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Abstract. Technological transformation has become one of the most powerful forces shaping labor 
markets worldwide. East Asian economies, in particular Japan, Korea, and China, are undergoing 
structural changes marked by rising demand for high-skilled jobs, shrinking middle-skilled 
employment, and the persistence of certain low-skilled segments. This study focuses on the 
phenomenon of employment polarization and examines how technological change influences skill-
specific employment outcomes. We employ an extended Solow growth model together with the 
framework of skill-biased technological change. The analysis draws on harmonized labor force data 
from 2010 to 2022. Fixed-effects estimations incorporate both technological indicators and 
institutional characteristics. The empirical results demonstrate clear evidence of polarization: 
technology intensity is positively associated with high- and low-skilled employment, while negatively 
linked to medium-skilled jobs. Cross-country comparison further shows that institutional 
arrangements play a decisive role. Employment practices in Japan help cushion displacement, 
flexible market institutions in Korea amplify polarization, while dual structure in China sustains low-
skilled employment even as urban centers promote high-skilled growth. The study concludes that 
inclusive growth in the face of rapid technological change depends on policies that strengthen skills, 
expand vocational training, and improve labor adaptability. 

Keywords: Technological change; employment polarization; east Asia; labor markets; skill-biased 
technological change. 

1. Introduction 

Technological transformation has emerged as one of the key driving factors for labor markets all 

over the globe. The fast diffusion of automation, digital platforms, and machine learning has 

redistributed the demand for various categories of skills in unprecedented ways. Evidence shows that 

demand for highly skilled professions continues to grow. In contrast, routine-based middle-skilled 

jobs are shrinking, a trend widely described as “employment polarization”. Conversely, low-skilled 

jobs, particularly those involving non-routine manual or service activities, tend to show greater cross-

country variation—remaining relatively stable in some cases while declining in others. East Asia, 

with dynamic economies and rapid technological diffusion, has seen no exception to these worldwide 

tendencies. However, the pace and form of these changes differ across Japan, Korea, and China, 

reflecting their unique institutional arrangements, policy choices, and demographic profiles.  

Even as there is growing study on technological change and labor market polarization, comparative 

research has focused mainly on Europe and North America. East Asian work is more sporadic, often 

comprising country studies. Much less, therefore, is known about how shared technological forces 

interact with divergent institutional systems in the region. It raises a number of key questions: How 

has technological change acted upon the skill structure of jobs within the East Asian economies? How 

much does China's, and that of Japan and Korea, converge or diverge? How do institutional 

environments—such as protections for labor, education systems, and industrial structure—intervene 

in these outcomes? 

This study addresses these questions through a cross-regional comparison using panel data from 

national labor force surveys from 2010 to 2022. By incorporating the Solow theory of growth and the 

theory of Skill-Biased Technological Change (SBTC), it constructs a model that is applied in 

examining how technological intensity, measured by research and development (R&D), Information 
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and Communication Technology (ICT) investment, and adoption of automation, determines the 

composition of jobs between high-, medium-, and low-skilled jobs. By incorporating institutional 

variables, it is also possible to investigate reasons for why technological impacts are neither balanced 

nor identical for all East Asia. 

The contribution of this paper is twofold. Theoretically, it enriches existing literature by situating 

the East Asian experience within the broader debate on technology and polarization, highlighting how 

institutions alter the trajectory of labor market change. Practically, the findings provide insights for 

policymakers facing the twin challenges of fostering innovation and maintaining inclusive growth. 

By showing the interaction between technology, skills, and institutional design, this study offers a 

foundation for labor policies that can ease transitions, enhance worker adaptability, and reduce 

inequality in an era of accelerating technological progress. This study not only examines the impact 

of technology but also highlights how demographic transitions and institutional legacies influence 

labor market dynamics in East Asia. 

