$£15% H54 q] B I E MNE KA 2025 &5 A
Vol.15 No.5 Intelligent Computer and Applications May 2025

WA ERE, A FETEEEEURIS S XGBoost UALAZ M4 mAT UM A [ 1], B feitEayl5 N ,2025,15(5) ;
21-27. DOI.: 10. 20169/j. issn. 2095-2163. 250503

ETHRBEEXELEE XGBoost B9+t 2z W 48 it 17 & Tl & 7%

EEF, TRE, ®ER
(AR K 20, B 210023)

. XU R A S AR T IRAT B BN B A A, Z B T E . AR B B AR A i
PR T R TR S XGBoost AT FRAT BE TN W . 7E 50 dE WAL FE R B, {6 K—means++ R85 K35 14
T R 1 D9 S ] (] R (4 7 2 3 1 e 3] WA 4B R R e AT R 2 A5 3 T &GRS T I 2 P4 TERRIFFE IR B,
PEEUT M85 e 22 B) AT X5t a] (R B G i e 810 28 — Uk B A %) st () () o | 5 s 1) 180 B %) 3 A 7 B2 SR T e 8 R L A 7 8 3t
G AVE R B B P R 5 BRI T B & FHP I — AR JE v s R SO e i R SR T 1 N IR T R AL R AR
HSF IR BE  VE D s B S5 R RRAE . B 2 ZSHRAE BB IR & 15 BIRE A YRR, 7E B I 2B B, 2R Al XGBoost £E 2% >
PIREZREAT [0 I 24 2 26 AN [A) 48 T AS BIRRAT BE TS Y I 5 7E BT VR AR R A AT 5055, S0 UE T A SCRIRTE
MSLE Fl mSLE 8 %5 L WA R0

K8 WATEET ; {3 B AEER; K-means++33%; FHFIREL; XGBoost B

FE5 RS TP391 XEARER . A XEHS: 2095-2163(2025)05-0021-07

Social network popularity prediction algorithm
based on propagation model clustering and XGBoost

HUANG Dewei, WANG Youguo, HOU Haojie

(School of Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract; Predicting the popularity of social media, with Weibo as a representative, holds significant value and has garnered
widespread attention. This paper addresses the heterogeneity among information propagation patterns and proposes a Weibo
popularity prediction algorithm based on propagation model clustering and XGBoost. In the data preprocessing stage, the K-means++
clustering algorithm is employed to cluster Weibo propagation patterns based on the increment sequence of retweets with equal time
intervals within the early retweet window. This results in training subsets for different propagation patterns. In the feature extraction
stage, temporal features for Weibo data are extracted, including the average time interval between adjacent retweets, the time
interval from the initial post to the first retweet, popularity accumulation sequences at equal time intervals, and popularity increment
sequences. Additionally, structural features for Weibo data are extracted, such as the first—order neighbor count of the initial user,
the leaf node count of Weibo retweets, the popularity within the observation window, and the average depth of retweet paths. These
two categories of features are concatenated to create the sample’s feature set. During the offline training phase, regression learning is
carried out using the XGBoost ensemble learning framework to obtain Weibo popularity prediction models on different subsets.
Finally, experiments are conducted on a Sina Weibo retweet dataset to validate the effectiveness of this algorithm in terms of the
MSLE and mSLE metrics.
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Fig. 1 Flowchart of Weibo popularity prediction algorithm
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