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Abstract
Increasing carbon productivity is an important measure taken by China to deal with global climate change, and technological
innovation is the fundamental way to promote industrial carbon productivity. To explore the low-carbon effects of technological
innovation, based on the panel data of 30 provinces in China from 2009 to 2017, this paper established a spatial panel measure-
ment model and a panel threshold regression model to explore the spatial spillover effects and threshold characteristics of
technological innovation on industrial carbon productivity. The research shows the following: on the one hand, technological
innovation and industrial carbon productivity each has obvious spatial correlation, and technological innovation has a significant
spatial spillover effect on the improvement of industrial carbon productivity, and the indirect spillover between regions is greater
than the direct spillover effect within the area. On the other hand, the impact of technological innovation on industrial carbon
productivity has a double threshold effect. With the continuous improvement of technological innovation capabilities, the
promotion of industrial carbon productivity has become increasingly more influential. Through the division of threshold values,
the technological innovation capabilities of various regions in China are significantly heterogeneous, and the overall level is low.
Although technological innovation capabilities have improved in recent years, there is still much room for improvement. Finally,
this article puts forward relevant suggestions from the construction of regional technological innovation system, economical
green circular development, and the establishment of a green technological innovation system.
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Introduction

The continuous increase in greenhouse gas emissions and en-
vironmental pollution has caused severe impacts on natural
ecosystems and socio-economic systems. According to data
from theWorld Health Organization, air pollution has become
the fifth leading cause of death in the world. Approximately 7
million people die from air pollution every year. As the
world’s largest carbon dioxide emitter, about 656,000 people
in China lose their lives every year due to indoor or outdoor air
pollution (Han et al. 2020). Controlling greenhouse gas

emissions and exploring a sustainable low-carbon develop-
ment method have become the core requirements of China’s
economic construction (Lo and Broto 2019). Research on the
necessity, possibility, and reality of the low-carbon economy
has also become one of the focuses of the academic commu-
nity. The low-carbon growth of the global economy needs to
control greenhouse gas emissions while ensuring stable eco-
nomic growth, and it is “industrial carbon productivity” that
can combine these two goals (Iftikhar et al. 2016). Although
the composition of industrial carbon productivity is simple
(the economic output per unit of carbon dioxide emissions),
it gives new constraints on social and economic development
from the perspective of input factors (Long et al. 2020).
Industrial carbon productivity strips out the carbon hidden in
energy and material products and becomes a new indicator
that can be compared with traditional labor productivity and
capital productivity (He and Su 2009).

So how to increase industrial carbon productivity?
Fundamentally speaking, technological innovation is the core
driving force for long-term stable economic growth and the
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fundamental way to promote the transformation of the tradi-
tional economy to a low-carbon economy (Peng and Tao, 2018;
Buijtendijk et al. 2018). First, technological innovation can
increase economic output while reducing the input of factor
resources by improving production processes, thereby improv-
ing production efficiency and promoting low-carbon economic
development (Murphy, 2015). Second, technological innova-
tion can encourage the transformation of industries from low
value-added to high value-added, accelerate the adjustment of
industrial structure, and promote the development of a low-
carbon economy as a whole (Yu, 2020). Third, techno-
logical innovation can also strengthen regional ex-
changes and enhance the overall local innovation capac-
ity through technological diffusion and digestion, absorption,
and re-innovation, thereby promoting the development of a
low-carbon economy (Yin et al. 2019).

However, it is worth noting that due to the existence of the
spatial effect of technological innovation, its impact on the
low-carbon economy will be “strengthened” or “weakened”
(Oliveira, 2019; Binz et al. 2014). Therefore, the influence
path of technological innovation on industrial carbon produc-
tivity is not like the simple linear influence we intuitively
assume. Some regional technological innovation efforts only
provide conditions for “free-riding” in other regions, but their
industrial carbon productivity has stagnated or even declined
(Gay and Szostak, 2020). Besides, the low-carbon effect of
technological innovation may not be a purely linear relation-
ship, but non-linear. This is because technological innovation
is a long-term activity that requires a large amount of capital
and human resources. At different stages, there may be signif-
icant differences in the low-carbon effects of technological
innovation (Bolli et al. 2020). For regions with weak techno-
logical innovation capabilities, the initial innovation invest-
ment may have little impact, and it has little impact on eco-
nomic growth and environmental protection. For areas with
strong technological innovation capabilities, due to factors
such as a solid innovation foundation and complete
supporting infrastructure, the low-carbon effect is more ob-
vious (Tojeiro-Rivero and Moreno 2019; Jo et al. 2016).
Unfortunately, in the existing literature about technological
innovation on economic growth and carbon emissions, this
spatial effect and non-linear impact are often ignored.
Therefore, this article uses spatial measurement analysis and
threshold analysis methods to study the low-carbon impacts of
technological innovation and profoundly explores the signifi-
cance of technological innovation for the development of
China’s low-carbon economy.

