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Protein Binding Site Prediction by Integrating Attention Mechanism and

Multi-scale Information

LU Shuai"?, YIN Shuailing’, YUAN Mengchao'*>, WU Di"*, ZHOU Qinglei'*"’

(1. School of Computer Science and Artificial Intelligence, Zhengzhou University, Zhengzhou 450001, China; 2. National Supercom-
puting Center in Zhengzhou, Zhengzhou University, Zhengzhou 450001, China; 3. School of Cyber Science and Engineering, Zheng-
zhou University, Zhengzhou 450002, China)

Abstract: To effectively address the issues of noise interference and insufficient multi-scale information within 3D
U-Net for protein binding site prediction, a novel model named AMPocket was proposed which incorporated both at-
tention mechanisms and multi-scale information to improve the accuracy of binding site prediction. AMPocket ini-
tially employed squeezed attention mechanism that enabled the model to focus on the most critical channels of pro-
tein features while diminishing the impact of irrelevant channels, thereby enhancing segmentation accuracy. Addi-
tionally, the multi-scale information was introduced to the encoder component, allowing the model to capture fea-
ture representations at various levels and thus obtained more comprehensive and robust spatial information. The ex-
perimental results demonstrated that AMPocket achieved superior predictive performance across four widely used
test sets, in particular, the DCC success rate and DVO metrics on the SCO6K dataset outperformed all other compe-
ting methods by 93. 04% and 55. 01% respectively, with a smaller number of parameters. It indicated that the mo-
del had better predictive performance.

Keywords: protein binding site prediction; 3D U-Net; squeezed attention mechanism; multi-scale information

noise interference

(355 17 7))
Analysis of Precipitation Variability in Sanmenxia Reservoir Area Based on

Innovative Trend Analysis Methods

TAO Jie"?, WEI Weijia', ZHANG Yushun®, XU Linjuan®>°, ZUO Qiting'"

(1. School of Water Conservancy and Transportation, Zhengzhou University, Zhengzhou 450001, China; 2. Henan International Joint
Laboratory of Water Cycle Simulation and Environmental Protection, Zhengzhou 450001, China; 3. Henan Provincial Water Conservan-
cy Science and Technology Application Center, Zhengzhou 450000, China; 4. Yellow River Institute of Hydraulic Research, YRCC,
Zhengzhou 450003, China; 5. Key Laboratory of Lower Yellow River Channel and Estuary Regulation, MWR, Zhengzhou 450003,
China; 6. Yellow River Laboratory, Zhengzhou 450003, China)

Abstract. In response to the unclear mechanism of precipitation variation in the Sanmenxia Reservoir area of the
Yellow River Basin and the difficulty of traditional trend analysis methods in capturing internal structural changes in
the sequence, innovative trend analysis (ITA), innovative polygon trend analysis (IPTA), and innovative trend
pivot analysis method (ITPAM) were comprehensively applied to systematically analyze the multi-scale variation
characteristics of the precipitation sequence at the Sanmenxia weather station from 1957 to 2020. And they were
compared with traditional trend testing methods such as the Mann-Kendall trend test. The results showed that both
the annual precipitation at the Sanmenxia weather station and the high-value category showed a significant downward
trend, with a statistic S=~-1. 031. The overall change in the monthly average precipitation over many years was re-
latively uniform, but from July to September, a compound pattern of "trend reduction-large variation-high risk le-
vel" emerged. The maximum both 1 d and 5 d precipitation showed a significant downward trend, but the precipita-
tion intensity significantly increased (S=0.069), indicating a transformation of the regional precipitation pattern
towards "low frequency high intensity". Compared with traditional methods, the innovative trend analysis methods
could better identify and detaily analyze different time scales, different value zones, and different risk levels of time
series, and had greater flexibility advantages.

Keywords: precipitation index; innovative trend analysis; innovative polygon trend analysis; innovative trend pivot

analysis method; Sanmenxia Reservoir area





