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Abstract:
This s tudy empirical ly examines the impacts  of 
technological advancements and government policy 
interventions on China’s unemployment during 2015–2025, 
using Pearson correlation analysis and multiple linear 
regression analysis. It identifies a highly significant positive 
correlation between general public expenditure as a GDP 
share and China’s unemployment rate, with clear reverse 
causality. However, national average minimum wage 
and R&D expenditure’s GDP share show no statistical 
impact on overall unemployment, due to regional wage 
heterogeneity, offset R&D job displacement and creation, 
and long R&D employment lags. Limited by national 
aggregated data, incomplete variable measurement and a 
short empirical horizon, the study still provides evidence-
based insights for China’s targeted employment policies 
and balancing technological progress, policy regulation 
and employment stability.

Keywords: China’s Unemployment Rate, Technological 
Advancements, Government Policy Intervention, Multiple 
Regression Analysis

1. Introduction
In contemporary China, unemployment has become 
a prominent socioeconomic challenge. Over the 
past decade, China’s labor market has undergone 
profound shifts driven by economic restructuring, 
technological progress, and growing global uncer-
tainties, turning unemployment into a pivotal issue. 
According to National Bureau of Statistics, youth 
unemployment rate among those aged 16-24 reached 

an astonishing 21.3% in June, while that for aged 
25-59 stood at 4.1%. (Xinhua News Agency, 2023). 
From both figures presented, China’s unemployment 
rate has surged over the last 30 years, skyrocketing 
to 5.1% in 2024, more than doubling the level from 
1995. This striking unemployment rate has triggered 
widespread domestic concerns about social cohesion 
and economic development. It has also drawn close 
attention from international investors and policymak-
ers, who are examining its potential ripple effects on 

To what extent do technological 
advancements and Government policy 
interventions contribute to unemployment 
in China?
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China’s future economic development.

Figure 1: China’s Unemployment Rate from 2015 to 2024 (Source: macrotrends.net)

Figure 2: Total unemployment as a % of total labor force. (International Labour 
Organization: Labor Force Statistics)

A mix of factors has sparked public attention to the  
far-reaching impacts of unemployment, from individual 
livelihoods to national economic resilience. This under-
scores the urgent need for effective solutions. Among 
which, technological advancements and government poli-
cy interventions have emerged as the most profound cata-
lysts. On the one hand, digital transformation and industri-

al upgrading have led to structural unemployment through 
substitution effect. Chiacchio et al. (2018) estimated that 
employment declines by 0.16-0.20 percentage points 
when a robot is added per 1,000 workers. Similarly, Yan 
et al. (2020) reported that for every 1 percentage point rise 
in robots, labor force jobs fell by 4.6 percentage points. 
On the other hand, restructuring policies and employment 
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support measures exert a dual impact. While they alleviate 
unemployment pressures,  poor alignment with real-world 
labor market conditions can exacerbate the issue. Un-
employment also poses multifaceted harms, including 
reduced income, poorer mental health, weakened social 
cohesion, widening inequality, and slower growth in con-
sumption, fiscal revenue and longterm economic growth.
This research intends to analyze and determine which 
of these two factors is more dominant in driving unem-
ployment trends in China over the past decade. Given the 
ongoing economic restructuring in China, how these two 
intertwined forces contribute to unemployment is essential 
for deepening the understanding of the causes, but also for 
formulating more targeted strategies that reconcile tech-
nological advancements, policy regulation and employ-
ment stability. Ultimately, the dissertation aims to distill 
evidence-based insights on the significance of the factors, 
helping policymakers formulate better strategies, and thus 
promoting social stability and inclusive economic growth.

2. Literature review

2.1 Overview of Unemployment in the Chinese 
Context
According to international labor standards, unemploy-
ment generally refers to individuals aged 16–59 who are 
currently without work, have actively sought work in the 
past 4 weeks, and are available to start work immediately 
(International Labour Organization, 2022). Nevertheless, 
due to China’s unique labor market characteristics, specif-
ically its large migrant worker population and rural-urban 
migration, these require nuanced adjustments to this defi-
nition (National Bureau of Statistics of China, 2023). Un-
like developed economies, China’s official urban surveyed 
unemployment rate excludes rural workers not registered 
in urban areas, leading some scholars to argue that the 
actual unemployment rate may be 1.5–2 percentage points 
higher than reported (Fang & Lin, 2015).

