Statistics and Application 475258 A, 2026, 15(10), 111-123 Hans X
Published Online October 2026 in Hans. https://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2026.1510232

AR 55 El SR i B 81 #T 4 v e e

—ETEZTUATEEFHHBRNEHGITHERSWEERR

EHREE, HIFR

B A SRR AR, Bl B

ks H . 20264F9 H21H; FHHM: 2026/F10712H; KA HH: 20264¢10H26H

HE

ERFEFENTER ZBEERT, BEMESTWATHETIABRRE, M= R, il
RENBERHIEEXEXR . PR EE“BIETLHE - EDA - AR - EAL - BRI - SieEI
TR . BIETUEE R I PHHERE: DiPearsonfik REMVIFRIRR L&, &6 KK SFEVIARM
BEMHRZXEIAE, HAREMLLFHE, FBHIEMESFERE. BEREMBERIR(BEELER)E
B 5 (E 3t RS B) XX E s, EFGBR. GBCE, £ 5/4E, HEGBR+GBCIIAME AR, K
FISHAP#AT £ /MR EMAERE, RUBAFMERZLFME, BmbRAESLFEE. B ERE.
Calinski-HarabaszfE AR N HE B E MR R IIEK-meansFRE F M, ZE AR REZEZATIERHE
gL, BHEE:. JREEWTV IR ERKIEREE, SRESERE. IR R
R #lidE. BE. YREFTIHEEHRTIREFLEITICAATERERE RS A=, HEF
SERBARCI B SHEBRZ AT AERARSE; ARTLERRARKHELENRREEZREE.

X 5in
ANIERFHABN, Gitas, KEER2, R, QIFHATHRE

Serving National Strategy through
Innovative Statistics and Empowerment

—Statistical Modeling and Empowerment Research on Al-Driven
Labor Substitution Risks across Multiple Industries
Linzhen Wu, Qiaoyan Yang®

School of Mathematics and Data Science, Changji University, Changji Xinjiang

Received: September 21, 2026; accepted: October 12, 2026; published: October 26, 2026

EIREE

WESIH: RME, Ik RS ER RS OIE S HRAEN]. St 5N, 2026, 15(10): 111-123.
DOI: 10.12677/sa.2026.1510232


https://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2026.1510232
https://doi.org/10.12677/sa.2026.1510232
https://www.hanspub.org/

R, BTy

Abstract

Against the backdrop of the widespread penetration of the digital economy and artificial intelligence,
accurately assessing Al-driven labor substitution risks across multiple industries is of great signifi-
cance for industrial transformation, employment stability and policy formulation. This research fol-
lows the workflow of “data preprocessing - EDA - model construction - validation and optimization -
cluster analysis - conclusions and recommendations”. A four-step feature selection procedure is
adopted in data preprocessing: Pearson correlation coefficient and VIF are used to eliminate multi-
collinearity, combined with cross-validation via Chi-square test and random forest feature im-
portance. Six core features are retained in the end to avoid data leakage and selection bias. The model
construction sets dual objectives including classification (regulatory barrier level) and regression
(automation risk index). Algorithms such as GBR and GBC are adopted. After parameter tuning and
ensemble learning, the weighted ensemble of GBR + GBC is identified as the optimal solution. SHAP is
applied for global and local interpretation. The results show substitution elasticity serves as the core
feature, whose impact direction conforms to economiclogic. The validity of K-means clustering is ver-
ified using the silhouette coefficient, Calinski-Harabasz index and significance test of intra-cluster var-
iance to characterize industrial features at different risk levels. Robustness is tested through three
approaches: sample replacement, algorithm replacement and removal of highly influential industries.
The results demonstrate that the model is stable with strong generalization ability. The study finds
that labor-intensive industries including manufacturing, retail and logistics, as well as some service-
intensive sectors, are high-risk areas of Al substitution; industries relying on human creativity and
emotional interaction such as creativity and education are low-risk areas; core influencing factors of
substitution risk vary markedly across industries.
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Figure 1. Data visualization
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Figure 2. Comparison of predicted and actual values of the typical Al substitution risk index
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Figure 3. Comparison of evaluation metrics for classification models
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Figure 4. Visualization of k-means clustering results
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Table 9. Comparison of substitution risk differences across industries
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Figure 6. Comparison of substitution risks across different types of industries
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