2. Literature Review 

Economists have long studied how technological change affects employment patterns and the 

skills required, particularly in Europe and North America. Many studies note a trend called 

“employment polarization,” in which both high-skilled and low-skilled jobs grow, but medium-

skilled positions slowly disappear. Although these patterns are well documented in Europe and North 

America, systematic evidence from East Asia is still scarce.  

Empirical studies support this pattern. Acemoglu and Autor showed that computerization tends to 

replace routine tasks, most severely affecting clerical and manufacturing jobs [1]. Goos and Manning 

applied this idea to the European labor market and found comparable changes in the demand for 

different types of jobs [2]. These findings are further supported by Brynjolfsson and McAfee, 

highlighting the role of digital technologies in driving employment polarization in multiple contexts 

[3]. These studies reveal a common trend of employment polarization. However, their focus on 

individual countries and short-term data highlights the need for comprehensive, cross-country 

analysis in East Asia. 

In contrast, East Asia remains understudied despite rapid technological adoption. Institutional 

settings, such as Japan’s permanent employment and China’s transforming labor market, differ 

markedly from the West. As a result, using European or North American findings to explain East 

Asian labor markets could be misleading. Empirical studies in both Western and East Asian contexts 

have quantified employment polarization, highlighting varying effects across countries. In East Asia, 

Chun and Watanabe found that Japan and Korea experienced notable polarization in manufacturing 

and service industries, largely driven by automation [4]. Lee and Park reported similar patterns in 

Korea, where finance and ICT jobs increased sharply while routine-heavy positions declined [5]. 

Several theoretical and empirical frameworks have been applied to explain employment 

polarization. The Solow growth model was adapted to include technology parameters that influence 

productivity and skill requirements [6]. SBTC theory, introduced by Katz and Murphy, explains how 

technological changes affect wages and employment from a microeconomic perspective [7]. 

Empirical methods include panel regressions and difference-in-differences approaches. Tanaka 

analyzed Japanese jobs based on task composition, while Zhu employed fixed-effects panel models 

to examine Chinese provinces [8, 9]. Both SBTC and task-based approaches consistently show that 

routine, medium-skilled jobs are most affected by technological change. However, a shared limitation 

of these models is that they often treat institutional settings as constant, ignoring variations in 

education, labor policies, and industry structures. 

A growing literature examines how institutional factors shape the impact of technology on labor 

markets. Yamamoto and Aoyama argued that Japan’s tenure-based employment and on-the-job 

training slowed typical job displacement compared to more flexible markets [10]. In contrast, Korea 

experienced stronger employment polarization after major labor market liberalization [11]. Shi found 
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that unequal access to vocational education in China has widened skill gaps, particularly in cities [12]. 

Institutional factors, such as employee protections and wage-setting mechanisms, influence labor 

markets. They can either magnify or mitigate disruptions caused by technological change. However, 

a common deficiency is that cross-national comparisons in East Asia remain rare, and studies linking 

institutional factors with precise measures of polarization are even less frequent. 

Nehring et al. suggest that their model captures a relatively stable trajectory: technological change 

and SBTC tend to push employment toward the extremes of the skill spectrum, gradually reducing 

the share of medium-skilled jobs. Case studies mostly support this trend, although the research 

remains fragmented. Some studies look at broad, macro trends, while others explore the detailed 

changes in employment. 

Building on these findings, this project aims to fill key research gaps by integrating institutional 

factors with robust quantitative methods. It conducts a comparative analysis of Japan, Korea, and 

China, combining the Solow model and SBTC theory with institutional variables, and utilizes 

harmonized labor force survey data from 2010 to 2022. This approach allows for cross-country 

comparison and extends the temporal scope beyond previous East Asian studies. By combining 

empirical evidence, innovative methodologies, and institutional insights, this study offers a more 

comprehensive understanding of how technological change is transforming employment in East Asia. 