2.2 Typologies of Unemployment  
Unemployment is a complex labor market issue that can 
be classified into distinct typologies based on varying 
mechanisms, duration, and market performance.
2.2.1 Voluntary vs. Involuntary Unemployment

Voluntary unemployment describes individuals who exit 
the labor force by choice, such as those pursuing further 
education or a more desirable job, while involuntary un-
employment refers to workers willing and able to work 
at current wages but unable to find employment (Cace-
res-Santamaria, 2024). This distinction is useful for policy 

design: voluntary unemployment often involves adjusting 
incentives, whereas involuntary unemployment requires 
demand-side interventions.
2.2.2 Cyclical vs. Structural Unemployment

Cyclical and structural unemployment both reflect macro-
economic conditions. Cyclical unemployment is transito-
ry, closely linked to economic swings like recessions that 
reduce aggregate labor demand. By contrast, structural 
unemployment is long-lasting, driven by skill mismatches 
or industrial restructuring. Evidence shows that cyclical 
unemployment fades with economic recovery, whereas 
structural unemployment will persist without targeted 
measures.  For instance, there were permanent job losses 
in the leisure and hospitality sector in 2020, as automation 
adopted during the pandemic stayed in place, even after 
consumer demand bounced back (Caceres-Santamaria, 
2024).
2.2.3 Technological Unemployment

Technological unemployment describes job displacement 
caused by technological advancements, and existing stud-
ies have examined its impact across different occupations. 
Somers et al. (2022) identified a "labor replacement ef-
fect" in repetitive manufacturing roles via 127 empirical 
studies. Liu et al. (2024) confirmed this in China, where 
technological progress in industry suppressed demand for 
low-skill production workers, while increasing high-edu-
cation worker opportunities. Yale University (2025) noted 
no economy-wide AI-induced unemployment as of 2025 
but acknowledged gradual, sector-specific displacement.

2.3 Automation’s Multifaceted Impact on Un-
employment Dynamics in China
Several studies have found positive links between auto-
mation and unemployment in China’s labor-intensive and 
routine-task-heavy sectors. Ozkan and Sullivan (2025) 
developed dual metrics to measure “AI exposure” (the-
oretical occupational vulnerability and real-world adop-
tion) and found that manufacturing, administrative, and 
customer service roles face the highest displacement risk, 
where these sectors account for over 40% of China’s low-
skill employment (Cui et al., 2024). Their analysis of 
2023–2025 data showed that provinces with high automa-
tion rates (e.g. Guangdong, Jiangsu) experienced a 5–7% 
decline in low-skill manufacturing jobs, directly linking 
automation to unemployment. This was exemplified in re-
search, where Liu et al. (2024) analyzed hiring data from 
1,200 Chinese enterprises and found that small- and me-
dium-sized enterprises (SMEs) in textiles, electronics as-
sembly, and toy manufacturing were most affected. Much 
of the literature suggests that those firms lack resources 
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for workforce retraining, therefore they often respond 
to automation by eliminating positions involving rule-
based work compared to non-routine roles, exacerbating 
unemployment among workers with limited education or 
specialized skills.
Despite these displacement effects, this finding risks over-
estimating automation’s role in driving economy-wide 
unemployment in China. Instead, many present studies 
have highlighted that unemployment could be alleviated 
through restructuring roles in the economy. Yale Univer-
sity’s Budget Lab (2025) analyzed national labor market 
data from 2019 to 2025. The study revealed that while 
employment in low-skilled manufacturing roles experi-
enced an 8% decline, this reduction was counterbalanced 
by a 12% growth in automation-related jobs, such as AI 
maintenance and robot programming. Brij Dave (2025) 
noted this net positive employment trend was prominent 
in China’s tech hubs, the city of Shenzhen alone added 
230,000 automation-linked jobs (2022-2025), sufficiently 
offsetting traditional manufacturing employment losses. 
Cui et al. (2024) built on these findings by revealing a 
U-shaped relationship between automation and employ-
ment in China’s manufacturing sector. Using panel data 
from 31 Chinese provinces from 2011 to 2020, the study 
outlined two sequential phases. The downward section of 
the U‑curve shows an initial fall in employment, as auto-
mation replaces labour in routine tasks. The upward phase 
appears 2–3 years later, when employment rebounds, 
firms expand production with greater efficiency and create 
new roles for managing automated systems. Notably, by 
the end of the study period, provinces that adopted auto-
mation earlier had higher overall employment levels than 
those that integrated technologies later.