The possible contributions of this article are as follows:
first, this paper has calculated the technological innovation
capabilities and industrial carbon productivity levels of vari-
ous regions in China and analyzed their spatial characteristics;
second, this article explores the low-carbon driving effect of
technological innovation on industrial carbon productivity

from the perspective of spatial heterogeneity; and third, based
on the threshold regression model, this paper studies the non-
linear relationship between technological innovation and in-
dustrial carbon productivity. In theory, this article expands the
related theoretical research on technological innovation and
industrial carbon productivity. In practice, this article provides
experience and reference for China’s low-carbon development
during the transition period. At the same time, it can also
provide a reference for other developing countries to rely on
technological innovation to promote sustainable development.

Literature review

In the context of global economic transformation and low-
carbon development, technological innovation has increasing-
ly become a key measure to promote the sustainable develop-
ment of the national economy. Hence, scholars are paying
attention to the development of technological innovation.
Judging from the current literature results, it mainly includes
the following aspects:

Research on the relationship between technological
innovation and carbon emissions

Regarding the impact of technological innovation on carbon
emissions, scholars have different views. Some scholars be-
lieve that technological innovation can reduce carbon emis-
sions through the use of alternative clean energy, carbon
capture and storage technologies, and energy efficiency
improvements. For example, using data from 30 provinces
in China from 2005 to 2010, Feng and Yuan (2016) proposed
that both technological innovation and R&D investment have
significant technical spillover effects, which can significantly
promote carbon emission reduction. Similarly, by analyzing
the panel data of OECDmember countries from 2000 to 2014,
Ganda (2019) proposed that patent output can significantly
affect carbon emissions. Although innovation and
technology investment have different impacts on carbon
emissions in various countries, there is still evidence that
improving technological innovation capabilities can
effectively promote carbon emission reduction. Taking 13
countries, including Canada and Japan, as samples, Nguyen
et al. (2020) pointed out that innovation is one of the five
critical factors that promote carbon emission reduction.
Increasing investment in technological innovation is a crucial
measure to reduce carbon intensity. Based on global patent
data analysis, Yan et al. (2017) measured the technological
innovation and carbon intensity of 15 economies around the
world. Through empirical analysis, they believe that the inhib-
itory effect of technological innovation on carbon intensity is
not only a direct and significant direct impact. Besides, by
improving the intermediary variable of energy consumption
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structure, technological innovation can also play an indirect
inhibitory effect on carbon intensity.

However, some scholars have suggested that technological
innovation may bring more energy consumption and carbon
emissions while promoting economic growth. For example,
based on the empirical data analysis of 35 industrial sectors in
China, Jin et al. (2014) found that although technological in-
novation has promoted economic growth through means such
as increasing labor productivity, its carbon emission effects
have become more significant. Also, some scholars believe
that the impact of technological innovation on carbon emis-
sions is not just a pure inhibition or promotion. For example,
Wang and Wang (2013) used an impulse response function
and variance decomposition method to measure the dynamic
response of environmental regulations, technological innova-
tion, and carbon emissions under the impact of external fac-
tors. The results showed that the mutual response curve be-
tween technological innovation capability and carbon emis-
sions is N-shaped and inverted U-shaped. Fisher and Wing
(2008) believe that advanced technology can reduce energy
consumption intensity; however, due to the existence of the
“rebound effect,” a large-scale increase in output will lead to a
rise in energy consumption and total carbon emissions, mak-
ing the relationship between technological innovation and en-
vironmental pollution uncertain.

Research on the relationship between technological
innovation and economic growth

Since the establishment of innovation economics, a large
number of scholars have conducted in-depth study on the
causal relationship between technological innovation and eco-
nomic growth from theoretical and empirical aspects and have
achieved some research results. Kuznets emphasized the role
of technological innovation in promoting economic growth in
both “Modern Economic Growth” and “National Economic
Growth.” Economists represented by Romer and Lucas have
demonstrated the long-term promotion effect of technological
innovation on economic growth based on the endogenous
growth model. In terms of empirical research, most studies
show that technological innovation mainly promotes econom-
ic growth by increasing R&D investment and increasing
productivity. For example, Hall et al. (2005) verified that the
increase of R&D investment in a particular industry could not
only improve the technological progress of the industry but
also contribute to the increase of labor productivity in other
related industries and thus can improve the overall economic
output level of a region. Studies by Bravo-Ortega and Marín
(2011) show that for every 10% increase in R&D per capita,
an economy’s long-term productivity will increase by an av-
erage of 1.6%. Chinese scholars have also conducted system-
atic research on the relationship between technological inno-
vation and economic growth.

