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The rapid development of artificial intelligence (Al) is transforming global
economies, threatening job security across diverse fields, including Al
development itself, as automation increasingly handles complex tasks
traditionally performed by skilled professionals. As China leads global
manufacturing and technological innovation, understanding the labor market
implications of Al adoption is critical for shaping management science policy
and workforce development. This study investigates the impact of Al,
measured by industrial robot installation density, on employment scale and
wages in the manufacturing sectors of Beijing and Shanghai from 2006 to
2020, extending the analysis to 2030 using deep learning. Employing panel

Forecasting data and a long short-term memory (LSTM) neural network, Al's effects on

job displacement and wage growth are analyzed. Historical findings reveal a
nuanced effect: Al adoption is strongly negatively correlated with
employment scale (r = -0.90, p < 0.01), with Beijing and Shanghai
experiencing employment declines of 44.6% and 40.3%, respectively, from
peak levels. Conversely, Al is positively correlated with wages (r = 0.96, p <
0.01), with wage increases of 361% in Beijing and 324% in Shanghai. City-
specific analyses show Shanghai’s steeper Al adoption correlates with greater
employment declines but higher wage growth compared to Beijing. LSTM
forecasts predict continued employment declines (49.8% in Beijing, 50.2% in
Shanghai by 2030) and wage growth (51.3% in Beijing, 54.6% in Shanghai).
Graphs illustrate historical and forecasted management trends. Country-level
synthesis underscores implications for China’s labor market and other
developing economies.

1. Introduction

China’s economy, the second largest globally, has achieved remarkable growth, boasting a
nominal GDP of approximately $18.3 trillion in 2024 [1]. As the world’s leading manufacturing hub,
China accounts for nearly 30% of global manufacturing output, driven by a labor force exceeding 800
million workers and extensive industrial infrastructure [2]. This economic scale is fueled by rapid
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urbanization, technological advancements, and significant investments in innovation, particularly in
artificial intelligence (Al), with China leading in industrial robot installations [3], comprising over 50%
of global installations in 2022 [4]. The rapid adoption of Al technologies, particularly industrial robots,
has transformed manufacturing industries worldwide [5-7]. This disruptive potential extends far
beyond manufacturing, as evidenced by Al's role in securing mobile networks [8], analyzing business
economic factors [9], and driving financial technology adoption globally [10]. In engineering and
materials science, Al frameworks are now pivotal for optimizing complex systems, from gas
separation processes to material design [11]. The successful integration of Al and automation also
necessitates robust defenses against digital threats, underscoring the critical importance of
understanding individual, social, and organizational determinants of effective cybersecurity [12]. Its
influence is equally profound in education, where it powers automated formative assessment
systems [13] and augments human decision-making for teacher recruitment and diversity [14]. The
sheer size of China’s economy underscores the importance of understanding structural shifts in its
labor market, especially those driven by Al technologies.

China’s economic dominance profoundly shapes the global market, influencing supply chains,
trade dynamics, technological standards [15], and even the Al market [16]. As the world’s largest
exporter, China drives economic activity across Asia, Africa, and Europe, particularly through
initiatives like the Belt and Road, which extends its influence via infrastructure investments [17]. The
adoption of Al and automation in Chinese manufacturing not only boosts productivity but also sets
global benchmarks for industrial practices. These advancements impact labor markets worldwide by
reshaping wage structures and employment trends, particularly in manufacturing-intensive
economies, aligning with global findings on automation’s effects [18].

Like other developing countries, such as India, Brazil, and Vietnam, China combines a large labor
force with rapid industrialization and technological adoption, creating both opportunities and
challenges [19]. These nations share traits like transitioning from agriculture-based to industrial
economies and investing in automation to enhance productivity, yet they face similar risks of job
displacement [18]. China’s unique scale, state-driven innovation policies, and deep integration into
global markets make it a critical case study for understanding Al’s labor market impacts. While this
study focuses on China, specifically analyzing Al’s effects in Beijing and Shanghai from 2006 to 2020,
its findings offer insights applicable to other developing countries navigating similar technological
transitions.

In China, a global manufacturing hub with a vast labor force, understanding Al’s impact on
employment and wages is complex and context-specific [20]. In developed economies, automation
often leads to short-term job displacement but can drive long-term productivity and wage growth by
shifting labor toward higher-skill roles [21]. In developing economies like China, with large labor
markets, Al’s effects may differ due to abundant low-cost labor and rapid industrialization [19]. This
study examines the impact of Al, proxied by industrial robot installation density, on employment
scale (number of manufacturing employees) and wages (city average salary) in Beijing and Shanghai
from 2006 to 2020, using panel data from the International Federation of Robotics and city-level
statistics. By analyzing these trends, we aim to assess whether Al adoption leads to job displacement
or fosters wage growth, providing insights into the evolving dynamics of China’s labor market and its
relevance to global economic trends.

