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A B S T R A C T   

Social influence risk management tasks, such as misinformation prevention and source detection, 
have gained increasing attention due to the rapid development of social networks, which play an 
important role in managing the spread of both positive and harmful information. Previous studies 
for solving these tasks mainly focus on developing exact or approximate approaches where 
comprehensive diffusion model information is provided. However, it is usually challenging to 
obtain such information in practice. In this paper, we propose SocialLearner, a novel data-driven 
decision-making framework designed for social influence risk management tasks in scenarios 
where diffusion model information is not fully accessible. This approach employs a two-step 
optimization process that integrates model ensemble techniques with an optimized sampling 
distribution strategy, aiming to enhance the accuracy of approximating unknown objective 
functions by leveraging historical pairs of inputs and decisions. Furthermore, extensive experi
ments on various social influence risk management tasks and network structures are conducted to 
evaluate the performance of SocialLearner. The results demonstrate its superior accuracy and 
scalability compared to state-of-the-art methods, highlighting its robustness as a solution in ad
dressing social influence risk management tasks.  

1. Introduction 

The rapid development of social networks has connected people around the world, allowing efficient information exchange that 
facilitates individual communication, knowledge sharing, and brainstorming (Bakshy et al., 2012; Guille et al., 2013; Li et al., 2017). 
However, these benefits have also raised concerns due to their role in supporting the spread of misinformation, which causes sig
nificant damage at individual, societal, and even global levels (Nguyen et al., 2013; Zhang et al., 2016; Zareie & Sakellariou, 2021). 
Its consequences include affecting public trust (Ognyanova et al., 2020), amplifying societal polarization (Azzimonti & Fernandes, 
2023), and influencing decisions in critical domains such as healthcare, politics, and public safety (Muhammed T & Mathew, 2022). 
Social influence risk management (Nguyen et al., 2012; Islam et al., 2020; Tong, 2022) is an important field focusing on handling 
risks that arise from the diffusion of misinformation within social networks. Existing research mainly focuses on three key tasks: 
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misinformation prevention (Nguyen et al., 2013; Farajtabar et al., 2017; Lewandowsky & Van Der Linden, 2021), sources of mis
information detection (Nguyen et al., 2012; Shelke & Attar, 2019; Torabi Asr & Taboada, 2019), and communities protection from 
misinformation influence (Rice et al., 2021; Budak et al., 2011). 

Previous research on social influence risk management tasks has primarily concentrated on designing exact and approximate 
algorithms (Zhu & Ying, 2014; Shelke & Attar, 2019; Tong & Du, 2019). These algorithms aim to identify optimal solutions by 
utilizing the structural information of networks and underlying diffusion models. However, real-world social networks are vast, noisy, 
and frequently evolving (Freeman, 2004; Tabassum et al., 2018), making it challenging to obtain a complete and accurate underlying 
diffusion model. Additionally, the inherent stochasticity in the information spreading process makes it even more difficult to ac
curately model and predict the impact of misinformation. These challenges pose new requirements for designing more robust 
methods for social influence risk management that can perform effectively with limited social network information. 

Limited access to complete network and diffusion model data results in an unknown objective function for solving social influence 
risk management tasks, where traditional methods cannot be applied directly. To address this challenge, Tong proposes StratLearner 
(Tong, 2020), which approximates the objective function using randomly sampled subgraphs as well as historical input-decision pairs 
for the misinformation prevention problem. To deal with broader data-driven decision-making tasks, Tong further generalizes such 
strategies into the USCO-solver (Tong, 2021) framework. However, the USCO-solver faces two limitations: 1) Its performance heavily 
relies on the number of sampled subgraphs. While increasing subgraphs improves accuracy, it also increases training time and 
memory usage; 2) The USCO-solver leads to diminishing returns. The performance gains are limited even with larger training da
tasets. Consequently, it often converges to suboptimal solutions similar to those observed in (Wortsman et al., 2022). 

To address the above limitations, we propose SocialLearner, a universal two-step framework designed for solving social influence 
risk management tasks in scenarios with restricted access to diffusion model information. In the first step, inspired by the ensemble 
model and representation learning, we develop a novel subgraph sampling method using historical input-decision pairs. Specifically, 
multiple models are trained on various sub-training datasets and sampled subgraphs to estimate the objective function, and we treat 
the results of each model as a distinct representation of the social network graph. Ideally, deploying a large number of such trained 
models would replace the random subgraph sampling process, thereby significantly improving estimation accuracy. However, 
computational constraints make such a method impractical. To overcome this limitation, in the second step, we introduce a dis
tribution estimation strategy that decreases the number of required models while still generating high-quality subgraphs for accurate 
objective function estimation. In the end, once the objective function is estimated with sufficient accuracy, traditional methods that 
are designed for the target social influence risk management task can be employed to optimize the objective function for new inputs. 

