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Abstract

Mining the latent information embedded in college students’ employment data is instrumental in
achieving precision and informatization in college students’ employment services. This study utilizes
two approaches: the standard BP neural network and the BP neural network enhanced through
principal component analysis, to delve into the correlation between college students’ basic infor-
mation and their employment types, and to construct a predictive model for college students’ em-
ployment types. The results of the prediction model for college students’ employment types indicate
that: (1) the standard BP neural network is capable of developing a predictive model for college
students’ employment types with commendable accuracy; (2) the BP neural network model refined
by principal component analysis can further elevate the precision of the predictive model for college
students’ employment types; (3) among the principal components extracted, factors including college
students’ academic achievements, registered residence, address, and major classification exhibit
the highest contribution rates to the predictive model for employment types. The research findings
offer the following insights for enhancing college students’ employment services: (1) establish a
comprehensive employment work data system to extract key factors and core indicators for em-
ployment prediction; (2) mine the value of employment data information and establish a scientific
employment information analysis system; (3) construct an effective employment prediction model
and build a hierarchical and classified precision employment guidance system.
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Table 1. Accuracy (%) of the employment destination prediction model constructed using a BP neural network

3 1. BP 2 W& H Al K R FUUAR Y IE i 2 (%)

Bk Rk Xt ARtk At ARl T+ NER Ak
NR7ES 70 7231 87.50 69.23 80 100

4.2. PCA-BP M ER A E TN E

I E RS T, SRR R R PR LA R T 18 8 NI 8 RIS R ERb A sl 25 )
T TTHRAR N 20 REAAAERIPIAI A AV RS A Ao 79 J00S R 2 A gl b 25 1] Tl S 784 1) ik
Table 2. Contribution rates (%) of principal components with eigenvalues greater than 1 to the prediction of college graduates’

employment destinations
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Table 3. Accuracy (%) of the employment destination prediction model constructed using a BP neural network after dimen-
sionality reduction via principal component analysis
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Table 4. Comparison of prediction models: standard BP neural network vs. PCA-BP neural network
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