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A B S T R A C T

Industrial robots are essential for improving productivity and optimizing resource allocation. They help to reduce 
dependence on traditional labor- and energy-intensive manufacturing methods. While promoting industrial 
automation, industrial robots have become an important technology for achieving green transformation. Using 
data from 30 provinces in China from the period 2006 to 2019, this paper examines whether industrial robot 
applications can enhance Carbon Total Factor Productivity (CTFP). We find that industrial robot applications 
help to promote CTFP. The robustness test indicates that this result is consistent, while the heterogeneity test 
shows that the effect of industrial robot applications on CTFP is mainly concentrated in labor-intensive in-
dustries, as well as in regions with low technical complexity and strong policy support from the local govern-
ment. The mechanism test reveals that industrial robot applications can enhance CTFP by enhancing 
technological innovation and improving human–machine matching.

Introduction

Industrialization and urbanization have led to a sharp rise in 
greenhouse gas emissions from human activities, triggering global 
warming, more frequent extreme weather events, and ecosystem im-
balances, which seriously threaten the sustainable development of the 
global economy. According to the International Energy Agency (IEA), 
global energy-related CO₂ emissions were approximately 36.8 Gt in 
2022 and showed a clear rebound after the pandemic. At the same time, 
reports from international environmental organizations point out that 
the current rate of increase in global average temperature far exceeds 
any period in the past millennium, and biodiversity loss is unprece-
dented in human history; these changes not only undermine natural 
ecological balance but also have far-reaching impacts on human health. 
In response to these challenges, promoting green industrial trans-
formation and the application of low-carbon technologies has become a 
global consensus.

Driven by the Fourth Industrial Revolution, industrial robots—owing 
to their unique advantages in energy saving and emission reduction, 
intelligent manufacturing, and industrial upgrading—are becoming a 
new core competitive factor in manufacturing (Sahoo & Lo, 2022). The 
International Federation of Robotics (IFR) reported an average robot 

density in manufacturing of about 141 units per 10,000 employees in 
2021, with recent annual installation volumes commonly in the range of 
400,000–500,000 units. The IFR’s World Robotics report also found that 
by 2023 the global stock of robots in operation had exceeded 4.2 million 
units. Robots have been deeply integrated into scientific research, in-
dustrial production, healthcare, and everyday life. This technology not 
only plays an increasingly important role in industrial production, the 
service sector, and daily work, but also demonstrates great potential in 
environmental protection and sustainable development.

Industrial robots can optimize energy use and reduce waste emis-
sions, facilitate the reconfiguration of production factors to drive green 
innovation, and help lower firm- and region-level carbon intensity while 
improving carbon total factor productivity (CTFP) (Guo & Chang, 2024; 
Qi et al., 2024; Wang et al., 2023). Existing studies indicate that in-
dustrial robots can reduce the use of fossil fuels by improving the energy 
mix (Liu, 2025). In addition, applications of artificial intelligence have 
been shown to significantly enhance energy efficiency (Zhang et al., 
2025), supporting synergistic emission-reduction pathways between 
robotics and intelligent technologies. Other research finds that indus-
trial robots significantly reduce consumption-based embodied carbon 
intensity in multiple countries, with stronger effects in economies that 
possess environmental technology advantages (Jin, 2024). Therefore, an 
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in-depth study of the impact of industrial robots on carbon intensity and 
carbon footprint not only has important theoretical value but also pro-
vides empirical evidence for promoting green transformation and sus-
tainable development (Li et al., 2025). Based on this, the present paper 
aims to examine the effect of industrial robot adoption on CTFP and 
further analyze its heterogeneous effects across industries and regions.

The innovations and contributions of this paper are as follows. First, 
this study is the first to construct province‑level measures of industrial 
robot deployment in China using IFR data on installed robots from 2006 
to 2019 combined with provincial employment figures. Methodologi-
cally, we avoid the coarse practice of using a binary AI proxy and instead 
employ the actual number of robots—while also accounting for tech-
nological progress and labor restructuring—thereby rendering our 
findings more persuasive and operationally meaningful. This approach 
overcomes the limitations of previous studies that relied on robot 
dummy variables or small‑sample cases, enhancing both the compara-
bility and accuracy of robot‑use intensity measures. Moreover, in 
measuring productivity, we go beyond traditional single‑factor TFP 
indices by constructing Carbon Total Factor Productivity (CTFP) from 
capital stock, labor, GDP, CO₂ emissions, and energy consumption. 
Specifically, we calculate CTFP via a Luenberger Productivity Index 
combined with a non‑radial directional distance function (BNDDF), 
which simultaneously captures dynamic changes in output and envi-
ronmental emissions. Compared with methods that focus on only output 
or emissions, our measurement framework more comprehensively re-
flects industrial efficiency differences under a low‑carbon development 
paradigm, thus enriching the CTFP literature. Second, while existing 
literature tends to examine the unidirectional impact of robots on either 
carbon productivity or TFP, it has largely overlooked their joint effect. 
From the perspective of simultaneously enhancing carbon and labor 
productivity, this paper innovatively investigates the impact of indus-
trial robots on CTFP. Our empirical results show that, after controlling 
for macro factors and technological progress, a one‑percentage‑point 
increase in robot penetration significantly raises CTFP, demonstrating 
that robotics can help firms boost output while curbing carbon emis-
sions. Importantly, we also uncover heterogeneous effects: robot adop-
tion delivers stronger CTFP gains in labor‑intensive sectors and in 
regions with robust policy support. This finding departs from many 
studies that report only aggregate effects, offering policymakers more 
targeted guidance for industrial upgrading and filling a gap in the 
analysis of industry‑ and region‑specific impacts. Third, unlike studies 
that simply test effects using robot counts or dummy variables, we delve 
into the internal mechanisms by which robots influence CTFP. We 
introduce R&D intensity and man-machine matching as mediators and 
develop a mediation‑analysis framework. Our results indicate that 
increased robot penetration not only directly enhances production effi-
ciency but also indirectly raises CTFP by fostering firms’ technological 
innovation capacity and optimizing human–robot collaboration. 
Compared with conventional models, this mechanism analysis clarifies 
the dual organizational and innovation‑ecosystem optimization effects 
of robotics, thereby enriching the literature on the economic impacts of 
industrial robots.

Overview of literature and research hypotheses

Literature review

Impact of industrial robots on corporate green behavior
The relationship between the application of industrial robots and 

corporate green behavior is a key topic in robotics research (Liang et al., 
2023). It was found that green finance can effectively stimulate artificial 
intelligence to contribute to urban sustainable development (Zeng & 
Zhang, 2024).Some scholars even raise topics related to this issue in the 
20th century (Cortés et al., 1999). Protecting the environment has 
become an essential factor to consider in economic development. The 
use of robots allows firms to improve productivity while aligning their 

development with the direction of national development. The techno-
logical advances represented by robots can effectively improve pro-
ductivity (Acemoglu & Restrepo, 2018) and contribute to the reduction 
of carbon emissions. These outcomes further increase firms’ application 
of robots; in some countries and regions with high labor costs, industrial 
robots can significantly reduce labor costs. Taken together, these factors 
motivate firms to expand the use of robots. In a study based on 
micro-firms, the mechanism through which robot applications influence 
pollution and emission reduction was identified (Guo et al., 2024). The 
application of robots is found to enhance emissions reduction technol-
ogies while optimizing production processes, reducing pollution emis-
sions at the source, and lowering production costs, thereby improving 
firms’ energy efficiency (Huang et al., 2022).

Factors affecting CTFP
CTFP not only measures the efficiency of carbon emissions in a re-

gion’s or firm’s production activities, but also reflects the impact of 
economic activities on environmental sustainability in pursuit of 
growth. Given that global climate change and environmental sustain-
ability have become important issues, the study of CTFP is of great 
practical significance. CTFP is a key indicator of production efficiency 
and environmental conditions; it has thus attracted the attention of 
many scholars (Jiang et al., 2021; Kuosmanen & Maczulskij, 2024).More 
importantly, the current literature has been concentrated on the CTFP of 
firms. For a country as geographically vast and regionally different as 
China, it is particularly necessary to study the CTFP of each province. 
Research shows that the factors influencing CTFP include environmental 
regulations (Zhou & Zhang, 2024), internet development (Ying & Chao, 
2023), technological innovation and progress (Liu et al., 2022), financial 
development (Chen & Ma, 2024), manufacturing aggregation (Goldfarb 
& Tucker, 2019), and upgrades to the industrial structure (Cui et al., 
2022). Other scholars find that differences in the level of development 
have an impact on CTFP. For example, the carbon productivity of 
developing countries is generally lower than that of developed countries 
(Wang et al., 2017). By dividing China into eastern, central, western, 
and northeastern regions, the study finds that the green total factor 
productivity in each region shows a convergence trend (Xia et al., 2024).

