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Abstract

Opinion maximization has attracted much attention in viral marketing. It selects an initial seed user set to disseminate user
opinions on the target product and finally produces more positive opinions in social networks. In earlier studies, a critical
but not studied problem is the fairness of information dissemination in groups with sensitive characteristic (such as age
or race). People prefer to promote products for target users (majority groups) rather than in sensitive characteristic groups
(minority groups). That leads to the differences in information dissemination between minority groups. In addition, social
networks have the in-depth structural information. Therefore, in this paper, we design opinion maximization based on fair-
ness framework (OMBF) using graph attention networks (GAT) to exploit more network information, and only consider the
fairness in minority groups. OMBF composes of three parts: (1) the determination of candidate nodes according to node
representations, (2) the dynamic changes in opinions, (3) the selection of final seed nodes. Firstly, we utilize GAT to obtain
node representations and to determinate candidate nodes and design a node opinion formation model to model the dynamic
changes in opinions. Then, we use the fair constraint value to ensure the fairness in the information dissemination process
of minority groups. Based on above, final seed nodes are selected. We conduct experiments on synthetic and real-world
datasets to show the effectiveness of our approach. The results indicate that the total opinions of active nodes in all nodes
and fair values in minority groups are better than the chosen state-of-the-art benchmarks.

Keywords Social networks - Opinion maximization - Fairness - Node representations - Sensitive characteristic

1 Introduction

With the development of social system, more and more large
social networks have become the most common social tools
for crucial message propagation. Besides, social networks
provide more and more new platforms for companies to
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promote their products in various scenarios. In recent years,
influence maximization (IM) problem has obtained a great
many of research interest in social network analysis, which
is a key approach for viral marketing in modern business [1,
2]. The key of IM is mainly to find a set of initial influential
nodes, also called seed users, using their influence to con-
vince their social neighbors to adopt a target object, and
aims at generating the maximum number of influenced users
in social network [3-5].

In classical IM problem, for the target products, seed
users and influenced users usually have positive opinions
that are good comments. However, in real life, when seed
users promote target products to their social neighbors, dif-
ferent neighbors would have different opinions. Opinion
maximization (OM) is a practical extension of IM problem.
It considers the difference of opinions for the target prod-
ucts, which are positive, negative and neutral. Therefore,
OM aims to increase positive opinions in influenced users
on target products and reduce the negative opinions, instead
of maximizing the number of affected users. Accordingly,
the characteristics and objective function of OM problem
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have been changed relative to IM problem. In real life, OM
could help more companies promote new products better.
For example, a company pushes its new products to the mar-
ket. It usually selects some potential customers to maximize
the positive comments towards the products. By this way, the
products can establish their good reputations, and more users
can be attracted and gain the largest profit. Moreover, similar
to IM, OM could be applied in many real world applica-
tions such as political votes [6], marketing management [7],
advertisement dissemination in emerging networks such as
VANET:S [8, 9] and rumor blocking [10] in social networks.

Existing abundant studies on OM problem mainly focus
on two aspects, seed nodes recognition and opinion propa-
gation models. As for the recognition of seed nodes, the
methods mainly include greedy algorithms [11-14], heu-
ristic algorithms [15-19], as well as other variants [20-22].
The opinion propagation models, similar to IM, include
independent cascade (IC) model [23], linear threshold (LT)
model [24] and other new diffusion models improving fea-
sibility of IC and LT [25]. However, the aforementioned
studies face the following drawbacks: (1) they neglect the
fairness of information dissemination in minority groups
relative to other groups; (2) the consistency of fairness con-
straint condition for different groups would affect the goal
of OM problem. In addition, as far as we know, there are no
studies on OM problem taking fairness into consideration;
and (3) only a few studies consider the structural information
about social networks and user’s attribute features. Also,
people pay more attention to the active user’s dynamic opin-
ion. User’s attribute features are crucial to most companies
to promote new products. It largely determines the user’s
behaviors towards products. Thus, considering the users'
attribute features is essential. Furthermore, for the inactive
users, although they do not adopt the target product, they
also would have some opinions on it. Thus, their opinions
also affect the total opinions about the target products.

To address the aforementioned drawbacks, we propose
opinion maximization based on fairness framework (OMBF)
to enhance the fairness of information dissemination in
minority. OMBF not only ensures the fairness of minority
groups, that is, knowing the news of new products, but also
maximizes the goal of OM problem. First, in this article, we
utilize the GAT to mine deep network structural information
and improve the accuracy of the determination candidate
nodes. GAT learns the correlation in each pair nodes which
could get node representations by attention mechanism,
and the layer number of GAT and the number of multi-head
determine how much network structural information that can
be dug. Furthermore, we calculate the candidate nodes uti-
lizing the obtained node representations. Second, we design
a node opinion formation model considering the update of
inactive nodes opinions. Finally, we set the fair constraint

value in minority groups and on the premise of fairness to
select the final seed nodes in all candidate nodes.
This paper summarizes the core contributions as follows.

(1) We formally define the OM problem, which is an opti-
mization problem that considers fairness in minority
groups. It is a NP-hard problem. What’s more, it has
no monotonicity and submodularity properties within
a fairness constraint value. As we know, we are the
first research using GAT to exploit network structural
information to obtain candidate nodes in OM problem.
Furthermore, we consider the fair constraint and inac-
tive nodes opinions in social networks simultaneously.

(2) We design OMBEF to solve OM problem, and it consists
of three parts: (1) the determination of candidate nodes
according to the node representations obtained by GAT,
(2) the dynamic change in opinions including inactive
nodes and (3) the selection of seed nodes considering a
fair constraint value in minority. We leverage the simi-
larity method to determine the candidate nodes accord-
ing to node representations. Additionally, we set the fair
constraint value to keep fairness in minority groups and
select the final seed nodes.

(3) We prove our framework is effective via experiments
in synthetic and real datasets. The experimental results
show that our proposed approach has more total opin-
ions and fair constraint values than other methods from
the candidate set.

The rest of the sections are organized as below. Section 2
describes the related work about our study content. OM
problem is formally defined in Sect. 3. Section 4 introduces
the opinion maximization based on the fairness framework.
Section 5 demonstrates experiment settings, and discusses
relative results in detail. Finally, this paper in Sect. 6 con-
cludes research.

