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A Study on DeepSeek—driven Personalized Learning Path Optimization; Taking the Course
“Digital-driven Business Management” as an Example

WEI Zhu-li
( Guangdong Baiyun University, Guangzhou Guangdong 510000, China)

Abstract: This study focuses on the application mechanism and practical efficacy of the DeepSeek intelligent system in
driving the optimization of personalized learning paths in the course “Digital—driven Business Management”. Through the
analysis of the existing intelligent teaching practices in the course, it was found that although DeepSeek has been
preliminarily applied in areas such as learning situation diagnosis and resource recommendation, there are still three major
core bottlenecks: data fragmentation leading to inaccurate learner profiling, delayed feedback weakening dynamic
adjustment capabilities, and the static nature of resources and learning paths. To address these issues, three strategies are
proposed : constructing a unified data platform to achieve the integration of multi—source heterogeneous data, establishing a
real—time feedback —driven dynamic adjustment mechanism for learning paths, and developing a dynamic optimization
engine for resources and learning paths based on reinforcement learning. Empirical evidence shows that the optimized
system significantly improves the achievement rate of learning objectives (+21.7% ) and knowledge retention (+18.3% ).
This validates the key value of DeepSeek in building a closed—loop adaptive learning path of “diagnosis—recommendation—
feedback—optimization” , and provides a reusable technical framework and practical paradigm for the in — depth
implementation of intelligent education technologies in higher education.

Key words: DeepSeek; personalized learning path; Digital — driven Business Management; reinforcement learning;
educational data platform
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On the Sinicization of Marxist Ecological Philosophy in the New Era from the Perspective
of the “Two Mountains” Theory

WANG Cong—xia
( Yanhuang Vocational and Technical College, Huai’ an Jiangsu 223400, China)

Abstract: Currently, the world is facing a severe ecological crisis. According to the data from the United Nations
Environment Programme, a large amount of plastic waste flows into the oceans every year, endangering numerous marine
species. Climate change has led to frequent extreme weather events, and ecological degradation poses a serious threat to
human survival. Thus, the construction of ecological civilization has become a core proposition for the transformation of
human civilization in the 21st century. Against this backdrop, the process of sinicization of Marxism provides a fundamental
guideline for solving ecological dilemmas. The Communist Party of China has broken away from the Western linear thinking
of “pollution first, treatment later” when examining ecological issues. Based on the proposition of the sinicization and era—
oriented development of Marxism, this study deeply analyzes the connotation, background, and practical significance of the
“Two Mountains Theory”, reveals its important position and role in the process of sinicization of Marxism, and
demonstrates its theoretical contributions and practical innovations to the sinicization of Marxism. It is of great significance
for improving China’s independent ecological knowledge system and building a new form of human civilization.

Key words: Two Mountains Theory; sinicization of Marxism; ecological outlook; ecological civilization construction
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