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design and implement an intelligent job analysis system based on big data
lgorithm to address the issues of a wide variety of existing recruitment websites
o quickly find suitable positions based on their own characteristics. Python crawler
ology, Hadoop big data platform and its ecological components are used for data

tering algorithm is used for intelligent analysis, and the resulting data is visualized through

Axure RP and Sugar BI tools. After trial, the proposed system can well meet the analysis needs of job seekers and

improve the efficiency of job seekers to accurately query recruitment information.
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Fig. 1 System data architecture diagram
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Fig. 5 Data warehouse architecture
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Fig. 11 Salary forecasting function
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Fig. 12 Improved algorithm process
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