Overall, our contributions are summarized: 1) We propose SocialLearner, a novel universal framework inspired by model en
semble techniques, which employs a two-step learning process to enhance the accuracy of objective function estimation; 2) We 
introduce a distribution estimation strategy that reduces the number of required models to a quantity determined by hyperparameter. 
In practice, this approach can scale down the number of required models to as low as 1 % or even 0.1 % of the original amount, 
thereby significantly decreasing the computational and memory costs for real-world applications; 3) Extensive experiments con
ducted on three tasks show that SocialLearner consistently outperforms state-of-the-art methods in terms of accuracy across various 
social network structures, demonstrating its robustness and scalability for large-scale social influence risk management tasks. 

2. Related work 

The social influence of risk management has been widely studied within the social network community. In this paper, we focus on 
three tasks, including misinformation prevention, source detection, and community protection, which are acknowledged as re
presentative problems in this field (Budak et al., 2011; Islam et al., 2020). 

Misinformation prevention concentrates on selecting a set of seed nodes to spread truthful information as a countermeasure 
against misinformation. This task was first formally proposed by (Budak et al., 2011), who introduced the concept of competing 
campaigns and formulated the problem using the multi-campaign independent cascade model. Their work motivates significant 
research interest, leading to the development of greedy algorithms for approximate solutions under various diffusion models (Fan 
et al., 2013; He et al., 2012). Another line of research focused on developing heuristic algorithms for misinformation prevention (Ping 
et al., 2014; Zhang et al., 2015). In addition, there are also some machine learning based methods trying to solve misinformation 
prevention over billion-sized graphs (Manchanda et al., 2020). A comprehensive survey of such work can be found in (Islam et al., 
2020; Zareie & Sakellariou, 2021; Su et al., 2023). 

Source detection aims to identify the origin of information spread according to partial observations of the final states of influenced 
nodes. This research area gained attention starting with the Susceptible-Infected (SI) model (Shah & Zaman, 2010,2011,2012). Based 
on this foundation, heuristic algorithms for source detection under the Susceptible-Infected-Recovered (SIR) model were introduced 
in (Zhu & Ying, 2014). Another line of research focused on applying machine learning methods for source detection (Dong et al., 
2019; Cheng et al., 2024). Further studies can refer to (Shelke & Attar, 2019; Su et al., 2023; Zhang et al., 2024). 

Community protection seeks to disrupt connections within a community to safeguard it from hostile influences and can be simplified 
as a minimum cut problem—a well-known combinatorial optimization challenge (Stoer & Wagner, 1994; Karger & Stein, 1996). 

Most existing approaches rely on prior knowledge of the diffusion model, but it may not be readily available in real-world 
scenarios. To address this limitation, (Tong, 2020) proposed the StratLearner framework, which directly learns to predict solutions 
from historical query-decision pairs, making it suitable for scenarios where diffusion models are unknown. Building on this, Tong 
introduced the USCO-solver (Tong, 2021), a more general framework for data-driven decision-making problems. However, both 
StratLearner and USCO-solver suffer from high computational overhead and limited accuracy. Our proposed SocialLearner is capable 
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of dealing with these by combining model ensemble techniques with an optimized sampling distribution strategy, thus achieving 
better performance. 

3. Preliminary 

In this section, we introduce the considered diffusion model and formally define the social influence risk management tasks, as 
well as provide a formal statement of our research problem. 

3.1. Diffusion model 

A social network can be modeled as a directed graph G = (V, E), where V is the set of users and E is the edge set. The existence of 
each edge e = (u, v) ∈ E indicates that user u ∈ V can influence user v ∈ V. Let N(u) ⊆ V be the neighbors of node u. Regarding 
information diffusion, suppose that +C cascades are diffused in the social network. During the diffusion process, each node v ∈ V 
can be ci-active with i ∈ [C] or inactive. A diffusion model MG is defined on a directed graph G, where each edge e = (u, v) is 
associated with two parameters p(e) ∈ [0, 1] and +t e( ) . p(e) represents the probability of user u influence user v, and t(e) is a 
random variable sampled from a distribution Te, indicating the time required for u to influence v. To this end, the diffusion process 
can be defined as follows.  

• Initialization: Each cascade ci randomly selects its seeds Si ⊆ V with i ∈ [C]. Specifically, for all i ≠ j, we have =S Si j . Each 
edge e samples a weight t(e) following Te.  

• Time 0: The nodes within Si are ci-active, while the remaining nodes are inactive.  
• Time step T: Each node u that is newly activated by ci attempts to influence its inactive neighbors v ∈ N(u) with a success 

probability of p((u, v)). If successful, node v will become ci-active and start to influence its inactive neighbors at time step T + t(u, 
v). In the case of a tie, where a node is successfully activated by multiple cascades, the node adopts the cascade with the smallest 
index.  

• Termination: The diffusion process terminates when no more inactive nodes can be activated. 

3.2. Social influence risk management 

Given the diffusion model described above and the initial activation status of the underlying social network, the social influence 
risk management tasks often involve determining the optimal intervention strategy to minimize the spread of misinformation or 
maximize the target influence. Note that the proposed diffusion model is highly expressive due to the flexibility in designing Te, 
which subsumes several classic diffusion models (Kempe et al., 2003). 

