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Analyzing the Use of Time-based User Behavior Data to
Improve the Performance of Graph Neural Network-based
Recommendation Systems
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Abstract

The evolution of mobile devices has led to leaps and bounds in this industry, allowing users to get
recommendations more easily than ever before. However, in the case of incorrect recommendations, the quality of the
user experience is compromised. In order to overcome this problem, this study analyzed the effect of time-based data
on the recommendation system through experiments in order to more accurately recommend items that users currently
want. The experimental results showed that the F1 and Precision@20 scores were higher using only recent data than
using all data, but the Recall@20 score was lower. Inferring from these results, we found that to improve the
prediction accuracy of items desired by current users, it is better to learn by classifying data based on time rather
than the number of data.
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Fig. 1. Graph-based recommendation system structure and flow
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& 4. 2E0| A8 m100k 71zt mi-100k 2 506 | 1558 | 19548
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Precision@K = Y | Rw) 0 R(w)| (1)

| Ul use U |R(1/t |
Recatiaf — - Ly R0 N R 0
|U | =, R
F=2x preision X recall G)

preision +recall

7. AZH 4ol whE mi-100k F1 A
Table 7. m-100k F1 score over time

model 1 2 3 4 5

CDAE 0247 | 0244 | 0222 | 0215 | 0.102

ConvNCF | 0.102 | 0.106 | 0.099 | 0.104 | 0.057

DGCF 0.164 | 0.134 | 0.125 | 0.128 | 0.082

DMF 0.136 | 0133 | 0.114 | 0.115 | 0.080

ENMF 0242 | 0253 | 0226 | 0220 | 0.095

FISM 0.142 | 0.140 | 0.114 | 0.116 | 0.081

GCMC 0.047 | 0047 | 0032 | 0029 | 0.014

ltemKNN | 0254 | 0249 | 0212 | 0.206 | 0.089

LightGCN | 0.137 | 0.132 | 0.116 | 0.119 | 0.076

LINE 0.192 | 0.166 | 0.105 | 0.099 | 0.058

MacridVAE | 0257 | 0253 | 0218 | 0214 | 0.094

MultiDAE | 0257 | 0264 | 0227 | 0211 | 0.087

MulivVAE | 0257 | 0263 | 0226 | 0.220 | 0.089

NAIS 0215 | 0230 | 0207 | 0202 | 0.092

NCEPLRec | 0.161 | 0.149 | 0.108 | 0.101 | 0.042

NeuMF 0225 | 0223 | 0209 | 0210 | 0.100

NGCF 0220 | 0.191 | 0192 | 0.181 | 0.095

NNCF 0229 | 0047 | 0031 | 0030 | 0.02%6

Pop 0.059 | 0052 | 0.055 | 0063 | 0.034

RecVAE | 0260 | 0267 | 0234 | 0234 | 0.095

SGL 0258 | 0253 | 0225 | 0223 | 0.105

SimpleX 0244 | 0233 | 0210 | 0.208 | 0.092

SpectralCF | 0.130 | 0.135 | 0.114 | 0.117 | 0.074
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¥ 8 Azt Aol wE m-1m F1
Table 8. mi-1m F1 score over time

model 1 2 3 4 5
CDAE 0229 | 0237 | 0219 | 0211 | 0084
ConvNCF | 0.106 | 0.109 | 0.125 | 0127 | 0.057
DGCF 0040 | 0.028 | 0.022 | 0.023 | 0012
DMF 0.113 | 0.112 | 0.104 | 0.102 | 0.060
ENMF 0238 | 0241 | 0230 | 0216 | 0.085
FISM 0.114 | 0.115 | 0.104 | 0.100 | 0.060
GCMC 0.036 | 0.036 | 0030 | 0.028 | 0.020
[temiKNN 0231 | 0232 | 0208 | 0.193 | 0.082
LightGCN | 0.075 | 0.099 | 0.074 | 0.090 | 0.048
LINE 0.030 | 0033 | 0.022 | 0028 | 0.022
MacridVAE | 0220 | 0228 | 0214 | 0202 | 0.070
MUtiDAE | 0235 | 0244 | 0219 | 0209 | 0.092
MultiVAE 0235 | 0236 | 0218 | 0201 | 0092
NAIS 0211 | 0215 | 0201 | 0.190 | 0078
NCEPLRec | 0.177 | 0.189 | 0.183 | 0.182 | 0.049
NeuMF 0.184 | 0177 | 0150 | 0.134 | 0072
NGCF 0.149 | 0.140 | 0.130 | 0.120 | 0.064
NNCF 0.036 | 0036 | 0.030 | 0.028 | 0.020
Pop 0.106 | 0.110 | 0.103 | 0.097 | 0057
RecVAE 0252 | 0261 | 0239 | 0230 | 0092
SGL 0230 | 0242 | 0224 | 0213 | 0.093
SimpleX 0214 | 0206 | 0171 | 0.152 | 0084
SpectralCF | 0.113 | 0.114 | 0.103 | 0.099 | 0.059
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