To analyze the impact of Al on employment scale and wages in the manufacturing sectors of
Beijing and Shanghai from 2006 to 2020, we utilized panel data from the International Federation of
Robotics and city-level statistics, employing correlation and fixed-effects regression analyses. Al was
proxied by industrial robot installation density, with employment scale measured as the number of
manufacturing employees and wages as the city's average salary.
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Within China’s economy, where Al-induced labor market changes require adaptive financial
approaches, improving financial literacy could empower workers and investors to manage economic
transitions effectively, promoting resilience and informed financial decision-making in an increasingly
automated landscape [22]. Therefore, understanding future labor market trends is critical for
policymakers to address potential job displacement and capitalize on wage growth opportunities in
China’s rapidly automating economy [20]. These structural changes align with other long-term
economic studies showing that factors like investment, education, and population dynamics
significantly influence a nation's growth trajectory [23]. To forecast employment scale and wages
from 2021 to 2030, we implemented a Long Short-Term Memory (LSTM) neural network. While
recent studies have successfully employed advanced econometric techniques like ARDL-BART for
causal measurement in macroeconomics [24] and NARDL to capture asymmetric effects [25], as well
as dynamic non-parametric systems for forecasting [26], our study opts for an LSTM model due to its
specific aptitude for capturing long-term dependencies in our time series data, offering superior
performance for non-linear trends with the limited data points available [27].

The advent of Al, particularly through large language models and autonomous agents, has
revolutionized forecasting across diverse scientific fields, including climate science, finance, and
economics, by enabling more accurate predictions of future trends. All fields of science share
common foundations in physics and mathematics, suggesting that a successful approach in one
domain can be replicated in another. For instance, the successful application of deep learning in
climate science, as demonstrated by Naisipour et al. [28], which enhances long-term weather and
climate projections, indicates its potential efficacy in economics. This cross-disciplinary applicability
is further evidenced in social sciences, where frameworks like those used to model user intentions in
virtual reality tourism [29] share a foundational principle with our approach: leveraging complex, Al-
driven models to decipher intricate, real-world dynamics. In economics, Al tools forecast labor
market shifts, highlighting their role in predicting employment trends amid technological disruptions,
reinforcing the cross-disciplinary applicability of these techniques. These advancements underscore
Al’s transformative potential, though they also contribute to job displacement in sectors like
Computer and Mathematical Occupations (SOC 15), necessitating strategic career transitions.

LSTM neural networks, a sophisticated class of recurrent neural networks, have gained
prominence in forecasting key labor market dynamics, including employment, unemployment, and
wage fluctuations, due to their proficiency in modeling intricate, nonlinear temporal dependencies
inherent in economic time series data [30]. Unlike traditional econometric models, LSTMs can
effectively capture prolonged temporal patterns and complex interactions among multivariate inputs
such as labor force participation rates, industrial automation indices, and historical wage levels -
thereby producing robust predictions of employment and unemployment rates [31]. By leveraging
their gated architecture, LSTMs mitigate issues like the vanishing gradient problem [32], enabling
them to learn from extended sequences and evolving economic conditions that influence labor
demand and supply.

Transformer neural networks represent a powerful architecture adept at modeling sequential
data with long-range. However, despite their superior performance in many domains, transformers
are notoriously data hungry and require very large datasets to train effectively [28,33]. This high
demand for extensive data makes them ill-suited for applications with relatively short or limited time
series data, such as our short-term economic datasets [34]. Consequently, while transformers excel
in large-scale language or image tasks, their direct application in our context is constrained by
insufficient data volume, limiting their practical utility compared to models like LSTMs that can
perform robustly on smaller datasets.

45



Spectrum of Engineering and Management Sciences
Volume 4, Issue 1 (2026) 43-54

In the context of employment forecasting, LSTMs have been demonstrated to outperform
conventional models by accurately anticipating shifts in employment scales and unemployment
trends, particularly by incorporating high-dimensional data reflective of technological adoption and
policy changes. Furthermore, LSTMs facilitate granular wage predictions by integrating diverse
economic indicators, thereby capturing wage growth patterns and labor market adjustments over
time [35]. These capabilities position LSTM models as powerful tools for economic analysts and
policymakers, offering enhanced foresight into labor market transformations. Consequently, such
predictive insights can inform proactive interventions, such as targeted reskilling initiatives and wage
policy adjustments, to mitigate the adverse effects of structural unemployment induced by
technological change and economic fluctuations.

The LSTM model predicts continued employment declines, with Beijing’s employment scale
dropping to approximately 450,000 by 2025 and 300,000 by 2030 (a 49.8% decline from 2020), and
Shanghai’s to 950,000 by 2025 and 650,000 by 2030 (a 50.2% decline). Wages are forecasted to rise
to 230,000 CNY in Beijing and 220,000 CNY in Shanghai by 2025, reaching 280,000 and 270,000 CNY
by 2030, respectively, reflecting sustained wage growth driven by Al [21].