2 Related Work

Related works are introduced in this section about three
fields, including influence maximization problem, opinion
maximization problem and graph representation learning.

2.1 Influence Maximization Problem

Influence maximization (IM) problem was studied at the
earliest in [11], and Kempe et al. presented it as a discrete
optimization problem. In addition, IM problem had been
proven to be an NP-hard, and the objective function was
monotonic and submodular. Furthermore, the authors
designed an approximate optimal solution that was called
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Greedy algorithm in two types of information propagation
models, including IC and linear threshold (LT) in social
networks. Since Greedy algorithm selects seed set from all
inactive nodes in network in each iteration process, it has a
high computation complexity issue and does not apply to
large networks. Therefore, in order to decrease the run time
on Greedy algorithms, some heuristic algorithms and their
variants were proposed.

Leskovec et al. [3] considered submodularity property,
and integrated cost-effective lazy forward optimization into
framework that could decrease simulations number of Monte
Carlo (MC), furthermore, reduce the time of node’s spread
in social networks. Simulation results demonstrated that
improved algorithm CELF for IM problem was an efficient
scalable solution, and it could decrease the complexity of
Greedy algorithm. CELF++ [12], by reducing unnecessary
MC simulation, reduced the amount of impact computation
at the start part of CELF which divided the network and
calculated the impact of different partitions. Chen et al. [4]
designed a based on degree discount algorithm which could
improve the impact propagation. Liu et al. [24] proposed
GPR using page rank as the measure of influence spread
to select seed nodes from candidate seed set. Despite their
methods take the properties and information spread mod-
els, ignores the mutual impact of selected nodes. Borgs
et al. [26] achieved a theoretical breakthrough and proposed
a new algorithm in IC model, that is reverse influence sam-
pling (RIS). The concept of using RIS, it considers a node
often appears as an “influencer”, and it could be a good
candidate nodes for the final seed nodes.

In recent years, for solving IM problem, there are some
using deep-learning and neural network approaches, which
produce good results [27-29]. Such as, Keikha et al. [27]
presented DeepIM algorithm using CARE [30] and skip-
gram model [31] to obtain characteristic vectors about nodes
and further to select seed nodes in embedding space. Zhang
et al. [32] learned the node representations using the pro-
posed fake labeling mechanism GCN method and further to
determine seed nodes. He et al. [33] designed the two-stage
iterative framework in IM problem which could eliminate
nodes with less impact and reduce computational complex-
ity. Besides, some works considered and investigated fair-
ness. As described next. Fish et al. [34] studied individual
fairness to minimize the access gap of spread information,
however did not consider the group fairness constrain. Rah-
mattalabi et al. [35], studied influence maximization with
group fairness for robust graph covering problems. Ali
et al. [36] took consider time-critical into fairness in IM
and addressed the IM problem through the proxy objective
functions. Khajehnejad et al. [37] used adversarial graph
embedding method to keep fairness in sensitive character-
istic groups and achieved group fairness well. Khajehnejad
et al. [38] proposed CrossWalk approach to enhance fairness
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in various graph algorithms, including the influence maxi-
mization problem.

From the research mentioned, we can see that in IM prob-
lem, the most active users default to consider positive opin-
ions about the target products, and it aims to increase the
amount of influenced users. In fact, different users have dif-
ferent opinions about the target products including positive,
neutral, negative opinions. Thus, the OM problem arises to
improve the IM problem. Existing fairness studies in IM,
the fairness usually faces all groups, and the constraints of
fairness are same to different groups, which would limit the
goal of IM problem to some extent. Also, it is inconsistent
with the fact that people pay more attention to the fairness
in minorities.

2.2 Opinion Maximization Problem

In summary, OM problem aims to maximize total positive
opinions towards the target products which promoted by
companies in social networks. OM is a significant research
subject and it has attracted widespread attention in social
analysis. Besides, it integrates user’s opinions into the tradi-
tional IM problem. A considerable amount of OM research
is in social network. For example, Chen et al. [16] proposed
a new information propagation model that extended the inde-
pendent cascade model by considering negative opinions.
This information propagation model devised a parameter to
model negative behavior towards a product. For each user,
the parameter was same, and it was impractical in most sit-
uations. People have different opinions towards the target
product according to personal preference. In order to solve
this issue, Zhang et al. [25] designed opinion-based cas-
cading (OC) model according to the independent cascade
model and further formulated OM problem on OC model
which considered individual opinion value and captured the
dynamic change in opinions simultaneously. In proposed OC
model, the objective function had no submodular property,
thus authors designed an available method to obtain more
positive opinions.

Furthermore, Gronis et al. [18] designed the campaign
problem to select seed user set which had positive opinions
about target products and maximized positive opinions in
social network. People designed an efficiency approach to
solve the OM problem. Abebe et al. [19] researched overall
opinions in budget and no budget constraints. For the first,
it proved that NP-hard, no submodular and no supermodular
properties. It utilized the proposed approach, which could
obtain the more marginal gain to solve the problem. For
the second, it showed that in a polynomial-time approach,
OM could obtain the results. The active opinion maximiza-
tion (ATOM) was studied by Liu et al. [14], and the goal
of it was to select some nodes and to produce the opinions
in multi-round spread. It based on user preference data to
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know user opinions which was different from previous works
that consumed the user opinions were known. The authors
designed CONE framework considering opinion estimation
and influence propagation to settle the ATOM problem. In
a recent work, He et al. [39] designed the multi-stage heu-
ristic algorithm (MHA) to obtain seed users. Further, He
et al. [40] formalized the competitive opinion maximiza-
tion (COM) problem in signed social networks. In order
to address competitive problem, the authors designed the
reinforcement-learning algorithm to select the seed nodes.
He et al. [41] proposed QDOM to consider dynamic OM
problem. QDOM includes two parts, first is opinion model
which could obtain the dynamic changes in opinions using
stateless Q-learning theory, and second is Q-learning based
seeding algorithm to select seed nodes.

