24], UBLF
[25], and ASIM [26], and extended versions of the
random reverse reachable set-based approach [17] are
the TIM and TIM+ [27], IMM [28], Stop-and-Stare
[29], BCT [30], and TipTop [31]. Because the random
reverse reachable set-based approach [17] is more run-
time efficient than the Mont-Carlo simulation-based
approach [1], the extended versions of the first are
more run-time efficient that the second, this makes
the TipTop [31] the most run-time efficient among all
the mentioned methods.

Although the previous two categories of methods
are theoretically supported in presenting the best
near-optimal solution for IM, the essence of run-time
efficiency and the need to apply scalable methods
for IM in large social networks has shifted the re-
searchers’attention to the heuristics-based methods
in solving the IM. Heuristics-based methods are more
run-time efficient in comparison with previously men-
tioned methods, while they lack theoretical support in
assuring effectiveness considering monotone submodu-
lar information diffusion models. Nevertheless, among

these methods some yield results as effective as the pre-
vious categories of methods based on experimental as-
sessments [32, 33]. The degree, closeness, betweenness,
and PageRank centralities are the widely-applied cen-
trality measures[3] in the IM problem. Accordingly, the
k nodes with the highest centrality values constitute
the seed set. Improving the effectiveness of these cen-
trality measures is addressed in some studies including
SingleDiscount and DegreeDiscountIC [19], diffusion
degree [34], Group-PageRank [35], PRDiscount [36],
local index rank (LIR) [37], weighted k-shell degree
neighborhood method[38], influence-aware closeness
centrality, and influence-aware betweenness centrality
measures [39].

Because the greedy-based methods do not assure
the effectiveness of results for none-monotone and
none-submodular information diffusion models, the
heuristics-based methods due to their run-time effi-
ciency become the superior candidates for IM in com-
parison with greedy-based methods. As most signed
information diffusion models lack the two monotone
and submodular properties, applying the heuristics-
based methods is more practical here.

2.2 Information Diffusion Models for Signed
Social Networks

In general, information diffusion models are presented
by considering the existence of only trust, friendship
or, positive relationships in the social networks, while,
distrust, enmity, or negative relationships are the es-
sential complementary relationships that must be con-
sidered in the social networks’ dynamics. As to pre-
viously mentioned models, progressive information
diffusion models in signed social networks are pre-
sented in cascade-based [12, 40–43]or threshold-based
[12, 44, 45] categories.

A comprehensive study on signed information diffu-
sion models is presented in [12], where the two cascade-
based and two threshold-based information diffusion
models are proposed by considering the two schemes
about how information may spread through distrust
relationships. Based on the first scheme, distrust may
spread in more than one step of neighborhood, that
is a node tends to adopt the opposite opinion of its
untrusted neighbor: negative in opposite of positive,
and vice versa. Based on the second scheme, distrust
may spread up to one step of neighborhood, that is a
node may tend to block the influence received from
its distrusted neighbor [12]. According to these pro-
posed schemes, in the cascade-based categories, the
sign-aware cascade including blocking nodes (SC-B)
model based on the second scheme, Sign-aware cas-
cade (SC) model based on the first scheme, and in
the threshold-based category, trust-generated thresh-
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old including blocked nodes (TG-T-B) model based
on second scheme, and the trust-generated thresh-
old including negative nodes (TG-T-N) model based
on the first scheme, are proposed [12]. Comparison
of these two schemes through comparing proposed
models by considering real-word datasets reveals that
second scheme is the one with closer performance to
real-world instinct of influence propagation [12].

Among other studies which address the signed infor-
mation diffusion models, the independent cascade dif-
fusion model in the signed network (named SNIC) [40],
influence propagation under the IC model [41], and
IC-P model [42]], are cascade-based models according
to the first scheme. Notably, these three models are
similar to the SC model presented in [12]. The two
proposed threshold-based models based on the first
scheme, are the linear threshold model extended for
signed networks [44], and the polarity-related Linear
Influence Diffusion (PLID) model [46]. Considering
the second scheme, the PID model [43] is presented as
a cascade-based model, which is similar to the SC-B
model presented in [12].