Formally, let Xx represent a specific input, such as a target intervention or detection scenario, where X denotes the space of all 
possible inputs. A feasible solution to x, referred to as a decision Yy , represents an intervention strategy, such as selecting nodes to 
inoculate against misinformation or identifying key influences, where we use Y to denote the decision space. Given a diffusion model 
MG, an input x, and a decision y, we use F(x, y, MG) to evaluate the quality of the decision y. 

G
=F x y M f x y g g d g( , , ) ( , , ) ( ) ( ),G g (1) 

where a) f x y g( , , ) is a function that evaluates the quality of the decision y on a specific weighted subgraph g of G, representing 
one possible state of the network. In particular, we denote the edge set of g as Eg, where the weight t(e) of each edge e ∈ Eg is sampled 
following Te; b) G denotes the space of all such possible weighted subgraphs; and c) Φ(g) ∈ [0, 1] indicates the probability of 
sampling subgraph g from G and can be calculated as: 

T= ×g p e h t e p e( ) ( ( ) ( ( ))) (1 ( )),
e E e E Eg

e
g (2) 

where Th t e( ( ))e is the probability density function of the distribution Te evaluated at t(e). The objective of the influence risk 
management task is to obtain a decision y * such that the following function is maximized, where 

Y
=y F x y M* arg max ( , , ).

y
G (3)  

In this paper, we focus on three popular tasks in social influence risk management: Misinformation Prevention (MP), Source 
Detection (SD), and Community Protection (CP). We give the formal problem statements for these three tasks as follows. 

MP. Given a diffusion model MG, a node set S0 ⊆ V, and a budget +r , the objective of MP is to select a set of nodes S1 ⊆ V 
with ∣S1∣≤r and =S S1 0 such that the number of nodes that are not c0-active after the diffusion process can be maximized. Let 
F1(S0, S1, MG) represent the number of nodes that are not c0-active at the end of the diffusion process. The objective function F(S0, S1, 
MG) is defined as follows. 

=F S S M F S S M F S M( , , ) ( , , ) ( , , )G G G0 1 1 0 1 1 0

S. Wang, J. Xie, Y. Wang et al.                                                                                                                                           Risk Sciences 1 (2025) 100019 

3 



where F S M( , , )G1 0 represents the number of nodes that are not C0-active when no positive nodes are initially selected. Formally, the 
misinformation prevention problem aims to find a node set S1 such that the objective function is maximized. 

=
F S S Marg max ( , , ).

S V S S S r
G

, ,
0 1

1 1 0 1

SD. Given a diffusion model MG and two node sets V0, V1 ⊆ V, the objective of SD is to select a node v ∈ V as S0 to maximize the 
probability that nodes in V0 are c0-active and nodes in V1 are not c0-active after the diffusion process. The objective function F((V0, 
V1), v, MG) ∈ [0, 1] represents the probability. Formally, the source detection problem aims to find a node v such that the objective 
function is maximized. 

F V V v Marg max (( , ), , ).
v V

G0 1

CP. Given a diffusion model Mg and two nodes v0, v1 ∈ V, the objective of CP is to select an edge set E E to remove and let v0 

and v1 can not influence each other. We want to minimize the total time cost of the edge set E . The objective function 
F v v E G(( , )), , )0 1 is defined as follows. 

=F v v E M t e p e(( , ), , ) ( ( )) ( ).G e E0 1

Formally, the community protection problem aims to find an edge set E*such that the objective function is maximized. 

=E F v v E M* arg max (( , ), , ).
E E

G0 1

3.3. Problem statement 

For social influence risk management, to obtain a decision, we need to solve equation (3). Currently, there exist reliable solvers for 
different social influence risk management tasks when all information about MG is known. However, the main challenge lies in the 
inaccessibility of distribution Te. To address this challenge, we propose SocialLearner, a learning framework that can approximate 
the objective function by leveraging historical input-decision pairs. Specifically, the training dataset is defined as =D x y{( , )}i i i C[ ], 
which includes the pairs of previously observed inputs and their corresponding decisions. Suppose that each pair of the dataset 
follows the distribution D . After obtaining the objective function, one can use the existing reliable solvers as an oracle to obtain a 
decision y. In general, SocialLearner serves as a predictive model A that can generate high-quality decisions AD=y xˆ ( ) for unseen 
inputs Xx . The quality of the generated solution is evaluated by comparing it with the optimal solution y using the following ratio. 

F x y M
F x y M

( , ˆ , )
( , , )

,G

G (4) 

where a higher ratio indicates a closer approximation to the optimal solution. Thus, the learning problem is framed as minimizing the 
following loss function: 

L D= F x y M
F x y M

1 ( , ˆ, )
( , , )

,x y
G

G
( , )

(5) 

which penalizes the framework AD for generating solutions that deviate from the optimal in terms of the objective function F. 

4. Method 

In this section, we present SocialLearner, a framework designed to address the challenge of social influence risk management 
when the diffusion model MG cannot be fully accessed. SocialLearner aims to estimate the objective function F(x, y, MG) by leveraging 
historical input-decision data. Our framework consists of two main components: optimization of the sampling method and refinement 
of the objective function. We first introduce the overall framework. 

