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__
Machine learning 0.038 0.039 Chen, W 0.083
Deep learning 0.029 202 0.035 Tang, F X 0.039
EXU COVID-19 0.021 379 0.027 Zhao Z 0.035
China 0.014 56 0.025 Oh, Y 0.027
Optimization 0.012 216 0.023 Zhou, J 0.025
Machine learning 0.030 97 0.028 Moayedi, H 0.045
COVID-19 0.017 459 0.028 Allam, Z 0.028
EX W) Deep learning 0.015 50 0.026 Huang, M H 0.028
Optimization 0.011 176 0.026 Wahab, O A 0.028
Artificial neural network 0.011 91 0.023 Wang, T 0.026
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Deep learning 0.019 338 0.034 Sands, T 0.034
T3 Artificial neural network 0.015 130 0.032 Wu, M H 0.034
Neural networks 0.013 295 0.030 Dehghani, M 0.032
Internet of Things 0.009 328 0.030 Huang, M H 0.030
Machine learning 0.027 37 0.031 Wang, J J 0.031
Deep learning 0.024 260 0.031 Lee, H 0.031
A4 Internet of Things 0.013 410 0.026 Costache, R 0.026
Convolutional neural network 0.011 354 0.024 Hussain, T 0.026
Optimization 0.009 17 0.022 Duan, J J 0.024
Machine learning 0.040 26 0.027 Bui, DT 0.051
Deep learning 0.018 85 0.025 Lv,Z H 0.034
ER] Internet of Things 0.016 102 0.025 Wang, X F 0.034
Edge computing 0.016 373 0.025 Nhu, V H 0.027
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Trust Evaluation Scheme in Sensor—Cloud—Enabled Industrial Internet of Things” ( SCHRIT 5 176 ) %,
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Research on Topic Recognition of Scientific
and Technological Literature Based on
Heterogeneous Information Network

Xi Chongjun Xu Zhenzhen Liu Wenbin Ding Kai

(Institute of Scientific and Technical Information of China, Beijing 100038, China)

Abstract: [ Purpose/significance ] The research on topic recognition of scientific and technological
literature is of great significance for grasping the research focuses and hotspots in the field of science and
technology, and revealing the development trend and evolution trend in the field. Traditional topic recognition
research is mostly based on the homogeneous information network of scientific and technological documents,
which is difficult to express the rich object types and complex semantic relations in the scientific and
technological document system. [ Method/process ] This paper uses heterogeneous information networks to
express the rich semantic relations among various types of objects in the scientific and technological literature
system, and converts them into the form of high-order tensors, and uses non-negative tensor decomposition
algorithms to perform topic mining on them. [ Result/conclusion ] The experimental results show that,
based on the heterogeneous information network, it is possible to carry out deeper topic recognition of
scientific and technological literature. The non-negative tensor decomposition algorithm is convenient and fast
when processing heterogeneous information networks, and it can reduce the loss of semantic information.

Keywords: Topic recognition; Heterogeneous information network; High-order tensor; Non-negative tensor

decomposition; Artificial intelligence
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