Based on panel data analysis of 30 provinces in China, Lu
and Jin (2011) found that R&D investment has a significant
role in promoting economic growth. The role of technological
innovation in promoting economic growth is unquestionable.
Still, in the process of China's economic transformation, there
are significant differences in the driving role of technological
innovation in economic growth. For example, Yan and Xu
(2019) pointed out that the impact of technological innovation
on economic growth is not stable. Specifically, with the con-
tinuous improvement of technological innovation capa-
bilities, the impact on economic development has grad-
ually changed from negative to positive. This is because
in the early stage of technological innovation, a large
amount of R&D cost investment is required, and innovation
results must undergo a certain period of transformation to
promote economic growth.

Industrial carbon productivity and low-carbon
economy development

Kaya and Yokobori (1997) put forward the concept of indus-
trial carbon productivity for the first time. They pointed out that
industrial carbon productivity is a core indicator to measure the
level of sustainable development of a country. Moreover, they
proposed that the measurement method of industrial carbon
productivity is GDP per unit of carbon dioxide. Since then,
industrial carbon productivity has been widely used by scholars
as a representative variable of low-carbon economic growth
(Lu et al. 2018). Beinhocker et al. (2008) believe that industrial
carbon productivity represents the level of sustainable econom-
ic development. It not only measures the degree of economic
development but more importantly, it measures the degree of
coordination between economic development and the reduction
of carbon emissions. Wang et al. (2016) proposed that the mea-
surement and evaluation of industrial carbon productivity in
various countries is of great significance for mitigating global
climate change.

Similarly, taking China and other developing countries as
examples, Li and Wang (2019) proposed that increasing in-
dustrial carbon productivity is the core method to alleviate the
contradiction between economic development and ecological
protection in these countries. Based on the realistic require-
ments of low-carbon development and high-quality develop-
ment of the Chinese economy, Zhan et al. (2010) and Han
et al. (2020) also affirmed the importance of improving indus-
trial carbon productivity for China’s economic construction.
Some scholars also regard the improvement of industrial car-
bon productivity and the level of social and humanistic devel-
opment as the two main characteristics of a low-carbon econ-
omy (Liu and Geng, 2010); increasing industrial carbon pro-
ductivity is of considerable significance to the realization of
the welfare performance of the entire society (Liu and Cao,
2011).
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Existing literatures have essential reference value for this
article. Still, considering the pressure of global climate change
and the reality of China’s economic transformation and devel-
opment, the research on technological innovation and indus-
trial carbon productivity has the following expansion space:
first, most existing literature mainly focuses on unilateral re-
search on the economic effects, environmental effects, or in-
dustrial structure adjustment effects of technological innova-
tion. However, for China at this stage, whether it is to promote
GDP growth, improve the level of rationalization of the indus-
trial structure, or reduce greenhouse gas emissions, in the end,
China is looking for a sustainable development path. This
requires us to coordinate the relationship between ecological
security and economic development reasonably. Therefore,
this paper believes that exploring the relationship between
technological innovation and industrial carbon productivity
is in line with the realistic requirements of China and other
developing countries to promote low-carbon economic
growth. The analysis of this issue canmore effectively provide
policy-makers with theoretical explanations and decision-
making suggestions. Second, the existing literature mainly
uses linear analysis methods to explore the impact of techno-
logical innovation on the socio-economic system but ignores
the analysis of the effect of technological innovation from a
non-linear perspective, especially the lack of research on in-
dustrial carbon productivity. Third, due to the significant dif-
ferences in the technological innovation capabilities and in-
dustrial carbon productivity levels of various regions in China,
the traditional spatial homogeneity hypotheses studied in the
past have defects in explaining the effects of technological
innovation. Therefore, based on the current research results,
this article attempts to use the spatial panel regression model
and the threshold panel regression model to analyze the im-
pact of technological innovation on industrial carbon produc-
tivity and provide empirical evidence for in-depth exploration
of the low-carbon effects of technological innovation.

Model construction and variable selection

Model construction

This article focuses on the impact of technological innovation
on the improvement of industrial carbon productivity while
considering that industrial carbon productivity may also be
affected by other non-technical factors. Therefore, the eco-
nomic development level (GDPit), urbanization level (URit),
energy intensity (EIit), and industrial structure (ISit) are intro-
duced to establish the following measurement model

CPit ¼ β0 þ β1TIit þ β2GDPit þ β3URit þ β4EIit

þ β5ISit þ εit ð1Þ

Variable selection

(1) Industrial carbon productivity (CP). The connotation of
industrial carbon productivity is to promote high-quality eco-
nomic development, which includes two aspects, more total
economic output, and fewer pollutant emissions. For China”s
current environmental protection work, the most important
thing is to control carbon dioxide emissions. Therefore, this
article uses the ratio of GDP to carbon dioxide emissions to
indicate the degree of industrial carbon productivity. The larg-
er the value, the higher the level of industrial carbon
productivity.