This article is structured to provide a comprehensive analysis of Al's impact on China’s labor
market. Section 2 details the panel data and analytical approaches. Section 3 provides city-specific
analyses for Beijing and Shanghai, highlighting their distinct trends. It also gives the national-level
synthesis to draw broader implications, as well as the LSTM-based predictions, supported by
visualizations. Section 4 interprets the results, addresses policy implications, and outlines limitations,
offering insights for China and other developing economies navigating Al-driven labor market
transformations.

2. Methodology

This study analyzes the impact of Al on employment scale and wages in the manufacturing sectors
of Beijing and Shanghai from 2006 to 2020, with forecasts extended to 2030 using an LSTM neural
network. We employed panel data from the International Federation of Robotics [36] for industrial
robot installation density as a proxy for Al, alongside city-level statistics for employment scale
(number of manufacturing employees) and wages (city average salary). Below, we outline the
theoretical frameworks and formulas for the correlation, regression, and LSTM methods used in the
analysis.

2.1 Correlation Analysis

Correlation analysis was used to quantify the strength and direction of relationships between Al,
employment scale, and wages. The Pearson correlation coefficient, r, measures the linear
relationship between two variables x and y, defined as:

| ([ )
sqre(E(n — 02 X0 - )

€y

where x; and y; are the i-th observations of variables x (e.g., Al) and y (e.g., employment scale or
wages), X and y are their means, and n is the number of observations. The coefficient r ranges from
—1 to 1, with values close to —1 indicating a strong negative linear relationship, 1 a strong positive
relationship, and 0 no linear relationship. We computed r for Al vs. employment scale, Al vs. wages,
and employment scale vs. wages for Beijing, Shanghai, and pooled data, testing significance with a p-
value threshold of 0.01.
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2.2 Regression Analysis

To assess the causal impact of Al on employment scale and wages, we used a fixed-effects linear
regression model, which accounts for city-specific and time-invariant factors. The model is expressed
as:

Yie = B° + BYAL, + a; + &, 2)

where Y;; is the dependent variable (employment scale or wages) for city i at time t, Alir is the
industrial robot installation density, 8, is the intercept, 8; is the coefficient of Al, a; represents city-
specific fixed effects, and ¢;; is the error term. The fixed-effects term a; controls for unobserved
heterogeneity across Beijing and Shanghai. We estimated separate models for employment scale and
wages, with 8; indicating the change in Y per unit increase in Al. Significance was assessed using p-
values (threshold 0.05).

2.3 Long Short-Term Memory Neural Network

To forecast employment scale and wages from 2021 to 2030, we employed an LSTM neural
network, a deep learning model designed for time series data [37], capable of capturing long-term
dependencies [38]. An LSTM cell processes sequential inputs through three gates: the forget gate:

Ft = G(Wf[ht_l,xt] + bf), (3)
input gate:
I, = o(W[h_1,x,] + b;),C, = tanh[h,_4,x,] + b¢), 4)

where the cell state update is:

Ci= [iCu1y+ i C. 5)
and the output gate is:

0, = sigmoid(W,, * [h;_1,x;] + b,), h; = 0 * tanh,. (6)

The model was trained with inputs x; (year and Al) to predict outputs (employment scale or
wages), using 2006—2017 data for training and 2018-2020 for validation. Future Al values were
extrapolated linearly based on historical growth rates (i.e., 0.0049 for Beijing and 0.0104 for
Shanghai). The model’s performance was evaluated using mean absolute error (MAE).

2.4 Dataset

The dataset comprises annual panel data for Beijing and Shanghai from 2006 to 2020, including:
Al, which is industrial robot installation density; employment scale, that is, the number of employees
in manufacturing industries in urban areas; and wage, which is the average city salary as a proxy for
wage cost.

We employed correlation analysis and regression models to assess the relationships between Al,
employment scale, and wages. Fixed-effects panel regression accounted for city-specific factors and
time trends. Descriptive statistics and visualizations were used to explore trends and relationships.
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3. Results and Discussions
3.1 City-Level Analysis
3.1.1 Beijing

In Beijing, Al adoption grew steadily from 0.0014 robots per worker in 2006 to 0.0738 in 2020.
Employment scale peaked at 1,079,701 in 2012 but declined to 597,845 by 2020, a 44.6% reduction.
Meanwhile, wages increased by 361% from 40,117 to 185,026 CNY.

3.1.1.1 Correlation analysis

i. Al vs. employment scale — Strong negative correlation (r = —0.92, p < 0.01), suggesting
higher Al adoption is associated with reduced employment;
ii. Al vs. wages — Strong positive correlation (r = 0.97, p < 0.01), indicating Al adoption is
linked to higher wages;
iii. Employment scale vs. wages — Negative correlation (r = —0.95, p < 0.01), implying wage
growth as employment declines.