Impact of industrial robot applications on CTFP
Industrial robots can improve many things through the Internet of 

Things and big data technologies, such as realize smart management of 
the production process, optimize production scheduling and equipment 
maintenance, achieve optimal allocation of production tasks, reduce 
production bottlenecks, and improve the overall efficiency of the pro-
duction line. The application of industrial robots is found to promote the 
greening and intelligent transformation of China’s manufacturing in-
dustry, which in turn influences CTFP (Chen et al., 2024). Cross-country 
studies show that the higher the level of industrial robot application in a 
region, the higher the total factor productivity (Daron & Pascual, 2019). 
In the traditional production process, economic efficiency and envi-
ronment cannot be considered simultaneously, but industrial robots can 
help to address this dilemma. Therefore, China should vigorously pro-
mote its development to realize sustainable economic development and 
green growth (Gan et al., 2023). Based on the theoretical framework of 
productivity enhancement driven by industrial robots, robotics is found 
to effectively increase total factor productivity in industries with high 
substitutability (Zhang et al., 2024). Moreover, the digital economy 
plays a pivotal role in promoting China’s new energy transformation and 
enhancing total factor productivity (Li et al., 2024; Wang et al., 2024). 
However, some studies counter with findings that the application of AI 
can have a negative impact on CTFP. Driven by market forces, AI 
technology is found to follow a labor-saving development path, which 
may trigger unemployment anxiety and hinder employment growth and 
productivity improvement (Wang et al., 2022). Thus, AI may hinder the 
improvement of CTFP.

Although the existing literature has considered the impact of 
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applying robots in economic activities, the impact of this application on 
CTFP requires further investigation, which is addressed in this study on 
work conducted in Chinese provinces. This paper contributes to the 
literature in several ways. First, instead of examining the application of 
industrial robots in industries or firms, we turn to the penetration of 
industrial robots in each province. We focus on the disparity in the stock 
of industrial robots in each province and then study the impact of 
applying industrial robots on CTFP to provide new ideas for reducing 
emissions and increasing provincial-level productivity. Second, we 
consider the multi-faceted economic differences among Chinese prov-
inces, both in terms of total volume and growth rate, as well as differ-
ences in per capita income levels. These differences result from a 
combination of factors, such as geographic location, resource endow-
ment, industrial structure, and policy orientation, which can lead to 
differences in CTFP across provinces. By taking an inter-provincial 
perspective, we can thus better reflect the impact of applying indus-
trial robots on CTFP and thus better assess the localized impact. By 
studying inter-provincial differences, we can promote inter-regional 
economic cooperation, enhance connectivity, and promote regional 
integration. The inter-provincial perspective also provides a macro- 
analytical framework for understanding and solving cross-regional 
problems, which can help to promote balanced regional development.

Theoretical implications

Although the existing literature has explored the impact of robots on 
economic activities, their specific effect on Carbon Total Factor Pro-
ductivity (CTFP) still requires further study. This research provides three 
main theoretical contributions. First, it directly links industrial auto-
mation—particularly the adoption of industrial robots—with green 
productivity measured by CTFP, thereby integrating the automation 
literature with the theoretical frameworks of productivity and sustain-
ability. In this way, this paper places robots within the framework of 
innovation theory, regarding them as embodied general-purpose tech-
nologies that catalyze process, product, and organizational innovation, 
generate knowledge spillover effects, and stimulate endogenous R&D 
and capability accumulation. At the same time, by adopting CTFP to 
incorporate undesirable outputs (carbon emissions) into productivity 
evaluation, this study responds to sustainability theory by revealing how 
technological change reshapes performance indicators under environ-
mental constraints.Second, this study identifies two core mecha-
nisms—technological innovation and human–machine 
collaboration—to explain the pathways through which industrial robots 
influence sustainable productivity. From the perspective of innovation 
theory, technological innovation explains resource reallocation, com-
plementarities with firm-level R&D and human capital, and capability 
building. From the perspective of sustainability theory and socio- 
technical systems, human–machine collaboration frames how work or-
ganization, energy-use practices, and the adoption of low-carbon pro-
cesses co-evolve with technology, thereby achieving the decoupling of 
economic output from emissions. Third, by employing the Luenberger 
BNDDF method to estimate CTFP, this paper provides a methodological 
contribution to the literature on green total factor productivity and eco- 
innovation theory. This advanced directional distance measure better 
captures environmentally adjusted productivity dynamics, thus helping 
to test the theoretical claim that innovation-driven technological change 
transforms into green efficiency gains in the context of Industry 4.0.

In summary, these contributions link micro-level technology adop-
tion and organizational mechanisms with macro-level sustainable 
development outcomes, demonstrating that innovation theory and sus-
tainability theory are complementary perspectives for understanding 
how smart manufacturing drives innovation-led low-carbon productiv-
ity growth.

Research hypotheses

Compared with the traditional development process(high accumu-
lation, high input, low efficiency, and low output model), the role of 
industrial robots in improving productivity and gradually realizing the 
green transition is becoming increasingly obvious. Labor productivity is 
an important part of overall productivity, and its role in CTFP is also 
particularly notable. For example, The development of industrial robots 
significantly enhances labor productivity (Zhao et al., 2024). Industrial 
robots also optimize production processes by automatically adjusting 
machines and equipment, making manufacturing more intelligent and 
efficient (Zhang, 2024). In addition, AI has been shown to revolutionize 
production processes and reduce emission intensity by improving en-
ergy efficiency, lowering production costs, and advancing green tech-
nologies (Zhou et al., 2024). It also shows that due to inaccurate 
operational precision, manual operations cannot fundamentally avoid 
pollution; when industrial robots replace manual labor, they can achieve 
sufficient precision to reduce or avoid pollution. While improving their 
energy efficiency and controlling pollutant emissions, intelligent tech-
nologies such as industrial robots can also facilitate the green trans-
formation of other industrial sectors (Dai et al., 2024; Wang et al., 2022). 
In a study of Chinese cities, the application of industrial robots is shown 
to significantly reduce urban carbon emissions (Yu et al., 2023). At the 
overall level, the application of industrial robots can effectively enhance 
Carbon Total Factor Productivity (CTFP). By replacing traditional inef-
ficient labor and capital inputs and optimizing the resource allocation 
structure, industrial robots improve production efficiency and reduce 
the carbon emission intensity per unit of output. Specifically, as 
high-tech capital, robots are able to maintain a high degree of auto-
mation and precise control in the production process, thereby reducing 
energy consumption and waste. This efficiency improvement lowers the 
overall carbon intensity of industries and raises output efficiency, thus 
achieving a relative reduction in carbon emissions alongside economic 
growth and promoting the improvement of CTFP. Therefore, this paper 
proposes the following hypothesis: 

H1: The application of industrial robots can promote CTFP.

Industry 4.0 has accelerated the transformation of manufacturing 
toward intelligent production. Industrial robots, as advanced production 
technologies, play a central role by driving automation and enabling 
smart manufacturing systems (Enyoghasi & Badurdeen, 2021). Their 
widespread application generates technological spillovers that 
encourage firms to expand R&D investment and strengthen innovation 
activities (Liu et al., 2020). Empirical evidence shows that industrial 
robots significantly enhance firms’ innovation capacity (Luo & Qiao, 
2023), promote green technological innovation, and improve produc-
tivity (Zhang et al., 2022). Improving technological innovation effi-
ciency optimizes the allocation of innovation resources, strengthens 
industrial competitiveness, and enhances firms’ position in global value 
chains (Cheng et al., 2024). Moreover, technological progress not only 
improves productivity but also reduces energy consumption and 
pollutant emissions, thereby contributing to higher CTFP (Grossman & 
Kruger, 1995; Shao et al., 2016).Taken together, industrial robots in-
fluence CTFP primarily through technological innovation. Accordingly, 
the following hypothesis is proposed: 

H2: Technological innovation is an important mechanism for the 
influence of industrial robots in promoting CTFP.

Industrial robots are widely applied across industries, making 
human–machine collaboration a mainstream mode of production. 
Empirical studies indicate that the degree of human–machine matching 
is an important determinant of labor productivity (Acemoglu & 
Restrepo, 2019; Menshikov et al., 2020). Although artificial intelligence 
and robotics can enhance productivity, mismatches between humans 
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and machines may lead to productivity losses, reflecting the so-called 
“productivity paradox” observed in certain contexts (Gordon, 2018; 
Hu et al., 2021). Specifically, only workers equipped with skills to 
collaborate efficiently with robots can fully realize the economic bene-
fits of automation. From an environmental perspective, human–machine 
matching also affects carbon efficiency. Improvements in human-
–machine matching, together with a shift in labor structure toward 
higher-skilled workers, are shown to amplify the positive effects of AI 
applications on GTFP (Yang & Kuang, 2025). This suggests that better 
collaboration can reduce energy consumption, optimize resource allo-
cation, and enhance overall productivity, thereby promoting improve-
ments in carbon efficiency. Based on this reasoning, the following 
hypothesis is proposed: 

H3: Human–machine matching is an important mechanism for the 
influence of industrial robots in promoting CTFP improvement.

In summary, Fig. 1 depicts the underlying mechanism through which 
industrial robots enhance carbon total factor productivity (CTFP). Spe-
cifically, robots exert a direct effect (H1) by improving production ef-
ficiency, reducing energy consumption, and lowering carbon emissions. 
In addition, robots influence CTFP indirectly through intermediary 
channels (H2, H3), namely by fostering technological innovation and 
strengthening human–machine matching. These mediating mechanisms 
further stimulate green innovation and optimize resource allocation, 
thereby amplifying the contribution of robots to carbon total factor 
productivity (CTFP).