In summary, there are a few works that study the fairness
of information dissemination in minority groups, most works
consider the same fairness constraints in all groups, which is
inconsistent with the reality that minority groups are more
concerned. Further, the existing OM-based approaches
do not consider the fairness in social networks. Besides,
most OM algorithms based on heuristic approaches. The
utilization of network structure information determined
the accuracy and stability of the heuristic algorithm. The
less network structure information, the accuracy of heuris-
tic algorithm cannot be guaranteed. Inspired by the above
limitations, we utilize GAT to obtain the network structural
information, it can greatly improve the efficiency of select-
ing final seed nodes. And only consider fairness of informa-
tion dissemination in minority groups that ensures the goal
of OM to a certain extent.

2.3 Graph Representation Learning

Network graph structure is a nonlinear data structure and
massively presents in real life. There are existing research
areas, such as transportation network, subway network,
social network, state execution (automaton) in computer,
etc., which can be abstracted into graph structure. Obtain-
ing graph nodes low-dimensional representation in social
networks is the first part of our proposed framework.

Graph representation learning aims to convert nodes to
lower dimensional space which could reconstruct network
topology information, could preserve node’s topological
information, and could be applied to common applications
in social networks. There are most approaches, which could
be classified three classes, including based on random-
walks [42, 43], deep learning architectures [44, 45], and
graph neural networks [46]. In this article, the method most
related to our work is GAT [47], which is an approach of
graph neural networks for deriving node representations and
could obtain more network structural information.

GAT applies the attention mechanism to graph repre-
sentation learning in message spread process and using a
self attention strategy to compute each node representation,
which could obtain better node embeddings. Therefore, we
utilize GAT to the social relationship to get better node rep-
resentation in social graph network.

GAT based on graph convolutional network (GCN) [47]
and incorporated self-attention mechanism that leverages
attention coefficients in self attention layers for each node.
For the nodes self-attention mechanism is a shared mecha-
nism. atten: RF x R¥ — R and F’ donates characteris-
tic dimension in each node, and the attention coefficients
between each pair of nodes are computed as:

e; = atten(Wh;, Whj) 1)
where h;, hj e RF represents nodes features and
W e RF x RF is a weight matrix. atten usually is a dot
product and a non-linearity function. In order to easily cal-
culate coefficients and compare across different nodes, usu-
ally the softmax function is used to normalize the attention
coefficients:

exp(e;;)

a;; = softmax;(e;) = ——
! Y ZkeN, exp(ey)

(@)

where N; denotes the neighbors of node i in Graph. ¢;
donates the impact intensity of node j on node i. By incor-
porating neighborhood information and a;;, applying a non-
linearity function o, the output feature h: can be formed as:

W=o| ) a;Wh 3)
jEN;

Multi-head attention can make the learning process of
self-attention more stable, thus, it is necessary to use multi-
head attention to replace the attention mechanism. K inde-
pendent attention mechanisms perform the variation of the
Eq. 3, and then concatenating the features, the final output
feature represents as follows:

W= 0| Y diwhn, @)
jEN;

where a;j are the normalized attention coefficients of kth
attention mechanism. In this paper, we utilize GAT to gener-
ate node representations, and through the training of GAT
based on supervised learning, which could obtain better
node representations. Better node representation can be used
to compute similarity of nodes in embedding space, which
could obtain better candidate nodes.
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3 Model Definition
3.1 Problem Model

This paper formally defines the opinion maximization
based on fairness in minority group: A directed connected
graph G = (V,E, W) represents the social network, and
V ={v,vs,...,vy} (N is the number of nodes) denotes
nodes set in social networks, and E = {e;,e,, ..., ey} (M
is the number of edges) is the edges set. In graph G, users
are represented by nodes and users' social associations are
represented by edges between nodes. W = {w;;,i,j € [1,N]}
denotes the strength of association and reveals the signifi-
cance fromv; to v;.

In most cases, IM problem selects k seed nodes to dis-
seminate information and finally to obtain more influenced
users in social networks. Different from it, the OM aims to
maximize the positive opinion of influenced nodes in the
process of information dissemination. Furthermore, only
several works of IM consider the fairness, which mostly is
the same constraints for different groups that is impractical
in real life, where people care more about the requirements
in minority groups. As we know, the OM problem had not
research the fairness in information dissemination in social
networks. Therefore, we are the first to study the OM prob-
lem based on fairness (OMBF) and in order to describe the
OMBF more specific, in the following notations are given.

Definition 1 (Seed node) According to the initial budget
condition, select k nodes as the initial seed nodes with a
certain influence could propagate opinion about the tar-
get product to their neighbors via the social relationships in
graph G. Seed nodes are the optimal set that can maximize
the interests of businesses, thus, selecting seed nodes is an
important issue in social networks.

Definition 2 (Fair constraint value) The fair constraint value
is a fair guarantee in minority groups. In this paper, we
define it as the change in opinion after information propa-
gation relative to the initial opinions in minority groups,
which means the goal of fair is to let users know the infor-
mation about the promoted target product and can form cer-
tain opinions. It can prevent the spread of false information
to a certain extent because it takes into account the fairness
of information dissemination in minority groups. Also, we
use the change of opinion to measure the degree of knowing
about product information in minority groups.

Definition 3 (Node opinions) All nodes have initial opinions
that vary between (—1, 1), where ranging (0, 1) is a positive
opinion and 0 denotes the neutral opinion, others are nega-
tive opinion. The node i opinion is shown as o;. Each active
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nodes has the change to influence neighbors around it from
inactive to active status. When inactive neighbors are influ-
enced by active nodes, the neighbor’s opinion always change
even though neighbors are inactive. That is to say, the active
nodes propagate opinions to inactive nodes which opinions
would change in two ways depending on the status of the
nodes (active or inactive). We respectively leverage V1+ and
V* to stand for the set of all nodes that belong to minority
groups and active nodes in graph G with positive opinions
towards target products, Vl0 and VS to denote the set of all
nodes in minority groups and active nodes in graph G with
neutral opinions, and the Vi and V. to denote the set of all
nodes that belong to minority groups and active nodes in
graph G with negative opinions.

Definition 4 (Fairness metric) Fairness ensures that minor-
ity groups (V) receive sufficient opinion enhancement dur-
ing information propagation. We define fairness as:

v, (0= 5)
ZV,EVI |St|

Here, the numerator represents the total positive opinion
change (difference between post-propagation opinion o,
and initial opinion s,), while the denominator is the sum
of absolute initial opinions. The constraint Fairness > f
guarantees that the proportional positive enhancement in
minority groups’ opinions meets a threshold f. This metric
avoids extreme opinion flips (e.g., +1to —1) and focuses on
meaningful improvements in minority opinions.