3.1.1.2 Regression results

A 0.01 increase in robot density is associated with a 1.2% decrease in employment (6 =—0.012, p
< 0.05). A 0.01 increase in robot density is associated with a 2,500 CNY increase in wages (8 = 2500,
p <0.01).

Figure 1 shows Beijing trends (2006—2020), where Al (red) is rising, employment scale (blue) is
falling, and wages (green) are rising over time. In Beijing, Al adoption appears to reduce
manufacturing employment, likely due to automation replacing low-skill jobs. However, rising wages
suggest a shift toward higher-skill roles, as Al enhances productivity and demand for technical
expertise.

Beijing: Al, Employment Scale, and Wages (2006-2020)
—— Al (Robot Density)

1.75 —— Employment Scale (Millions)
—— Wages (100,000 CNY)

1.50

1.25

1.00

0.75

Scaled Values

0.50

0.25

0.00

2006 2008 2010 2012 2014 2016 2018 2020
Year

Fig. 1. Beijing trends (2006—2020)
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3.1.2 Shanghai

Shanghai saw a sharper increase in Al adoption, from 0.0016 robots per worker in 2006 to 0.1579
in 2020. Employment scale peaked at 2,187,271 in 2012 but fell to 1,304,794 by 2020, a 40.3%
decline. Wages rose by 324% from 41,188 to 174,678 CNY.

3.1.2.1 Correlation analysis

i. Alvs. employment scale — Shows strong negative correlation (r =—-0.89, p < 0.01);
ii. Alvs. wages — Demonstrates strong positive correlation (r =0.96, p < 0.01);
iii.  Employment scale vs. wages — Depicts a negative correlation (r =-0.93, p < 0.01).

3.1.2.2 Regression results

A 0.01 increase in robot density is associated with a 1.5% decrease in employment (8 =—-0.015, p
< 0.05). A 0.01 increase in robot density is associated with a 3,000 CNY increase in wages (8 = 3000,
p <0.01).

According to this analysis, Shanghai’s higher Al adoption rate correlates with a steeper
employment decline compared to Beijing, reflecting its role as a manufacturing and automation hub.
The stronger wage growth suggests greater productivity gains and a more significant shift toward
high-skill, high-wage jobs (Figure 2). Figure 2 shows that Al (red line) is rising sharply, employment
scale (blue line) is falling, and wages (green line) are rising over time.

Shanghai: Al, Employment Scale, and Wages (2006-2020)

—— Al (Robot Density)
—— Employment Scale (Millions)
20 ___ \ages (100,000 CNY)

=
u

Scaled Values
=
o

0.5

0.0

2006 2008 2010 2012 2014 2016 2018 2020
Year

Fig. 2. Shanghai trends (2006—2020)

3.2 National-Level Synthesis

Combining data from Beijing and Shanghai, we observe a consistent pattern across China’s major
manufacturing hubs (Figure 3). In Figure 3, employment scale (blue) decreases as Al increases, while
wages (green) rise with Al:
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i.  Employment scale — Al adoption is strongly associated with reduced manufacturing
employment (pooled r = —0.90, p < 0.01). The average employment decline across both
cities is approximately 42% from peak levels;

ii. Wages — Al adoption drives significant wage growth (pooled r = 0.96, p < 0.01), with
average wages increasing by 342% over the period;

iii.  Trade-off — The negative correlation between employment scale and wages (pooled r =
—0.94, p < 0.01) suggests that Al-induced job losses are offset by higher earnings for
remaining workers, likely due to increased demand for skilled labor.

1e6 Al vs. Employment Scale Al vs. Wages
22 Province Province
® Beijing 250000 @® Beijing
20 Shanghai Shanghai

=
@

200000

=
o

Employment Scale
.
Wages (CNY)

150000

1.2
%
100000
1.0 ]
o .
0.8 o
°®
™ 50000
0.6 ®
0.00 0.02 0.04 0.06 0.08 010 012 014 0.16 0.00 0.02 004 0.06 008 010 012 0.14 0.16
Al (Robot Density) Al (Robot Density)

Fig. 3. Patterns across China’s major manufacturing hubs

3.3 Fixed-Effects Model

Al's negative effect on employment is significant (8 = —0.013, p < 0.01), with a 0.01 increase in
robot density reducing employment by 1.3%. Al’s positive effect on wages is robust (8 = 2800, p <
0.01), with a 0.01 increase in robot density raising wages by 2,800 CNY.

The findings align with global trends observed in studies like those in [18], where automation
reduces low-skill manufacturing jobs but increases productivity and wages. In China, this dynamic is
amplified by rapid Al adoption and a large labor force transitioning from low-skill to high-skill roles.
The divergent trajectories of Beijing and Shanghai can be further contextualized through the lens of
urban studies; Shanghai's steeper employment decline and stronger wage growth may reflect its role
within a denser, globally integrated manufacturing and innovation network, a type of structural
analysis for which networking frameworks are a key instrument [39]. This transition is not merely
economic but also socio-cognitive [40], likely influencing cultural narratives and reasoning patterns
in ways that parallel other major technological shifts, as examined in transdisciplinary studies [41].
Shanghai’s steeper employment decline and wage growth compared to Beijing reflect its deeper
integration into global manufacturing and automation networks. However, the overall employment
reduction raises concern about social stability in a labor-abundant economy, necessitating policies
like retraining programs to mitigate displacement (Figure 4).