Description of research methods, variables, and data

Research methods

To test the impact of industrial robot applications on CTFP, the 
following model is constructed: 
CTFPit = β0 + β1Robotsit + β2Controlsit + μi + λt + εit (1) 

where CTFPit denotes the level of CTFP of province i in year t; Robotsit 
denotes the application of industrial robots in province i in year t; μi 
denotes unobservable effects of individual; λt denotes effects of time; εit 
denotes a random error term; β0 is the intercept term; β1 denotes the 
coefficient of industrial robots, and the magnitude indicates the degree 
to which industrial robots affect CTFP. Controlsit denotes a set of control 
variables.

Variable selection and data sources

Explained variables
CTFP is the explained variable. The data from 30 provinces 

(excluding Tibet, Taiwan, Hong Kong, and Macao) in China from 2006 
to 2019 are used to measure the changes in the carbon emission effi-
ciency in each province. Current research on the efficiency of the low- 
carbon economy primarily focuses on carbon productivity and total 
factor productivity, with carbon productivity being a common current 
research topic. The most common method for calculating carbon pro-
ductivity is to use the ratio of GDP to carbon dioxide emissions (Yin 
et al., 2024). This ratio is used to measure the economic output per unit 
of carbon emissions and is an important indicator for studying the bal-
ance between economic growth and the reduction of carbon emissions 
(Wu & Yao, 2022). However, there are drawbacks in using carbon 
productivity as an indicator for research; notably, it ignores some pro-
duction variables in individual provinces, which leads to discrepancies 
between the research results and the facts. Thus, the more comprehen-
sive CTFP is chosen for this study (Hu & Liu, 2016). There are different 
methods for calculating CTFP. Some scholars introduce carbon emis-
sions into the analytical framework of total factor productivity for the 
calculation (Liu & Zhao, 2016), while others use capital, labor, and 
energy consumption as input variables, with GDP and carbon dioxide 
emissions as desired and non-desired outputs to calculate CTFP. The 
SBM (slack-based measure) directional distance function is used for 
calculation (Zhou et al., 2023), and the non-desired super-efficiency 
EBM model is employed for calculation (Ren & Sun, 2022). Each prov-
ince is taken as a unit of analysis, with capital (K), labor (L), and energy 
(E) as input variables, GDP as the desired output variable (Y), and car-
bon dioxide emissions (C) as the non-desired output variable (Färe et al., 
2007; Zhang, 2022). The environmental production technology (EPT) is 
thus defined as follows: 
EPT = {(K, L, E,Y,C) : (K, L,E)Produce(Y,C)} (2) 

where EPT satisfies the basic production function principle. We also 
make three additional assumptions: weak disposability (where waste or 
undesirable outputs in the production process cannot be completely 
disposed of freely), zero-jointness (a special kind of relationship 
involving different outputs), and the assumption of a compact set (i.e., a 
bounded and closed set) (Färe & Grosskopf, 2005).

To ensure accuracy in measuring CTFP, the EPT is calculated using 
the above methods for two consecutive periods, period t and period t +
1; the results are combined with the non-radial directional distance 

Fig. 1. Research framework.
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function (NDDF) as the BNDDF to calculate CTFP, relaxing the restric-
tion that desired and undesired outputs must increase and decrease in 
equal proportions in the directional distance function (Zhou et al., 
2012).Compared to earlier calculation methods, this method considers 
the lags of all factors, including input and output factors, and effectively 
solves the lack of feasibility in the assessment process. The CTFP esti-
mated by this new method is thus more consistent with the theory of 
environmental economics. Following the above approach, we give the 
BNDDF formula as: 

D→A
i ≡

(Kt
i , Lt

i ,Et
i ,Yt

i ,Ct
i ; g

)

= max
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βBt
j

: βBt
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(
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í =1
zt
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í +

∑

N
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í =1
zt
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where the superscript A represents the biennial EPT, which combines all 
observations from periods t and t + 1 to form a production boundary. 
βAt

iK , βAt
iL , βAt

iE , βAt
iY , and βAt

iC denote the total BNDDF and the intermediate 
BNDDF of all the factors for the i th province to be evaluated. The di-
rection vector is set here g =

(

− gK, − gL, − gE, gy, − gC
)

for actual 
production, which indicates that we can improve the production per-
formance of each province by reducing its inputs and bad outputs or by 
increasing the desirable outputs; ωk,ωl,ωe,ωy, and ωC denote the 
weights of the factors, which sum up to 1. Three inputs are set, along 
with one desired output and one undesired output, with the weights set 
as (ωk,ωl,ωe,ωy,ωc

)T =
(

1
9,

1
9,

1
9,

1
3,

1
3

)T
. Here, the above BNDDF is com-

bined with the Luenberg index (LPI) to construct a new productivity 
indicator, the BLPI, to measure the change in CTFP in each province: 

BLPIi = D→A
i
(Kt

i , Lt
i ,Et

i ,Yt
i ,Ct

i ; g
)

− D→A
i
(Kt+1

i , Lt+1
i , Et+1

i ,Yt+1
i ,Ct+1

i ; g) (5) 
When the BLPI value is greater than (less than or equal to) 0, it in-

dicates that the CTFP of each province has improved (worsened or 
remained unchanged). K, L, E, Y, and C denote capital stock, labor force, 
energy consumption, real GDP, and carbon emissions, respectively, 
where capital stock is obtained with 2005 as the base period (Zhang 
et al., 2004), and the remaining data are acquired from the National 
Bureau of Statistics (NBS), provincial statistical yearbooks, and the 
Carbon Emission Accounts and Datasets (CEADS).

The core explanatory variable
The application of industrial robots (Robots) is the core explanatory 

variable. The number of industrial robot installations is adopted as the 
measurement indicator (Du et al., 2024). The calculation method draws 
on the number of industrial robots installed in various industries in 
China as reported by the International Federation of Robotics (IFR), 
together with provincial employment data by subsector collected from 

the China Labor Statistical Yearbook (Kang & Lin, 2021; Lu & Zhu, 
2021).The share of each industry in total national employment is then 
calculated and multiplied by the number of robots installed nationwide 
in each industry.

To ensure data consistency and the reliability of estimation, this 
paper selects the period from 2006 to 2019 as the sample interval. On 
the one hand, the International Federation of Robotics (IFR) has sys-
tematically published detailed industry-level robot installation data for 
China since 2006. The industry-level robot installation data from the 
International Federation of Robotics (IFR) and the provincial-level 
employment data from the China Labor Statistical Yearbook are 
continuous and comparable, which facilitates the construction of pro-
vincial robot stock indicators. On the other hand, setting 2019 as the 
sample endpoint avoids short-term production disruptions and statisti-
cal anomalies caused by the COVID-19 pandemic, allowing the estima-
tion results to better reflect the long-term impact of robot adoption on 
Carbon Total Factor Productivity (CTFP) under normal economic con-
ditions. In addition, the period from 2006 to 2019 covers the critical 
stage of China’s accelerated development of automation and intelligent 
manufacturing, and the sample length is sufficient to meet the re-
quirements of panel econometric modeling. The method of allocating 
robots to provinces is based on each province’s share of employment in 
different industries. This approach implicitly assumes that the distri-
bution of robots across provinces is consistent with their employment 
structure, which may differ from the actual situation. However, due to 
the lack of IFR data at the provincial level, this method has not been 
adopted in the existing literature and thus remains a reasonable alter-
native, ensuring comparability with previous studies (Acemoglu &, 
Restrepo, 2020;Wang et al., 2025).

Mechanism variables
Two mechanism variables are included. The first is technological 

innovation (Tech). R&D activities are the main source of technological 
innovation, which improves energy efficiency and the efficiency of raw 
material use during production. Tech is measured by the ratio of R&D 
expenditure to GDP in each province (Du & Lin, 2022). The second 
variable is human–machine matching (Hmatch), which reflects the 
productivity of industrial robots depending on workers’ proficiency in 
operating robots. Improvements in the efficiency of industrial robots 
affect carbon emissions, while human–machine matching is an impor-
tant factor influencing robot efficiency. Coordination between robots 
and human capital is therefore used to calculate the human–machine 
matching: 
hmatch =

̅̅̅̅̅̅̅̅̅̅̅̅U × v√ (6) 

where U = Robots × hum / (Robots + hum) and V = 0.5 ×
Robots + 0.5 × hum; hum is the level of urban human capital. Both 
industrial robots and human capital levels are normalized in the interval 
[0, 1] (Huang & Jiang, 2023).

Instrumental variable
The instrumental variable approach is used to solve the endogeneity 

problem. The level of AI (i.e., the number of AI patent applications) is 
used as the instrumental variable. The level of AI is related to the 
development and application of robots but not to the error term of the 
model. When the differences in robot application to different regions are 
studied, the level of AI can be used to measure the acceptance and 
innovation of robot technology, thus better reflecting focus of this study. 
The data are retrieved from the State Intellectual Property Office ac-
cording to the AI patent classification number in the Strategic Emerging 
Industries Classification and International Patent Classification Refer-
ence Relationship .

