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Hybrid recommendation model based on graph convolution network
integrating multi-source heterogeneous data

LIU Ming, HE Lili, ZHENG Junhong

(School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract: The recommendation system allows users to pick out what they really need in an environment of massive data. In order to
fully reflect the personal preferences of users and improve the accuracy of recommendation, this paper proposes a hybrid
recommendation model (MHDGCN) that integrates multi—source heterogeneous data based on graph convolutional neural network.
Firstly, the model integrates the ratings, comments and social network dynamic data of users and converts them into feature vectors.
The feature vectors are aggregated and weighted using the graph convolutional neural network. Then transformer is used to
redistribute the aggregated weight coefficients. Finally, the aggregated feature vectors are optimized to obtain the recommendation
results. Comparison experiments on real datasets show that MHDGCN is superior to the baseline method in accuracy rate, recall rate,
Mrr, hit rate and NDCG, which verifies the effectiveness of the model.
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Table 1  Statistics of datasets
BamEAT P LT WHER W/ %
Kindle_Store 68 223 61 935 982 619 99.97
Videos_Games 24 303 10 672 231 780 99.91
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Table 3 Experimental results of Videos_Games

N

Y ks
5 10 15

20

25 30 35 40 45 50

NGCF Recall@e N 0.1130 0.1787 0.230 6
MRR@N  0.4109 0.4291 0.4341

Hit@ N 0.6095 0.7450 0.808 5

NDCG@N 0.2509 0.2439 0.2425

Precision@ N 0.2193 0.180 6 0.158 7

LightGCN Recall@e N 0.1051 0.1778 0.228 5
MRR@N  0.406 9 0.4270 0.4324

Hit@e N 0.616 8 0.740 8 0.800 4

NDCG@N 0.246 6 0.2355 0.2425

Precision@ N 0.2196 0.1785 0.158 3
LightGCN-s  Recall@ N 0.1251 0.196 0 0.248 5
MRR@N  0.4358 0.4550 0.460 3

Hit@ N 0.6386 0.7682 0.8356

NDCG@N 0.270 8 0.263 4 0.267 0

Precision@ N 0.236 2 0.1932 0.168 1

GCACF Recall@e N 0.1415 0.2007 0.2527
MRR@N  0.4379 0.461 1 0.463 4

Hit@ N 0.6479 0.7775 0.846 5

NDCG@N 0.270 8 0.264 4 0.269 6

Precision@ N 0.233 8 0.1933 0.170 3

MHDGCN Recall@ N 0.157 6 0.2253 0.262 3
MRR@N 04406 0.4631 0.4064 4

Hit@ N 0.6794 07910 0.847 2

NDCG@N 0.2714 02714 02732

Precision@ N 0.2452 0.1995 0.174 3
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0.1402 0.1320 0.1218 0.1139 0.1089 0.101 2 0.098 4

0.2692 0.2982 0.3365 0.3652 0.3919 0.4164 0.4342

0.4352 04362 04305 0.4340 0.4269 0.4320 0.4306
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02807 02982 03096 03112 03190 03316 03366
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Table 4 Effects of different polymerization orders on recommendation performance

Kindle_Store

Videos_Games

R Eicza
1 2 3 4 1 2 3 4
MHDGCN Recall@ 5 0.125 1 0.143 7 0.148 5 0.150 8 0.128 2 0.136 0 0.140 5 0.143 3
Precision@5  0.221 0 0.227 9 0.233 8 0.234 6 0.211 4 0.217 5 0.2215 0.2229
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Fig. 8 Ablation experiments
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