Figure 4 compares Al, employment scale, and wages in Beijing (solid lines) and Shanghai (dashed
lines). Shanghai shows steeper Al growth and employment decline. Besides, both cities show similar
wage growth patterns.
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Comparative Trends: Beijing vs. Shanghai (2006-2020)

—— Beijing Al s
— Beijing Employment S T .
s ~
20 Beijing Wages / N
--- Shanghai Al J
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Fig. 4. Comparative trends in Beijing and Shanghai

3.4 Forecasting with Long Short-Term Memory Neural Network

To extend the analysis beyond 2020, we employed an LSTM neural network to forecast
employment scale and wages in Beijing and Shanghai from 2021 to 2030. LSTM, a deep learning
model, excels at capturing long-term dependencies in time series data, making it suitable for
predicting non-linear trends influenced by Al adoption [42]. We trained separate LSTM models for
each city, using year and Al as input features and employment scale or wages as target variables. The
data (2006—2020) was normalized using MinMaxScaler, with 2006—2017 data for training and 2018—
2020 for validation. Future Al values were extrapolated linearly based on historical growth rates
(0.0049 robots per worker per year for Beijing, as well as 0.0104 for Shanghai). The models were
evaluated using MAE. It achieved MAE values of approximately 5.2% for employment scale and 4.8%
for wages in Beijing, and 6.1% and 5.3% in Shanghai. Thus, it indicated robust predictive accuracy.

The LSTM models predict continued employment declines and wage increases, as visualized in
Figure 5 (employment scale (blue) and wages (green) scaled to millions and 100,000 CNY,
respectively, and Al (red) for Beijing (solid lines) and Shanghai (dashed lines)). For Beijing,
employment scale is forecasted to decrease from 597,845 in 2020 to approximately 450,000 by 2025
and 300,000 by 2030 (a 49.8% decline from 2020). Wages in Beijing are projected to rise from 185,026
CNY in 2020 to 230,000 CNY by 2025 and 280,000 CNY by 2030 (a 51.3% increase). In Shanghai,
employment scale is expected to fall from 1,304,794 in 2020 to 950,000 by 2025 and 650,000 by 2030
(a 50.2% decline), while wages are forecasted to increase from 174,678 CNY in 2020 to 220,000 CNY
by 2025 and 270,000 CNY by 2030 (a 54.6% rise). These forecasts align with historical trends observed
in Figure 1, Figure 2, Figure 3, and Figure 4, reinforcing Al’s role in driving labor market shifts toward
high-skill, high-wage roles.
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Historical and Predicted Trends: Beijing vs. Shanghai (2006-2030)

— Beijing Employment

—— Beijing Wages
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Fig. 5. lllustration of historical data (2006—2020) transitioning to forecasted values (2021-2030)

4. Conclusion

Al adoption in China’s manufacturing sector, measured by industrial robot installation density,
has significantly reshaped labor markets in Beijing and Shanghai from 2006 to 2020. Historical
analysis shows a strong negative correlation between Al and employment scale (r = —0.90, p < 0.01),
with employment declining by 44.6% in Beijing (from 1,079,701 in 2012 to 597,845 in 2020) and
40.3% in Shanghai (from 2,187,271 in 2012 to 1,304,794). Conversely, Al is positively correlated with
wages (r = 0.96, p < 0.01), with wages increasing by 361% in Beijing (from 40,117 to 185,026 CNY)
and 324% in Shanghai (from 41,188 to 174,678 CNY). LSTM forecasts predict continued trends, with
employment scale dropping to approximately 450,000 in Beijing and 950,000 in Shanghai by 2025,
and 300,000 and 650,000 by 2030 (49.8% and 50.2% declines from 2020), while wages are projected
to rise to 230,000 CNY and 220,000 CNY by 2025, and 280,000 and 270,000 CNY by 2030 (51.3% and
54.6% increases). These trends reflect a structural shift toward high-skill, high-wage labor markets,
with Shanghai experiencing more pronounced effects due to higher Al penetration.

The LSTM-based forecasts highlight Al’s ongoing impact, reducing low-skill manufacturing jobs
while boosting productivity and wages. Policymakers must balance these productivity gains with
strategies to address job displacement, such as upskilling programs and social safety nets, especially
in high-Al-adoption regions like Shanghai. In the context of China’s economy, where Al-driven labor
market shifts demand adaptive financial strategies, enhancing financial literacy could similarly
empower workers and investors to navigate economic transitions, fostering resilience and informed
financial behavior in a rapidly automating economy. These findings offer insights for other developing
economies facing similar automation-driven changes.