Fairness =

&)

Definition 5 (Opinion maximization) Given graph G, we use
the initial fair constraint value to select k seed nodes that
ensure the fairness of information dissemination in minority
groups. Using the node opinion formation model, seed nodes
set S propagates their opinions about the target product to
their inactive neighbors and aims to produce more opinions
of active nodes. Accordingly, our formal definition of OM
problem is as follows:

— maximize:
F(S) = Z 0; + Z 0; )
v,EVE v,EV,

- subject to:

Zv,evl (0, =5
—_— 2>
ZV,EVI |5

where F(S) is the objective function and it aims to maxi-
mize positive opinions in all active nodes which implies
have a good reputation for the target product. The numera-
tor thevl (0, — s,) represents the total change in opinion
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values of minority group nodes before and after informa- > N OuWin
tion propagation, while the denominator )’ s,isthetotal o0,=s,+ —+ 8)

V€V,
initial opinion values of minority group nod]es (including
both positive and negative). In this fairness constraint, we
encourage positive shifts in the opinions of minority group
nodes. We refer to the ratio of this total change to the total
initial opinions as the fairness value of the social network.
And the f is the fair constraint value to maintain the fairness
of information dissemination in minority groups.

3.2 Opinion Formation Model
3.2.1 Active Nodes

The opinion linear threshold (OLT) model extends tradi-
tional LT and IC models by integrating opinion dynam-
ics [23, 24]. Nodes within the network are categorized
into two states: active or inactive. A node becomes active
under two primary mechanisms. First, through seed selec-
tion, where nodes initially chosen as part of the seed set
S trigger the propagation process. Second, via neighbor
activation: an inactive node v transitions to active at time
t if the aggregated influence from its active in-neighbors
surpasses its activation threshold 6,. Formally, this occurs
when ) 4, Wa 2 0,, where A, denotes the set of nodes
active at time ¢ — 1, and w,, represents the edge weight from
u to v. Once activated, a node remains permanently active
and propagates opinions to its neighbors in subsequent time
steps.

Inactive nodes retain their state until activated but may
adjust their expressed opinions through interactions with
active neighbors, as detailed in Sect. 3.2.2. The state tran-
sition dynamics emphasize irreversibility: activation is a
one-way process, and nodes cannot revert to an inactive
state. Both seed nodes (initially active) and nodes activated
through neighbor influence collectively drive the propaga-
tion process, ensuring continuous expansion of the active
set over time.

3.2.2 Opinion Change

We model the opinion dynamics of nodes during informa-
tion dissemination, accounting for both active and inactive
influenced nodes. Each node v maintains a fixed intrinsic
opinion s,, which remains unchanged throughout the pro-
cess. However, its expressed opinion o, adapts based on its
activation state after exposure to active neighbors. When an
inactive node v becomes activated, its opinion updates as a
weighted average of its intrinsic opinion and the influence
from active in-neighbors:

in
[Ny

where N é” is the set of in-neighbors of v, 0, is the opinion of
active neighbor u, and w,, quantifies the influence strength
1 .
from u to v. The term Ty Ensures normalization over all
influencers. If v remains inactive despite influence attempts,
its opinion adjusts proportionally to the impact of the most
recent active neighbor b, scaled by the total absolute influ-
ence potential of all in-neighbors:

OpWhy
ZueNf," Iou |Wuv ®

Here, o0, is the opinion of the active node b, and the denomi-
nator normalizes the influence by the cumulative weighted
opinions of all in-neighbors, ensuring the adjustment reflects
relative influence strengths.

This dual-state mechanism ensures that active nodes
propagate opinions, while inactive nodes still update opin-
ions, thereby preserving fairness by representing minority
groups even if they resist activation. To model such resist-
ance, minority group nodes are assigned higher activation
thresholds (8, € (0.5, 1)), which delay their activation but
still allow opinion shifts through Eq. (8). Compared to tra-
ditional propagation models, this approach better aligns with
real-world scenarios where users dynamically adjust their
attitudes based on social influence. It enables promoters to
track real-time reputation shifts and strategize interventions
effectively.

0,=s,+

4 Opinion Maximization Based on Fairness
Framework

Figure 1 illustrates the process of selecting final seed nodes
in proposed OMBF framework. Firstly, according to network
structure information and node attributes, we use GAT to
obtain all node representations and utilize similarity method
to determine candidate nodes in embedding space. Next, use
the fair constraint value to obtain the final seed nodes and
begin information propagation. Algorithm 4 summarizes the
whole process of OMBF. Specifically, to describe the detail
of OMBF, we first present how to determine the candidate
nodes, and then we design the node opinion formation model
to capture dynamic changes in opinions. According to the
candidate nodes and the fair constraint value, we select the
final seed nodes to propagate information.

Firstly, we present the classical greedy algorithm in OM
problem in Algorithm 1. The algorithm utilizes the follow-
ing marginal gain to determine in all remaining nodes which
node v could be added to set S. When the size of the set S
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Fig. 1 Opinion maximization based on fairness framework

reaches k or no more nodes could be activated, the algorithm
would terminate and return the final seed nodes.

) =TEU{vh)-T(©®) (10)

where T'(-) denotes the sum of opinions of all active nodes
when seed nodes are given. From above, we notice the
greedy algorithm calculates the optimal gain in all remain-
ing nodes, which could result the efficiency that consumes
a long time to select nodes. To solve the above problem and
obtain superior opinion value, we design the OMBF frame-
work to solve the OM problem in our work. Next, we will
continue describe the process of OMBF.