4.1. Overall approach 

Following the idea proposed in (Tong, 2020), the problem of social influence risk management can be addressed by sampling 
weighted subgraphs from a distribution ϕ and approximating the objective function as follows. 

=F x y M W S W S( , , ) , , ,G
T n (6) 

where = s s sS [ , , , ]n
T

1 2 and si = f(x, y, gi) represents the objective value computed on the i-th sampled weighted graph gi. The vector 
= w w wW [ , , , ]n

T
1 2 , where wi contains the weights associated with the corresponding objective values. 
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Previous research highlights that the accuracy of the objective function approximation heavily depends on the quality of the 
generated weighted subgraphs. A randomly chosen distribution ϕ about sampling a subgraph g from G often results in suboptimal 
performance. To address this limitation, the SocialLearner employs a two-step structure. In the sampling method optimization step, 
we first initialize a graph sampling distribution ϕ. The SocialLearner trains N different models, where each of them uses n different 
subsets of training data D and K subgraphs sampled from ϕ, to update the sampling distribution and generate a better sampling 
distribution . This step seeks to enhance the quality of the generated subgraphs by adapting the distribution to the specific problem 
context of social influence risk management tasks. In the second step, using the learned sampling distribution , SocialLearner refines 
the approximation of the objective function, leveraging the improved subgraph quality to enhance performance in the objective 
function optimization step.  

Algorithm 1. SocialLearner  

The overall structure of the SocialLearner is presented in Algorithm 1. Detailed explanations of the sampling method optimization 
and objective function optimization are provided in the following subsections. 

4.2. Sampling method optimization 

The motivation for sampling method optimization stems from the concept of multi-head attention introduced in (Vaswani et al., 
2017). Similar to how multi-head attention captures different aspects of input data, the SocialLearner aims to capture different 
aspects of social network diffusion by leveraging diverse weighted subgraphs sampled from ϕ and distinct training datasets D. 
Specifically, to learn an optimized sampling distribution, we sample K ∈ Z+ weighted subgraphs g = {g1, ⋯ , gK} using ϕ and sample 
n input-decision pairs from D . 

To optimize the sampling distribution, a Structured Support Vector Machine (SSVM) (Tsochantaridis et al., 2005) is trained using 
the cutting-plane algorithm (Joachims et al., 2009). The optimization problem is formulated as follows: 

Y

+
=

= =

C
n

w f x y g w f x y g H y y

i n x y D y y y y

Wmin 1
2 2

s.t. ( , , ) ( , *, ) ( , *) ,

[ ], ( , ) , *: * , * ,

i

n

i

k

K

k i i k
k

K

k i k i i

i i
j

i

2

2

1

1 1

(7) 

where +C, are hyperparameters. The function H(yi, y * ) measures the similarity between two intervention strategies. Since 
there may exist exponential constraints in Equation (7), we need an Oracle that can efficiently find the solution of: 

=
w f x y garg max ( , *, )

k

K

k i k
1 (8)  

Based on the optimized sampling distribution, the SocialLearner estimates a static graph as follows: 

=
=

t e w t e( ) ( ),
i

K

i i
1

where ti(e) represents the diffusion time of edge e in subgraph gi. If edge e is absent from subgraph gi
j, then ti(e) = 0. Using the static 

graph, the SocialLearner estimates the sampling distribution as a combination of Weibull distribution ϕ(e). For each edge e in the 
static graph, the scale parameter a is sampled from a range [A, B] where A, B ∈ Z+. The shape parameter b is calculated by solving 

=a b t e[Weibull( , )] ( )i . Thus, ϕ(e) = Weibull(a, b), and the optimized sampling distribution is represented as = e e E{ ( )}, .  
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Algorithm 2. Sampling method optimization  

The SocialLearner derives N distinct sampling distributions, and the overall process is summarized in Algorithm 2. 

4.3. Objective function optimization 

After obtaining the sampling distribution set { , , }N1 , as shown in Algorithm 3, SocialLearner samples K
N

subgraphs from each 
optimized sampling distribution. This results in a new subgraph set g . With a new training dataset D sampled from D , we can train 
additional SSVM based on g and D to optimize the objective function, defined as: 

=
=

F x y G w f x y g w gW g( , , ) ( , , ), ,
i

K
i i i i1 (9)  
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Algorithm 3. Objective function optimization  

It is important to note that sampling from the optimized distributions is constrained by computational resources. If sufficient 
computational resources were available, a preferable approach would involve training N = K models during the sampling optimi
zation step and directly using the group of static graphs as g for further processing. However, this approach becomes impractical due 
to the significant computational and time resources required. To address this challenge, we leverage distribution estimation to 
approximate the learned static graphs as a distribution. This approximation maintains a balance between the effectiveness and 
efficiency of SocialLearner, enabling scalable and practical implementation without excessive computational overhead. 

5. Experiment 

In this section, we present empirical studies on our proposed method for different social risk tasks across various graph datasets 
and evaluate the performance of the SocialLearner with two baselines, USCO Solver and Strat Learner. 

