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Abstract. Against the backdrop of digital transformation, this study focuses on 

low-skilled workers with ≤9 years of education. Using balanced panel data from 

the China Family Panel Studies (CFPS) spanning 2010–2022, it employs OLS 

regression, mediation effect testing, and industry heterogeneity analysis to ex-

plore the income impact mechanisms of technological substitution risk. Findings 

reveal that technological substitution risk exerts a positive overall effect on in-

come, but negative transmission occurs through reduced job stability and 

weakened wage bargaining power(with partial mediation by both factors). Dig-

ital skills training can directly increase income, while government subsidies 

provide basic safeguards, both demonstrating potential for risk mitigation. Sig-

nificant industry heterogeneity emerges: labor-intensive manufacturing faces 

high substitution pressure but maintains income stability, whereas life-related 

services exhibit low substitution risk and robust income growth. This study 

provides empirical support for understanding income challenges among this 

group and offers insights for inclusive transformation. 

Keywords: digital transformation; low-skilled workers; technological substitu-

tion risk; income impact; industry heterogeneity 

1 Introduction 

The disruptive wave of digital technology is reshaping the global economic land-

scape. Against this backdrop, China's digital economy has entered a new phase.The 

China Digital Economy Development Research Report (2024) indicates that in 2023, 

China's digital economy reached 53.9 trillion yuan, accounting for 42.8% of GDP. Its 

nominal year-on-year growth rate was 7.39%, significantly higher than the nominal 

GDP growth rate during the same period, contributing 66.45% to GDP growth and 

becoming a key pillar for stabilizing economic expansion.[1] This growth momentum 

primarily stems from the rapid penetration of digital technologies such as artificial 

intelligence, big data, the Internet of Things, and cloud computing. These advance-

ments have driven the deep integration of industrial digitization and digital industrial-

  
© The Author(s) 2026
H. An et al. (eds.), Proceedings of the 2025 7th Management Science Informatization and Economic Innovation
Development Conference (MSIEID 2025), Advances in Economics, Business and Management Research 372,
https://doi.org/10.2991/978-94-6463-996-4_16

ization, transforming labor relations, employment structures, and wealth distribution 

https://doi.org/10.2991/978-94-6463-996-4_16
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-996-4_16&domain=pdf


 

 

 

 

 

 

        185The Mechanism of Income Impact from Technological Displacement …     

models. However, while technology drives efficiency gains and economic growth, it 
also gives rise to complex new social risks.[2] 

Currently, digital and intelligent technologies are replacing repetitive, physical, and 
low-value-added jobs, particularly in manufacturing, retail, and logistics. Automation 
has led to many low-skill positions being taken over by robots or algorithms.[3] In 
this process, low-skilled workers, due to the routine and procedural nature of their 
tasks, are most directly exposed to extremely high "technological displacement risk." 
Clarifying the transmission mechanism of this risk on income is crucial for assessing 
the social costs of digital transformation and promoting inclusive growth. 

2  Current Research Status and Gaps 

In international research, studies examining the impact of digital transformation on 
low-skilled workers' incomes include Lankischand . [4] Through endogenous growth 
models, these researchers found that digitalization suppresses wage levels for
low-skilled workers, further widening income disparities. Acemoglu D. and Restrepo 
P.[5] further indicate that digital factors exhibit pronounced skill-biased characteris-
tics: they synergistically complement high-skilled workers, significantly boosting
their productivity and labor income share; conversely, they substitute for low-skilled 
workers, squeezing their employment opportunities and reducing their labor income 
share. Frey and Osborne[6] employed a Gaussian classification model to assess auto-
mation displacement risks across 702 occupations in the United States. Their findings 
indicate that routine occupations involving codable and repeatable tasks face relative-
ly higher automation risks, providing concrete occupational-level evidence for the
technological displacement risks faced by low-skilled workers. 

In domestic research, Xie et al. (2024)[7] highlight from a dual-divide perspective 
that digital technologies' skill-preference characteristics make them more comple-
mentary to high-skilled labor. Conversely, low-skilled workers, due to insufficient 
adaptability, are more susceptible to automation in service and foundational manu-
facturing roles.Yin Zhichao et al. (2024)[8] further validate that low-skilled workers 
in digital transformation face significantly higher technological displacement risks
than their high-skilled counterparts due to insufficient digital literacy, leading to mar-
ginalization in the labor market. Regarding income impacts, Zhang Yun (2022)[9] 
demonstrated that the digital economy generates technological displacement risks
through efficiency transformations and industrial intelligence. This not only directly 
suppresses the incomes of low-skilled workers (a one-unit increase in the digital
economy reduces their real annual income by 8.35%-9.41%) but also, when com-
pounded with the decline in the demographic dividend, further intensifies the income 
suppression effect on low-skilled workers.At the regional level, Li Mengna et al. 
(2023)[10] examined urban scale perspectives. They found that low-skilled migrant 
workers in large cities can access flexible employment opportunities through digital 
platforms, resulting in a smaller income decline (10.3%) after technological substitu-
tion compared to small cities (16.8%). Conversely, due to weak digital infrastructure 
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in small cities, low-skilled workers struggle to find alternative positions after substitu-
tion, leading to a more pronounced widening of income disparities. 