2.4 Government Policies’ Impact on Unemploy-
ment. Effect of Minimum Wage on Unemploy-
ment
Multiple research have connected China’s minimum wage 
reforms to aggravated unemployment, particularly for 
low-skilled workers. Fang and Lin (2015) conducted a 
seminal analysis of China’s 2004 minimum wage policy 
and found that a 10% wage increase caused a 1–2% drop 
in employment among migrant workers. The effect was 
more obvious in Eastern China’s manufacturing hubs, 
where the textile industry in Zhejiang province saw a 3% 
fall in employment. Subsequent studies have validated 
this pattern, firms with thin profit margins often respond 
to higher mandatory minimum wages by reducing staff 
or relocating to lower-wage regions. Prakash Loungani 
(2014) examined data from 2008–2013 and found that la-
bor-intensive sectors such as assembly were twice as like-

ly to reduce hiring after minimum wage hikes, compared 
with skill-intensive machinery manufacturing. More re-
cently, LexChina (2025) documented the 2025 minimum 
wage adjustments, which lifted monthly rates above 2,000 
RMB across 31 Chinese provinces. Their research showed 
that 15% of small manufacturers in Guangdong cut 5–10% 
of low-skill staff, while 20% moved production to inland 
provinces, diminishing coastal employment. Collectively, 
these findings highlight minimum wage policies dispro-
portionately risk unemployment in labor-dependent sec-
tors.
Despite these promising findings, other research has had 
contradictory findings, suggesting the potential to support 
jobs instead. Neumark (2015) addresses a key limitation 
in earlier studies by distinguishing between voluntary and 
involuntary unemployment: analyzing Chinese labor sur-
veys, he found 40% of reported unemployment was vol-
untary, as workers gained bargaining power to reject sub-
standard roles and seek better opportunities. This means 
job losses are often overstated when voluntary choices are 
conflated with involuntary layoffs. Furthermore, Huang 
(2024) identified minimum wages’ indirect employ-
ment-creating role: higher wages increased disposable 
income for low-income households with a 0.9 marginal 
propensity to consume, boosting demand for retail, hospi-
tality, and healthcare services, driving a 4% employment 
growth in these sectors. In Sichuan, this even offset 30% 
of manufacturing job losses tied to wage hikes. Taken to-
gether, this indicates minimum wages do not solely cause 
unemployment but can also support job creation.

2.5 Research gap
Although many studies examine the factors influencing 
unemployment, there are gaps in existing research in 
understanding how core drivers have evolved over time. 
Firstly, while numerous studies identify the elements af-
fecting unemployment rate, they often fail to single out 
and compare the relative importance of each factor. This 
leaves a critical gap in understanding which drivers were 
most dominant during different stages of economic devel-
opment.
Furthermore, empirical modeling in existing research is 
limited, while typical trends are discussed, there's a lack 
of mathematical analysis to examine the casual relation-
ships between key variables, such as automation changes 
and minimum wage adjustments. Lastly, the examination 
of unemployment trends in 2025 and 2026 is incomplete. 
Although previous studies have focused on historical 
labor market patterns over the past decade, few have ad-
dressed the intensified prevalence of automation in recent 
years, especially the unprecedented peak of generative AI 
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in 2025, which has reshaped China’s labor demand at an 
accelerated pace.
In brief, given these gaps, the study uses statistical meth-
ods to quantify the impact of two key factors. It clarifies 
their relative importance, investigate the latest unemploy-
ment conditions, and extend prior research to contempo-
rary Chinese labor market realities.

3. Methodology

3.1 Overview
This dissertation combines qualitative and quantitative 
methods. In order to synthesize existing insights regard-
ing unemployment causes, and key patterns between the 
two factors and unemployment trends, the author adopts 
literature review and content analysis through secondary 
research, relying on credible academic journals, policy 
documents, and economic reports. The study aims to clar-
ify their respective and combined influences, and derive 
targeted policy implications for balancing technological 
development, policy effectiveness, and employment sta-
bility. When collecting information, the author eliminated 
inaccurate or outdated sources to ensure data reliability 
and timeliness.