Unlike the information diffusion models in unsigned
social networks like IC and LT models, the monocity
and submodularity of influence function may not hold
when distrust relationships are considered next to the
trust ones in information diffusion models [12]. Ac-
cordingly, the advantage of greedy-based algorithms
over heuristics-based algorithms in assuring the best
near-optimal solution for influence maximization is
not established anymore for signed information diffu-
sion models. This point indicates the importance of
applying the heuristics-based methods as being very
run-time efficient solutions in this context. Among
these, PageRank [14, 46, 47] being one of the most
popular and effective methods with many applications
for influence maximization in unsigned information
diffusion models [35, 36] and the signed ones [13–15],
is of concern in this study.

2.3 PageRank and its Extensions for Influ-
ence Maximization in Signed Social Net-
works

PageRank algorithm is a popular and effective ran-
dom walker-based method for ranking nodes in com-
plex and social networks. Through this algorithm, the
influence of a node, is measured by considering the
influence of its neighbors in the network based on the
whole network’s link structure [13, 14, 46, 47]. Accord-
ingly, an iterative procedure is applied to calculate a
PageRank matrix for a network through equation 1
[14, 46, 47]:

PRt+1 = d.PRt.F+[(1−d)/N, . . . , (1−d)/N ]T (1)

where,

• N is the number of nodes of the social network.
• PRt+1 is the PageRank vector in iteration t+ 1.
• PRt = [PR1,t, ..., PRN,t]

T , where PRi,t is the
PageRank value of node i in iteration t.

• The matrix F is obtained based on the following
network adjacency matrix:

f1,1 f1,2 ... f1.N

f2,1 f2,2 ... f2,N

... ... ... ...

fN,1 fN,2 ... fN,N


where, if there is a directed edge from node j to
node i, fi,j is 1/doutj , otherwise it takes the value
0; where doutj is the output degree of node j.

• The value of d is named the damping factor, and
0.85 is a common choice for it in the literature.

• First, at iteration 0, PRi,0 for all the nodes are set
to 1/N , next, through some iterations, the final
value of PRt is computed. Symbol t is the final
iteration if the condition max||PRt−PRt−1|| <
θ holds.

In the basic PageRank algorithm, all the relation-
ships between nodes are considered trust, friendship,
or positive relationships. Because distrust, animosity,
or negative relationships exists implicitly in all so-
cial networks, there exist social networks that model
these relationships explicitly. These social networks
are named signed networks. Due to existence of both
positive and negative relationships in signed networks,
the basic PageRank algorithm is not applicable to
compute influence of the nodes. Accordingly, improv-
ing the PageRank method to incorporate negative
relations into the calculations is addressed in some
studies. These studies are reviewed with their limita-
tions here, as follows:

Integrated PageRank is proposed by Chen and Hee
[13] where the PageRank is extended to rank the nodes
in the influence maximization problem in the signed
social networks. In this method, the principal network
graph is divided into two positive and negative sub-
graphs. The positive subgraph contains all the nodes
but only positive edges of the social network, while
the negative subgraph contains all the nodes but only
negative edges; for every node, according to equation
1, the positive PageRank (PR+

i ) and the negative
PageRank (PR−i ) values are calculated separately in
the subgraphs, respectively. The final PageRank value,
named the Integrated PageRank, is calculated by ap-
plying PR+

i − PR
−
i for all nodes i, 1 ≤ i ≤ N , where

N is the number of the nodes of the social network.
According to this idea, the influence of a node is ob-
tained by calculating the positive and negative influ-
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Figure 1. Part of the Negative Subgraph of a Signed Network.

ence values separately, and subtracting the negative
influence value from the positive influence value. Inte-
grated PageRank is an attempt to extend PageRank
based on the first scheme about influence diffusion
through negative edges. However, a notable drawback
exists in the computation of the PR−i . Here the idea
is that, how much is the negative influence of a node,
is measured considering how much is the negative in-
fluence of its negative neighbors based on the whole
negative network’s link structure. The problem with
the corresponding calculations can be illustrated in
Figure 1, where node a, its negative relationship with
node b, and the negative relationship of node b with
node c are evident. According to Figure 1, these calcu-
lations operate against the balance theory where ”the
enemy of my enemy is my friend” [8] and considers the
enemy of the enemy as the enemy, therefore, the as-
sumptions in the balance theory and its corresponding
scheme, the first scheme, does not hold.