Other control variables
Considering previous studies and the problem of omitted variables, 
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several control variables at the inter-provincial and industry levels are 
included. All the data for the control variables described below come 
from the National Statistical Yearbook and the provincial statistical 
yearbooks. 

(1) Urbanization (UL). The urbanization rate is measured as the 
proportion of the urban population relative to the total regional 
population (Bai et al., 2019).
(2) Infrastructure construction (Ic). Road infrastructure (Ic) is 
measured by the length of roads per square kilometer (Wang et al., 
2015).For ease of comparison, the values are multiplied by 10,000 to 
reduce differences and better reflect the accessibility of road 
infrastructure.
(3) GDP per capita (Pgdp). Based on provincial population and GDP 
data (Ma et al., 2023), per capita output is calculated by dividing the 
region’s GDP by its resident population. Changes in per capita GDP 
affect variations in Carbon Total Factor Productivity (CTFP) (Kang 
et al., 2023).
(4) Industrialization (In). The level of industrialization is measured 
by the share of industrial value added in regional GDP, reflecting the 
degree of industrialization in the region’s economic structure (Luan 
et al., 2021).
(5) Education expenditure level (Pedu). This indicator is measured 
by the proportion of provincial education expenditure to provincial 
GDP, reflecting the intensity of investment in education.
(6) Labor force structure (Ls). This indicator is measured by the 
proportion of the total number of self-employed and individual en-
trepreneurs to the total number of employees in each province (Lee & 
Lee, 2022), reflecting the characteristics of the labor force 
composition.

Table 1 summarizes the variable symbols and corresponding mea-
surement methods used in this study. Specifically, Rbots denotes the 
density of industrial robots, measured by Number of industrial robots 
and workforce employment; CTFP represents carbon total factor pro-
ductivity, calculated using the BNDDF combined with the Luenberg 
Index (LPI). Control variables are drawn from official statistical year-
books. This framework ensures clarity and consistency in the empirical 
analysis.

Descriptive statistics

Table 2 presents the descriptive statistics of all variables. It can be 
seen that both the carbon total factor productivity (CTFP) and the 
number of industrial robots vary significantly across provinces, reflect-
ing substantial disparities in economic strength and technological 
innovation capacity. Consequently, after the promotion of industrial 
robot adoption, the impact on CTFP is more pronounced in certain 
provinces, suggesting that implementation strategies should be tailored 
to local conditions in order to avoid resource misallocation. As shown in 
Table 2, CTFP includes negative values. This arises from the calculation 
process that integrates the BNDDF model with the EPT approach, under 
which CTFP is measured as a relative index. As a result, a small number 
of provinces appear with negative values in this framework. Such results 
do not imply that productivity itself is negative, but rather that, under 
the chosen reference frontier, the corresponding unit (or the sample as a 
whole) experienced a net productivity decline compared with the pre-
vious period. Specifically, since BNDDF is a non-radial model that allows 
inputs and outputs to adjust in different proportions, if the directional 
vector (EPT) is set relatively strictly or if outliers exist in the sample, the 
optimal combination of desirable and undesirable outputs for certain 
decision-making units may extend beyond the production possibility set, 
leading to negative estimates. This phenomenon simply indicates that a 
few units lie outside the feasible set in a given direction and does not 
materially affect the overall trend or empirical conclusions. The distri-
butions of the remaining variables are generally consistent with those 

Table 1 
Variable symbols and measurement methods.

Type Name Symbol Measurement 
method

Unit

Explained 
variable

Carbon Total 
Factor 
Productivity

CTFP Integration of 
EPT with 
BNDDF

–

Explanatory 
variable

Industrial 
robotics

Robots Number of 
installed 
industrial 
robots 
multiplied by 
the share of 
employment in 
the industry for 
each province 
relative to total 
national 
employment in 
that industry

1000,000

Control 
variable

Urbanization UL Population of 
cities and 
towns in each 
region / total 
population of 
each region

%

​ Infrastructure 
construction

Ic Highway 
mileage ×
10,000 / area of 
administrative 
division

km/km²

​ GDP per capita Pgdp Determined by 
population size 
and GDP of 
each province

1000000yuan

​ Industrialization In Value added of 
industry in 
each province / 
GDP of each 
province

%

​ Education 
expenditure

Pedu Education 
expenditure per 
province / GDP 
per province

%

​ Labor force 
structure

Ls Private and 
self-employed 
workers per 
province / total 
number of 
employees per 
province

%

Mediating 
variable

Technological 
innovation

Tech R&D 
investment/ 
provincial GDP

%

​ Human–machine 
matching

Hmatch ̅̅̅̅̅̅̅̅̅̅̅̅U × v√
–

Instrumental 
variable

Artificial 
Intelligence (AI) 
level

Robots- 
IV

Number of AI 
patents filed by 
province

10

Table 2 
Descriptive statistics.

Variable Observed value Mean Standard deviation Min Max
CTFP 420 0.03 0.54 −0.23 0.32
Robots 420 0.06 0.13 0.00 1.44
UL 420 0.55 0.14 0.28 0.94
Ic 420 0.88 0.48 0.07 2.13
Pgdp 420 0.04 0.03 0.01 0.16
In 420 0.34 0.09 0.11 0.56
Pedu 420 0.05 0.02 0.01 0.21
Ls 420 0.17 0.10 0.03 0.63
Tech 420 0.15 0.10 0.02 0.63
Hmatch 420 0.01 0.003 0.001 0.02
AI 420 0.99 0.24 0.00 2.24
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used in the existing literature.

Empirical analyses

Benchmark regression

Benchmark regression analysis is conducted according to Eq. (1). The 
gradual addition of control variables is used to study the impact of in-
dustrial robots on CTFP, and the results are shown in Table 3. From 
Columns (1) to (6) of Table 3, it shows that the coefficients of industrial 
robots are positive and significant at the 1 % level, which indicates that 
the application of industrial robots can have a positive impact on CTFP. 
Specifically, a one-unit increase in robot density is associated with a 
14.7 % improvement in CTFP, suggesting that robot adoption yields 
substantial carbon-efficiency gains. Moreover, after control variables are 
added, the regression coefficient of industrial robots remains positive. 
The impact of industrial robot application on CTFP is primarily reflected 
in three ways, starting with improved productivity. Industrial robots can 
reduce the quantity of labor required for labor-intensive operations and 
improve the consistency of product quality through automation and 
smart technology. This means that more products can be produced with 
the same energy and material inputs. Improved productivity not only 
reduces energy consumption per unit of product but also reduces the 
scrap rate, thus reducing carbon emissions in general and improving 
CTFP.

In addition, industrial robots help to promote green manufacturing. 
The application of industrial robots in green manufacturing promotes 
clean production and resource recycling, accelerates industrial upgrad-
ing and transformation, improves the energy structure, reduces waste 
emissions and environmental pollution in the production process, im-
proves the resource recycling rate to realize overall green trans-
formation, and helps to improve CTFP.

Finally, industrial robots are linked to technological innovation. The 
introduction of advanced technologies, such as the Internet of Things, 
big data analysis, and smart energy management systems, is also 
conducive to the integration of industrial robots. Technological inno-
vation not only helps to reduce energy consumption and carbon emis-
sions in the production process, but also helps firms to achieve more 
intelligent and efficient production management, which improves their 
own productivity and competitiveness. In realizing these economic 
benefits, firms can also reduce their impact on the environment, pro-
mote green and sustainable development, and further enhance the CTFP. 
All in all, industrial robots can significantly reduce carbon emissions 

while improving production efficiency, thus enhancing CTFP.
The above results indicate that the application of industrial robots 

has a significant and economically meaningful effect on Carbon Total 
Factor Productivity (CTFP). This effect is not only statistically robust but 
also economically important, suggesting that industrial robots have 
become a crucial tool for simultaneously enhancing productivity and 
carbon efficiency. In terms of the functional form, within the observed 
range, the relationship between robot adoption and CTFP generally 
exhibits a strong linear pattern, although further analysis suggests the 
possibility of diminishing marginal returns. Specifically, during the 
initial stage of robot adoption, improvements in productivity and 
environmental performance are most pronounced, but as penetration 
increases, the marginal effect may gradually weaken. Therefore, to 
continuously realize the positive impact of robots on green productivity, 
it is necessary to complement their adoption with increased R&D in-
vestment, workforce training, and digital infrastructure development.

Although this study is based on provincial-level data from China, the 
findings reflect a general phenomenon during industrialization and in-
dustrial upgrading. When extrapolating these conclusions to other 
countries, institutional differences—such as energy structure, labor 
costs, and regulatory environments—must be carefully considered, as 
these factors can affect the marginal returns of robot adoption. Overall, 
the findings also have implications for economies outside China. In 
manufacturing-oriented countries, industrial robots can serve as an 
important lever for achieving high-quality, low-carbon growth, but their 
effectiveness depends on the implementation of context-specific policies 
and institutional arrangements.H1 is supported.