3.2 Secondary research
To ensure the credibility and relevance of the information, 
the CRAAP test (Currency, Relevance, Authority, Accu-
racy and Purpose) was employed to evaluate potential 
resources. The following criteria were used to select the 
references.
1. Currency: Preference was given to sources published 
within the last 10 years (2015–2026) to ensure the in-
formation reflects the most recent advancements and 
developments in China’s economy. This also ensures that 
the analysis aligns with the latest economic policies and 
technological realities. Nevertheless, seminal works from 
earlier periods (e.g., 1995–2015) were included to provide 
essential historical context.
2. Relevance: Sources were selected based on their direct 
relevance to the two core factors: Chinese governmental 
policies and technological change. These include empir-
ical studies, labor market policy analyses, technological 
impact assessments, and comprehensive economic re-
views. Priority was given to sources explaining causal 
mechanisms between government intervention, technolog-
ical progress, and unemployment dynamics.
3. Authority: Only sources published in reputable jour-
nals or produced by respected institutions were included. 
Examples include the Federal Reserve Bank of St. Louis, 

Investopedia, VoxEU, Yale University’s Budget Lab, and 
the CSMAR database.
4. Accuracy: Sources were evaluated for accuracy based 
on the credibility of the publisher and the rigor of the 
content. Empirical studies, labor market policy analyses, 
technological impact assessments, and comprehensive 
economic reviews were prioritized as they are more likely 
to be accurate and up-to-date.
5. Purpose: The purpose of each source was assessed to 
ensure consistency with the overall research objective. 
Those providing comprehensive overviews, rigorous em-
pirical evidence, and clear theoretical frameworks were 
favored, as they best support the analysis of how govern-
ment policies and technology jointly influence unemploy-
ment in China.

3.3 Data collection
The author collected relevant macroeconomic indicators 
spanning the period 2010 to 2025 from official statistical 
databases and macroeconomic platforms, namely  Macro-
trends, the Worldbank, Macromicro and tradingeconom-
ics.com. These indicators include China’s unemployment 
rate, different types of government expenditure as a per-
centage of China’s Gross Domestic Product (GDP), the 
ratio of Research and Development (R&D) expenditure to 
China’s GDP, and the annual mean minimum wage.

3.4 Data analysis methods

3.4.1 Pearson Correlation analysis

The Pearson correlation coefficient is an indicator used 
to measure the strength and direction of the linear associ-
ation between two variables, with the value of r ranging 
from −1 to +1. An r-value of −1 or +1 represents a perfect 
linear relationship, while an r-value of 0 indicates no lin-
ear relationship; a negative sign simply reflects the inverse 
direction of the association, meaning that as one variable 
increases, the other decreases (Ken Stewart, 2025). As a 
parametric correlation test, Pearson correlation can only 
be applied when variables follow a normal distribution, 
and it is mainly used to examine whether a linear rela-
tionship and corresponding dependence exist between 
quantitative variables. A correlation is considered statisti-
cally significant if p<0.05, and such a pretest is necessary 
before conducting further regression analysis, because 
a meaningful impact relationship can only be explored 
when a significant linear correlation is confirmed between 
variables.
3.4.2 Multiple linear regression analysis

Multiple regression analysis is a statistical technique used 
to examine the relationship between a single dependent 
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variable and a set of independent variables. This method 
isolates the effect of each explanatory variable on the 
dependent variable, while accounting for the influence 
of other factors in the model (McKee, 2024). The author 
used the SPSSAU website to assist in the analysis of mul-
tiple linear regression equations.
The general form of the multiple regression equation is 
expressed as:
Y=β0+β1X1+β2X2+⋯+βnXn+ε
In this equation: Y represents the dependent variable 
(China’s unemployment rate). X1,X2,…,Xn are the inde-
pendent variables ( in this case they are R&D’s proportion 
of GDP, general public expenditure and government ex-
penditure as a share of GDP, and minimum wage levels). 
Note that general public expenditure is a broader measure 

that includes social security and public funds, whereas 
government expenditure is narrower and only covers core 
budgetary spending, which is why their values as shares 
of GDP differ noticeably. β0 is the intercept, representing 
the value of Y when all independent variables are zero. 
β1,β2 ,…, βn are the regression coefficients, quantifying 
the magnitude and direction of the relationship between 
each independent variable and the dependent variable. ε 
is the error term, capturing the variation in Y that is not 
explained by the model.