Funding
This study did not receive any external financial support.

Conflicts of Interest
The authors declare no conflicts of interest.

52



Spectrum of Engineering and Management Sciences
Volume 4, Issue 1 (2026) 43-54

References

(1]
(2]

3]

(4]

(5]

(6]
(7]

(8]
(9]
(10]

(11]

(12]

(13]

(14]

[15]

(16]

(17]

(18]

[19]

[20]

[21]

Briihl, V. (2025). The economic rise of China—an analysis of China’s growth drivers. International Economics and
Economic Policy, 22(1), 16. https://doi.org/10.1007/s10368-024-00640-w.

Buckley, P. J., Strange, R., Timmer, M. P., & de Vries, G. J. (2020). Catching-up in the global factory: Analysis and
policy implications. Journal of International Business Policy, 3(2), 79-106. https://doi.org/10.1057/s42214-020-
00047-9.

Zhou, P., Zhang, J., & Jiang, K. (2025). Technological disruption and patent activities: adoption of robots by Chinese
manufacturing firms. R&D Management, 55(2), 303-325. https://doi.org/10.1111/radm.12701.

Zhao, Y., Said, R., Ismail, N. W., & Hamzah, H. Z. (2022). Effect of industrial robots on employment in China: An
industry  level analysis.  Computational  Intelligence and  Neuroscience, 2022(1), 2267237.
https://doi.org/10.1155/2022/2267237.

Karimi, M., & Damirchi, F. (2025). Re-Evaluating the Functionalist Approach of Urban Management towards
Sustainable Architecture and Urban Layout with Emphasis on the Role of Digital Technologies. Journal of Modern
Technology, 2(2), 327-345. https://doi.org/10.71426/imt.v2.i2.pp327-345.

Segarra-Blasco, A., Tomas-Porres, J., & Teruel, M. (2025). Al, robots and innovation in European SMEs. Small
Business Economics, 65, 719-745. https://doi.org/10.1007/s11187-025-01017-2.

Nikzat, P., & Noorymotlagh, M. (2025). Artificial Intelligence in Business: Driving Innovation and Competitive
Advantage. International Journal of Industrial Engineering and Operational Research, 7(3), 50-62.
https://doi.org/10.22034/ijieor.v7i3.180.

Faridzad, M., Attari, M. Y. N., & Ala, A. (2025). A System Dynamics Framework for Analyzing and Ranking Factors
Influencing Life Expectancy. Applied Research Advances, 1(1), 1-13. https://doi.org/10.65069/ara1120253.

Afzaal, R., & Ul Haq, H. B. (2025). A Review and Comparative Study of Cloud Computing and the Internet of Things.
Spectrum of Engineering and Management Sciences, 3(1), 18-27. https://doi.org/10.31181/sems31202534a.
Rivandi, E. (2024). FinTech and the Level of Its Adoption in Different Countries Around the World. Available at SSRN
5049827. https://dx.doi.org/10.2139/ssrn.5049827.

Bazmi, M., Tabarkhoon, F., Nomura, K. ., Jessen, K., & Tsotsis, T. T. (2025). An Al framework for optimization of
operating conditions, geometry, and material screening in membrane gas separation. Separation and Purification
Technology, 380(2), 135306. https://doi.org/10.1016/j.seppur.2025.135306.

Nasiri, S., Shahabi, S., Shafiesabet, A., Talebbeidokhti, M., & Behineh, E. A. (2026). Cybersecurity in Action:
Unraveling the Effects of Individual, Social, and Organizational Determinants. Tehnicki Glasnik, 20(2), 1-10,
https://doi.org/10.31803/tg-20240627004731.

Karizaki, M. S., Gnesdilow, D., Puntambekar, S., & Passonneau, R.J. (2024). How Well Can You Articulate that Idea?
Insights from Automated Formative Assessment. In: International Conference on Artificial Intelligence in Education
(pp. 225-233). Cham: Springer Nature Switzerland. https://doi.org/10.1007/978-3-031-64299-9 16.

Sadeghi, S., & Niu, C. (2024). Augmenting Human Decision-Making in K-12 Education: The Role of Artificial
Intelligence in Assisting the Recruitment and Retention of Teachers of Color for Enhanced Diversity and Inclusivity.
Leadership and Policy in Schools. https://doi.org/10.1080/15700763.2024.2358303.

Li, B., Lu, P., & Wang, Y. (2024). Decomposing uncertainty: How foreign policy risks shape Chinese stock market
dynamics. International Review of Economics & Finance, 96(PB). https://doi.org/10.1016/j.iref.2024.103698.

Shi, J., Mei, J., Zhu, L., & Wang, Y. (2023). Estimating the innovation efficiency of the artificial intelligence industry
in China based on the three-stage DEA model. IEEE Transactions on Engineering Management, 71, 9217-9228.
https://doi.org/10.1109/TEM.2023.3323292.

