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Figure 1 Rating prediction framework based on sentimental attention of review text
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Table 1 Statistical information of experimental dataset
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crack stress intensity factor was formed, and the general program suitable for general finite element method was
written to analyze the unidirectional tensile model of an infinite plate with a central crack. By changing the
mesh size and crack angle to analyze the influence of crack stress intensity factor, the stress intensity factor
values of type I, type II and type I, II composite cracks obtained by the algorithm were compared with the the-
oretical values. With the decrease of mesh size, the stress intensity factor values of type I and type II obtained
by S-XFEM approached to the exact solution continuously. With the increase of crack degree, the stress inten-
sity factor value of type I increased continuously, and the stress intensity factor of type II increased first and
then decreased with the angle.The larger the angle was, the closer the crack was to the type I crack. There-
fore, the stress intensity factor calculated by the S-XFEM had high accuracy and good adaptability.Secondly,
on this basis, the crack propagation criterion was introduced, and the MATLAB programming was used to
study the crack propagation path of four-point bending experimental model of the plate with side cracks and the
beam with holes. The results showed that the crack propagation path obtained by this example was consistent
with that obtained by references. Finally, in this paper, S-XFEM was used to study the crack propagation,
compared to using other methods for crack propagation research, it was not necessary to re-divide or encrypt
the grid in the area near the crack,which would make the analysis process more simple, improve the computa-
tional efficiency.

Keywords: smooth-extended finite element method ; stress intensity factor; crack propagation; numerical sim-

ulation; MATLAB programming
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Research on Recommendation Method Based on Sentimental Attention of Review Text

ZHENG Jianxing', GUO Tongtong', SHEN Lihua®, LI Deyu'

(1.College of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2.Shanxi Information Industry
Technology Research Institute Co., Ltd., Taiyuan 030012, China)

Abstract: Recommendation methods of deep learning-based on review text mainly means to describe the fea-
ture information of users and items by terms of review texts, by rating relationship between users and items to
improve the recommendation performance. Existing studies ignore the interpretable contribution of sentimental
features on the rating prediction. To solve this problem, by incorporating the roles of review text and sentimen-
tal polarity orientation in the embeddings of users and items, respectively, a sentimental attention recommen-
dation method was proposed based on review text ( IncorRAS-Rec) ; Firstly, CNN ( convolutional neural net-
work ) was used to handle review sets for users and items, represent the review features of users and items,
and obtain relevant users features and items features; Then, by combining users’ rating preference for items,
users and items embedding with reviews’ sentimental features were learned. Secondly, by aggregating reviews’
relevant sentimental feature information for users and items in terms of attention mechanism, the embeddings of
users and items were learned; Finally, the users ratings on the items were predicted based on users and items
embeddings together with their bias information. The experimental comparison and analysis were carried out on
public Amazon datasets, to evaluates the effectiveness of the model performance. Experimental results showed
that the proposed IncorRAS-Rec model not only could outperform other traditional methods in terms of RMSE
(Root mean square error) and MAE( Mean absolute error) metrics, but also implement the explanatory role of
sentimental features in rating prediction.

Keywords: review text; sentimental features; attention mechanism; recommendation