Mohammadinejad et al.[15] developed a method
named POPRank for ranking users in signed social
networks. Individuals’ personalities, comprised of
optimism and pessimism based on positive and neg-
ative out degrees of every individual are of concern
in POPRank. Accordingly, a modified version of the
PageRank is presented incorporating the optimism
and pessimism scores of every node in calculations.
To compute the POPRank, the social network graph
is divided into two subgraphs, one with positive,
and one with negative links, where, POPRank+

and POPRank− are computed respectively. The
final POPRank for every node is computed as
POPRank+ − POPRank−. Even though applying
the idea of the personality of the nodes, the exact
problem with the Integrated PageRank [13], discussed
before, prevails.

Signed PageRank Algorithm (SPA) proposed by Yin.

et al, [14] is another extension of the PageRank to rank
nodes to influence maximization. In this algorithm,
the belief of every node is updated in every iteration,
based on the receiving influence from trusted and
untrusted neighbors by considering the positive and
negative signs of the edges. The first scheme about
distrust propagation in the whole social network is
trust propagation, in which when an action of a node
u, which is untrusted for v, occurs, v tends to take
the action in opposition, which is adopted in this
method. Being applied based on the first scheme is
the limitation of this method, while second scheme is
the dominant behavior in influence spreading through
distrust relationships.

All the extended PageRank algorithms for signed so-
cial networks are presented based on the scheme about
the influence propagation through negative edges that
distrust may spread in more than one step of neighbor-
hood. The dominant behavior in distrust spreading
is presented in the second scheme: the tendency of
nodes to block the receiving negative influence from
their distrusted neighbors. Accordingly, distrust may
propagate up to one step of the neighborhood in the
social network [11, 12]. In this context, presenting an
improved version of PageRank considering a second
scheme for influence maximization in signed social
networks is addressed in this study.

3 Proposed Method

The dominant behavior about influence spreading
through negative relationships is that when an un-
trusted node of v performs an action, that node v tends
not to do it, or in other words, to block the received
influence from propagation to other nodes. In this
scheme, the distrust-based influence is spread across
the social network in one step at the most [11, 12]. This
scheme happens in situations such as when u declares
that he/she has seen a movie and v that distrusts u,
ignores the judgment made by u without expressing
his/her own judgment on the subject. Based on this
notion, a new PageRank algorithm is proposed for
signed networks named the Blocked-Based PageRank,
BPageRank, with the following details:

• First, the two positive and negative subgraphs
are extracted from the main subgraph of the
network. The positive subgraph includes all the
nodes with only the positive edges of the social
network, while the negative subgraph includes all
the nodes with only negative edges. These two
subgraphs are named G+ and G−.

• As all the PageRank-based measures are com-
puted in iterations, a set of iterations begins
where three values are computed for every node i
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(a)

(b)

(c)

Figure 2. a) Example of a Graph G to illustrate the node a’s PageRank calculation, b) The graph’s view of G, where the PR+
a is

calculated c) The graph’s view of G, where the PR−
a is calculated.
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in every iteration t: the positive PageRank value
PR+

i,t, the negative PageRank value PR−i,t, and
the overall PageRank value PRi,t. The initial val-
ues of the PRi,0, PR+

i,0, and PR−i,0 are set at 1/N
for all the nodes.

• For each node i inG+, the positive influence value
in iteration t, PR+

i,t, is calculated according to
the main PageRank equation (equation 1), but
by applying only the positive relationships of the
social networks.

Having an example graph G in Figure 2a which
is focused on computing the PageRank value
of node a, its positive subgraph is observed in
Figure 2b. The PR+

i would be calculated for the
graph in Figure 2a following Figure 2b.

• To calculate the negative PageRank, the following
equation is proposed:

PR−i,t+1 = d.PRi,t.F
−+[(1−d)/N, . . . , (1−d)/N ]T

(2)
where, the F− is obtained by applying the nega-
tive network subgraph expressed in the following
matrix: 

f−1,1 f−1,2 ... f−1.N

f−2,1 f−2,2 ... f−2,N

... ... ... ...

f−N,1 f
−
N,2 ... f

−
N,N


where, f−i,j is set to 1/dout,−j if there is a directed
edge in the negative subgraph from node j to
node i, otherwise it is set to 0; where dout,−j is
the negative output degree of node j (the output
degree of node j in the G−).