Jiang, C., & Xing, L. (2025). Is China decoupling from the global value chain? A quantitative analysis framework
based on the global production network. Humanities and Social Sciences Communications, 12(1), 1-19.
https://doi.org/10.1057/s41599-025-05183-2.

Acemoglu, D., & Restrepo, P. (2020). Robots and jobs: Evidence from US labor markets. Journal of Political Economy,
128(6), 2188-2244. https://doi.org/10.1086/705716.

Roberts, H., Cowls, J., Morley, J., Taddeo, M., Wang, V., & Floridi, L. (2021). The Chinese approach to artificial
intelligence: an analysis of policy, ethics, and regulation. In: Ethics, Governance, and Policies in Artificial Intelligence
(pp. 47-79). Cham: Springer International Publishing. https://doi.org/10.1007/978-3-030-81907-1 5.

Wang, X., Chen, M., & Chen, N. (2024). How artificial intelligence affects the labour force employment structure
from the perspective of industrial structure optimisation. Heliyon, 10(5), €26686.
https://doi.org/10.1016/j.heliyon.2024.e26686.

Sharfaei, S., & Thavorn, J. (2025). From wages to widgets: how minimum wage hikes fuel automation. Humanities
and Social Sciences Communications, 12(1), 1-12. https://doi.org/10.1057/s41599-025-05039-9.

53


https://doi.org/10.1007/s10368-024-00640-w
https://doi.org/10.1057/s42214-020-00047-9
https://doi.org/10.1057/s42214-020-00047-9
https://doi.org/10.1111/radm.12701
https://doi.org/10.1155/2022/2267237
https://doi.org/10.71426/jmt.v2.i2.pp327-345
https://doi.org/10.1007/s11187-025-01017-2
https://doi.org/10.22034/ijieor.v7i3.180
https://dx.doi.org/10.2139/ssrn.5049827
https://doi.org/10.1016/j.seppur.2025.135306
https://doi.org/10.31803/tg-20240627004731
https://doi.org/10.1007/978-3-031-64299-9_16
https://doi.org/10.1016/j.iref.2024.103698
https://doi.org/10.1109/TEM.2023.3323292
https://doi.org/10.1057/s41599-025-05183-2
https://doi.org/10.1007/978-3-030-81907-1_5
https://doi.org/10.1016/j.heliyon.2024.e26686
https://doi.org/10.1057/s41599-025-05039-9

Spectrum of Engineering and Management Sciences
Volume 4, Issue 1 (2026) 43-54

[22]

(23]
(24]
[25]

(26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]
(37]

(38]

(39]

[40]

[41]

[42]

Hassani, A., Mohajer, S., Darvishan, S., Shafiesabet, A., & Tashakkori, A. (2025). The Impact of Financial Literacy on
Financial Behavior and Financial Resilience with the Mediating Role of Financial Self-Efficacy. International Journal
of Industrial Engineering and Operational Research, 7(2), 38-55. https://doi.org/10.22034/ijieor.v7i2.146.

Sitinjak, C., Simic, V., & Simanullang, W. F. (2025). Promoting the Adoption Dynamics of Autonomous and Shared
Autonomous Vehicles: A Scientific Mixed-Methods Approach. International Scientific Spectrum, 1(1), 1-29.
Mahdavi, P., Ehsani, M. A., Ahelegbey, D., & Mohammadpour, M. (2023). Measuring Causal Effect with ARDL-BART:
A Macroeconomic Application. Applied Mathematics, 15, 292-312. https://doi.org/10.4236/am.2024.154018.
Roshdieh, N. (2024). The Effect of Monetary Policy Uncertainty on Stock Market Uncertainty with NARDL Approach.
Research Journal of Finance and Accounting, 15(10), 1-9.

Hosseinidoust, S. E., Fotros, M. H., & Massahi, S. (2016). Application of Dynamic Parametric and Non Parametric
Systems in Stock Market Return Forecasting: Case Study of Tehran Stock Market**. Quarterly Journal of Fiscal and
Economic Policies, 3(12), 125-148. http://qjfep.ir/article-1-289-en.html.

Soltangholi, A. R., Harati, A., & Vahedian, A. (2023). Intensity-Image Reconstruction Using Event Camera Data by
Changing in LSTM Update. In: 2023 13th International Conference on Computer and Knowledge Engineering (ICCKE)
(pp. 156-161). IEEE. https://doi.org/10.1109/ICCKE60553.2023.10326267.

Naisipour, M., Saeedpanabh, I., & Adib, A. (2025). Multimodal deep learning for two-year ENSO forecast. Water
Resources Management, 39(8), 3745-3775. https://doi.org/10.1007/s11269-025-04128-3.

Latifi, T., Li, J., Blum, S. C., & Fowler, D. (2024). Determinants of Users’ Intention to Visit a Destination: A Virtual
Reality — Quality  Framework.  Journal of Quality  Assurance in  Hospitality &  Tourism.
https://doi.org/10.1080/1528008X.2024.2440010.

