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One of the most important issues in large social networks is
identifying influential users to maximize the diffusion of news and
messages which is popularly known as the Social Influence
Maximization Problem (SIM Problem). The success of the diffusion
process in these networks depends on the influential users’
selection mechanism. On the other hand, with the increase in
growth rate and data size in the graph of large social networks, one
of the main challenges is the large number of nodes and edges
which makes any processing problematic. Implementing
traditional methods on large graphs with high-dimensional data is
difficult and time consuming, and more efficient methods must be
used. In this paper, a new method for reducing the graph size of
social networks using deep learning is proposed, followed by
providing a novel and effective solution to the Social Influence
Maximization Problem by considering the minimum overlap
between nodes. The findings of the simulation in the real world
show better performance of the proposed method in terms of
execution time and spread of influence than traditional techniques.
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EXTENDED ABSTRACT

Introduction

With the emergence of social networks in recent years, studying, processing and
extracting available information in these networks has attracted the attention of many
researchers. This information has various applications in numerous industries and
businesses, and is used by various stakeholders. One essential aspect is the identification
of influential users in the network or the problem of maximizing the impact in social
networks due to its importance in various applications such as viral marketing, targeted
advertising, and recommendation systems. Personalized messages and the selection of
influential Twitters have been the focus of researchers and various solutions have been
proposed in recent years.

With the growth of the scale of social networks and the increase in the number of
networks users, which sometimes reach over hundreds of millions of people, and the
increase in data dimensions, the graphs produced to display these networks are very
complicated and the implementation of traditional methods on these very large graphs is
practically impossible and time-consuming. Therefore, it is necessary to use techniques
that increase processing speed of operations on these graphs and increase computational
efficiency. In this article, a new method, called DeepMCIM, is presented, which uses deep
learning (sparse autoencoder) to extract the structure of the graph and then identify the
effective nodes on it.

Methodology
In this article, after pre-processing the data using the sparse autoencoder, the features
and the main topology of the graph were extracted. Then, with the aid of the MCIM
algorithm, the operation of identifying the effective nodes was carried out considering the
overlap of the nodes. The sparse autoencoder greatly reduced the number of parameters
required for training, simplified the training process, and overcame the problem of local
minima and the problems of traditional autoencoders.
In general, the proposed method, called the DeepMCIM algorithm, can be summarized
as follows:
1- Data preprocessing, including obtaining the adjacency matrix as well as the
adjacency matrix of second-order neighbors.
2- Reducing the dimensions of the main graph and extracting its topology using
sparse autoencoder.
3- Identification of effective nodes using multi-criteria influence maximization
(MCIM) algorithm.

Results and discussion
To evaluate the proposed method (DeepMCIM), it was compared with MCIM, HC, K-
SHELL and distance-based coloring method with degree centrality criterion (DCD). 4 real
world datasets were used as follows:
- Gnutella dataset
- Pretty Good Privacy (PGP)
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- Astro (AST) dataset
- Twitter (TWT) dataset

In the first test, the influence spread of the proposed method (DeepMCIM) and other
methods were compared on different datasets. The size of the initial basket in this
experiment was fixed and equal to 40 for all algorithms. In addition, the UM method was
used to determine the value of {3, and its value was considered equal to 0.06 for all. The SIR
diffusion model was used to evaluate the diffusion capability of the primary portfolio in
different ways. For this purpose, the nodes belonging to the initial basket set were first
placed in the I state and the other nodes in the S state, and the expansion process was
started by this model. At the end of the process, the number of nodes that were in the R
state was considered as the expansion of the initial basket collection.

The results of the tests showed that the influence spread of the proposed algorithm
was better than other methods. Experiments demonstrated that in the Twitter dataset
(TWT), which had more nodes and a larger graph than the other datasets, the performance
difference of the proposed algorithm was greater than other competitors (Figure 1).

In the second experiment, the proposed method was compared with the above
methods in terms of execution time. The results can be seen in Table 1. An increase in the
size of the data set, noticeably increased the efficiency of the proposed method in terms of
execution time compared to other methods, particularly in the AST and TWT data sets.

Tablel. Comparison of execution time (in milliseconds) of the proposed method and other
methods in the real world data set.

DEEP-MCIM MCIM DCD HC K-SHELL Dataset
102 171 149 9125 41 Gnutella (GLA)
Pretty Good
210 262 236 7936 12 Privacy (PGP)
5962 9378 9216 85432 98 Astro (AST)
4215 7363 8456 36213 36 Twitter (TWT)
Conclusion

In the present research, a new method for extracting the important features of the
social network graph was presented, and using deep sparse autoencoders, the topology
of the network was extracted performing the operation of reducing the dimensions of
the graph. Then, by considering the direct neighbors and second-degree neighbors and
using the graph adjacency matrix through the MCIM method, influential nodes were
identified. The proposed method was compared and evaluated with 4 other methods
(MCIM, DCD, HC, K-SHELL) on the real-world data set. The results of the simulation
confirmed the better performance of the proposed method compared to the other
methods in terms of execution time and influence spread. In particular, when the size of
the dataset was large and had a large number of nodes and edges, and the size of the
initial basket was high, the performance of the proposed method was far superior to the
other methods. However, for small graphs and with the size of the initial basket, this
difference in performance was not very noticeable because in all these methods, usually,
the initial elements of the basket are sorted and selected based on centrality criteria
such as degree. In addition to the overhead it created, the size reduction operation did
not make a noticeable difference to the final results.
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