4. Results

4.1 Descriptive Statistic

Table 1.  Summary Statistics of Key Macroeconomic Indicators and China’s Unemployment Rate (2015-2025)

Case number Mean Standard Deviation Median
Unemployment rate in China (%) 16 4.651 0.223 4.575

Research & Development as a proportion of China’s GDP (%) 16 2.227 0.331 2.130
General Public expenditure as a proportion of China’s GDP (%) 16 16.669 1.301 16.480

Mean Minimum wage in China each year (RMB) 16 2005.625 682.419 2360.000
Government Expenditure as a proportion of China’s GDP (%) 16 30.949 2.924 31.960

China’s unemployment rate has shown a fluctuating 
upward trend over the past decade from 2015 to 2025, 
eventually peaking at 5.20%. Meanwhile, government ex-
penditure as a proportion of GDP (%) increased gradually 
over the years, and had the highest mean 30.949. General 
Public Expenditure as a proportion of GDP (%)  showed 
extreme volatility, with the median of 16.480 recommend-

ed for its central tendency. The mean annual minimum 
wage (RMB) had the largest standard deviation with sig-
nificant fluctuations. R&D as a proportion of GDP (%) 
had a low mean with mild volatility,  performing as the 
most stable indicator.

4.2 Results of Normality Test

Table 2. Normality Test Results for the discussed factors

Normality Test Results

Name N Mean
Standard 
Deviation

Skewness Kurtosis
Shapiro-Wilk 

Test33
Statistic W P value

Unemployment rate in China (%) 16 4.651 0.223 1.319 1.630 0.825 0.006**
Research & Development as a 
proportion of China’s GDP (%)

16 2.227 0.331 0.277 -0.954 0.953 0.544

General Public expenditure as a 
proportion of China’s GDP (%)

16 16.669 1.301 2.378 7.824 0.766 0.001**

Mean Minimum wage in China 
each year (RMB)

16 2005.625 682.419 -0.690 -1.283 0.826 0.006**

General Government Expenditure 
as a proportion of China’s GDP (%)

16 30.949 2.924 -0.851 -0.295 0.898 0.074

* p<0.05 ** p<0.01
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Normality tests were conducted for five variables above in 
Table 1 using the Shapiro-Wilk test, given the sample size 
of fewer than 50 observations. The results demonstrated 
that R&D as a proportion of GDP and general government 
expenditure as a proportion of GDP were normally dis-
tributed (p > 0.05). By contrast, the unemployment rate, 
general public expenditure as a proportion of GDP, and 
mean minimum wage showed significant deviations from 
absolute normality (p < 0.05). Nevertheless, strict normal-

ity requirements are often difficult to satisfy in empirical 
research. Furthermore, all variables exhibited absolute 
skewness values below 3 and absolute kurtosis values 
below 10, which are widely accepted as indicative of ap-
proximate normality. Consequently, all variables satisfied 
the normality assumption required for Pearson correlation 
analysis.

4.3 Results of correlation analysis of influencing 
factors of China’s unemployment rate

Table 3. Pearson Correlation Results for China's Unemployment Rate and Related Variables

Pearson Correlation
Unemployment rate in China (%) P value

Research & Development as a proportion of China’s GDP (%) 0.583* 0.018
General Public expenditure as a proportion of China’s GDP (%) 0.689** 0.003

Mean Minimum wage in China each year (RMB) 0.328 0.215
Government Expenditure as a proportion of China’s GDP (%) 0.380 0.147

* p<0.05 ** p<0.01

Figure 3: Pearson Correlation Heatmap
As shown in Table 3, Pearson correlation analysis was 
conducted to examine the relationship between Chi-
na’s unemployment rate (%) and four macroeconomic 
variables, with the correlation strength and significance 
measured by Pearson’s r and p-values respectively. The 
results indicated a significant positive correlation between 
China’s unemployment rate and R&D as a proportion of 
GDP, with a correlation coefficient of 0.583 and a p-value 
of 0.018 (p<0.05). A highly significant positive correlation 
was also found between China’s unemployment rate and 
general public expenditure as a proportion of GDP, with 
a correlation coefficient of 0.689 and a p-value of 0.003 

(p<0.01). By contrast, no significant correlation was ob-
served between China’s unemployment rate and the mean 
annual minimum wage, where the correlation coefficient 
was 0.328 and the p-value was 0.215 (p>0.05). Similarly, 
no significant correlation existed between China’s unem-
ployment rate and general government expenditure as a 
proportion of GDP, with a correlation coefficient of 0.380 
and a p-value of 0.147 (p>0.05).
As shown in figure 3, the Pearson correlation heatmap in-
tuitively presents the positive correlation trend among all 
variables. Overall, only R&D expenditure as a proportion 
of GDP and general public expenditure as a proportion of 
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GDP were significantly positively correlated with China’s 
unemployment rate, while the other two variables failed to 
reach the statistical significance level of 0.05.