(2) Technological innovation (TI). This article uses the
number of patent applications granted to characterize techno-
logical innovations, including invention patents; use model
patents; and design patents. Due to the significant differences
in the economic value and degree of innovation and techno-
logical importance of these three types of patents, this article
draws on the practice of Bai and Wang (2016); respectively
assigns the rights of 0.2, 0.3, and 0.5 to the three kinds of
patents; and uses the weighted average value as the measure
of technological innovation.

(3) In this paper, the following four variables are selected to
control the unobservable regional characteristic effects.
Economic development level (GDP) is measured by the actual
GDP of each region; to eliminate the influence of inflation
factors, the data are deflated based on the 2009 base period.
Urbanization (UR) is measured by the proportion of the urban
population in the total population. Energy intensity (EI) is
measured by energy consumption per unit of GDP.
Industrial structure (IS) is measured by the ratio of the added
value of the tertiary industry to the regional GDP.

Descriptive statistical analysis

The data used in this article all come from the “China
Statistical Yearbook,” “China Environmental Statistical
Yearbook,” “China Energy Statistical Yearbook,” statistical
yearbooks of various regions, and open data platforms. To
improve the accuracy and credibility of the estimation and
for the possible impact of price fluctuations, this article uses
GDP index, consumer price index, and fixed asset investment
price index to deflate all currency quantities and adjust them to
compare prices. At the same time, to avoid heteroscedasticity
and multicollinearity, this paper takes the logarithm of related
variables.

Table 1 shows the correlation matrix and descriptive statis-
tics of the variables, it can be seen from the test results that
most variables are correlated at the 1% significance level, and
the correlation coefficient between core variables is signifi-
cant. For example, the correlation coefficient between techno-
logical innovation and industrial carbon productivity is
0.6202 at the 1% significance level, indicating that a high level
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of technological innovation can help increase industrial car-
bon productivity.

Quantitative analysis of low-carbon effects
of technological innovation model

The spatial characteristics of low-carbon effects
of technological innovation

Spatial correlation analysis

To test whether the spatial effect of technological innovation
and industrial carbon productivity exists, this article uses the
global Moran I index and Moran scatter plot to analyze the
spatial correlation and the degree of regional correlation be-
tween technological innovation and industrial carbon
productivity.

First, construct a spatial weight matrix wij that satisfies the
following conditions. The matrix elements are determined
using the “economic distance” matrix standard:

W* ¼ W � E ð2Þ

Eij ¼ 1

Y i−Y j

���
���
i≠ jð Þ ð3Þ

The Moran I test was conducted on the spatial correlation
of China’s technological innovation and industrial carbon pro-
ductivity from 2009 to 2017. The results are shown in Table 2.
Moran I’s normal statistic Z value of technological innovation
and industrial carbon productivity is higher than the critical
value of 0.01 level (1.96) in 2009–2017. This shows that tech-
nological innovation and industrial carbon productivity be-
tween provinces in China are greatly affected by spatial dis-
tribution, which has apparent spatial agglomeration character-
istics This paper mainly probes into the mechanism of Internet
development affecting high-quality growth, and in view of

this research topic, this paper adopts the panel data regression
method for empirical research. The econometric model is con-
structed as follows:

During the sample period, according to the partial scatter plots
of technological innovation and industrial carbon productivity (as
shown in Fig. 1 and Fig. 2), combined with the LISA clustering
diagram (as shown in Fig. 3 and Fig. 4), it can be seen that each
point represents a province. Most of the points fall in the first and
third quadrants, which show that the technological innovation and
industrial carbon productivity of various provinces in China show
visible characteristics of “high-high” and “low-low” agglomera-
tion, and there is a robust spatial similarity within provinces.

The above analysis shows that technological innovation and
industrial carbon productivity each has obvious spatial correla-
tion, which is characterized by the fact that provinces with higher
technological innovation (industrial carbon productivity) levels
are adjacent to each other. Provinces with lower technological
innovation (industrial carbon productivity) levels are adjacent to
each other. Therefore, it is necessary to use spatial measurement
models further to analyze the low-carbon effects of technological
innovation.

Construction of spatial panel regression model

When the observed individuals are interdependent in space,
the geospatial factors are mainly manifested as the mod-
el containing the dependent variable spatial lag or spa-
tial error term. Among them, the first model is called
the spatial autoregressive model (SLM), and the second
model is called the spatial error model (SEM). LeSage
(2008) built a Spatial Durbin Model (SDM) that in-
cludes both endogenous explanatory variables and exog-
enous explanatory variables.