5.1. Graph dataset 

Our approach is evaluated on four graph datasets that are generated from classic graph models, i.e., Erdös-Rényi graph (ER) 
(Erdös and Rényi, 1959), power-law graph (Pow), Colorado road network graph (Col) (Demetrescu et al., 2009), and Kronecker graph 
(Kro) (Leskovec et al., 2010). Regarding the diffusion model MG, for each generated graph G, we assume that each edge weight t(e) 
follows a Weibull distribution T = a bWeibull( , )e with parameters a and b sampled from the set {1, ⋯ , 10} independently, and the 
weight set to the expected value of this distribution. The edge probability p(e) is set as N v1 ( ), N v( ) is the number of neighborhood 
of v for edge (u, v). The graph information is shown in Table 1. 

5.2. Misinformation prevention problem 

Sample generation. We generate a dataset with 10,000 input-decision pairs. For each input x, we sample an integer ∣C1∣ from a 
power-law distribution with a shape parameter of 2.5 and a scale of 10. We then randomly select ∣C1∣ nodes from the set V to form C1. 
We let r equals ∣C1∣. We select the HMP algorithm (Tong & Du, 2019) as oracle and for each input x, we use it to find the corre
sponding decision Yy . 

Experiment settings. The training size n for experiment is selected from a set {270, 540, 1080, 2160} and the testing size is 270. 
For representing the results, we report the ratio F x y M

F x y M
( , ˆ, )
( , , )

G
G

, where ŷ is the decision made by StratLearner (Tong, 2020). Each f(x, y, G) is 

calculated through 10000 simulations. The number of weighted graphs K is set to {100, 400, 800, 1600}. Specifically, for each model 
trained in step one, we set N = 10 and use n = {27, 54, 108, 216} samples for training each model and 270 samples for testing, also 
reporting the ratio f x y G

f x y G
( , ˆ, )
( , , )

. The number of weighted graphs K is set to {10, 40, 80, 160}. This ensures that the total number of training 

Table 1 
Statistics on the graph data.      

Dataset # node # edge Reference  

ER  512  638 (Erdös and Rényi, 1959) 
Pow  768  1532 (Adamic et al., 2001) 
kro  1024  2655 (Leskovec et al., 2010) 
col  511  1551 (Demetrescu et al., 2009) 
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samples and weighted graphs remain consistent across experiments, such that × =N n n and × =N K K . For each (n, K) pair, we 
repeat the experiment five times and report the mean ratio and corresponding variance. The hyperparameter α in Equation (7) is set 
to 1000, and C is set to 0.01. In the StratLearner, each subgraph is generated by selecting each edge independently at random with a 
probability of 0.01 and assigning a fixed weight of 1.0 to each selected edge. We denote such distribution as 1.0

0.01. In the SocialLearner 
approach, subgraphs are also generated with a 0.01 probability for selecting each edge, but the edge weights are sampled from a 
different Weibull(c, d) distribution, with c and d independently sampled from {1, ⋯ , 10} for each edge during each sampling process. 
The results for the misinformation prevention problem are reported in Tables 2,3, and 4. A random algorithm that randomly selects a 
seed set C1 is implemented as a baseline. 

5.3. Source detection problem 

Sample generation. We generate 10,000 input-decision pairs. For the input x, we sample a random node from V as the initial 
source S0 and simulate a single diffusion process starting from S0. From the resulting set of C0-active nodes, we randomly select 10 
nodes to form V1, and from the remaining inactive nodes, we select 10 nodes to form V2. If fewer than 10 nodes are available for 
either V1 or V2, we select as many as possible. For the Oracle, we use Monte Carlo sampling with 10,000 simulation runs to estimate F 
((V0, V1), v, G) for each v ∈ V to estimate the probability that the nodes in V1 are C0-active while those in V2 are inactive. The nodes 
with the highest probability under such simulation are selected as the optimal decision y. 

Experiment settings. The experiment settings are the same as those in the experiment on the misinformation prevention pro
blem. The experiment results are shown in Table 5. We also implement a random algorithm that randomly selects a seed set C0 as a 
baseline. 

5.4. Community protection 

Sample generation. To construct a dataset for the community protection problem, we enumerate all possible node pairs (s,t) as 
inputs. For each input x, we use the Edmonds-Karp algorithm (Zadeh, 1972) to find the corresponding decision Yy . 

Experiment settings. Since we want to ensure that v0 and v1 can not influence each other, sampling subgraphs is not appropriate 
in this experiment. Therefore, we sample weighed graphs instead. We set = =n n {80, 160, 320} samples for training each model and 
960 samples for testing, reporting the ratio f x y G

f x y G
( , , )
( , ˆ, )

. The number of weighted graphs K and K is set to {40, 160, 640, 1600}. The 
experiment results are shown in Table 6. 

Table 2 
Results for the Misinformation Prevention on Kro Graph. Each cell shows the average ratio compared with the sample decision, together with the standard 
deviation (std). The total number of sampled graphs K are 100, 400, 800, and 1600, respectively.         