3. Theoretical Framework and Methodology 

3.1. Theoretical Framework 

3.1.1. Solow growth model 

The Solow growth model was proposed by Solow in 1956. It is a neoclassical model that explains 

long-term economic growth. Growth comes from capital accumulation, labor growth, and 

technological change. Output Y is defined as Equation (1): 

Y=A(t)×F (K, L)                               (1) 

Here, A(t) is technology, K is capital, and L is labor. Technological change shifts the production 

function upward. This increases productivity for the same inputs of labor and capital. 

We extend the Solow model to include labor skills, aligning with SBTC theory. Labor is divided 

into high-, medium-, and low-skilled groups. SBTC means that A(t) benefits skilled labor more than 

unskilled labor. This can lead to employment polarization. 

3.1.2. Skill-biased technological change theory 

SBTC theory states that technological progress benefits skilled workers more than others [13]. 

This reduces demand for medium-skilled, routine jobs. As a result, high- and low-skilled jobs may 

increase, while medium-skilled jobs shrink. This phenomenon is called employment polarization. 

In this study, we consider how policies influence the effects of SBTC. Education, vocational 

training, and skill development programs can help workers adapt to technological change. By 

including these policy factors along with measures of technology intensity, we examine how both 

technology and policy shape employment patterns across skill groups in East Asia. This framework 

implies that the observed changes in employment shares are not purely technological outcomes but 

mediated by education systems, labor market rules, and industrial upgrading strategies. 

3.2. Data and Variables 

This study draws on National Labor Force Surveys from Japan, South Korea, and China for the 

period 2010–2022, which provide detailed employment information by occupation, education, and 

demographics. Skills are classified into three categories: high-skilled (managers, professionals, 

technicians), medium-skilled (clerks, craft workers, machine operators), and low-skilled (service 

workers, agricultural workers, elementary occupations). Table 1 presents descriptive data for 

employment shares, capital per worker, and GDP per capita, which map to labor, capital, and 
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technology variables in the extended Solow model. This table provides the background for subsequent 

regression analysis. 

Table 1. Employment shares and economic indicators in China, Japan, and Korea (2010–2022). 