Algorithm 1 Greedy algorithm

Input: Graph G = (V, E, W), and seed budget size k
Output: Seed node set S

1: Initialize set S = @;

2: for i =1+to k do

3 forveV —Sdo

4 Calculate the optimal gain v by Equation 10;
5: end for

6 S+ Su{v}h

7: end for

8: return S

4.1 Determination of Candidate Nodes

Considering existing graph network data contains rich infor-
mation and the properties of network nodes could reflect
the user behavior in some degree. Extracting more network
structural information could solve OM task better. Therefore,
we first leverage the GAT model to exploit the more network
structural information and obtain node representations. The
GAT model uses attention coefficients to assign weights sum
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Candidate seed nodes

Final seed nodes

Other group

OM Layer

and aggregates neighbors' information for each node, so we
can extract more information from the network by setting
more GAT layers and multi-head. Second, we calculate the
similarity between nodes in embedding space according to
node representations obtained by the GAT model, which is
similar to the method in the work [27]. However, the work
employed deep learning techniques to extract node repre-
sentations in a network, which is different from us. We uti-
lize the cosine similarity to compute relatedness to identity
relevant nodes of each node. According to node representa-
tions, the similarity between node u# and node v could be
computed as follows:

f@ o) _ XL @fw),
I ™ [ o J5L o
(1D

where f(1) and f(v) are node u, v representations. We calcu-
late relatedness between each node and others. After that,
we select r nodes which have high relatedness for each node
in the graph network, and then, from N X r nodes with high
relatedness, we rank L nodes with the most occurrences as
candidate nodes.

In summary, in this paper, we employ Algorithm 2 to
identify candidate nodes by leveraging the expressive power
of graph attention networks (GATs). The algorithm operates
in three key phases, each contributing to the robust selection
of influential nodes. First, the GAT model generates node
representations by aggregating neighborhood information
through multi-head attention mechanisms. This phase cap-
tures both local and global structural patterns, with each
attention head computing weighted coefficients as follows:

conse(u,v) =

exp (LeakyReLU (al [W,f()[|W,f(w)]))

a =
" X eni) exp (LeakyReLU (af [W f()[[W,f(w)]))
(12)
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where k indexes the attention heads. The final representation
f'(v) is derived by concatenating or averaging the outputs
from all heads, enabling multi-scale feature extraction. In
the second phase, the algorithm quantifies node relatedness
in the embedding space using the cosine similarity (Eq. 10).
For each node v, this involves computing pairwise similari-
ties with all other nodes and selecting the top-r most related
nodes. This step ensures that the candidate pool reflects
both direct and indirect influence relationships. The third
phase ranks the N X r high-relatedness nodes by their occur-
rence frequency across all top-r lists. By selecting the top-L
nodes with the highest occurrences, the algorithm prioritizes
nodes that consistently exhibit strong connections to diverse
regions of the network, thereby maximizing their potential
as influential seeds. This multi-layered approach combines
GAT-driven representation learning with graph-theoretic
centrality measures, offering a principled balance between
local relevance and global prominence.

Algorithm 2 Selection of candidate nodes

Input: G = (V, E,W), the high relatedness number of each node r and the number
of candidate seed nodes L
Output: Candidate nodes set
1: Obtain node representations using GAT model;
2. for v € V do
3: for u € V —v do

4: Calculate the similarity between v and v by Equation 11;
5: end for

6: Rank r nodes most related to v;

7. end for

»

: Calculate the occurrences of the most related N * r nodes;

9: Select the top L nodes according to the occurrence in related nodes as candidate
seed nodes;

10: return Candidate seed nodes

4.2 Node Opinion Formation Process

Given the graph G, after the determination of candidate
nodes in embedding space, the final seed nodes are further
determined and will propagate the opinions towards the tar-
get product in social networks. Thus, designing an effective
approach to estimate the node’s opinion is crucial. Previous
approaches considered the opinion change in active nodes
and opinion formation process is static. Different from them,
in this paper, we take into account the changes in the opin-
ions of inactive nodes and consider dynamic opinions in the

0.2

Fig.2 An example of non-monotonicity and non-submodularity

information propagation process. According to the informa-
tion propagation model OLT, Algorithm 3 demonstrates the
pseudo-code of the node opinions change process, including
three parts: (1) initialize the active nodes set (line 1); (2)
according the information propagation model (OLT) to judge
nodes state (lines 2—4); (3) update the opinion of two state
nodes utilizing node opinion formation model (lines 5-11).
Algorithm 3 Node opinion formation process

Input: G = (V, E,W), seed nodes set S

Output: The updated opinions of influenced nodes
1. Initialize set A= S, §' = @;
2: while S # NULL do
3: forveV — Ado

4 if 37 cg Wuy > 0, then

5 Update the opinion of node v by Equation 8§;
6: A+ AU{v};

7 5« 5 u{vh

8 else

9: Update the opinion of node v by Equation 9;
10 end if

11: end for

12: S« S

13: S o ;
14: end while
15: return The updated opinions of influenced nodes

4.3 Selection of Final Seed Nodes

Through obtaining candidate nodes, we could select the final
seed nodes using the fair constraint value. We guarantee the
fairness of information dissemination in the minority groups
by the fair constraint value. Algorithm 4 summarizes the
whole process of OMBF, which consists of five parts: (1)
we initialize seed nodes set (line 1); (2) we calculate the
L candidate nodes (line 2); (3) we rank candidate nodes L,
that belong to minority groups using the gain of opinion
absolute value (line 3); (4) we rank candidate seed nodes L,
that belong to other groups using the gain of opinion (line 4);
(5) for the minority group, we select node one by one in the
minority group candidate nodes into the seed nodes set s,
and remaining nodes selecting in the other group candidate
nodes into the seed nodes set s,, stopping until the sensitive
group satisfies the initial fair constraint value. (6) the final
seed nodes S = s, U s, (lines 5-13).

The time complexity of Algorithm 4 (OMBF) is primar-
ily determined by two components: candidate seed selection
(Algorithm 2) and the seed screening process (steps 5—15).
Algorithm 2 employs a GAT model to compute node rep-
resentations and select top-L candidate nodes, with a time
complexity of O(|V|>-d + |V| - rlogr+ |V| - L), where d
denotes the embedding dimension of GAT and r represents
the node relevance calculation range. The seed screening
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phase requires iterating through the minority group can-
didate set L, (of size O(L)), with each iteration involving
fairness constraint validation (Eq. 6) and seed set merg-
ing, yielding a time complexity of O(L - k - T,;,), where
T}, denotes the computation time for fairness verification.
Consequently, the overall complexity of the algorithm is
O(|V|?-d+ L k- Ty,,), dominated by node representation
computation and iterative fairness constraint validation.