4.4 Multiple linear regression process of men-
tioned influencing factors

Table 4. The Impact of General Public Expenditure on China’s Unemployment Rate

Linear Regression Analysis Results  (n=16)
Unstandardized coeffi-

cients
Standardized coeffi-

cients t p
Collinearity Diagnostics

B Std. Error Beta VIF Tolerance
Constant 2.682 0.556 - 4.828 0.000** - -

General Public expenditure as 
a proportion of China’s GDP 

(%)
0.118 0.033 0.689 3.554 0.003** 1.000 1.000

R 2 0.474
Adjusted R 2 0.437

F F (1,14)=12.632, p=0.003
D-W 1.759

Dependent variable = Unemployment rate in China (%)
* p<0.05 ** p<0.01

Building on the preliminary findings from the correlation 
analysis, mean minimum wage and General Government 
Expenditure as a percentage of China’s GDP were there-
fore excluded from the subsequent multiple regression 
analysis, leaving R&D expenditure and General Public 
Expenditure as a proportion of China’s GDP as the re-
tained predictors. In the initial model, the partial effect of 
R&D expenditure as a proportion of GDP was not statisti-
cally significant (p = 0.613>0.05), this variable was manu-
ally removed to refine the specification. A revised multiple 
regression model was then estimated, with General Public 
Expenditure as a proportion of China’s GDP as the sole 

independent variable, shown in Table 4. The regression 
equation is:
Unemployment rate  in China (%)=2.682+0.118×Gener-
al Public expenditure as a proportion of China’s GDP (%)
The final model yielded an  R-squared=0.474, indicating 
that General Public expenditure as a proportion of China’s 
GDP (%) explains 47.4% of the variance in China’s un-
employment rate. The F-test confirmed the model’s over-
all significance (F(1,14)=12.632, p=0.003<0.05), meaning 
General Public expenditure has a statistically significant 
impact on the unemployment rate, supporting the model’s 
validity.

Table 5. Reverse Causality: The Impact of China’s Unemployment Rate on General Public Expenditure

Linear Regression Analysis Results  (n=16)
Unstandardized coeffi-

cients
Standardized coeffi-

cients t p
Collinearity Diagnostics

B Std. Error Beta VIF Tolerance
-2.007 5.260 - -0.382 0.708 - -

Unemployment rate in 
China (%)

4.016 1.130 0.689 3.554 0.003** 1.000 1.000

R 2 0.474
Adjusted R 2 0.437

F F (1,14)=12.632,p=0.003
D-W 0.967

Dependent variable= General Public expenditure as a proportion of China’s GDP (%)
* p<0.05 ** p<0.01
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A reverse causality test was performed to resolve the 
counterintuitive primary finding, swapping the depen-
dent and independent variables. Table 5 presents a linear 
regression with China’s Unemployment Rate (%) as the 
predictor and General Public Expenditure as a proportion 
of GDP (%) as the outcome. The regression equation is 
defined as:
General Public Expenditure (%)=−2.007+4.016×Unem-
ployment Rate (%)
Specifically, the unstandardized regression coefficient for 
the unemployment rate was B=4.016, illustrating a signif-
icant positive effect: a 1% increase in the unemployment 
rate is associated with a 4.016 percentage point increase in 
General Public Expenditure as a proportion of GDP. Col-
linearity diagnostics suggested no multicollinearity was 
detected (VIF = 1.000, Tolerance = 1.000).

5. Discussion

5.1 Higher General Public Expenditure as a 
Proportion of GDP associated with higher Un-
employment Rate: Empirical Evidence and Ex-
planation
One explanation for the strong relation (p=0.003<0.01) 
is the crowding-out effect. Higher government borrowing 
and public spending push up interest rates, which damp-
ens private investment (Cuestas et al., 2020). Since private 
enterprises account for over 80% of urban employment 
in China, weaker private investment leads to slower job 
creation (National Bureau of Statistics, 2024). In this case, 
public spending does raise total employment but replaces 
private-sector job generation, potentially pushing up the 
overall unemployment rate.
Addtionally, evidence from developed countries suggests 
that expanded government spending on unemployment 
benefits can drive up measured unemployment, caused 
mainly by voluntary labor force withdrawal rather than in-
voluntary job loss. Generous welfare narrows the income 
gap between benefits and potential wages, which encour-
ages some individuals to voluntarily reduce job search 
intensity or delay reentering the workforce. Per the U.S. 
Bureau of Labor Statistics (BLS, 2025), these individuals 
still meet official definition of unemployed, thus inflating 
the rate. Post-pandemic U.S. evidence confirms this: the 
CARES Act’s $600 weekly UI supplement  meant ben-
efits exceeded pre-unemployment wages for many, with 
24% of respondents admitting aid discouraged active job 
hunting. This voluntary behavior coincided with a drop 
in labor force participation to 62–63% post-2021, high-
lighting that the observed unemployment rise reflects 
welfare-driven choices, not a lack of job opportunities. A 

similar mechanism may also exist in China, suggesting 
that public spending and welfare-related policies could 
similarly influence China’s official unemployment rate.