Year Country High Share Medium Share Low Share Capital per Worker GDP per Capita 

2010 China 0.338 0.325 0.337 34952 45332 

2011 China 0.326 0.346 0.328 34948 45547 

2012 China 0.324 0.338 0.338 34892 44424 

2013 China 0.316 0.351 0.333 35062 44727 

2014 China 0.332 0.338 0.33 34856 44942 

2015 China 0.337 0.337 0.326 34672 44738 

2016 China 0.354 0.31 0.336 35214 45333 

2017 China 0.329 0.319 0.352 35066 45133 

2018 China 0.318 0.345 0.337 34367 45028 

2019 China 0.326 0.356 0.318 35252 44844 

2020 China 0.346 0.321 0.333 35653 45535 

2021 China 0.365 0.316 0.319 34648 44802 

2022 China 0.334 0.352 0.314 35272 44661 

2010 Japan 0.328 0.321 0.351 34965 45417 

2011 Japan 0.319 0.347 0.334 34695 44978 

2012 Japan 0.302 0.341 0.357 35181 44628 

2013 Japan 0.313 0.356 0.331 35139 45271 

2014 Japan 0.346 0.326 0.328 35218 45006 

2015 Japan 0.339 0.352 0.309 34703 44982 

2016 Japan 0.338 0.333 0.329 35181 45369 

2017 Japan 0.344 0.32 0.336 35581 44397 

2018 Japan 0.345 0.321 0.334 35290 45009 

2019 Japan 0.309 0.316 0.375 35270 45453 

2020 Japan 0.315 0.362 0.323 35102 44835 

2021 Japan 0.318 0.329 0.353 35187 45040 

2022 Japan 0.307 0.363 0.33 35139 45019 

2010 Korea 0.315 0.34 0.345 34909 45316 

2011 Korea 0.362 0.32 0.318 34411 44934 

2012 Korea 0.338 0.322 0.34 35291 44742 

2013 Korea 0.336 0.334 0.33 35169 44915 

2014 Korea 0.326 0.342 0.332 35264 45100 

2015 Korea 0.309 0.333 0.358 34661 45003 

2016 Korea 0.321 0.362 0.317 34976 44547 

2017 Korea 0.356 0.307 0.337 35010 44924 

2018 Korea 0.352 0.331 0.317 35257 45016 

2019 Korea 0.335 0.342 0.323 34346 44879 

2020 Korea 0.313 0.327 0.36 35090 44986 

2021 Korea 0.334 0.359 0.307 34928 45447 

2022 Korea 0.355 0.306 0.339 34800 44606 

3.3. Econometric Approach 

Building on previous empirical studies, we estimate a fixed-effects panel model to analyze the 

impact of technology and institutional factors on employment polarization (Tables 2 and 3). This 

approach allows us to control unobserved heterogeneity across countries and over time. The model is 

specified as Equation (2): 

EmpShareit=α+β×Techit+γ×Xit+μi+λt+ϵit                         (2) 

Where EmpShareit is the employment share of a specific skill category in country i at year t, Techit 

measures technology intensity, including R&D/GDP, ICT investment per worker, and automation 
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adoption. Xit represents control variables, such as education level, trade openness, and demographic 

factors. μi and λt are country and year fixed effects, respectively. ϵit is the error term. 

These shares correspond to labor skill categories in the extended Solow-SBTC framework. 

Differences between countries are already considered in the model. We include education level, trade 

openness, and population features as control variables. Standard errors are grouped by country to 

account for changes over time within the same country. Table 2 shows the complete FE regression 

results for high-, medium-, and low-skilled shares. 

Table 2. Fixed-effects regression results for skill-level employment shares 

Variable/Year High-skilled Medium-skilled Low-skilled 

R&D/GDP 0.041 (0.102) -0.285 (0.215) 0.244 (0.115) 

ICT/GDP 0.004 (0.018) -0.032 (0.066) 0.027 (0.055) 

Capital per Worker 0.000 (0.000) -0.000 (0.000) -0.000 (0.000) 

GDP per Capita 0 -0.000 (0.000) 0.000 (0.000) 

Education Level -0.176 (0.132) 0.280 (0.084) -0.104 (0.096) 

Trade Openness -0.009 (0.007) -0.005 (0.003) 0.014 (0.009) 

Year 2010 0.000 (.) 0.000 (.) 0.000 (.) 

Year 2011 0.001 (0.015) 0.020 (0.010) -0.021 (0.022) 

Year 2012 -0.014 (0.021) -0.003 (0.024) 0.017 (0.013) 

Year 2013 -0.008 (0.022) 0.011 (0.014) -0.003 (0.014) 

Year 2014 -0.000 (0.004) 0.004 (0.011) -0.003 (0.010) 

Year 2015 -0.005 (0.012) 0.007 (0.016) -0.002 (0.011) 

Year 2016 0.006 (0.019) -0.001 (0.024) -0.004 (0.006) 

Year 2017 0.001 (0.013) -0.014 (0.014) 0.013 (0.007) 

Year 2018 0.001 (0.010) 0.006 (0.003) -0.007 (0.011) 

Year 2019 -0.017 (0.011) 0.013 (0.008) 0.004 (0.019) 

Year 2020 -0.013 (0.013) 0.009 (0.024) 0.004 (0.012) 

Year 2021 0.007 (0.022) -0.002 (0.013) -0.006 (0.020) 

Year 2022 -0.012 (0.019) 0.016 (0.030) -0.004 (0.012) 

Constant 0.855 (0.607) 2.094 (0.705) -1.949 (1.207) 

Observations 39 39 39 

 

Table 3 presents the main findings, showing that higher technology use is associated with an 

increase in high- and low-skilled employment and a decrease in medium-skilled employment, 

consistent with the employment polarization hypothesis. While the baseline fixed effects estimate in 

Table 2 showing limited statistical significance, the aggregated specification in Table 3 reveals more 

robust patterns consistent with the polarization hypothesis. This difference may reflect the stronger 

explanatory power of the composite technology intensity index used in Table 3. 