Algorithm 4 Opinion maximization based on fairness
(OMBF)

Input: Network node set G = (V, E, W), the number of seed nodes k, L candidate
seed nodes and fair constraint value 3

Output: Seed node set S

: Initialize set S = @, s; =, 50 = &;

: Calculate L candidate seed nodes by Algorithm 2, L = Ly U Lo, where L; belongs
to minority group, Lo belongs to other group;

: Rank L; in descending order by Equation 14 in minority group;

4: Rank L, in descending order by Equation 15 in G;

5: for i =1 to |L;| do

6: s1 ¢+ s1U{i};

7: Lo [: (k= [s1]));

8: S =s1Usy;

9: if Equation 7 then

o=

w

10: Break;

11: end if

12: if s; = |L1| then
13: Break;

14: end if

15: end for

16: return Seed node set S

Here, the proposed gain of opinion absolute value is
to ensure minority groups more quickly satisfy the initial
fair constraint value. First, the absolute opinion value is
defined as:

T= Z |A0i|+ 2 |A0j|

v,EVI* V,'EVI_

13)

where T denotes the after information propagation total
change of absolute opinion value. After that, the gain of
opinion absolute value could denote as following, which is
similar to the core of Greedy algorithm:
e(s) =T(s; U {v}) = T(s)) (14)

Next, we introduce the gain of opinion, which is similar

to the above definitions and could be defined as:
£(sy) = F(s, U {v}) = F(s,) (15)

and F(-) is the objective function.
In the end, we subsequently introduce two Theorems
that are related to us, as shown below.

Theorem 1 The OM problem in definition 4 is NP-hard.
Proof According to the NP-hardness theory [25], when

a problem in a restricted class instance is NP-hard, then
it is also NP-hard. Since the traditional IM problem is
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NP-hard [11], we consider a restricted instance under our
opinion formation process. For each node u, we set o, to
1, and the fair constraint value f is set to 0. Then when u is
activated by its neighbors v, the node u will not change opin-
ion, it will hold the same opinion. Without opinion change,
therefore, maximizing the active nodes opinions equals to
the classical IM problem. So, in our paper the opinion maxi-
mization based on fairness is still a NP-hard problem.

O

Theorem 2 The objective function F(-) in this paper is non-
monotone and non-submodular.

Proof The monotonicity needs to function f satisfy the
inequality f(T) > f(S) for all S C T. Because of consider-
ing the negative opinions in user opinion, when activating
nodes with negative opinions which will decrease the total
opinions and does not satisfy monotonicity. The function
f1is submodular if (S +v) —f(S) > f(T +v) — f(T) for all
SCTCV,veVandv & T. We give counter examples for
non-monotonicity and non-submodularity respectively to
prove Theorem 2. As illustrated in Fig. 2. The innate opin-
ion of nodeO—node4 is 0.6,0.2,0.2, —0.8, —0.6 respectively,
the influence threshold is 0.1 for each node, and the weight
is equality to 1/in-degree. Here, we according the Eq. 8 to
calculate the opinion of active nodes. O

Non-monotonicity. Suppose that S, =1, S, =1,3,
S;=0,1,3, then F(S,) = 0.1, F(S,) = -0.7, F(S;) = —0.1.
As F(S)) > F(S;) > F(S,), so F(-) is non-monotone.

Non-submodularity. Suppose that S=1, T =1,3,
then F(S+ 0) — F(S) =0.05, and F(T +0)— F(T) =0.6.
Because S C Tand F(T + 0) — F(T) > F(S+ 0) — F(S), F(-)
is non-submodular.

5 Experimental Results

The experiment is conducted on both synthetic and real data-
sets with our propose framework and benchmark approaches
to evaluate the performance. Firstly, we describe the datasets
and experimental setup. Next we describe the baseline com-
parison method. Finally, we demonstrate results analysis.

5.1 Data and Experiment Setup

We utilize real and synthetic social networks and Table 1
describes them, including:

e Rice-Facebook The real dataset indicates students social
relationship in Rice University, collected by Mislove
et al. [48]. The student social graph contains students
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Table 1 Datasets

Network Nodes Edges Average degree
Rice-Facebook 1205 42,443 70.4
Antelope-Valley 500 1689 34

Cora 2708 5429 39

Twitter 3753 13,986 7.45

information such as age (which is a number between 18
and 20), college as well as major, and it is an undirected
graph. We regard student’s age as sensitive characteris-
tic and consider students with ages 18 or 19 as group A
that is the minority group, and with ages 20 as group B,
which excluding node age higher than 20. In this paper
we double the edges from undirected to directed graph.

e Antelope-Valley The synthetic dataset is one of the net-
work used by Wilder et al. [49] to model an obesity pre-
vention intervention in the Antelope Valley region of
California. The dataset is a directed graph, and in this
network each node owns geographic location, age, race,
gender, as well as weight status. Considering the pub-
lic health problem, obesity is an crucial factor, thus we
select the weight status as the sensitive characteristic.
The network has 500 nodes and we regard the weight
status is normal as group A that is the minority group,
and others as group B.

e (Cora The real dataset is an undirected graph composed of
machine learning papers [50], which nodes denote papers
and edges represent reference relationships between
papers. This dataset contains seven categories papers,
and has 1433 dimension features. We consider the Neu-
tral Networks as the sensitive characteristic, which is one
of the categories in graph. We also double edges and
make it become a directed graph.

o Twitter [51] The dataset, a subset of Twitter network
comprising approximately 3753 nodes and 13,986
directed edges, identifies “neutral” political leaning as
the sensitive characteristic (minority group) for analyzing
fairness in information dissemination.

In our work, we only consider two groups on one sen-
sitive characteristic. For graphs we tested on, we assign
the weight according to the number of neighbors, where
for every incoming edge of node v defined l/Né” as the
weight. We use the random method to generate initial
user opinions in the range (—1, 1). Moreover, for the user’s
threshold, in the minority groups, the threshold is between
(0.5, 1), others is range (0, 1). Minority groups have a high
threshold in inactive nodes, however, this does not affect
the change of their opinions towards the target product.
That is, when nodes in minority groups are promoted by

other active nodes, they also engender some opinions on
the product, although they are an inactive state. Due to
user opinions being randomly generated, we run an aver-
age of 10 times on algorithms on each network.