If it is assumed that the spatial autocorrelation relationship
between variables is reflected by the spatial lag of the depen-
dent variable, the spatial autoregressive model used to inves-
tigate the low-carbon effect of technological innovation is:

Table 1 Correlation matrix and summary statistics of variables

Variable CP TI GDP EI UR IS

CP 1.000

TI 0.6202*** 1.000

GDP 0.5771*** 0.6172*** 1.000

EI 0.6802*** 0.7377*** 0.5158*** 1.000

UR 0.5986*** 0.5301*** 0.9422*** 0.4979*** 1.000

IS 0.6598*** 0.3623*** 0.6008*** 0.3517*** 0.6734*** 1.000

Mean 0.553 8.461 1.309 0.983 3.988 0.456

SD 0.374 1.475 0.480 0.502 0.222 0.100

Min 0.074 4.363 0.101 0.324 3.398 0.293

Max 2.802 11.484 2.442 2.507 4.495 0.885
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CPit ¼ β0 þ β1TIit þ β2GDPit þ β3URit þ β4EIit

þ β5ISit þ ρ∑ jωijCPit þ si þ εit ð4Þ

where si is the spatial fixed effect, εit is the random error term,
andωij is the spatial weight matrix.∑jωijCPit is the spatial lag
variable, and ρ is the spatial autoregressive coefficient, which
measures the direction and extent of the influence of explan-
atory variables such as the level of adjacent technological
innovation on the industrial carbon productivity of the central
area.

If it is assumed that the error interference term reflects the
spatial autocorrelation between variables, the spatial error
model used to investigate the low-carbon effect of technolog-
ical innovation is:

CPit ¼ β0 þ β1TIit þ β2GDPit þ β3URit þ β4EIit

þ β5ISit þ λ∑ jωijεit þ si þ μit ð5Þ

where ∑jωijεit is the spatial lag error term and λ is the spatial
error autocorrelation coefficient, which measures the direction
and extent of the impact of the error in the adjacent area on the
industrial carbon productivity level in the central area.

If it is assumed that the spatial autocorrelation between
variables is reflected by the explanatory variable spatial lag,
the spatial Dubin model used to investigate the low-carbon
effects of technological innovation is:

CPit ¼ β0 þ β1TIit þ β2GDPit þ β3URit þ β4EIit

þ β5ISit þ β7W TIitð Þ þ β8W GDPitð Þ
þ β9W URitð Þ þ β10W EIitð Þ þ β11W ISitð Þ
þ ρ∑ jωijCPit þ si þ εit ð6Þ

where W(TIit),W(GDPit),W(URit),W(EIit), and W(ISit) rep-
resent the spatial variables of regional technological in-
novation level, economic development level, urbaniza-
tion level, energy intensity, and industrial structure,
respectively.

Spatial panel regression model selection

Before conducting a formal spatial measurement model anal-
ysis, it is necessary to perform model estimation and statistical
testing on the non-spatial panel measurement model and

Table 2 Moran I of China’s technological innovation and industrial carbon productivity

2009 2010 2011 2012 2013 2014 2015 2016 2017

Technological innovation Moran I 0.202 0.192 0.181 0.162 0.165 0.159 0.163 0.178 0.171

Critical value Z 2.599 2.496 2.371 2.173 2.205 2.146 2.183 2.342 2.271

Industrial carbon productivity Moran I 0.235 0.207 0.228 0.234 0.199 0.230 0.225 0.242 0.223

Critical value Z 3.009 2.771 3.041 3.094 2.75 3.089 3.116 3.411 3.242

Fig. 1 Moran scatter plot of the
mean value of technological
innovation from 2009 to 2017
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further judge the existence of spatial correlation through the
LM test. This paper selects the combined OLS model, space
fixed-effect model, time fixed-effect model, and time-space
fixed-effect model for model estimation. The results are
shown in Table 3.

Combining the two L.R. spatiotemporal effect tests and the
log-likelihood function value Log-L, it can be seen that it is
more appropriate to select the individual and time double
fixed-effect model. The Log-L value is 239.6467, which
shows that the double fixed effects model has a better fit,

Fig. 2 Moran scatter plot of the
mean value of carbon production
from 2009 to 2017

Fig. 3 Technological innovation average LISA Map
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and both types of LR tests pass the significance test, indicating
that rejection degenerates into a special effect and time effect
model. Besides, this paper performs a classic LM test and a
robust LM test on various models to judge further the exis-
tence of spatial correlation and the choice of SEM and SLM
models. Table 3 shows that under the spatial and temporal
effects, the panel data passed the significance test, indicating
that there is a spatial lag correlation. According to the selection

rules of SLM and SEM, the spatial lag model (SLM) should
be considered.