Robustness test

Table 3 shows that the application of industrial robots can enhance 
CTFP. To test whether the conclusion is robust, four robustness tests are 
conducted. The first is to replace the core explanatory variable; the 
second is to regress the explanatory variable and control variables with a 
lag of one period; the third is to replace the regression model to solve the 
issue of between-group heteroskedasticity and within-group autocorre-
lation; and the fourth is to replace the regression samples (i.e., exclude 
municipalities directly under the central government). The level of 
economic development obviously varies from region to region in China, 
which may lead to a gap in the application industrial robots. Comparison 
between provinces and municipalities directly under the central gov-
ernment may not be valid because the latter have a unique position in 
the economy, politics, and other aspects. Therefore, the sample data of 

Table 3 
Results of benchmark regressions.

(1) (2) (3) (4) (5) (6)
Variable CTFP CTFP CTFP CTFP CTFP CTFP
Robots 0.163*** 0.155*** 0.154*** 0.146*** 0.145*** 0.147***
​ (6.947) (6.636) (6.366) (6.152) (6.116) (6.100)
UL 0.265*** 0.208** 0.213* 0.282** 0.267** 0.256**
​ (2.631) (2.053) (1.891) (2.545) (2.390) (2.263)
Ic ​ 0.099*** 0.098*** 0.092*** 0.084** 0.087***
​ ​ (3.066) (2.927) (2.836) (2.532) (2.578)
Pgdp ​ ​ 0.042 0.253 0.157 0.257
​ ​ ​ (0.108) (0.663) (0.402) (0.586)
In ​ ​ ​ −0.318*** −0.326*** −0.322***
​ ​ ​ ​ (−4.591) (−4.682) (−4.576)
Pedu ​ ​ ​ ​ −0.194 −0.200
​ ​ ​ ​ ​ (−1.112) (−1.139)
Ls ​ ​ ​ ​ ​ −0.038
​ ​ ​ ​ ​ ​ (−0.502)
Constant −0.075 −0.119** −0.122** −0.035 −0.008 −0.006
​ (−1.552) (−2.400) (−2.207) (−0.623) (−0.137) (−0.089)
Observations 420 420 420 420 420 420
Adjust R2 0.207 0.224 0.222 0.262 0.262 0.261
Province FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
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four municipalities—namely, Beijing, Tianjin, Shanghai, and Chong-
qing—are deleted and regressed again.

Alternative explanatory variable
The wide application of AI can change today’s production methods 

and is an important part of smart innovation. Analysis is conducted from 
three perspectives—namely, intelligent inputs, production applications, 
and innovations and benefits (Sun & Hou, 2021; Wang et al., 2022). The 
entropy method is used to calculate the level of industrial intelligence 
(Int) in 30 provinces during the period 2011–2019. The level of indus-
trial intelligence is then used to test the number of industrial robots. The 
test uses data from the China Statistical Yearbook, China Science and 
Technology Statistics Yearbook, and China High Technology Industry Sta-
tistics Yearbook.

As seen from the result in Column (1) of Table 4, after controlling for 
effects of province and year, industrial intelligence is significant at the 1 
% level and positive. This proves that the promotion of industrial in-
telligence can also promote CTFP, which indicates that the benchmark 
regression results are robust.

Alternative measurement of robots
To further test the robustness of the baseline regression results, this 

study uses the number of robots per unit of industrial value added as an 
alternative variable for regression. This indicator can, to some extent, 
control for the influence of regional economic scale on robot usage and 
more accurately reflect the relative level of robot adoption. As shown in 
column (2) of Table 4, when robot density is scaled by industrial value 
added, the estimated coefficient remains positive, although it is signif-
icant only at the 10 % level. This indicates that, although the effect 
strength weakens under the alternative scaling approach, the results are 
generally consistent with the baseline findings, thereby supporting the 
robustness of the conclusions.

Regression with a lag of one period
All explanatory and control variables are lagged by one period and 

then regressed again, while effects of province and year are controlled. 
Column (3) of Table 4 shows that the regression results remain 

significant, proving the robustness of the benchmark regression.

Alternative measurement model
The GMM model is used for the regression. The result in Column (4) 

in Table 4 show that the significance level of industrial robots remained 
at 1 % and positively significant, which indicates that industrial robots 
still contribute to CTFP after substitution in the regression model, which 
is consistent with the conclusion obtained from Table 3.

Deletion of direct municipalities from the sample
The regression result in Column (5) of Table 4 is from the sample 

after the deletion of the four municipalities of Beijing, Tianjin, Shanghai, 
and Chongqing. It shows that industrial robots still significantly enhance 
CTFP, which indicates that the benchmark regression results are robust.

Endogeneity issue

Due to endogeneity issues, instrumental variable method and pla-
cebo test are used for testing.

Instrumental variable method
In the previous benchmark regression, it is impossible to distinguish 

whether causality is unidirectional or bidirectional, so reverse causality 
could be a problem. Additionally, measurement errors may also lead to 
endogeneity problems. Measurement of industrial robot development 
level may be inaccurate, or the data may be incomplete, which could 
affect the accuracy of the regression results. For example, if the level of 
industrial robot development in a region is underestimated, the regres-
sion results may incorrectly assume that certain phenomena in that re-
gion are not affected by industrial robot development. Finally, omitted 
variable bias is a common endogeneity problem. In the benchmark 
regression, only a subset of factors that may affect industrial robot 
development are considered, while other possible factors are ignored. 
These omitted variables may be related to the variables under our 
consideration and could affect the regression results. Therefore, endo-
geneity due to omitted variables cannot be ignored. In some regions, a 
high level of industrial robotics development may attract specific types 

Table 4 
Results of robustness test.

Variable (1) 
Alternative explanatory variable

(2) 
Alternative Measurement of Robots

(3) 
Lag by 1 period

(4) 
GMM

(5) 
Deleting direct municipalities

Int 0.723*** 
(4.443)

​ ​ ​ ​

CTFPit−1 ​ ​ ​ 0.378*** 
(16.782)

​

Robots ​ 0.012* 
(1.819)

0.202*** 
(6.297)

0.162*** 
(9.760)

0.146*** 
(6.703)

UL 0.482** 0.332** 0.052 0.310*** −0.096
​ (2.430) (2.559) (0.408) (3.205) (−0.811)
Ic −0.115** 0.076** 0.096** −0.099*** 0.088***
​ (−2.205) (2.123) (2.382) (−3.079) (2.654)
Pgdp −1.718** 

(−2.150)
0.656 
(1.444)

−0.254 
(−0.494)

−1.276*** 
(−3.362)

−0.237 
(−0.506)

In −0.411*** 
(−4.256)

−0.380*** 
(−5.718)

−0.123 
(−1.510)

−0.095** 
(−2.550)

−0.211*** 
(−3.564)

Pedu −1.94*** 
(−3.017)

−0.209 
(−1.143)

0.127 
(0.684)

−2.338*** 
(−7.712)

−0.230 
(−1.599)

Ls 0.264*** 
(2.641)

0.015 
(0.188)

−0.002 
(−0.023)

−0.094** 
(−2.174)

−0.020 
(−0.266)

Constant 0.136 −0.023 0.019 0.148*** 0.126**
​ (0.969) (−0.345) (0.276) (4.572) (2.225)
Observations 270 420 390 390 364
Adjust R2 0.247 0.194 0.219 ​ 0.385
Province FE Yes Yes Yes ​ Yes
Year FE Yes Yes Yes ​ Yes
AR (1) ​ ​ ​ 0.000 ​
AR (2) ​ ​ ​ 0.117 ​
Sargan ​ ​ ​ 1.000 ​
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of industrial clusters, the formation of which may in turn contribute to 
the further development of industrial robotics in the region. This would 
then lead to a more pronounced increase in CTFP in the region. If the 
data on industrial robot inputs are omitted at the beginning of the 
sample statistics, and statistical errors are made due to opportunism at a 
later stage, some firms may overreport due to the implementation of the 
financial subsidy policy for intelligent transformation, or reported 
equipment that is not strictly industrial robots as industrial robots, 
which may also lead to biased regression results (Sun & Hou, 2021). 
Therefore, artificial intelligence (AI) is used as an instrumental variable 
to address potential endogeneity issues. AI is measured by the number of 
AI patent applications, with data sourced from the China National In-
tellectual Property Administration. Although few studies have currently 
used AI as an instrumental variable, AI is employed to tackle endoge-
neity (Bai et al., 2025; Liu et al., 2022).First, regarding the relevance 
condition, AI technology and industrial robots exhibit a high degree of 
technological complementarity. Advances in AI algorithms such as 
computer vision, speech recognition, and machine learning significantly 
enhance the perception and control capabilities of robots, thereby pro-
moting their widespread application in manufacturing. This close 
technological link ensures a significant correlation between regional AI 
development and robot adoption.Second, regarding the exogeneity 
condition, regional AI levels do not directly affect CTFP, whose de-
terminants mainly include production technology, energy efficiency, 
and carbon emission structure. The effect of AI on CTFP occurs only 
through the mediating pathway of promoting robot adoption. Moreover, 
AI development is primarily driven by global technological progress and 
national innovation policies rather than productivity shocks in specific 
regions, which reduces the likelihood that unobserved regional factors 
simultaneously affect both AI and CTFP. Therefore, AI as an instru-
mental variable can effectively mitigate endogeneity issues arising from 
reverse causality, measurement errors, and omitted variables, ensuring a 
more robust identification of the causal effect of robot adoption on 
CTFP. To test for reverse causality, we conducted a Granger causality 
test (Table 6): based on a one-period lag, the p-value fails to reject the 
null hypothesis that “CTFP does not Granger-cause AI,” supporting the 
notion that AI shocks are not driven by prior productivity.