Training Number of sampled grpah  

Size n 100 400 800 1600    

270 0.699 (8E−3) 0.759 (7E−3) 0.785 (1E−2) 0.810 (9E−3) 
Strat-  540 0.707 (5E−3) 0.743 (8E−3) 0.780 (9E−3) 0.813 (7E−3) 
Learner  1080 0.708 (2E−2) 0.760 (1E−2) 0.782 (8E−3) 0.817 (5E−3)   

2160 0.701 (1E−2) 0.756 (1E−2) 0.792 (5E−3) 0.821 (8E−3)   
270 0.698 (5E−3) 0.777 (8E−3) 0.807 (1E−2) 0.819 (9E−2) 

Social-  540 0.694 (1E−2) 0.772 (8E−3) 0.805 (5E−3) 0.827 (8E−2) 
Learner  1080 0.704 (8E−3) 0.773 (6E−3) 0.807 (9E−3) 0.831 (8E−2)   

2160 0.710 (1E−2) 0.773 (1E−2) 0.811 (9E−3) 0.834 (9E−2) 
Other Method Random 0.190 (5E−3)   

Table 3 
Results for the Misinformation Prevention on ER Graph. Each cell shows the average ratio compared with the sample decision, together with the standard 
deviation (std). The total number of sampled graphs K is 100, 400, 800, and 1600, respectively.         

Training Number of sampled grpah  

Size n 100 400 800 1600    

270 0.661 (2E−2) 0.853 (6E−3) 0.873 (1E−2) 0.892 (3E−3) 
Strat-  540 0.673 (2E−2) 0.861 (1E−2) 0.876 (6E−3) 0.897 (1E−2) 
Learner  1080 0.688 (3E−2) 0.844 (9E−3) 0.870 (1E−2) 0.899 (8E−3)   

2160 0.674 (2E−2) 0.857 (2E−2) 0.873 (5E−3) 0.903 (3E−3)   
270 0.678 (2E−2) 0.853 (2E−2) 0.913 (7E−4) 0.941 (3E−3) 

Social-  540 0.645 (2E−2) 0.862 (6E−3) 0.917 (1E−3) 0.938 (5E−3) 
Learner  1080 0.669 (3E−2) 0.858 (2E−2) 0.913 (1E−2) 0.936 (3E−3)   

2160 0.660 (3E−2) 0.868 (1E−2) 0.910 (6E−3) 0.937 (4E−3) 
Other Method Random 0.052 (2E−2)   
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5.5. Analysis 

Our main observation is that SocialLearner performs consistently better than USCO-solver, across various graph structures and 
task settings, when given the same amount of sampled graphs and sufficient training data. This observation indicates that 
SocialLearner effectively utilizes historical information to learn more reliable objective functions than the USCO-solver. Additionally, 
these results also highlight SocialLearner’s stability in solving different data-driven decision-making problems. The robustness of 
SocialLearner makes it a better choice for data-driven decision making tasks in the social Influence risk management area. 

Secondly, we observe that both SocialLearner and USCO-solver rely more heavily on the amount of the sampled graph rather than 
the amount of training data. This is an important observation because the availability of training data is frequently constrained due to 
cost or privacy considerations in real-world applications. We may have limited training data. However, since weighted graphs can be 
randomly sampled, we have the potential to get a sufficiently large number of graph samples. The reliance on graph sampling instead 
of extensive training data provides a practical advantage, making these methods applicable in scenarios where limited labeled data is 
available but graph structure can be observed or approximated. 

We also conduct experiments to test the performance of StratLearner and SocialLearner without training on the ER graph for the 
misinformation prevention problem. The results are displayed in Fig. 1. It is clear that when the number of sampled graphs is 

Table 4 
Results for the Misinformation Prevention on Pow Graph. Each cell shows the average ratio compared with the sample decision, together with the standard deviation 
(std). The total number of sampled graphs K is 100, 400, 800, and 1600, respectively.         

Training Number of sampled grpah  

Size n 100 400 800 1600    

270 0.707 (1E−2) 0.839 (6E−3) 0.881 (1E−2) 0.902 (8E−3) 
Strat-  540 0.686 (2E−2) 0.858 (8E−3) 0.878 (2E−2) 0.909 (9E−3) 
Learner  1080 0.680 (4E−2) 0.823 (2E−2) 0.890 (4E−3) 0.920 (7E−3)   

2160 0.682 (1E−2) 0.853 (2E−2) 0.889 (1E−2) 0.911 (3E−3)   
270 0.694 (2E−2) 0.936 (8E−3) 0.976 (3E−3) 0.976 (1E−3) 

Social-  540 0.697 (2E−2) 0.936 (1E−2) 0.978 (2E−3) 0.976 (1E−3) 
Learner  1080 0.688 (2E−2) 0.930 (4E−3) 0.978 (1E−3) 0.978 (1E−3)   

2160 0.710 (2E−2) 0.939 (6E−3) 0.978 (1E−3) 0.977 (2E−3) 
Other Method Random 0.047 (4E−3)   

Table 5 
Results for the source detection on ER Graph. Each cell shows the average ratio compared with the sample decision, together with the standard deviation (std). The 
total number of sampled graphs K is 100, 400, 800, and 1600, respectively.         