For the four datasets used in this study, minority and
majority groups are partitioned based on sensitive charac-
teristics, following real-world fairness studies [52-54]: (1)
Antelope-Valley: users with normal weight status (major-
ity) are distinguished from overweight/obese users (minor-
ity). (2) Rice-Facebook: users aged < 19 (minority) are
separated from those aged 20 (majority). (3) Cora: Papers
in the “Neural Networks” category (minority) are differ-
entiated from others (majority). (4) Twitter: Users with
neutral political views (minority) are labeled separately
from those with partisan leanings (majority).

In order to train the GAT model [47] to obtain node
representations, we mark Group A as 0 and Group B as 1.
Besides, we set the parameter as follows. The dimension
of the output layer is set to 2, denoting groups class. The
dimensions of the input layer are consistent with the num-
ber of node attributes, node threshold and node opinion.
For the hidden layers, the Rice-Facebook is set to 3, the
Antelope-Valley is set to 4, the Cora and Twitter are set to
8. The learning rate is set to 0.05, and dropout with 0.6 is
applied. In Algorithm 2, r represents the number of nodes
with high similarity to each node. During the simulation,
r is set to 150 for the first two datasets and 510 for the lat-
ter two datasets. Additionally, L determines the number
of candidate nodes: it is set to 90 for the first two datasets
and 900 for the latter two datasets. To ensure fairness in
information dissemination for minority groups, f is fixed
at 0.001 for the first two datasets and increased to 0.01
for the latter two datasets. This adjustment aims to pro-
mote accurate information awareness in minorities, where
opinion dynamics are used to measure their exposure to
information.

5.2 Baseline Algorithms

Our proposed algorithm OMBF is compared with the fol-
lowing five base algorithms (i.e., Degree [55], Random [56],
Fair Emb [37], OMCMC [57], DGN [58]). Specifically, the
algorithms information is introduced as follows:

e Degree [55] Degree demonstrates the amount of first-
order neighbors. The higher the degree a node has, the
more it implies a great influence power.

e Random [56] Randomly select k nodes as seed nodes
to propagate information about the target product in the
graph.

e Fair Emb [37] Leveraging auto-encoder to embed graph
information, and a discriminator to identify different
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Fig. 3 The active nodes opinions of different approaches over the seed nodes on four networks

groups, which produces similarity distributed across
sensitive characteristics. Then, to select seed nodes set
by clustering in the embedding space.

e OMCMC [57] Leveraging centrality metrics to rank node
importance and clustering to group structurally similar
nodes, which produces candidate seed sets with balanced
local and global influence. Then, to refine the final seed
selection using objective functions based on network
properties.

e DGN [58] Leveraging dual coupled graph neural net-
works to embed structural and attribute information,
and a deep Q-network to learn adaptive influence-aware
policies, which produces dynamic node representations
optimized for long-term influence rewards. Then, to
iteratively select seed nodes via reinforcement learning
without predefined heuristics.

In addition, so as to better denote the performance of
OMBEF, we choose the classic Greedy algorithm as the base-
line for the experimental part. Furthermore, we compare the
efficiency of different algorithms in the same opinion value
and information propagation mode OTL with OMBF.

5.3 Result Analysis

We measure OMBF performance with five baseline algo-
rithms across four datasets and compare their total opinions
in active nodes, fair values in group A, along with the com-
parison of global opinion expression values in the network
after propagation. Then, we compare OMBF with the pre-
vailing Greedy algorithm and show its effectiveness. At last,
we set the same initial opinions and compare OMBF with
other approaches to solve the randomness of initial opinion
setting and further prove the effectiveness of OMBF which
could maximize the positive opinions after propagation on
the premise of fairness in minority groups with sensitive
characteristics.

@ Springer

5.3.1 Active Nodes Opinions Over the Number of Seed
Nodes

Firstly, we compare the sum of opinions in active nodes
influenced by seed nodes during the information dissemina-
tion process. Figure 3 shows the spread of opinions of select-
ing seed nodes from O to 28 in three networks. We can notice
that the total opinions of different methods are steadily
growing as the number of seed nodes increases. Particularly,
OMBF has larger total opinions than the other five baseline
algorithms almost in each seed budget on real and synthetic
datasets. Specifically, for the random approach obtains the
smallest opinions because of the irregular selection of seed
nodes. Besides, considering the negative opinions, the objec-
tive function is not monotonically increasing. Therefore, the
total opinions do not necessarily increase over each seed
nodes budget. For example, on the Antelope-Valley network,
total opinions (Fair Emb, Random) drop when seed nodes
varies from 20 to 24. In general, from Fig. 3, it observers the
budget size of seed node could impact total opinions, and the
OMBF method could select initial seed nodes effectively and
obtain larger opinions than other methods.

5.3.2 FairValues in Group A Over the Number of Seed
Nodes

Figure 4 illustrates the fairness values of different methods
under varying seed node budgets. Results show that fair-
ness values of all methods generally increase with more seed
nodes. In most cases, OMBF outperforms other methods
across nearly all seed node budgets on the four networks.
Notably, on the Twitter dataset, OMBF exhibits slightly
lower fairness values compared to DGN. However, DGN’s
total active opinion value is significantly lower than OMBF
and all baseline algorithms, indicating its inefficiency in
improving the information reach for minority groups. Fair-
ness values reflect the proportion of opinion shifts relative
to initial opinions, aiming to ensure minority groups can
access and form specific opinions toward the target prod-
uct. It is worth noting that fairness values are not strictly
monotonic. For instance, on the Antelope-Valley network,



Opinion Maximization Based on Fairness in Social Networks

95

—=— OMBF
2| =¥ Degree

Fair_values

024 g OMBF

0221

—7— Degree

%

] T ° 4

2 16 2
Seed Nodes

2 16
Seed Nodes

(a) Rice-Facebook (b) Antelope-Valley

2 16
Seed Nodes

(d) Twitter

2 16
Seed Nodes

(c) Cora

Fig.4 The fair value in group A of different approaches over the seed nodes on four networks

BN Positive
000 Negative

BN Positive
B0 Negative

I I 2
:0 ! g g g
! ! ! ! n

All node opinion

All node opinion

OMBF  Degree  Fair Emb Random

(b) Antelope-Valley

OMBF  Degree Fair Emb Random  DGN  OMCMC DGN  OMCMC

(a) Rice-Facebook

All node opinion

O Positive
® %08 Negative

' %

OMBF  Degree

(d) Twitter

All node opinion
8

DN oMEMC

Fair Emb Random

o
OMBF  Degree Fair Emb Random

(c) Cora

DGN  OMCMC

Fig.5 The groups opinions of different approaches after propagation over k = 28 on four networks

the fairness values of Fair Emb and Random drop when seed
nodes increase from 12 to 16. Two factors explain this: first,
the initial opinions of nodes are randomly generated; sec-
ond, the stochastic propagation of opinions during informa-
tion dissemination may lead to non-strictly increasing fair-
ness values. Overall, we can clearly find that OMBF could
acquire effective seed nodes and keep high fairness in the
minority groups.