Biswas, S., Kumar, D., Nas, M., Softa, M., Akgiin, E., & Bera, U. K. (2025). Performance of a Five-Layer ANN Model
for Earthquake Magnitude Prediction and Spatial Risk Mapping in Turkey. Decision Making Advances, 3(1), 40-49.
https://doi.org/10.31181/dma31202553.

Mero, K., Salgado, N., Meza, J., Pacheco-Delgado, J., & Ventura, S. (2024). Unemployment Rate Prediction Using a
Hybrid Model of Recurrent Neural Networks and Genetic Algorithms. Applied Sciences, 14(8), 3174.
https://doi.org/10.3390/app14083174.

Xu, M., Dong, J., & Sun, X. (2025). Optimization Research on Short-Term Power Load Forecasting Model Combining
LSTM and Residual Networks. In: 2025 2nd International Conference on Smart Grid and Artificial Intelligence (SGAI)
(pp. 1140-1144). IEEE. https://doi.org/10.1109/SGAI64825.2025.11009588.

Zamani, L., & Azmi, R. (2024). TriMAE: Fashion Visual Search with Triplet Masked Auto Encoder Vision Transformer.
In: 2024 14th International Conference on Computer and Knowledge Engineering (ICCKE) (pp. 338-342). IEEE.
https://doi.org/10.1109/ICCKE65377.2024.10874812.

Ren, Q., & Wang, J. (2025). DoA-ViT: Dual-objective affine vision transformer for data insufficiency.
Neurocomputing, 615, 128896. https://doi.org/10.1016/j.neucom.2024.128896.

Li, F., Majid, N. A., & Ding, S. (2024). Unlocking the potential of LSTM for accurate salary prediction with MLE,
leffreys prior, and advanced risk functions. Peer) Computer Science, 10, e1875. https://doi.org/10.7717/peerj-
cs.1875.

International Federation of Robotics (IFR). (2021). World Robotics Report.

Kong, X., Chen, Z., Liu, W., Ning, K., Zhang, L., Muhammad Marier, S., et al. (2025). Deep learning for time series
forecasting: a survey. International Journal of Machine Learning and Cybernetics, 16, 5079-5112.
https://doi.org/10.1007/s13042-025-02560-w.

Kim, J., Kim, H., Kim, H., Lee, D., & Yoon, S. (2025). A comprehensive survey of deep learning for time series
forecasting: architectural diversity and open challenges. Artificial Intelligence Review, 58(7), 1-95.
https://doi.org/10.1007/s10462-025-11223-9.

Bevilacqua, C., & Sohrabi, P. (2020). Networking analysis in the urban context. Novel instrument for managing the
urban transition. Urbanistica Informazioni, 12, 6-10. https://iris.uniromal.it/handle/11573/1633904.

Feiz, M., Jamalpour, H., Jamalpour, Z., Habibi, E., Habibi, A., Hosseinzadeh, N., & Khozoee, S. (2025). Neurocognitive
Narratives and Cultural Conflicts: A Transdisciplinary Analysis of Socioeconomic and Cultural Intersections in
Contemporary American Literature. Cultural Conflict and Integration, 2(1), 63-78.
https://doi.org/10.55121/cci.v2i1.612.

Azimi Asmaroud, S. (2022). Preservice Elementary Teachers’ Categorical Reasoning and Knowledge Transfer on
Definition Tasks With Two Dimensional Figures. Theses and Dissertations. 1588.
https://ir.library.illinoisstate.edu/etd/1588.

Spiliotis, E. (2023). Time series forecasting with statistical, machine learning, and deep learning methods: Past,
present, and future. In: Forecasting with Artificial Intelligence: Theory and Applications (pp. 49-75). Cham: Springer
Nature Switzerland. https://doi.org/10.1007/978-3-031-35879-1 3.

54


https://doi.org/10.22034/ijieor.v7i2.146
https://doi.org/10.4236/am.2024.154018
http://qjfep.ir/article-1-289-en.html
https://doi.org/10.1109/ICCKE60553.2023.10326267
https://doi.org/10.1007/s11269-025-04128-3
https://doi.org/10.1080/1528008X.2024.2440010
https://doi.org/10.3390/app14083174
https://doi.org/10.1109/SGAI64825.2025.11009588
https://doi.org/10.1109/ICCKE65377.2024.10874812
https://doi.org/10.1016/j.neucom.2024.128896
https://doi.org/10.7717/peerj-cs.1875
https://doi.org/10.7717/peerj-cs.1875
https://doi.org/10.1007/s13042-025-02560-w
https://doi.org/10.1007/s10462-025-11223-9
https://iris.uniroma1.it/handle/11573/1633904
https://doi.org/10.55121/cci.v2i1.612
https://ir.library.illinoisstate.edu/etd/1588
https://doi.org/10.1007/978-3-031-35879-1_3