Before the specific model is determined, it is neces-
sary to pass the Wald test and L.R. test to determine
whether the SDM model can degenerate into SLM or
SEM. Among them, the Wald test is used to judge
whether SDM can degenerate into SLM, and L.R. test
is used to judge whether SDM can degenerate into

Fig 4 Carbon production average LISA Map

Table 3 Non-spatial panel model estimation results

Variable Pooled OLS Spatial fixed effects Time period fixed effects Spatial and time period fixed effects

Intercept −0.687716 (−1.107141)
TI 0.04270*** (2.8810) 0.0692* (1.6605) 0.0416*** (2.8244) 0.0487 (1.1400)

GDP −0.0532 (−0.6750) 0.6287*** (4.6405) 0.0399 (0.4204) 0.0787 (0.3243)

EI −0.2961*** (−7.4638) −0.1850**(−2.0368) −0.2999*** (−7.5887) −0.1060 (−1.1696)
UR 0.1170 (0.6794) −1.9179***(−7.3589) −0.0893 (−0.4367) −1.7495*** (−6.4444)
IS 1.6931*** (9.5283) 0.6742*** (3.3025) 1.8869*** (9.3738) −0.7351** (−2.2568)
R2 0.6759 0.5433 0.6505 0.1854

Log-L 34.6855 222.8066 37.0938 239.6467

LM-lag 0.0343 15.5543*** 0.226 4.1726**

(Robust) 0.5868 72.8608*** 0.0021 41.0398***

LM-error 0.8135 0.4764 0.333 0.0051

(Robust) 1.366 57.7828*** 0.1091 36.8723***

LR-test joint significance spatial fixed effects 405.1059***

LR-test joint significance time period fixed effects 33.6803***
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SEM. It can be seen from Table 4 that the two types of
test statistics both pass the 1% significance test, indicat-
ing that the null hypothesis that can be degenerated into
SLM or SEM is rejected. At the same time, using the
Hausman test and L.R. test to select specific effect
models, the three types of test statistics are all signifi-
cant at the 1% level, and the null hypothesis is also
rejected.

Therefore, this article finally chooses the classic double
fixed effect spatial Dubin model for conducting spatial econo-
metric analysis on the low-carbon effects of technological
innovation.

Spatial measurement estimation results

The estimated results of the spatial Durbin model under dif-
ferent effects are shown in Table 5. Among them, the spatial
effect and the space-time effect are substantial in Log-L, and
the number of significant variables is large, indicating that the
spatial panel data has visible spatial effects. Whether it is from
Spatial tho significance level, Log-L or significant variable
analysis, double fixed effects are a more appropriate model
choice. From the displayed results, technological innovation
has a significant positive impact on regional industrial carbon

productivity. For every 1% increase in technological innova-
tion, regional industrial carbon productivity will rise by
0.1383%. Among the control variables, urbanization and en-
ergy intensity both have an adverse effect on industrial carbon
productivity. Besides, all spatial lag variables have passed the
significance test, and the coefficients are the same as the orig-
inal variables, indicating that the industrial carbon productiv-
ity of a specific geographic space unit depends on various
explanatory variables in other geographic spaces and has sig-
nificant exogenous interaction effects.

Table 4 Test results
Test Statistics

Wald test 147.28***

Ratio test 146.19***

Hausman test 83.76***

LM1 test 58.44***

LM2 test 504.66***

Table 5 SDM estimation results
Variable Spatial fixed effects Time period fixed effects Spatial and time period fixed effects

Coefficients z Values Coefficients z Values Coefficients z Values

TI 0.0733** 2.02 0.0123 0.79 0.1383*** 3.99

GDP −0.0622 −0.29 0.0554 0.34 0.2528 1.26

EI −0.1483* −1.93 −0.3620*** −8.79 −0.1418** −1.97
UR −0.6074** −2.1 −0.1616 −0.81 −0.9150*** −3.46
IS 0.0532 0.19 1.7471*** 7.02 0.3329 1.20

W*TI 0.1152 1.53 −0.2286*** −3.68 0.4366*** 4.26

W*GDP 1.1809*** 3.89 0.5861* 1.65 3.8169*** 7.38

W*EI −0.3999** −2.2 −0.6485*** −4.08 −0.4849** −2.03
W*UR −5.1462*** −8.23 −0.6521 −1.17 −8.7311*** −11.95
W*IS 1.8122*** 5.41 −0.9924** −1.99 1.6123** 2.04

Spatial rho −0.1305 −1.32 0.0662 0.63 −0.3697*** −3.59
R2 0.6776 0.4480 0.5496

Log-L 270.9560 47.8468 300.1758

Table 6 SDM affect decomposition

Effect Variable Spatial and time period fixed effects

Coefficients z Values Std. Err.

LR-Direct TI 0.1185*** 3.37 0.0351

GDP 0.0467 0.24 0.1955

EI −0.1109 −1.59 0.0699

UR −0.4586 −1.62 0.2824

IS 0.2538 0.92 0.2771

LR-Indirect TI 0.3065*** 4.18 0.0732

GDP 2.9341*** 6.3 0.4656

EI −0.3478* −1.94 0.1797

UR −6.5905*** −12.43 0.5300

IS 1.2061* 1.89 0.6383

LR-Total TI 0.4251*** 5.48 0.0775

GDP 2.9809*** 6.56 0.4545

EI −0.4588** −2.55 0.1798

UR −7.0492*** −14.94 0.4719

IS 1.4599** 2.17 0.6725
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Furthermore, the more critical application of spatial mea-
surement model estimation is to explore the various spatial
effects of each variable of spatial panel data on regional in-
dustrial carbon productivity, including direct effects, indirect
effects, and total effects. The estimated results are
shown in Table 6. The direct effect refers to the cumu-
lative effect of spatial feedback on the impact of this
province on neighboring provinces, including the inter-
nal impact of its province and the feedback effect of
neighboring provinces after being affected by the prov-
ince. The indirect effect is the spillover effect, which
means the indirect influence of one’s province on neigh-
boring provinces. The total effect represents the sum of
the direct and indirect effects of a variable.