Training Number of sampled grpah  

Size n 100 400 800 1600    

270 0.570 (1E−2) 0.665 (9E−3) 0.682 (1E−2) 0.108 (2E−2) 
USCO-  540 0.585 (2E−2) 0.685 (2E−2) 0.664 (2E−2) 0.716 (2E−2) 
solver  1080 0.584 (5E−3) 0.688 (1E−2) 0.700 (2E−2) 0.707 (9E−3)   

2160 0.590 (1E−2) 0.595 (1E−2) 0.596 (1E−2) 0.859 (1E−2)   
270 0.563 (1E−2) 0.756 (1E−2) 0.859 (1E−2) 0.928 (2E−2) 

Social-  540 0.569 (2E−2) 0.763 (1E−2) 0.860 (1E−2) 0.945 (5E−3) 
Learner  1080 0.543 (3E−2) 0.775 (6E−2) 0.878 (1E−2) 0.985 (9E−3)   

2160 0.565 (2E−2) 0.761 (2E−2) 0.868 (1E−2) 0.931 (6E−2) 
Other Method Random 0.0003 (0)   

Table 6 
Results for the community protection on Col Graph. Each cell shows the average ratio compared with the sample decision, together with the standard deviation 
(std).         

Training Number of sampled grpah  

Size n 40 160 640 1600    

80 0.235 (1E−2) 0.293 (2E−2) 0.341 (6E−2) 0.411 (1E−2) 
USCO-  160 0.229 (3E−2) 0.280 (3E−2) 0.326 (3E−2) 0.438 (2E−2) 
solver  320 0.215 (1E−2) 0.288 (2E−2) 0.331 (6E−2) 0.429 (1E−2)   

80 0.396 (8E−2) 0.280 (2E−2) 0.411 (2E−2) 0.488 (3E−2) 
Social-  160 0.364 (8E−2) 0.357 (3E−2) 0.429 (1E−2) 0.527 (1E−2) 
Learner  320 0.368 (8E−2) 0.355 (6E−2) 0.467 (1E−2) 0.548 (2E−2) 
Other Method Random 0.0002 (0)   
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insufficient, the sampling method refined by SocialLearner does not necessarily perform better than the initial sampling method. 
However, with an increased number of sampled graphs, the quality of the sampling method refined by SocialLearner is improved 
significantly over the initial sampling method. Moreover, as the number of sampled graphs increases, the performance gap between 
SocialLearner and the initial method becomes larger. Another interesting observation is that increasing the number of sampled graphs 
from 100 to 400 significantly improves StratLearner’s performance without training. However, further increasing the number of 
sampled graphs beyond this point results in less noticeable performance gains. This suggests that both StratLearner and SocialLearner 
require a sufficient number of samples to reach optimal performance levels. 

Fig. 1. The results on the ER graph without training. Each subgraph is labeled by the value of K and n and displays the results of 10 repeated experiments without 
training for StratLearner and SocialLearner. The result indicates the ratio f x y G

f x y G
( , ˆ, )
( , , )

. 

Table 7 
Results for Memory and Time Costs on ER Graph. The memory cost is measured in MB, and the time cost is measured in seconds. The total number of sampled graphs 
K are 100, 400, 800, and 1600 respectively.             

Training   Memory Cost (MB)    Time Cost (S)   

Size n 100 400 800 1600 100 400 800 1600    

270  51.1  195.5  387.2  772.0  111.0  435.31  987.3  2070.4 
Strat-  540  53.1  197.9  390.1  776.4  665.2  197.9  1378.1  2677.3 
Learner  1080  56.8  202.7  396.4  784.9  294.4  1154.5  2331.5  3848.5   

2160  64.4  212.2  408.5  802.2  518.5  2177.4  4356.2  6819.1   
270  8.9  26.5  52.8  144.9  94.1  364.9  691.6  1493.9 

Social-  540  9.0  26.6  52.9  145.4  154.4  479.1  954.1  2069.4 
Learner  1080  9.4  27.1  53.2  145.4  222.8  609.6  1437.6  3260.7   

2160  10.1  27.7  54.2  146.0  358.5  1153.1  2301.4  4764.6 
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We also report the time and memory cost of the StratLearner and SocialLearner in Table 7 for the misinformation prevention 
problem. It is not surprising that the memory cost of SocialLearner is less than that of StratLearner since SocialLearner trains models 
with less training data and fewer sampled subgraphs. However, we are pleased to find that the time cost of SocialLearner is also less 
than that of StratLearner, even though SocialLearner trains multiple small models while StratLearner trains a single model. These 
results demonstrate that SocialLearner is more efficient than StratLearner. Additionally, we observe that the number of sampled 
graphs has a greater impact on time cost than the amount of training data. Increasing the number of sampled graphs significantly 
improves performance but also increases time cost. Therefore, a trade-off between effectiveness and efficiency must be considered. 

5.6. Real world application 

To further validate the scalability and real-world applicability of our proposed framework, we conduct experiments on three 
investigated problems on the real-world Twitter dataset (De Domenico et al., 2013), which is recorded in the following format. 