5.3.3 Comparison of Global Opinion Expression Values
in Network

Figure 5 compares the global opinion expression values in
the network (based on the same initial opinion) of OMBF
and five other algorithms under a seed budget of 28. Experi-
ments show that OMBF significantly outperforms the com-
parative algorithms: It achieves the highest positive opinion
value and the lowest negative opinion value in the network
after propagation, demonstrating the optimal overall perfor-
mance. Among them, Degree, DGN, and OMCMC show
close performance, while Fair Emb and Random yield
poorer results. On the Twitter dataset, although the posi-
tive opinion values of OMBF and DGN are similar, DGN’s
negative opinion value is significantly higher, highlight-
ing OMBF’s advantage in balancing positive and negative
influences. To conclude, the results imply the effectiveness
of OMBF in selecting seed nodes that can make different
groups gain the largest opinions after the propagation and
facilitate the promotion of the target products.

5.3.4 Comparison with Greedy Algorithm

In order to better display the performance of our OMBF
approach, we compare it with Greedy algorithm which is
generally superior to heuristic algorithms on the efficiency.
In our experiment, we also use the same propagation model
after selecting seed nodes with Greedy algorithm. Figure 6a,
b demonstrate the total opinions of OMBF and Greedy on
real and synthetic network. The results indicate Greedy algo-
rithm shows slightly more opinions than OMBF with the
increase in seed nodes and the total opinions in active nodes
are very close to OMBF. However, there is a significant dif-
ference between running time in two algorithms in Fig. 6c.
OMBF has considerably lower running time than Greedy
algorithm. Here, we set seed nodes budget to 28, and run
once in Rice-Facebook dataset and ten times in Antelope-
Valley dataset, which could in one figure to better show and
see the running time. In summary, Greedy algorithm selects
seeds from the remaining nodes according to the objective
function each time, so that the objective function can obtain
a better value, but it spends much running time. Different
form that, the OMBF algorithm determines candidate nodes
using node representations by GAT model in embedding
space in advance, reducing the computational complexity,
and obtaining the total opinions.

5.3.5 Comparisons in Same Initial Opinions

To further demonstrate the performance of OMBF, we
test under the same conditions, that is, set the same initial
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Table 2 Comparison of fairness metrics in ablation study on fairness constraints (AV, RE, Cora, Twitter)

AV RF Cora Twitter
Method 12 20 28 36 12 20 28 36 12 20 28 36 12 20 28 36
w/o Fairness 0.05 007 008 007 004 004 005 009 006 007 007 007 004 0.03 0.07 0.05
OMBF 008 0.11 0.12 0.12 0.11 0.16 021 025 0.14 0.18 021 023 0.07 0.16 021 0.18

These values (12, 20, 28, 36) represent the seed budget size

opinions to compare with benchmarks in Cora dataset.
From Fig. 7a, b, we can see that both active nodes opinions
and fair values in OMBF are higher than other approaches
which is consistent with the results of randomly setting
initial opinions in Cora dataset. In specific cases and under
the condition of random assignment about initial opin-
ions, the proposed OMBF shows better results than the
other three approaches, indicating the effectiveness of the
proposed OMBEF to a certain extent. In summary, OMBF
not only ensures the fairness of minority groups, but also
ensures the good reputation of the target product that is
the goal of OM problem.

5.3.6 Ablation Study

To rigorously evaluate the OMBF framework, we conduct
ablation studies on two critical aspects: (1) the role of fair-
ness constraints and (2) the impact of §. First, removing
the fairness constraint (w/o Fairness) leads to a substantial
decline in fairness metrics for minority groups. As shown in
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Table 2, on the Antelope-Valley dataset, the fairness value
drops by 4.5%, confirming that fairness constraints are indis-
pensable for equitable dissemination. Second, we explore the
sensitivity of f across datasets. As shown in Fig. 7c, each
dataset exhibits an optimal § value that maximizes the total
opinions of active nodes. For instance, on Cora, = 0.013
achieves the highest total opinions (40.7), while g = 0.025
reduces opinions by 12%. Similar patterns are observed in
other datasets (e.g., # = 0.009 for Rice-Facebook). These
results highlight f’s dual role as a fairness regulator and a
tunable parameter for opinion optimization.

6 Conclusions

In this research, we formulate the fairness of informa-
tion dissemination in the opinion maximization problem
in minority groups. Different from previous studies, we
design OMBEF to solve the OM problem, including three
parts: (1) the determination of candidate nodes using node
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representations by GAT, (2) the dynamic change in opin-
ions and (3) the selection of final seed nodes. For the first
phase, we use GAT to obtain a high quantity of node rep-
resentations in low dimensional space, which could extract
the network structural information well, and further design
an algorithm to determinate candidate nodes in the embed-
ding space. For the second phase, we design the opinion
propagation model (OLT) to propagate information and
according to the opinion formation model to dynamically
change node opinions, including active and inactive nodes.
For the third phase, we select the final seed set for each
group in the candidate set according to the seed budget
and the fair value which is to ensure the fairness in the
minority group. Finally, to demonstrate the effectiveness
of our proposed algorithm OMBF, we compared it with
three baseline methods and Greedy method on synthetic
and real-world social networks. Experimental results show
that our proposed OMBF has superior opinions in active
nodes and fair values than the chosen benchmarks. Fur-
thermore, in terms of overall opinion, our algorithm could
obtain similar total positive opinions compared to Greedy
method but with much lower computational complexity.
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