Table 5 shows that in the first-stage regression of industrial robots 
using the instrumental variable, the instrument satisfies the relevance 
condition: the first-stage coefficient is positive and highly significant 
(Table 5), with a Cragg–Donald/Wald F statistic of 750.38, ruling out 
concerns about weak instruments. This sufficiently demonstrates a sig-
nificant correlation between the instrument and robot adoption, 
meeting the relevance requirement. The Anderson LM test is significant 

at the 1 % level, rejecting under-identification.In the second-stage 
regression results, column (2) shows that the coefficient of robot adop-
tion is positive and significant at the 1 % level. Since there is only one 
instrumental variable in this study, an over-identification test cannot be 
conducted. The exogeneity of the instrument is primarily supported by 
theoretical reasoning. On the one hand, the level of AI development is 
closely linked to industrial robot adoption, as robots represent the most 
typical application of AI technology in manufacturing, thus satisfying 
the relevance condition. On the other hand, AI development is mainly 
driven by algorithmic breakthroughs, research investment, and infor-
mation and communication infrastructure, which have no direct rela-
tionship with regional CTFP; its impact on CTFP occurs only through the 
channel of robot adoption.After using the instrumental variable, the 
regression results remain significant. Therefore, it can be concluded that 
the chosen instrument is valid.

Placebo testing
The conclusion obtained from the benchmark regression in Table 3 is 

that industrial robot applications can increase CTFP. This conclusion 
may be due to the omission of certain considerations. Despite the in-
clusion of some control variables, it is not possible to avoid such omis-
sion completely; in the regression, we controll for province and time, but 
there may be additional characteristics that could not be observed. It is 
thus possible that an unknown factor influences both industrial robot 
application and CTFP, causing them to show the regression results in 
Table 3, rather than those results simply being the effect of industrial 
robot application on CTFP. This is a typical endogeneity problem.

A counterfactual placebo test is therefore constructed (Huang et al., 
2024) to rule out the possible effects mentioned above. Based on the 
available data, the number of industrial robots is randomly assigned to 
each province, and a regression is conducted to observe the coefficients 
of the explanatory variables. The pseudo-treatment group is randomly 
generated. Therefore, if this conclusion holds, then the number of in-
dustrial robots would not have a significant effect on CTFP, and the 
regression coefficients for the placebo treatment variables would not 
significantly deviate from zero. Conversely, if the coefficients for Robots 
significantly deviate from zero, it implies an identification bias in the 
model. Fig. 2 demonstrates the estimated kernel density distribution of 
the coefficients of Robots (the number of industrial robots) after 1000 
bootstrap resamples. As shown, the coefficients obtained from the 
pseudo-treatment group generated randomly are centered around zero 
and exhibit no significant deviation, indicating that the observed posi-
tive effect of Robots in the actual sample is unlikely to arise from random 
chance. This supports the robustness of our main results and reduces 
concerns about spurious correlations. The benchmark regression results 
obtained in Table 3 are also consistent with the placebo test, which 
suggests that our estimation results are not seriously biased and that the 
conclusion that the application of industrial robots enhances CTFP is 
robust.

Heterogeneity analysis

Factor heterogeneity

Industry can be classified into labor-, capital-, and technology- 
intensive types (Yang et al., 2018). Labor-intensive industries include 
clothing and textile, wood products, other manufacturing, metal, and 
non-metal; capital-intensive industries include food and beverage, paper 

Table 5 
Endogeneity tests: instrumental variables.

(1) 
Robots

(2) 
CTFP

Robots-IV 0.488*** 
(27.393)

​

Robots ​ 0.186*** 
(6.558)

UL −0.016 
(−0.336)

0.174*** 
(4.824)

Ic 0.018** 
(2.024)

0.017** 
(2.380)

Pgdp −1.413*** 
(−3.597)

−0.193 
(−0.654)

In 0.103** 
(2.385)

−0.004 
(−0.133)

Pedu −0.287 
(−1.524)

−0.117 
(−0.769)

Ls 0.301*** 
(4.159)

−0.300** 
(−5.184)

Observations 420 420
Anderson LM statistic ​ 271.130***
Cragg-Donald Wald F statistic 750.380 ​

Table 6 
Granger causality test.

Original hypothesis P- 
value

Whether the original hypothesis is 
rejected

CTFP does not Granger-cause 
AI

0.880 No
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and printing, chemicals, plastics, and metal smelting; and 
technology-intensive industries include electronic and electrical, gen-
eral, and automotive manufacturing.

The regression results in Table 7 show that the coefficients for 
technology-intensive, capital-intensive, and labor-intensive industries 
are all positive and significant at the 1 % level, indicating that industrial 
robots can enhance Carbon Total Factor Productivity (CTFP) across 
different types of industries. As shown in Table 8 recommendations for 
Inter-Group Difference Coefficients, the effect of industrial robots is 
most pronounced in labor-intensive industries. Further inter-group dif-
ference tests confirm this conclusion: the overall difference is significant 
(p = 0.000), indicating systematic differences among the three types of 
industries. Specifically, the difference between technology-intensive 
and capital-intensive industries is not significant (p = 0.141), whereas 
the differences between technology-intensive and labor-intensive (p =
0.004) and between capital-intensive and labor-intensive (p = 0.000) 
industries are highly significant. This suggests that labor-intensive in-
dustries exhibit the strongest marginal effects of robot adoption, while 
technology-intensive and capital-intensive industries perform more 
similarly.

From an economic perspective, these industry differences can be 
explained by variations in marginal effects and initial automation levels. 
In labor-intensive industries, robots can replace large amounts of labor, 
reduce employment costs, and continuously perform complex produc-
tion tasks, leading to substantial improvements in productivity and 
carbon efficiency. This implies that the marginal effect of robots is 
largest during the initial stage of adoption. However, as robot penetra-
tion increases, the incremental benefits may exhibit diminishing returns, 
and without complementary investments in technological innovation, 
workforce retraining, and digital infrastructure, the marginal effect will 
gradually weaken. In contrast, capital-intensive and technology- 
intensive industries already possess relatively high levels of automa-
tion and advanced production systems. In these industries, the marginal 
contribution of additional robots to CTFP is relatively small, with the 
relationship approximating a low-slope linear trend. Moreover, in highly 
technological industries, improving energy efficiency and adopting 
clean energy have become the core pathways for enhancing CTFP, which 
limits the relative role of industrial robots. Nonetheless, robots still 
provide value in these industries, for example, by optimizing resource 
allocation, improving process precision, and complementing other 
technological advancements.

Technical complexity heterogeneity

According to the technology intensity classification guided by policy, 
industries are grouped by technological complexity to reveal the het-
erogeneity of robots’ impact on green productivity (CTFP) across 
different sectors. In high-technology industries, robots primarily 
enhance production efficiency and carbon reduction through techno-
logical innovation and process optimization; in low-technology in-
dustries, they contribute mainly through labor substitution and 
efficiency improvements. Such classification not only facilitates het-
erogeneity regressions and robustness checks but also provides valuable 

Fig. 2. placebo trial.

Table 7 
Heterogeneity analysis: factor heterogeneity.

(1) (2) (3)
Technology Capital Labor

Robots 0.002*** 0.009*** 0.018***
​ (5.954) (5.163) (7.607)
UL 0.262** 0.222* 0.270**
​ (2.302) (1.929) (2.436)
Ic 0.086** 0.090*** 0.099***
​ (2.522) (2.606) (2.974)
Pgdp 0.238 0.318 0.492
​ (0.539) (0.716) (1.158)
In −0.326*** −0.319*** −0.304***
​ (−4.635) (−4.468) (−4.434)
Pedu −0.190 −0.225 −0.249
​ (−1.081) (−1.265) (−1.455)
Ls −0.037 −0.014 −0.063
​ (−0.480) (−0.188) (−0.844)
Constant −0.005 0.005 −0.025
​ (−0.081) (0.081) (−0.418)
Observations 420 420 420
Adjust R2 0.257 0.241 0.296
Province FE Yes Yes Yes
Year FE Yes Yes Yes

Table 8 
Heterogeneity analysis: factor heterogeneity Intergroup Difference Test.