…(post_id, post_time, reply_id), , (post_id, post_time, reply_id)),

where each tuple (post_id, post_time, reply_id) represents an interaction that the user reply_id forwarded a tweet originally posted by 
user post_id. We treat both post_id and reply_id as nodes in a graph. If a tuple exists between two nodes, we create a directed edge 
from the source to the forwarding user. The resulting graph consists of 1699 nodes and 2420 edges. 

The diffusion time of an edge (u, v) is defined as the time difference between the earliest moment u received the tweet and the 
earliest moment v forwarded it from u. In addition, if an edge (u, v) appears multiple times, we select the smallest diffusion time. To 
formulate the propagation probability p, we first let count(u, v) denote the number of times the edge (u, v) appears in the dataset. We 
then define p * as the normalized frequency: =p* count u v

count e
( , )

max ( )
e E

. To reduce the sensitivity of p * to high-frequency edges while preserving 

informative variation at lower frequencies, we apply a square root transformation: =p p* . The procedures for generating the 
dataset and constructing the sampled graph follow the same methodology described in Sec 5.2. 

The results on the Twitter dataset are reported in Tables 8, 9, and 10. As expected, SocialLearner outperforms the baselines when 
provided with a sufficient number of sampled graphs. However, for source detection tasks, we observe that when the number of 
sampled graphs is small, SocialLearner performs worse than the USCO-solver. This highlights the importance of having enough 
sampled graphs to ensure robust performance, offering insight into practical deployment in real-world settings. Moreover, as the 

Table 8 
Results for the source detection on Twitter. Each cell shows the average ratio compared with the sample decision, together with the standard deviation (std). The total 
number of sampled graphs K is 100, 400, 800, and 1600, respectively.         

Training Number of sampled grpah  

Size n 100 400 800 1600    

270 0.866 (2E−2) 0.895 (5E−2) 0.882 (4E−2) 0.908 (8E−2) 
USCO-  540 0.833 (5E−2) 0.900 (7E−2) 0.881 (9E−2) 0.855 (9E−2) 
solver  1080 0.886 (1E−1) 0.905 (8E−2) 0.887 (3E−2) 0.814(1E−2)   

2160 0.874 (7E−2) 0.870 (6E−2) 0.904 (6E−2) 0.866(9E−2)   
270 0.694 (2E−2) 0.870 (3E−2) 0.954 (4E−2) 0.979 (3E−2) 

Social-  540 0.677 (3E−2) 0.858 (2E−2) 0.980 (3E−2) 0.977 (2E−2) 
Learner  1080 0.687 (2E−2) 0.843 (1E−2) 0.950 (3E−2) 0.970 (2E−3)   

2160 0.714 (3E−2) 0.857 (3E−2) 0.939 (3E−2) 0.987 (2E−2)    

Table 9 
Results for the misinformation prevention on Twitter. Each cell shows the average ratio compared with the sample decision, together with the standard deviation (std). 
The total number of sampled graphs K is 100, 400, 800, and 1600, respectively. OT indicates that training could not be completed within 4 h on our 128-core CPU 
server—more than twice the time required by SocialLearner.         

Training Number of sampled grpah  

Size n 100 400 800 1600    

270 0.266 (5E−3) 0.325 (8E−3) 0.331 (9E−3) OT 
Strat-  540 0.265 (8E−3) 0.313 (1E−2) 0.315 (1E−2) OT 
Learner  1080 0.267 (8E−3) 0.313 (2E−2) 0.323 (6E−3) OT   

2160 0.271 (5E−3) 0.317 (5E−3) 0.322 (8E−3) OT   
270 0.641 (5E−3) 0.912 (4E−3) 0.938 (9E−3) 0.947 (6E−3) 

Social-  540 0.650 (1E−2) 0.920 (1E−2) 0.943 (5E−3) 0.938 (9E−3) 
Learner  1080 0.642 (1E−2) 0.912 (1E−2) 0.930 (1E−2) 0.941 (1E−2)   

2160 0.634 (1E−2) 0.904 (1E−2) 0.934 (2E−2) 0.937 (1E−2)    
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graph size increases, the memory requirements and running time of StratLearner grow significantly, making it unable to find solu
tions within a reasonable time compared to SocialLearner. This further demonstrates the efficiency of SocialLearner. 

6. Conclusion 

In this paper, we introduce SocialLearner to solve the social influence risk management tasks. SocialLearner employs a two-step 
methodology inspired by ensemble learning, which enhances objective function estimation while reducing computational overhead 
without compromising accuracy. These advantages make SocialLearner a reliable alternative to current state-of-the-art approaches. 
Experiment results also demonstrate that SocialLearner outperforms current methods across multiple social networks and tasks. This 
highlights its potential for practical applications such as preventing misinformation, detecting sources, and protecting communities. 
For future research, we will explore generalizing SocialLearner to larger graphs, expanding its applicability to larger and more 
practical social structures, such as Facebook. Additionally, our current setting of generating training data selects nodes from a 
uniform distribution. An important direction for future research involves adapting SocialLearner to scenarios where nodes are 
sampled from imbalanced distributions, thereby better reflecting real-world social network characteristics. 
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