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The application of industrial robots and the labor skill premium:

theoretical hypothesis and industrial evidence

HU Shengming WANG Linhui DONG Zhiqing
( Faculty of Economics and Management FEast China Normal University Shanghai 200062 China)

Abstract: The application of industrial robots creates environmental complexity and tends to favor skilled labor.

However the existing literature does not address whether this bias increases the income distribution gap for different types of

labor in various situations. This paper adopts industrial data from 2006 to 2018 in China to measure the application level of



industrial robots by density. It examines the real impact of industrial robots on the skill premium for labor and separately
investigates the productivity job alternation and inter-industry technology-spillover effects. Results suggest that the
application of industrial robots increases the labor skill premium in China. This can be attributed to the fact that the
application of industrial robots generally improves the productivity of skilled labor displacing unskilled jobs and creating
skilled jobs. The skill-premium effect of the application of industrial robots is more significant in the capital-intensive high
nationalization degree and low labor protection degree industries. Meanwhile the application of industrial robots will not only
increase the labor skill premium of this industry but also induce the skill premium of technology—<elated industry through the
technology spillover effect. The stronger the technological correlation among industries the greater the spillover effect.

Key words: industrial robots; skill premium; labor productivity; job alternation; technology spillover;

industry heterogeneity

( 26 )
Does the opening of high-speed rail between cities affect the trend of
industrial agglomeration?

The example of knowledge-intensive services

HUO Peng' WEI Jianfeng’
(1. School of Social Service and Development Zhengzhou Normal University Zhengzhou 450044 China;
2. Business School Henan University Kaifeng 475004 China)

Abstract: Based on panel data of prefecture-devel cities in China from 2003 to 2018 this paper uses difference-in—
differences model and mediating effect model to reveal the impact of inter—city high-speed rail on the agglomeration trend in
knowledge-intensive services. The results show that the opening of inter-ity high-speed railways significantly affects this trend
and promotes the balanced distribution of knowledge-intensive services. The dynamic effect results show the correlation
between high-speed-rail operation and knowledge-intensive service-industry agglomeration turns from negative to positive
several years after the launch of the rail operation. The heterogeneity test shows that the opening of high-speed rail has a
negative effect on the agglomeration of knowledge-intensive services in non-provincial port and large cities and has a
significant inhibiting effect on the agglomeration of knowledge-intensive services in the central plains Beijing-Tianjin-Hebei
Yangtze River Delta and the middle reaches of the Yangtze River. The inter—city high-speed rail has a diffusion effect on low—
end knowledge-intensive service indusiry agglomeration but has no significant effect on high-end knowledge-intensive service
industry agglomeration. The diffusion effect is the strongest for middevel knowledge-intensive services and weak for high—or
low-evel knowledge-intensive services. Further mechanism testing shows that the “capital transfer effect” and “labor mobility
cost reduction effect” are the mediating paths to restrain the agglomeration of knowledge-intensive services. The “knowledge
flow effect” offsets part of high-speed rail’s restraining effect on the agglomeration of knowledge-intensive services.

Key words: high-speed railway; knowledge-intensive services; agglomeration; difference-in-differences; the

mediation effect