According to this equation, the negative PageR-
ank value of node a is calculated by considering
only its negative neighbors. The more the overall
PageRank value of a negative neighbor of node
a, the more the negative influence (the negative
PageRank value) of node a in the social network.

An example of a graph’s view, where the PR−a
is calculated, is shown in Figure 2c., where, while
in step one of the neighborhoods, only the nega-
tive relationships are considered, in other steps
of neighborhoods, all the negative and positive
relationships are considered in calculating of this
value. This is because in calculating the overall
PageRank value of nodes, all the negative and
positive income edges are applied, and in PR−a
calculation for a node, this overall PageRank
value of one-step income negative neighbors of
that node is considered.

• After calculating both positive and negative
PageRank values in iteration t+1, the PageRank
value of that iteration for every node i, PRi,t+1,
is calculated as PR+

i,t+1 − PR
−
i,t+1. This value

is applied in the PR−i calculations in the next
iterations. Moreover, at the end of iterations,
this value is adopted as the final PageRank value
of the nodes.

• Symbol t is the final iteration if the condition
max||PRi,t − PRi,t−1|| < θ, for all the nodes i
holds.

3.1 Time Complexity

In every iteration, the time complexity of computing
the PRi,t for all the n nodes of the social network,
having PR+

i,t and, PR−i,t, is O(n). In every iteration,

computing PR+
i,t value of all the nodes is Σvi∈Nd

in,+
i ,

and the time complexity of computing PR−i,t value of

all the nodes is Σvi∈Nd
in,−
i , where N is the set of the

nodes of the social network, and din,+i and din,−i are the
positive income degree, and negative income degree of
the node i. Accordingly, the overall time complexity
for computing both PR−i,t and PR+

i,t values of all the

nodes is Σvi∈Nd
in,+
i + Σvi∈Nd

in,−
i = Σvi∈Nd

in
i = m.

Considering the overall number of iterations as t, the
overall time complexity of this proposed PageRank is
O((m + n)t). This time complexity is as scalable as
the time complexity of the original PageRank; thus, it
is proper to be applied in social networks of different
sizes.

4 Evaluation

Experiments are run to address the following main
question:

– Can the Blocked-Based PageRank algorithm pre-
sented based on the second scheme of influence
propagation through negative relationships, bet-
ter determine the importance of nodes in com-
parison with the benchmark PageRank-based al-
gorithms presented based on the first scheme of
the influence propagation through negative rela-
tionships?

All the implementations are run in Python, and by
applying the NetworkX library. Experiments are run
on a 2.5 GHz Intel core i7 processor with 16 GB
memory.

Other issues of concern about the experiments are
presented as follows:

The datasets:

The three real world datasets applied in this study
are:

– Wikipedia Requests for Adminship dataset [48]:
In this dataset, the information of 10,835 nodes
and 159,388 voter/votee relationships are main-
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Figure 3. Final Influence Spread on the Wikipedia Requests for Adminship Dataset on the SC-B Model.

Figure 4. Final Influence Spread on the Wikipedia Requests for Adminship Dataset on the TG-T-B Model.

tained, where, the votes are within the -1 to +1
range.

– Epinions dataset [49]: In this dataset, the infor-
mation of 132000 nodes and 841372 trust/distrust
edges are maintained.

– Slashdot dataset [8]: In this dataset, the informa-
tion of 82140 nodes and 549202 friend/foe edges
are maintained.

The benchmark methods:

Three algorithms, the Integrated PageRank [13]
POPRank [15], and Signed PageRank Algorithm
(SPA) [14], which are PageRank-Based algorithms are

presented based on the first scheme of the negative
propagation through the distrust relationships. As
discussed, both the Integrated PageRank [13], and
POPRank [15] methods implement the first scheme
improperly. Among them, the Integrated PageRank
[13] is selected as one of the benchmark methods.
Moreover, the Signed PageRank Algorithm (SPA)
[14] is selected as another benchmark method to eval-
uate the performance of the Blocked-Based PageRank
algorithm (BPageRank).

The comparison measure:

To compare the subject methods, the number of
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Figure 5. Final Influence Spread on the Epinions Dataset on the SC-B Model.