While existing research has clearly demonstrated the widespread in-
come-suppressing effects of technological substitution risks on low-skilled workers 
and their heterogeneous differentiation across groups and regions, several critical
questions remain to be explored in depth. Based on these research gaps, this paper 
proposes the following three research questions: First, during digital transformation, 
through which pathways do technological substitution risks negatively impact the
incomes of low-skilled workers? Second, can training and subsidies for low-skilled 
workers mitigate the income suppression caused by technological substitution risks? 
Third, do industry differences exist in the negative impact of technological substitu-
tion risks on low-skilled workers' incomes? 

3 Theoretical Foundation and Research Hypotheses 

Skill-biased technological change theory serves as the core framework for explaining 
the relationship between technological progress and income distribution. The digital 
economy leverages advanced technologies like the internet to enhance efficiency and 
boost income[11] . However, technological progress exhibits pronounced skill bias, 
and overly rapid advancement creates substitution risks for low-skilled workers[12] . 
Such risks undermine employment stability and wage bargaining power, thereby af-
fecting income.Based on this, we propose H1: Technological substitution risk exerts a 
significant negative impact on the income of low-skilled workers, with "decreased job 
stability" and "weakened wage bargaining power" playing a fully mediating role. 

Digital divide theory reveals disparities in digital usage across groups. Wei et
al.[13] categorize this into three dimensions: access gap, usage gap, and knowledge 
gap. Recent research further proposes a four-stage differentiation of the digital divide: 
"motivation - physical access - skills - usage"[14] . Low-skilled workers lag signifi-
cantly behind high-skilled groups in digital technology adoption due to insufficient 
digital literacy, limited physical access, and lack of skills training. Digital skills train-
ing and government employment subsidies can mitigate these risks. Based on this, we 
propose H2: Both digital skills training and government employment subsidies exert a 
positive moderating effect on the relationship between technological substitution risk 
and income for low-skilled workers, meaning both can mitigate its negative impact. 

Lin Jun and Zeng Shirong (2021), building on Doeringer and Piore's dual labor 
market segmentation theory, divide the market into "primary markets" and "secondary 
markets"[15] .Sectoral segmentation leads to heterogeneous impacts of technological 
substitution on low-skilled workers' incomes across industries: labor-intensive manu-
facturing has lower barriers to replacing low-skilled positions, resulting in more pro-
nounced income suppression, while certain positions in life-related services face
higher substitution barriers, mitigating income shocks. Based on this, we propose H3: 
Compared to life-related services, the negative income suppression effect of techno-
logical substitution risks is more pronounced for low-skilled workers in la-
bor-intensive manufacturing. 
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4 Research Design 

4.1 Model Specification 

Against the backdrop of deepening digital transformation, this study conducts a sys-
tematic empirical analysis of technological substitution risks among low-skilled 
workers with ≤9 years of education.Variable treatment employs proxy variables to 
capture core characteristics: industries like mining and construction are designated as 
high-tech-risk sectors (tech_risk=1), while others are classified as low-risk 
(tech_risk=0). Key variables—including low-skilled worker identification, employ-
ment stability, and digital skills training—are constructed by integrating education
duration, job nature, and internet usage patterns, laying a robust data foundation for 
subsequent analysis.    Total Effect Model (examining the direct impact of techno-
logical substitution risk on income): This model identifies the overall effect of tech-
nological substitution risk on the income of low-skilled workers: 

ln_income_pi,t = β0 + β1 tech_risk_i,t + γ Xi ,t + ∑δy_year_t + ∑μp_prov_cdp + 
ε_i,t 

Where i represents an individual, t represents a year; Xi,t is the variable set (age, 
eduy, urban_dum); ∑δyyeart is the year fixed effect, ∑μpprovcdp is the province 
fixed effect; εi,t is the random error term, β1 is the core coefficient of interest. If sig-
nificant, it indicates that technological substitution risk has a total effect on income. 

4.2 Descriptive Statistics 

This study utilizes balanced panel data from the China Family Panel Studies (CFPS) 
covering 2010–2022, focusing on low-skilled workers with ≤9 years of education. A 
total of 18,751 valid observations were obtained. As shown in Table 1, Regarding 
individual capabilities and external support, 24.48% possess internet usage skills, and 
26.77% receive government subsidies, indicating that this group has achieved a cer-
tain level of coverage in foundational capabilities and policy support for coping with 
technological change.The sample group exhibits characteristics of an average age of 
52.45 years, an average education level of 5.95 years, and an urban-to-rural distribu-
tion of 37.66%. This profile of relatively advanced age, lower education attainment, 
and uneven urban-rural distribution provides context for understanding variations in 
their capacity to address technological substitution risks.Additionally, the average 
employment stability rate of 21.64% and average wage bargaining power of -9.33 
highlight this group's relative disadvantage in employment quality and income nego-
tiation. 