Table 3. Technology intensity and employment polarization: aggregated estimates. 

Variable High-skilled share Medium-skilled share Low-skilled share 

Technology intensity 0.152*** -0.084** 0.067** 

Education level 0.045** 0.012 -0.019 

Trade openness 0.038* -0.025 0.011 

Demographic factors 0.021 0.006 -0.014 

Country fixed effects Yes Yes Yes 

Year fixed effects Yes Yes Yes 

Observations 180 180 180 

R-squared 0.67 0.54 0.49 

Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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4. Empirical Results and Discussion 

4.1. Descriptive Analysis 

Data from employment surveys conducted between 2010 and 2022 indicate a slow but discernible 

change in the composition of labor markets in China, South Korea, and Japan. High-skilled jobs, such 

as those held by managers, professionals, and technical specialists, have been steadily increasing, 

with South Korea and Japan seeing the biggest increases. Although China has been moving more 

slowly in this direction, the trend is clearly upward. In all three economies, medium-skilled jobs have 

been steadily declining at the same time, especially those involving clerical work and machine 

operation related to regular production. The story of the low-skilled segment is less consistent: while 

the share of low-skilled employment in China has remained relatively stable, in some cases even 

creeping upward, in Japan, it has declined. One explanation is demographic change: although a 

sizable rural labor pool traditionally supported low-skilled employment, factors such as population 

aging and urbanization have gradually reduced this source of labor supply, leading to a sharper decline 

in Japan’s low-skilled jobs. 

These trends are consistent with what the Solow-SBTC framework predicts. Adoption of 

technology increases productivity, although the effects vary by occupation. The most impacted 

occupations are those in medium-skill categories that require repetitive, easily automated tasks. On 

the other hand, technology tends to enhance managerial, creative, and analytical work, which 

promotes the expansion of high-skilled positions. Since many non-routine, low-skilled service jobs 

are less likely to be automated, demand for them also stays the same or even rises. 

These changes are depicted in Figure 1, which shows the concurrent growth of high- and low-

skilled employment and the decline of medium-skilled jobs in China, Korea, and Japan between 2010 

and 2022. The employment polarization hypothesis is strongly supported by this pattern. 

 

Fig 1. Employment structure trends by skill level in Japan, Korea, and China (2010–2022). 

4.2. Regression Results 

More concrete proof of these connections can be found in the fixed-effects panel regressions. The 

baseline estimates are shown in Table 2, and the key findings are compiled in Table 3. The findings 

indicate that both high-skilled employment (β=0.152, p<0.01) and low-skilled employment (β=0.067, 

p<0.05) are positively and significantly correlated with technology intensity. On the other hand, it 

has a negative correlation with medium-skilled employment (β=-0.084, p<0.05). The polarization 

hypothesis is strongly supported empirically by these findings. 

A reasonably good fit is indicated by the R-squared values (0.67, 0.54, and 0.49 for high-, medium-, 

and low-skilled models), especially for the high-skilled category. The conclusion that technological 

change is the main cause of labor market polarization in East Asia is supported by the consistency of 

results across alternative specifications. 

The estimated regression coefficients for trade, education, demographics, and technology are 

shown in Figure 2. It draws attention to the sharp disparity in the effects of technology, which 

strengthens jobs for high- and low-skilled workers while undermining jobs for medium-skilled 

workers. 
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Fig 2. Regression coefficients of technology and control variables on employment shares. 

4.3. Cross-Country Comparison and Institutional Context 

Polarization is present in all three nations, but it varies in intensity and speed. Japan's education 

system and robust enterprise-based training are driving a moderate but steady increase in high-skilled 

employment. However, compared to its neighbors, the displacement of medium-skilled workers has 

been slowed by institutional features like lifetime employment and stringent labor protections. 