5.2 Reverse Causality Verification: Unemploy-
ment Rate Drives the Increase of General Pub-
lic Expenditure
This reverse causality explains empirical results between 
general public expenditure and unemployment rate in the 
primary regression model, unemployment drives spend-
ing, not the opposite. This study’s regression results illus-
trate that unemployment rate exerts a significant positive 
effect on general public expenditure as a proportion of 
GDP (p=0.003<0.01), demonstrating  China’s fiscal re-
sponsiveness to labour market weakness. In practice, the 
government increases expenditure on social security and 
employment assistance to respond to rising unemploy-
ment. For example, it has expanded unemployment insur-
ance benefits, provided social insurance subsidies for un-
employed graduates, and required enterprises to allocate 
at least 60% of training funds to frontline workers. Recent 
policies further support fresh graduates: the government 
has extended the fresh graduate identity to unemployed 
graduates within 2 years of graduation, offered a one-off 
job expansion subsidy of 1,500 yuan per person to firms 
hiring eligible young people, and expanded recruitment in 
civil service, public institutions and state-owned enterpris-
es (MOE, 2025). Public investment in infrastructure and 
job-creating projects has also been increased, especially 
amid the youth unemployment rate of 18.8% in August 
2024 (Jiang, 2024). These policies lead to a passive rise in 
general public expenditure as unemployment increases.

5.3 Non-Significant Impact of Mean Minimum 
Wage on Unemployment Rate
Unlike regional studies, this study finds no statistically 
significant impact of the mean minimum wage on China's 
overall unemployment rate, where the p-value was 0.215 
(p>0.05). The fundamental reason is the regional heteroge-
neity of China's minimum wage standards. Decentralized 
implementation allows provinces to formulate standards 
based on local conditions, creating enormous gaps (Huang 
et al., 2024). For instance, the minimum wage standards 
in first-tier cities such as Shanghai are more than twice as 
high as those in the western regions. Using national aver-
age minimum wage in macro regression offsets substantial 
regional wage differences, masking the actual impact of 
minimum wage adjustments on unemployment.
Additionally, China's minimum wage adjustment of "small 
steps and frequent adjustments",  accounting for enterpris-
es’ affordability when revising standards, weakens labor 
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market shocks. Its average ratio to the median wage is 
only about 20%, which is far below the 40–50% in most 
developed countries (Neumark and Corella, 2020). This 
low level keeps it well below the threshold for significant 
labor market disruptions, so even continuous adjustments 
do not trigger large-scale national job losses or signifi-
cantly affect the overall unemployment rate.
Lastly, rather than raising unemployment, minimum wage 
hikes can boost employment through stronger aggregate 
demand. The minimum wage policy increases disposable 
income for lowwage households, and the marginal pro-
pensity to consume (MPC) associated with this additional 
income is close to 1 (Huang et al., 2024). Higher purchas-
ing power stimulates domestic consumption and supports 
the real economy, which in turn creates more jobs. This 
forms a positive cycle: wage increase – consumption 
growth – employment promotion.

5.4 Non-Significant Impact of R&D Expendi-
ture as a Proportion of GDP on Unemployment 
rate
This study finds no statistically significant impact of R&D 
expenditure as a proportion of GDP on China's overall 
unemployment rate (p=0.613>0.05). For one, R&D-driv-
en technological progress generates mutually offsetting 
job displacement and creation effects, which neutralize 
each other. Dave (2025) notes that R&D investment in 
China’s manufacturing intelligent transformation has 
replaced 10–13% of low-skilled jobs, such as assembly 
line workers, as machines take over routine and repetitive 
tasks. In terms of job creation, new technologies spawn 
entirely new industries and occupations. Cui et al. (2024) 
confirm that R&D in the digital economy has created over 
8 million new positions, such as AI trainers and digital op-
eration analysts. Critically, these two effects are roughly 
balanced nationally: the number of displaced low-skilled 
jobs matches the number of newly created roles, resulting 
in no significant net change in the overall unemployment 
rate.
For another, the impact of R&D on employment has a 
long time lag that short-term data cannot capture. Given 
the rapid advancement of technology in recent years, such 
long-term effects are even harder to detect with limited 
short-run observations.Unlike public expenditure, which 
affects employment quickly through interest rates or wel-
fare policies, R&D requires a multi-stage cycle. Liu et al. 
(2024) note that China’s R&D investment takes 1–2 years 
to translate into technical patents, a period known as the 
"breakthrough phase." After that, enterprises need another 
1–2 years to apply these patents to production and adjust 
labor demand, a period called the "application phase." 