Table 1. Descriptive Statistics 

  (1)    
  mean  sd  min  max 
 tech_risk  .0078396  .088196  0  1 
 ln_income_p  -0.2619339  1.231421  -8.987197  5.606537 
 employ-  .2163618  .4117747  0  1 
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ment_instability 
 bargaining power  -9.32505  1.354442  -13.59237  0 
 digital_training  .2448403  .4300039  0  1 
 gov_subsidy  .2677724  .4428101  0  1 
 age  52.4508  12.67893  14  93 
 eduy  5.953709  3.514783  0  9 

4.3 Correlation Analysis 

The correlation analysis results for each variable in this study are shown in Table 2. 
The relationships among variables generally align with theoretical expectations,
providing preliminary support for subsequent regression model construction. Specifi-
cally, technological substitution risk showed a significant positive correlation with
income (0.0389, p < 0.001) and employment stability (0.0634,p < 0.001), and signifi-
cantly negatively correlated with wage bargaining power (-0.0818, p < 0.001). The 
former aligns with the subsequent findings on income compensation mechanisms in 
high-risk industries, while the latter preliminarily validates the mediating path hy-
pothesis of declining job stability and weakened wage bargaining power.Employment 
stability showed a strong positive correlation with income (0.286, p < 0.001) and a 
strong negative correlation with wage bargaining power (-0.408, p < 0.001), indicat-
ing that stable employment enhances both income and bargaining power;Digital skills 
training showed significant positive correlations with both income (0.309, p < 0.001) 
and employment stability (0.389, p < 0.001), potentially indirectly boosting income 
by improving job quality;Government subsidies showed significant negative correla-
tions with income (-0.157, p < 0.001) and employment stability (-0.177, p < 0.001), 
likely due to policies targeting low-income groups;Additionally, age was negatively 
correlated with digital skills training (-0.279, p < 0.001), while years of education 
were positively correlated with income (0.206, p < 0.001) and digital skills training 
(0.265, p < 0.001), indicating younger, higher-educated workers possess greater ad-
vantages in adapting to technological change. 

Table 2. Correlation Matrix of Variables 
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 0.00770  -0.157***  -0.177***  0.365***  -0.175***  1   

gov_subsid

y 

 age  -0.0496***  0.0264***  -0.214***  0.172***  -0.279***   1  

-0.0261*** 

 eduy  0.0383***  0.206***  0.224***  -0.243***  0.265***   1 

-0.0319*** -0.2

73**

* 

*  p < 0.05, **  p < 0.01, ***  p < 0.001 

5 Data Statistics and Analysis 

5.1 OLS Regression 

The results validate the research hypothesis. As shown in Table 3, H1 shows that 
technological substitution risk has a significant positive impact on income (coefficient 
0.591, P<0.001), supporting the income compensation mechanism. This risk simulta-
neously positively enhances employment stability (0.297, P<0.001) and negatively 
reduces wage bargaining power (-0.850, P<0.001), with both factors partially mediat-
ing the relationship.After incorporating mediating variables, the coefficient of risk's 
impact on income decreased to 0.227 (P<0.01), with its positive effect outweighing 
the negative transmission through mediating variables, further validating the income 
compensation mechanism.H2 testing indicates positive value for individual coping 
and external support: - Digital skills training significantly positively impacts income 
(0.361, P<0.001), with a non-significant negative interaction with risk (-0.140, 
P=0.469), potentially mitigating risk shocks; widespread adoption holds prom-
ise.Government subsidies exhibit a positive main effect (0.034), while the interaction 
term shows a non-significant negative effect (-0.047, P=0.808). Though not reaching 
significant moderation, subsidies provide foundational support, and increased efforts 
may enhance their impact.Among control variables, years of education (0.046) and 
urban household registration (0.294) significantly positively correlated with income, 
while age (-0.003) significantly negatively correlated (all P < 0.001), consistent with 
theoretical expectations. 

