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Abstract: To address the issues of strong subjectivity and low accuracy in traditional methods for predicting
innovative talents in higher education, this paper proposes an intelligent predictive model that combines a
Particle Swarm Optimization algorithm, enhanced with an Information-Guided Communication Search
strategy, with a Kernel Extreme Learning Machine. This model aims to more scientifically and objectively
identify and select innovative talents by utilizing the improved Particle Swarm Optimization algorithm to
enhance population diversity and global search capabilities, thereby improving the classification
performance of the Kernel Extreme Learning Machine. To validate its effectiveness, experiments were

conducted on a university innovation talent dataset using 10—fold cross—validation. The results demonstrate
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that the proposed model outperforms several comparative models in key evaluation metrics, including
classification accuracy (86.05% ), sensitivity (89.74% ), specificity (83.24% ), and Matthews correlation

coefficient (72.42% ). These findings confirm the significant advantages of the proposed model in

predicting innovative university talents, offering a new technical approach for the scientific selection and

cultivation of talent with promising application prospects.

Key words: machine learning; prediction of innovative talent; kernel extreme learning machine; particle

swarm optimization
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Table 3 Classification results of bICSPSO-KELM for

different transfer function cases
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S2 8519 0.04 88.85 0.04 8254 0.04 70.79 0.07
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V1l 86.05 0.04 89.74 0.03 83.24 0.05 7242 0.08
V2 85.67 0.02 89.28 0.03 83.24 0.04 71.84 0.03
V3 8596 0.03 88.97 0.03 83.61 0.04 72.16 0.06
V4 8567 0.02 90.82 0.05 82.38 0.04 72.11 0.05

li
!

T A
HnaamamaE—
O
T = —
e B

ii
II

-__I—l

MCC

PRAGAR A

S1 s2 183 =S4
B2 7EEE S

= V1 = V2 = V3 = V4

155 T bICSPSO-KELM S & R EHIREHFE

Fig. 2 Histogram of the mean error of the bICSPSO-KELM classification results for different transfer functions
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Table 4 Classification results of bICSPSO-KELM on

four performance indicators
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