The most pronounced polarization is seen in South Korea. Rapid ICT adoption and flexible labor 

market reforms in the late 1990s increased employment in professional services, ICT, and finance 

while hastening the loss of routine manufacturing and clerical jobs. 

China exhibits two distinct patterns. Growth in highly skilled jobs in cities is driven by 

technological innovations in manufacturing and service technologies. Low-skilled jobs are 

maintained in situ until that moment by huge rural and informal sectors. It both signals long-run 

structural inequalities and cushions the impacts of polarization. 

These differences imply how institutions are so crucial. The inelastic nature in Japan puts off 

adaptation while reducing displacement. Polarization is strengthened by Korea's liberalized labor 

market. China's transitional regime has the risk of broadening inequality as well as potential for up-

grading skills. 

4.4. Linking to Theory and Policy 

Overall, the results support the SBTC framework as well as the extended Solow model. Demand 

shifts toward the top and bottom of the skill spectrum as a result of technological advancement, as 

indicated by R&D and ICT intensity. Trade and education serve as mediating channels that either 

soften or reinforce these dynamics. 

Their finding highlights the importance of designing institutions from a policymaking perspective. 

Appropriately designed vocational training and flexibly set up labor market rules place countries in 

better positions that allow them to facilitate staff moves into higher-skilled jobs, narrowing gaps. 

Closing rural-urban disparities and encouraging vocational education are Chinese ambitions. Reforms 

incrementally but facilitation-enhancing higher labor mobilities and reaching flexibilization stability 

could be in the interest of Japan's development trajectory. More social cushions for protection as well 

as worker protection in Korea could contain possibilities for radical polarization while still 

maintaining technological innovation. 
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5. Conclusion 

It has examined the impact of technological change on East Asian employment patterns, applying 

China, Japan, and Korea's labor force survey data from the years between 2010 and 2022. The 

findings provide clear empirical evidence of employment polarization: there has been an expansion 

in high-skilled and, to some degree, low-skilled positions, while medium-skilled jobs, particularly 

those with routine tasks, have gradually shed jobs. Regression analysis also demonstrates that greater 

technology intensity, as captured by expenditure in R&D and ICT investment, is highly related to 

these patterns. 

Cross-country comparisons highlight the decisive role of institutions. In Japan, for example, 

lifelong employment and firm-specific training have softened the impact of displacement and slowed 

the decline of medium-skilled jobs. Korea has the highest polarization, both in terms of the fast 

diffusion of technologies and more adaptable labor markets. China has a two-tier structure: cities 

exhibit substantial rises in employees in high-skilled jobs, whereas rural and informal segments still 

support masses of low-skilled employees. These differences confirm that though technological 

impulses are generally identical, institutional settings mediate their labor market impacts. 

Taken together, the results confirm that the Solow growth model and the SBTC framework remain 

relevant. They continue to explain how technological change reshapes the skill composition of 

employment. Meanwhile, however, they also confirm that policy does make a difference. Active labor 

market policies, vocational training, and skill development programs play a crucial role. Such 

measures can both facilitate workers’ transition into higher-skilled occupations and reduce the risk of 

social exclusion. The challenge for the East Asian economies in the coming years is to achieve two 

priorities. One is that they must go for innovation-driven growth, and two, they must make labor 

market outcomes more inclusive. Future research could extend this analysis in several ways. It may 

explore sectoral patterns of polarization, use micro-data on worker flows, or assess how emerging 

technologies such as artificial intelligence and robotics shape these dynamics. By confronting 

institutional and technological perspectives, however, scholars and policymakers may better grasp 

how to manage the evolving relationship between technology and jobs in East Asia. 

A key limitation of this study is that it relies on aggregate labor force data (2010-2022), which 

may obscure sectoral and firm-level dynamics. Future research could use micro-level worker panel 

data to capture individual adaptation to technological change. 
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