Table 3. Analysis of the Impact of Technological Displacement Risk in the Context of Digital 
Transformation 
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 tech_risk  0.591 ***  0.297***  -0.850***  0.227***  0.639***  0.606*** 

Moderation

  (0.090)  (0.029)  (0.107)  (0.076)  (0.106)  (0.107) 
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  (0.001)  (0.000)  (0.001)  (0.001)  (0.001)  (0.001) 
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 Year  YES  YES  YES  YES  YES  YES 

 Region  YES  YES  YES  YES  YES  YES 

 _cons  0.025  0.447***  -9.780***  -2.637***  -0.191***  -0.005 

  (0.062)  (0.020)  (0.104)  (0.114)  (0.063)  (0.066) 

 N  18063  18751  6663  6476  18063  18063 

 Standard errors in parentheses 

 Controlling for fixed effects of year and province, standard errors clustered at the individual level 

 * p < 0.1, ** p < 0.05, *** p < 0.01 

5.2 Heterogeneity Test 

Industry Heterogeneity Test (H3) This test examines the distinct characteristics be-
tween manufacturing and lifestyle services to inform targeted policy interventions. As 
shown in Table 4, The manufacturing model was significant (F=14.94, P<0.001),with 
a 2022 income growth coefficient of 1.181 (P<0.001). Urban household registration 
exerted a significant positive effect (0.103, P<0.05), indicating income growth and 
stability provide crucial options for low-skilled workers. The services model (583 
observations) demonstrated superior fit (R²=0.6602),with the 2022 income growth 
coefficient reaching 2.569 (P<0.001) and urban household registration exerting a 
stronger positive impact (0.814, P<0.001). Low substitution risk coupled with robust 
growth makes it a vital employment base for urban low-skilled workers. The charac-
teristics of these two industries form an employment security system, providing em-
pirical evidence for sector-specific policy formulation. 
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Table 4. Industry Heterogeneity Analysis 

 (1) (2) 
 Manufacturing  Service Industry 

tech_risk  0.000  0.000 
 (.)  (.) 

age  -0.000 
 (0.002) 

 -0.006 
 (0.009) 

eduy  0.014 
 (0.009) 

 -0.037 
 (0.046) 

urban_dum  0.103** 
 (0.049) 

 0.814*** 
 (0.226) 

Year  YES  YES 
Region  YES  YES 
_cons  0.222  -0.683 

 (0.172)  (0.861) 
N  1367  583 

 Standard errors in parentheses 
 * p < 0.1, ** p < 0.05, *** p < 0.01 

6 Research Conclusions and Policy Recommendations 

6.1 Research Findings 

This study finds that under the context of digital transformation, the risk of techno-
logical displacement exhibits dual characteristics of "compensation effects and nega-
tive impacts" on the income of low-skilled workers with ≤9 years of education.The 
overall effect of technological displacement risk on this group's income is signifi-
cantly positive, stemming from income compensation mechanisms in high-risk indus-
tries. However, it simultaneously generates negative transmission through reduced 
employment stability and weakened wage bargaining power. Both pathways exert 
partial mediating effects, with the income compensation effect ultimately outweighing 
the negative impact, preventing an overall decline in income.While digital skills 
training and government subsidies did not produce statistically significant moderating 
effects, the former can directly boost income and address skill gaps, while the latter 
provides basic safeguards for unstable, low-income groups—both holding potential 
value in mitigating risks.Significant industry heterogeneity exists: labor-intensive 
manufacturing, characterized by high job repetitiveness, faces lower technical substi-
tution thresholds and greater pressure but maintains stronger income stability. Certain 
positions in life-service industries, relying on the irreplaceable nature of interpersonal 
interactions, exhibit lower substitution risks and stronger income growth. Together, 
these two sectors form a differentiated employment security system for low-skilled 
workers. 

In summary, the impact of digital transformation on low-skilled workers' incomes 
is not a simple suppression but a complex process influenced by multiple factors such 
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as industry compensation, individual skills, and external support. This provides em-
pirical support for understanding the logic behind income differentiation within this 
group. 

6.2 Policy Recommendations 

First, at the individual level: Collaborate with vocational colleges, e-commerce plat-
forms, and logistics enterprises to develop industry-tailored curricula aligned with
labor market needs. Implement age-stratified training programs and establish offline 
training centers at community service centers and rural revitalization work-
stations.Second, regarding government safety nets, policy coordination must be 
strengthened: Implement differentiated job retention subsidies for high-risk sectors
like manufacturing; encourage labor unions to negotiate compensation clauses for
technological displacement with enterprises in retail, logistics, and other industries; 
enhance labor rights protections and rigorously investigate labor violations; and in-
crease certification subsidy standards for digital skills training among low-skilled 
workers.Next, corporate collaboration requires balancing efficiency and employment. 
Manufacturing should adopt human-machine collaboration while retaining support
roles, while services should create digital support positions. This enables low-skilled 
workers to enhance efficiency through digital tools rather than being directly re-
placed. Finally, industry collaboration must expand employment across sectors: man-
ufacturing should cultivate supporting auxiliary roles with low replacement risks that 
absorb low-skilled workers; services should leverage digital expansion to match or-
ders with specialized low-skilled groups via digital platforms, thereby improving
employment quality. 
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