Technology ×
Capital

Technology ×
Labor

Capital ×
Labor

overall difference 
coefficient p-value

0.000

between-group difference 
coefficient p-value

0.141 0.004 0.000
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references for enterprises and governments to formulate differentiated 
policies on intelligent manufacturing and green development. The 
classification follows official documents such as the Catalogue of China’s 
High-Tech Industries and Made in China 2025. High-technology indus-
tries—including electronics and electrical equipment, automobile 
manufacturing, and chemicals—are characterized by high R&D in-
tensity, advanced production processes, and significant innovation de-
mand. Medium-technology industries—such as plastics, metals, metal 
smelting, and non-metals—exhibit moderate technological complexity 
and precision requirements. Low-technology industries—including food 
and beverages, textiles and apparel, wood products, paper and printing, 
other miscellaneous, and general manufacturing—are marked by labor- 
intensive and resource-intensive production with relatively low inno-
vation intensity.

Table 9 presents the effects of industrial robots on CTFP across in-
dustries with different technological levels. The results show that the 
robot coefficients are significantly positive in high-, medium-, and low- 
technology industries, but the magnitudes differ markedly: the coeffi-
cient is only 0.019 in high-technology industries, rises to 0.101 in 
medium-technology industries, and reaches as high as 0.307 in low- 
technology industries. This indicates that as the technological level of 
industries decreases, the contribution of robot adoption to CTFP be-
comes increasingly pronounced. From an economic perspective, this 
difference is reasonable. High-technology industries already possess 
high levels of automation and relatively mature green production sys-
tems, so the marginal effects of additional robots are limited. In contrast, 
medium-technology industries, with moderate levels of automation and 
production models, can benefit more from robot adoption in terms of 
efficiency gains and carbon reduction. Low-technology industries rely 
heavily on labor-intensive production, where substitution effects are 
strongest, leading to the most significant improvements in CTFP. 
Notably, although robots yield the largest marginal effects in low- 
technology industries, their marginal returns may decline as penetra-
tion deepens, making innovation investment and workforce retraining 
essential for maintaining sustainability. Further analysis of between- 
group differences in Table 10 confirmed these findings: the overall dif-
ference is highly significant (p = 0.002), indicating systematic variation 
among the three industry groups. Specifically, differences between high- 
and medium-technology industries are significant (p = 0.018), between 
high- and low-technology industries extremely significant (p = 0.000), 
and between medium- and low-technology industries also extremely 
significant (p = 0.000). These results provide further evidence that the 
marginal contributions of robot adoption are substantially greater in 

medium- and low-technology industries than in high-technology in-
dustries. This finding is not only relevant to China but also offers insights 
in an international context. For developing economies, where industrial 
structures are often dominated by low- and medium-technology in-
dustries, industrial robots hold considerable potential for improving 
productivity and driving green transformation. In developed economies, 
where high-technology industries account for a larger share, robot 
adoption is more about deep integration with digital and green tech-
nologies, thereby delivering sustained and incremental efficiency im-
provements. Therefore, when promoting robot adoption, countries 
should tailor policy packages to their industrial structures and techno-
logical development levels in order to maximize the impact of robots on 
CTFP.

From an international perspective, in emerging economies where 
labor-intensive manufacturing remains dominant, the potential gains 
from robot adoption are particularly significant, though attention must 
be paid to labor market transitions and social protection issues. In 
developed economies, the role of robots is more focused on consoli-
dating existing digital and green technology achievements, promoting 
incremental productivity improvements, and ensuring deep integration 
with innovation ecosystems. Therefore, while different countries may 
exhibit variation in effect size and marginal returns, overall, industrial 
robots play a broadly applicable role in enhancing carbon total factor 
productivity, offering valuable insights for economies at different stages 
of industrialization in their pursuit of green transformation and high- 
quality development.

Level of market development

Market development exerts an important impact on the application 
of industrial robots. It can influence the performance, demand, and 
promotion of industrial robots based on the market demand, supply, and 
environment. As the index ordering changes in different years in each 
region are small, the 2019 marketization index is taken as a reference 
and the sample is divided into two categories: high market development 
and low market development. The marketization index is obtained from 
the China sub-provincial marketization index database.

The regression results in Table 11 show that in high-marketization 
provinces, the coefficient of Robots is 0.155 (significant at the 1 % 
level), while in low-marketization provinces it is 0.311 (significant at 
the 5 % level). Although the group difference test result of p = 0.263 
indicates that the two coefficients are not statistically different, these 
estimates are still of important reference value from an economic 
perspective. Specifically, a one-unit increase in robot density leads to 
about a 15.5 % and 31.1 % improvement in CTFP, respectively, and such 
effect magnitudes are of practical significance for promoting green 
transformation and improving carbon reduction efficiency. Overall, in-
dustrial robots significantly promote CTFP regardless of the level of 
marketization, but the strength of the effect is influenced by factors such 
as institutional environment, supply chain development, and resource 
allocation efficiency.

This finding not only reveals the heterogeneous effects of robot 
application under different marketization environments in China, but 

Table 9 
Technical Complexity heterogeneity.

(1) (2) (3)
High-technology Medium-technology Low-technology

Robots 0.019*** 0.101*** 0.307***
​ (5.830) (6.570) (7.490)
UL 0.256** 0.270** 0.214*
​ (2.246) (2.398) (1.925)
Ic 0.085** 0.089*** 0.103***
​ (2.508) (2.634) (3.094)
Pgdp 0.235 0.444 0.562
​ (0.533) (1.027) (1.322)
In −0.326*** −0.326*** −0.285***
​ (−4.629) (−4.676) (−4.117)
Pedu −0.185 −0.260 −0.249
​ (−1.051) (−1.494) (−1.455)
Ls −0.036 −0.034 −0.217
​ (−0.46511) (−0.444) (−0.,998)
Constant −0.002 −0.013 −0.011
​ (−0.037) (−0.207) (−0.180)
Observations 420 420 420
Adjust R2 0.254 0.271 0.293
Province FE Yes Yes Yes
Year FE Yes Yes Yes

Table 10 
Technical Complexity heterogeneity Intergroup Difference Test.

High-technology 
× Medium- 
technology

High-technology 
× Low- 
technology

Medium- 
technology ×
Low-technology

overall difference 
coefficient p- 
value

0.002

between-group 
difference 
coefficient p- 
value

0.018 0.000 0.000
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also provides valuable reference for other countries. For developing 
economies, emphasis should be placed on improving infrastructure, 
strengthening supply chains, and enhancing labor skills, so as to avoid 
low robot utilization rates and inefficiencies in resource allocation 
caused by institutional and environmental deficiencies. For developed 
economies, attention should be paid to the possible diminishing mar-
ginal effects, avoiding reliance solely on the expansion of robot 
numbers, and instead promoting the integration of intelligent systems, 
data analytics, and green technologies, so as to achieve the dual goals of 
productivity growth and carbon reduction.

Policy support

Provincial government work reports are collected to measure local 
government policy support for AI by examining whether these reports 
include the topic of AI (Yao et al., 2024). To highlight the characteristics 
of interest, we also add whether the topic of industrial robots is included 
in the government work reports as an auxiliary measurement tool. 
Because AI is only written into the government work report since 2017, 
the reference value of 2017 is not significant. To ensure accuracy, only 
reports for 2018 and 2019 are examined. The regions are then divided 
into those with strong government support and those with weak gov-
ernment support.

The regression results in Table 11 show that in provinces with 
stronger government support, the coefficient of Robots is 0.195 (sig-
nificant at the 1 % level), while in provinces with weaker government 
support it is only 0.013 (insignificant). This indicates that the policy 
environment plays a crucial role in determining the effectiveness of 
robot application. From an economic perspective, under strong support, 
a one-unit increase in robot density can lead to about a 19.5 % 
improvement in CTFP. This marginal effect is far greater than that under 
weak support, suggesting that policy incentives substantially enhance 
the productivity and emission reduction effects of robot application. 
Specifically, fiscal subsidies, tax reductions, and R&D investment not 
only lower the initial costs for firms to adopt robots, but also accelerate 
technological progress and the diffusion of applications, thereby 
amplifying the role of robots in green production. At the same time, 
strict environmental regulations and well-developed digital 

infrastructure (such as 5G and industrial internet) provide institutional 
and technological guarantees for robot application, enabling robots to 
improve productivity while effectively reducing carbon emissions.