This 2–4 year lag means the annual data used in this study 
cannot reflect R&D’s true employment impact. Ozkan & 
Sullivan (2025) further verify this in cross-country re-
search, finding that R&D’s effect on unemployment only 
becomes statistically significant after a 3-year lag. This 
explains why the short-term regression results show no 
correlation between the two.

6. Evaluation

6.1 Research Strengths
This study adopts authoritative secondary data from re-
nowned databases and official Chinese statistical sources, 
all vetted to ensure data authenticity. It employs rigorous 
quantitative analyses, including Pearson correlation and 
multiple linear regression, generating reproducible con-
clusions through SPSSAU. All empirical findings are 
theoretically grounded in established economic theories 
and literature, linking evidence to analysis and ensuring 
academic validity.
6.2.1 Aggregated Macroeconomic Data Limitations

The core limitation is the use of national aggregated data, 
which conceals regional, industrial and labor group het-
erogeneity in China and precludes refined sub-regional 
and industrial analysis. Stark disparities in minimum wage 
and R&D expenditure exist between eastern coastal and 
western inland regions, across labor-intensive and high-
tech industries. Aggregated indicators fail to capture these 
variables’ affect on unemployment among vulnerable 
groups, merely reflecting national-level correlations and 
oversimplifying micro-level labor market dynamics.
6.2.2 Incomplete Variable Measurement and Scope

Only four core independent variables are examined, with 
critical control variables of unemployment dynamics omit-
ted, including industrial restructuring speed, inter-sector 
AI adoption intensity and migrant worker mobility. These 
omissions may alter the magnitude and direction of the 
observed variable-unemployment relationships, reducing 
the model’s explanatory power for real-world labor mar-
ket changes.
6.2.3 Short-Term Empirical Time Horizon and Data 
Frequency

The empirical analysis uses 2015–2025 annual macroeco-
nomic data, with a short time window failing to capture 
the 2-4 year lag effects of factors like R&D expenditure, 
Annual data lacks the granularity of quarterly or monthly 
indicators, making it impossible to identify short-term 
fluctuations in unemployment driven by policy shocks or 
technological adoption spurts, limiting the accuracy of 
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causal inference.

6.3 Future research Directions
Future research can use provincial and industrial panel 
data to analyze regional and industrial variations in policy 
impacts on unemployment and explore relevant moder-
ating effects. It is also advised to expand the variable set 
with labor human capital, AI intensity and GDP growth 
rate, and shift research focus from aggregate unemploy-
ment to China’s prominent specific types (youth, structur-
al, urban-rural) for targeted policy insights.

7. Conclusion
This paper examines the effects of technological advance-
ments and government interventions on China’s unem-
ployment from 2015 to 2025, using Pearson correlation 
and multiple linear regression models. It aims to quantify 
the relative effects on aggregate unemployment and ad-
dress empirical gaps in existing research. The result states 
a highly significant positive correlation between the gen-
eral public expenditure-to-GDP ratio and unemployment 
with evident reverse causality, whereas the national aver-
age minimum wage and R&D expenditure-to-GDP ratio 
have no statistically significant impact on overall unem-
ployment. Although the study is constrained by national 
aggregated data, incomplete variables and a short research 
period, it effectively quantifies the relative influence of 
major drivers of China’s unemployment.
These findings deepen the understanding of the interac-
tion between technological progress, government policy 
and unemployment in China’s economic restructuring, 
and provide evidence-based insights for targeted policies 
to balance technological development and employment 
stability. They also lay an empirical foundation for future 
research, which can explore the heterogeneous impacts 
of relevant factors with more detailed regional data, and 
expand the variable set to investigate specific types of tar-
geted unemployment.
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