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Abstract

The explosive growth of news information on the internet has made personalized news recom-
mendation increasingly important for helping users quickly find news articles of interest. Most
mainstream news recommendation methods currently rely on static data, overlooking dynamic
information that could indirectly reflect user interests in news, such as the time users spend
reading news articles. To address this issue, this study proposes a time-sensitive heterogeneous
graph similarity neural network model (TSHGSN) based on the GNewsRec model. The TSHGSN
model incorporates user reading time weights into the learning of news features using CNN, and
utilizes LSTM to learn the sequence features of user-clicked news as short-term user preferences.
Additionally, it constructs a heterogeneous graph to model user-news-topic relationships and ag-
gregates node representations of candidate news features and user long-term preferences using a
novel neighbor sampling method. Finally, the model separates user short-term and long-term in-
terests from candidate news for relevance calculation, with the aim of adaptively adjusting the
importance of short-term and long-term interests in user modeling. Experimental results show
that compared to the GNewsRec model, this model achieves approximately a 4% improvement in
the AUC metric.
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Figure 1. The overall framework of the proposed model
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Figure 2. Title sequence of news read by user
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Figure 3. User long-term preference
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Table 1. Description of experiment datasets
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Table 2. Performance comparison of different models

2. MERISTEE

- Adressa-1week Adressa-10week
AUC F1 AUC F1

Wide & Deep 68.35 69.33 73.28 69.53
DeepFM 69.23 62.01 74.04 65.82
DKN 75.57 76.95 74.32 72.29
DAN 75.93 74.01 76.76 71.64
GNewsRec 81.26 82.85 78.62 81.01
GNUD 84.01 83.90 83.21 81.09
TSHGSN 85.37 84.93 84.16 82.02

3.3. BRI

AT Z UL, DAIRAIE S H06 9206 45 B2, 76 Adressa-lweek. Adressa-10weeks #i#i#E
I3 BRI A )1 R A URE A [ 12 K S O S0 45 SR K 52 AT GSN 2 B0 S 5645 5 I 52

Table 3. Experimental results of different negative sample reading time values
= 3. TR LA (8] BUE

. Adressa-1week Adressa-10week
Y
AUC F1 AUC F1
TSHGSN_g 90001 79.94 79.29 78.84 77.98
TSHGSN_, 82.37 81.63 81.21 80.28
TSHGSN_; 85.37 84.93 84.16 82.02
Table 4. Experiment results of different GSN layers
= 4. IN[E GSN BN AR
. Adressa-1week Adressa-10week
T
AUC F1 AUC F1
TSHGSN_,; 80.09 78.73 80.57 77.61
TSHGSN., 85.37 84.93 84.16 82.02
TSHGSN_; 81.92 80.76 80.23 79.37

I ZREE A REAS AN]SR X S8 45 SIS i 22 3 frs, e 3 nf &M, A SCMEL 7 =% H
S5y 7l 0.00001, 0, —1. 4% 0.00001 F1 0 I, HBREHTHESE b KFEm, S /aEA12:
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Figure 5. Variation curve of learnable parameter a
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2) TSHGSN gyor 7675 M TSHGSN A5 704 B 3 45 4 13l 27

3) TSHGSN _ggy /1% F 87 380 1) ~F- 35 48 J KA 7 1

HHEAILE Adressa-1week 1 Adressa-1week SEIG IFEARE N4 5 s, R BEFANRME. HE
5 A&, 24 TSHGSN MR B K AE 5, AUC A1 FL H IR N I8, X3 B B sz [ i K T LA
IR PR B R, BENS R A v M. 24 TSHGSN A T 7 48 1 4 R B S, AUC
FFL FPEL) 2%, X R P RADGER ARG A, RIS R A N RN DR . Y
TSHGSN Mif% GSN J&, fHAFHIMES AR, AUC A FL FRET 1%, iXI36IF GSN % TSHGSN (14
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Table 5. Result of ablation experiment
5. HRAKIOZAR

. Adressa-1week Adressa-10week
(s
AUC F1 AUC F1
TSHGSN ime 83.16 82.29 80.94 79.87
TSHGSN hort 83.45 82.55 81.76 80.82
TSHGSN gsn 84.58 83.95 83.32 81.29
TSHGSN 85.37 84.93 84.16 82.02
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