Mechanism testing

The above benchmark regression and robustness test show that the 
application of industrial robots has a significant effect on inter- 
provincial CTFP, and the effect is robust. In the mechanism analysis 
section, we further explore how industrial robot application affects CTFP 
in each province and analyze its internal mechanism of action. A 
mediating effect model is constructed to test the mechanism (Jiang, 
2023): 
Mit = β0 + β1Robotsit + β2Controlsit + μi + λt + εit (7) 

where Mit is the mechanism variable, representing the technological 
innovation and human–machine matching in province i in year t. The 
other variables have the same meaning as in the benchmark regression. 
Eq. (7) is used to test whether the mechanism variable is a channel 
through which industrial robots affect CTFP. The main concern here is 
the coefficient of the mechanism variable; if the coefficient is positive, 
industrial robots can effectively increase CTFP through the mechanism 
variable, and vice versa. Robots play an important role in solving re-
petitive, high-risk, and precision-operational tasks, facilitating the 
development of automation technology, collaborative robotics, and 
human–machine interaction technology and driving technological 
innovation to meet the challenges posed by transformational changes in 
manufacturing. Industrial robots promote green technology innovation 
by increasing production profitability and reducing labor costs (Long 
et al., 2024), and technological innovation plays a crucial role in 
enhancing CTFP. Advances in green technology are found to be the basis 
for reducing production costs and increasing total factor productivity 
(Song et al., 2022). Technological innovation can reduce energy con-
sumption by introducing more efficient production equipment and 
technology. This can lead to the gradual replacement of traditional 
highly energy-intensive and polluting production methods with cleaner, 
low-carbon processes in a way that directly reduces carbon emissions 
and increases CTFP. Influenced by the development of AI and automa-
tion technology, human–machine matching is increasingly important in 
modern production. The accelerated progress of smart technologies has 
unleashed a huge green development potential, which is conducive to 
enhancing green total factor productivity. Smart technologies are 
providing a key breakthrough in the new round of scientific and tech-
nological revolutions and a new opportunity for the future trans-
formation of industries. Through human–machine collaboration, firms 
can better realize flexible manufacturing and customized production, 
while reducing overproduction and waste. This on-demand production 
mode helps to reduce resource consumption and carbon emissions and 
improve CTFP.

Technological innovation

In Column (1) of Table 12, the estimated coefficient of technological 
innovation is significantly positive, which indicates that technological 
innovation is an important mechanism for the influence of industrial 
robots on CTFP. Technological progress is a powerful guarantee of 
combined economic growth and environmental development (Wang 
et al., 2023). Technological innovation is shown to significantly improve 
production efficiency and resource use (Liu et al., 2024). Firms can 
obtain greater profits through innovation, which motivates them to in-
crease R&D efforts. Improving technological innovation can also pro-
mote infrastructure construction and the promotion of related 
technologies, which can help firms to optimize the allocation of re-
sources, improve energy efficiency, and reduce carbon emissions.

Table 11 
Heterogeneity analysis: market development and government support.

(1) (2) (3) (4)
High market 
development

Low market 
development

Strong 
government 
support

Weak 
government 
support

Robots 0.155*** 0.311** 0.195*** 0.013
​ (5.109) (2.308) (6.876) (0.196)
UL 0.435*** −0.568 0.590*** −0.601
​ (2.844) (−1.469) (4.181) (−1.313)
Ic 0.019 0.103* 0.049 0.068
​ (0.356) (1.980) (1.170) (1.047)
Pgdp −0.069 0.931 1.026* −0.015
​ (−0.111) (0.421) (1.697) (−0.014)
In −0.544*** −0.207 −0.494*** −0.203**
​ (−3.942) (−1.682) (−4.941) (−2.366)
Pedu −0.212 −0.641 −0.828 −0.311*
​ (−0.996) (−0.556) (−1.079) (−1.750)
Ls 0.049 0.240* −0.035 0.091
​ (0.478) (1.867) (−0.384) (0.611)
Constant 0.014 0.294** −0.093 0.364*
​ (0.132) (2.301) (−1.048) (1.967)
Observations 224 196 280 140
Adjust R2 0.220 0.422 0.274 0.452
Province FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Intergroup 

difference 
coefficient 
p-value

0.263 0.046
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Human–machine matching

In Column (2) of Table 12, the estimated coefficient of human–robot 
matching is still significantly positive, which indicates that human-
–robot matching can strengthen the effect of industrial robots on CTFP. 
When human–robot matching is low, the collaboration between indus-
trial robots and laborers is insufficient, which results in productivity loss 
(i.e., the Solow paradox), which restricts industrial robots from exerting 
their carbon emission reduction effect (Huang & Jiang, 2023). Only with 
a high level of matching can industrial robots be more skillfully applied 
to various industries and strengthen their inhibiting effect on carbon 
emissions. Reasonable human–robot matching better enables robots and 
human workers to work together. Robots are good at tasks that are 
highly repetitive and require high precision, while humans are good at 
tasks that are highly flexible and require judgment. The combination of 
the automation capabilities of industrial robots and the experience of 
human workers can effectively reduce waiting time and equipment 
idleness, while ensuring the continuity and stability of the production 
process. This reduces resource waste and energy consumption while 
increasing CTFP. In summary, as technological innovation and human-
–machine matching improve, the effect of industrial robots on CTFP is 
further strengthened, so H2 and H3 are supported.

Conclusions and policy recommendations

Research conclusion

Enhancing carbon total factor productivity (CTFP) is a necessary step 
toward achieving high-quality development. The application of indus-
trial robots not only exerts a profound influence on economic and social 
development but also brings fundamental changes to environmental 
governance. Accordingly, the impact of industrial robots on CTFP has 
become an important research topic. Based on panel data from 30 Chi-
nese provinces and municipalities during 2006–2019, this study in-
vestigates the effect of industrial robots on CTFP. Employing a two-way 
fixed effects model and a series of robustness checks, we find that in-
dustrial robot adoption significantly improves CTFP, and the results 
remain consistent across specifications. Mechanism analysis further re-
veals that robots enhance CTFP primarily by fostering technological 
innovation and optimizing human–machine matching. Heterogeneity 
analysis shows that the positive effects of robot application are more 
pronounced in labor-intensive industries, low-technology sectors, and 
regions with stronger policy support.

These findings offer several policy implications for China. First, 
expanding the use of industrial robots should be accompanied by greater 
investment in R&D and innovation ecosystems to strengthen techno-
logical spillovers. Second, targeted workforce training and retraining 
programs are needed to enhance human–machine complementarity and 
mitigate potential risks of labor substitution. Third, institutional and 
policy support—including market-oriented reforms and incentive- 
compatible environmental policies—is critical for maximizing the 
contribution of robots to green productivity growth.

Importantly, both emerging and advanced economies face the dual 
challenge of industrial upgrading and environmental sustainability. 
When combined with supportive institutional arrangements, industrial 
robots can simultaneously boost productivity and reduce carbon in-
tensity. For economies with similar industrial structures, fostering 
innovation capacity, improving workforce adaptability, and strength-
ening market mechanisms are key to unlocking the sustainable potential 
of robotics. Therefore, industrial robots should not merely be regarded 
as tools for efficiency gains but as strategic instruments for achieving 
global high-quality and low-carbon growth.

Limitations and future avenues for research

The study has the following limitations: First, the data only covers 
provincial-level data from 30 provinces between 2006 and 2019, which 
may affect the generalizability of the results. Second, the assumption of 
robot distribution based on provincial employment structure may 
deviate from the actual situation. Third, the study does not account for 
the moderating effects of external factors, such as technological progress 
and policy changes, on the impact of robot adoption. Finally, although 
the BNDDF method is used to calculate CTFP, there are still limitations 
in handling extreme data. Future research could further explore more 
refined models with multidimensional variables and extend the analysis 
to other countries or regions to examine whether the findings hold in 
different institutional and economic contexts.

Policy recommendations

Based on the above analysis, several policy recommendations can be 
proposed. First, the adoption of industrial robots should be actively 
promoted, expanding both the breadth and depth of their application. 
Governments are encouraged to increase R&D investment, establish 
robotics innovation hubs, and develop information-sharing platforms to 
facilitate market demand and technological exchange. Financial in-
struments such as tax incentives, subsidies, and low-interest loans can be 
employed to reduce corporate costs—especially for small and medium- 
sized enterprises—thereby encouraging the adoption of robotics tech-
nology to enhance productivity, lower emissions, and ultimately 
improve labor cost efficiency.

Second, strengthening technological innovation and human-
–machine matching is crucial, as these are the two main channels 
through which robots enhance CTFP. Public funding can support the 
development of robotics and human–machine interaction technologies 
to improve usability and adaptability. Simultaneously, vocational 
training and employment services should be reinforced to help workers 
affected by automation acquire new skills. Firms should be encouraged 
to adopt advanced human–machine interaction systems to improve 
competitiveness and operational efficiency.

Third, local governments are advised to integrate robotics develop-
ment into regional strategies, providing targeted support for smart fac-
tories and establishing demonstration centers and data platforms to 
validate application outcomes. However, potential risks—such as labor 
displacement, regional disparities, high initial costs, and cybersecurity 
threats—must be carefully managed. Policymakers should seek a bal-
ance between productivity gains and social-economic safeguards when 
promoting systematic robot adoption.

Table 12 
Results of mechanism analysis.

(1) (2)
Tech Hmatch

Robots 0.691*** 
(6.585)

0.004*** 
(6.771)

UL −0.053 
(−0.108)

0.007*** 
(2.894)

Ic 0.640*** −0.003***
​ (4.336) (−4.404)
Pgdp 4.432** 

(2.318)
−0.037*** 
(−3.671)

In −0.670** 
(−2.192)

−0.002 
(−0.981)

Pedu 0.168 
(0.221)

−0.012*** 
(−2.912)

Ls 0.331 
(0.999)

0.004** 
(2.293)

Constant 0.835*** 
(3.085)

0.013*** 
(8.928)

Observations 420 420
Adjust R2 0.608 0.906
Province FE Yes Yes
Year FE Yes Yes
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