e Scientific Journal of Electronic & Cyber Defense Q

Electronic and Cyber

Deere Vol. 12, No. 1, Spring 2024, Serial No. 45 U4

Imam Hossein

ISSN: 2322-4347 , E-ISSN: 2980-8979 nersiy

Classification of nodes in citation graphs using graph neural networks
H. Hosseini , M. Mirzaee, M.A.Javadzadeh”
* Assistant professor, Imam Hossein University , Tehran, Iran
(Received: 2023/12/26, Revised: 2024/04/13, Accepted: 2024/05/03, Published: 2024/06/02)
DOR: https://dorl.net/dor/20.1001.1.23224347.1402.11.4.10.7

ABSTRACT

Graphs are data that describe complex relationships between different things in the real world, such as the Internet,
social network, bibliographic network, and so on. One of the things that many people deal with today is online social
networks. The graph display of online social networks such as Twitter, WeChat and Facebook is not possible today
with less than billions of nodes, and for this reason, the study of large-scale network data has become a necessity for
researchers. Regarding social networks, online users often have limited information; But for social media service
providers, user node information such as interest, beliefs, or other characteristics are very important to customize
their services for users in many applications such as recommendations and personalized search, making it a chal-
lenge for service providers. An effective way to deal with this challenge is to infer missing user information using per-
vasive network structures in social media. One of the most important inferences in data mining and network analysis
is node classification, which aims to infer the missing labels of nodes based on labeled nodes and network structure.
In this research, we have performed the task of node classification on the PubMedDiabetes, CiteSeer and Cora cita-
tion network datasets using GraphSAGE, GCN and GAT neural networks and we have generally concluded that the
GraphSAGE neural network on the network datasets The cited reference works well for the node classification task.
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