It can be seen from Table 6 that technological innovation
has significant direct, indirect, and total effects, and the impact
coefficients are all positive, indicating that technological in-
novation not only promotes the province’s green economy but
also has apparent spatial spillover effects on neighboring
provinces. This shows that technological innovation is
an essential means to improve industrial carbon produc-
tivity within and around the region and promote a low-
carbon economy. Compared with technological innova-
tion, the four types of control variables set in this arti-
cle do not have significant direct effects, because the
feedback effects they contain are not noticeable.
However, their spatial spillover effects are significant,
indicating that the spillover effects of the control vari-
ables on neighboring provinces are more prominent. The
level of economic development and the upgrading of
industrial structure can significantly promote the indus-
trial carbon productivity of the provinces around the
region, while energy intensity and urbanization signifi-
cantly reduce the level of industrial carbon productivity.
In the comparison of the coefficient values, the driving
effect of economic development is more substantial, in-
dicating that increasing the level of economic development
can provide material support for the development of green
economy and is an effective measure to promote industrial
carbon productivity. The urbanization has a more substantial
inhibitory effect, indicating that the environmental pollution
caused by urbanization poses specific challenges to the devel-
opment of low-carbon economy.

Panel threshold model analysis

Model construction

The previous article has verified the existence of the spatial
effect of technological innovation on industrial carbon pro-
ductivity. However, due to the significant differences in the
technological innovation capabilities and industrial carbon
productivity of various regions in China, the level of techno-
logical innovation may have a positive impact on the techno-
logical spillover effect. In other words, the impact of techno-
logical innovation on industrial carbon productivity may not
be a mere promotion. Still, it may show a complicated non-
linear relationship due to different levels of regional techno-
logical innovation. To verify the above relationship, this paper
uses the non-dynamic panel threshold regression model pro-
posed by Hansen (1999) to test the threshold effect between
technological innovation and industrial carbon productivity
and then analyze the optimal scenario of technological inno-
vation to promote the development of the low-carbon econo-
my. Based on this, this article builds the following model:

Table 7 Test results of threshold significance

Threshold F-value p value Critical value

1% 5% 10%

Single threshold 60.88** 0.0200 40.7969 48.6203 80.0511

Double threshold 42.04* 0.0600 34.9514 45.5822 72.9351

Triple threshold 35.31 0.5567 85.5358 95.3846 124.6822
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Fig. 5 The first threshold value

0
20

40
60

LR

4 6 8 10 12
Threshold

Fig. 6 The second threshold value
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The threshold value under the single threshold model is γ;
for the two cases of TIit ≤ γ and TIit > γ, the impact of techno-
logical innovation on industrial carbon productivity shows
significant differences. This paper constructs a single thresh-
old model with technological innovation as the threshold:

CPit ¼ μi þ β1TIit � I TI it ≤γð Þ þ β2TIit � I TI it > γð Þ
þ βX it þ εit ð7Þ

where γ is the threshold value, I(•) is the index function, and
the value is 1 when the corresponding conditions are satisfied.
Otherwise, it is 0, εit~idd(0, δ

2) is random interference, and the
other variables are the same as above.

The above model assumes that there is only one threshold,
and when there is a double threshold or multiple thresholds,
the model can be expanded on this basis. Take the double
threshold as an example (γ1 < γ2); the model is as follows:

CPit ¼ θþ α1GDPit þ α2URit þ α3EI it þ α4ISit

þ β1TIit � I TI it ≤γ1ð Þ þ β2TIit

� I γ1 < TIit ≤γ2ð Þ þ β3TI it � I TI it > γ2ð Þ þ εit ð8Þ

(2) Hypothesis testing

Test 1: Whether the threshold effect is significant. Taking a
single threshold model as an example, the original hypothesis
is H0 : β1 = β2, which means that there is no threshold effect.
The corresponding alternative hypothesis is H1 : β1 ≠ β2, indi-
cating that there is a threshold effect. Construct LM statistics
to perform statistical verification on the null hypothesis, and

the test statistic is F γð Þ ¼ SSE0−SSE1 bγð Þ½ � = bσ2. SSE0(γ) and

SSE1 bγð Þ are the residual sum of squares obtained under the
assumption of H0 and H1, respectively. Since F(γ) is a non-
standard distribution under the null hypothesis H0, Hansen
(1999) proposed to use Bootstrap self-sampling to obtain an
asymptotic distribution and then calculate the P value that
accepts the null hypothesis.

