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Review of Information Cascade Prediction Methods Based on Deep Learning
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Abstract Online social media greatly promotes the generation and transmission of information, exacerbates the communication
and interaction between massive amounts of information,and highlights the importance of predicting information cascades. In re-
cent years.deep learning has been widely used in the field of information cascade prediction. This paper mainly classifies,sorts,
and summarizes the current research status of deep learning-based information cascade prediction methods and classic algorithms.
According to the different emphasis of information cascade feature characterization, the information cascade prediction method
based on deep learning is divided into time series information cascade prediction method and topology information cascade predic-
tion method. The time series information cascade prediction method is further divided into methods based on random walks and
methods based on diffusion paths,and the topology information cascade prediction method is divided into methods based on global
topological structure and methods based on neighborhood aggregation. This paper details the principles and advantages and disad-
vantages of each type of method,and introduces the data sets and evaluation indicators commonly used in the field of information
cascade prediction,and compares the information cascade prediction algorithms based on deep learning in the macro and micro in-
formation cascade prediction scenarios,and discusses some technical details commonly used in information cascade prediction al-
gorithms. Finally, this paper summarizes the field possible future research directions and development trends.
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Fig. 2 Time series information cascade prediction model
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Fig.4 Topological information cascade prediction model
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Table 3 Commonly used information cascaded prediction dataset

Dataset Literature Mission V| |E| Training set Validation set Test set
Twitter X k[66] % M A 137093 3589811 26871 1574 6663
Sina Weibo X k[35] % F B 10077 11956 38576 8266 8266
AMINER X wk[33] % b b A 131415 842542 34347 7428 7337
APS Xurl27] AT N 13945 15508 24658 5254 5279
HEP-PH Xk[67] AT B A 34546 421578 3478 848 848
Memetracker X it [68] R 5000 313669 N/A N/A N/A
Digg Xkl[69] S b 279632 2617993 N/A N/A N/A
BlogCatalog Xk[70] kSl 10312 333983 N/A N/A N/A
Flickr Xwk[70] R T 80513 5899882 N/A N/A N/A

T 22 il B P 2R I B SR A AT R TR s B o 3 RN/ A SRR AR R SRR
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4 RIE B GBI J7 1k 5256 %) L

Table 4 Experimental comparison of macro information cascade prediction methods

ok Tk Wk & X L& & XA #HAE & MSLE

3T B Bk DeepCas Xk[33] 2017 GRU, & 4 L # Sina Weibo 3.107
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Table 5 Experimental comparison of micro information cascade prediction methods
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