Figure 6. Final Influence Spread on the Epinions Dataset on the TG-T-B Model.

the final active nodes obtained through simulating
the influence spread based on an information diffusion
model, activated by the selected seed nodes, is of
concern. Accordingly, one cascade-based information
diffusion model, SC-B [12], and one threshold-based
information diffusion model, TG-T-B [12] are adopted
here.

Results and Discussion:

The evaluations are made through the following
steps:

(1) The top k nodes are identified through each

mentioned method on every dataset separately.
(2) The selected top seed nodes are applied to trigger

the information diffusion subject to SC-B and
TG-T- B information diffusion models.

(3) The final activated nodes are counted and are
applied in comparing the methods.

The results of final influence are presented in Fig-
ures 3 and 4 for Wikipedia Requests for the Adminship
dataset, in Figures 5 and 6 for Epinions dataset, and
in Figures 7 and 8 for Slashdot dataset by considering
SC-B and TG-T-B models respectively.

As observed in these figures, this proposed method,
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Figure 7. Final Influence Spread on the Slashdot Dataset on the SC-B Model.

Figure 8. Final Influence Spread on the Slashdot Dataset on the TG-T-B Model.

the BPageRank, outperforms SPA and Integrated
PageRank methods in all datasets and for both
cascade-based and threshold-based information dif-
fusion models. This outperformance is between 22%
to 46% for different seed size, for different datasets
subject to different information diffusion models in
comparison with SPA, and between 54% to 187%
for different seed sizes, for different datasets, and
subject to different information diffusion models in
comparison with Integrated PageRank. In this regard,
at seed size=30, BPageRank outperforms SPA at
42% and 35% subject to SC-B and TG-T-B models
respectively, and outperforms Integrated PageRank

at 65% and 69% subject to SC-B and TG-T-B models
respectively, for Wikipedia dataset. At seed size=30,
BPageRank outperforms SPA at 37% and 44% sub-
ject to SC-B and TG-T-B models respectively, and
outperforms Integrated PageRank at 142% and 141%
subject to SC-B and TG-T-B models respectively,
for Epinions dataset. At seed size=30, BPageRank
outperforms SPA at 36% and 32% subject to SC-B
and TG-T-B models respectively, and outperforms
Integrated PageRank at 179% and 174% subject to
SC-B and TG-T-B models respectively, for Slashdot
dataset. The difference in percentage increase is due
to the different characteristics of the networks, and



Research Article, 2023, Volume 10, Number 1 (pp. 61–74) 71

the different dynamics of the information diffusion
models. These findings are consistent with the basic
studies [11, 12] about the dominant behavior of indi-
viduals confronting the receiving influence from their
distrusted neighbors. Blocking the negative influence
in the way which is considered in BPageRank, yields
more accurate results in comparison with SPA which
considers propagating negative influence in more than
one step when identifying influential nodes. Intener-
ated PageRank yields less effective results because
the negative influence propagation in more than one
step of neighborhoods is not applied properly.

5 Conclusions

Considering the importance of influence maximiza-
tion in signed social networks, this study presents
an approach for ranking nodes based on the PageR-
ank algorithm to propagate influence as broadly as
possible in these networks, by triggering the top-k
nodes. Diffusion through negative relationships could
be interpreted in two ways: 1) the first scheme, which
is based on the fact that nodes accept the opposite
opinion with an untrusted neighbor and trigger the
spreading of this piece of influence all across the net-
work, and 2) the second scheme, which is based on the
fact that nodes tend to block the influence received
from an untrusted neighbor and stop propagating it in
the social network. To the best of the authors’ knowl-
edge, the three existing PageRank methods which
have been proposed for IM in signed social network,
are based on the first scheme, while the second scheme
describes the dominant behavior about influence prop-
agation through distrust relationships in signed so-
cial networks. Accordingly, a new PageRank method,
named the BPageRank, is proposed based on the sec-
ond scheme. The evaluations on three existing real
data sets reveal the outperforms of this method over
the existing benchmark methods.

Assessing the other existing theories about signed
social networks, including weakly balanced theory
and status theory, to improve the effectiveness of
this proposed method is a future study of concern.
Applying the influence awareness in PageRank-based
methods to IM in signed social networks is another
important research theme. Assessing the applications
of this proposed algorithm in other areas of signed
social networks could be another research issue.
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