Test 2:Whether the threshold estimate is equal to the actual
value. The original hypothesis is H0 : bγ ¼ γ0, the alternative
hypothesis is H1 : bγ≠γ0, and the corresponding likelihood

ratio statistic is LR1 γð Þ ¼ SSE1 γð Þ−SSE1 bγð Þ½ � = bσ2. SSE1(γ)
and SSE1 bγð Þ are the residual sum of squares obtained under
the assumption of H0 and H1, respectively, LR1(γ) is non-
standard distribution. When LR1(γ0) > c(α), the null hypothe-

sis should be rejected, where c αð Þ ¼ −2log 1−
ffiffiffiffiffiffiffiffiffi
1−α

p� �
, andα

represents the significance level.

Results and analysis of the panel threshold model

Based on the panel threshold measurement method, this paper
conducts an empirical study on the complex mechanism be-
tween the technology innovation level and industrial carbon
productivity in each region. The F − value obtained after 300
repeated sampling and the corresponding self-sampling P −
value are shown in Table 7. Both the single threshold and
double threshold effects of the model have passed the test;
that is, there is a significant double threshold effect. The
threshold values are 9.8315 and 10.3900, respectively.
Therefore, this article analyzes the dual-threshold effect in
detail.

To observe the threshold value estimation and confidence
interval more clearly, this paper uses the least square likeli-
hood ratio statistic L.R. to identify the threshold value, and the
threshold estimate is the value of γ when L.R. is zero. Next,
this article draws the likelihood ratio function diagrams of the
two threshold values, as shown in Fig 5 and Fig 6.

Table 8 reports two threshold estimates and 95% confi-
dence intervals. In combination with Fig 5 and Fig 6, it can
be seen that the 95% confidence intervals of the two threshold
values γ1 and γ2 are [9.7672, 9.8403] and [10.3849, 10.4328],

Table 8 Threshold values and confidence intervals

Model Threshold estimators 95% confidence intervals

Single threshold 9.8315 [9.7672, 9.8403]

Double threshold 10.3900 [10.3849, 10.4328]

Table 9 Distribution of relative
thresholds of technology
innovation levels in 30 provinces
of China from 2009 to 2017

9.8315 < TI ≤ 10.3900 TI > 10.3900

2009 Jiangsu, Zhejiang, Guangdong

2010 Zhejiang, Guangdong Jiangsu

2011 Jiangsu, Zhejiang, Guangdong

2012-2014 Beijing, Shandong Jiangsu, Zhejiang, Guangdong

2015 Shanghai, Anhui, Shandong, Sichuan Beijing, Jiangsu, Zhejiang, Guangdong

2016 Shanghai, Anhui, Fujian, Shandong, Sichuan Beijing, Jiangsu, Zhejiang, Guangdong

2017 Shanghai, Anhui, Fujian, Sichuan Beijing, Jiangsu, Zhejiang, Guangdong,
Shandong
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respectively, and all L.R. values are less than 7.35, which is
the critical value at the 5% significance level.

The above analysis shows that the impact of technological
innovation on industrial carbon productivity is non-linear.
According to the threshold effect test, two threshold variables
can be obtained, and the estimated values are 9.8315 and
10.3900. To further analyze the relative threshold distribution
of the technological innovation level of my country’s 30 prov-
inces from 2009 to 2017, the samples can be divided into three
groups, namely “low level,” “medium level,” and “high lev-
el”; the grouping results are shown in Table 9 and Fig. 7.

The threshold regression results show that technological
innovation has a positive effect on industrial carbon produc-
tivity (as shown in Table 10), but there are individual differ-
ences. When the level of technological innovation is lower
than 9.8315, every 1% increase in innovation capability will
promote a 0.0573% increase in industrial carbon productivity,
but it fails the significance test. When the level of technolog-
ical innovation crosses the first threshold, which is between
9.8315 and 10.3900, the positive impact of technological in-
novation on industrial carbon productivity is enhanced, and
the coefficient of elasticity is 0.0756 at a significant level of
0.05. As the level of technological innovation crosses the sec-
ond threshold, technological innovation has the most effective
promotion of industrial carbon productivity, and the coeffi-
cient of elasticity is 0.0991 at a significant level of 0.01.
This shows that the high-tech innovation level range is the
optimal range; at this time, technological innovation can ef-
fectively promote regional industrial carbon productivity.

From the above analysis results, it is not difficult to see that
when discussing the relationship between technological

innovation and industrial carbon productivity, it is necessary
to consider the innovation foundation of each region fully.
The specific analysis is as follows.

In areas with medium and high technological innovation
levels, not only are the accumulation levels of technological
innovation relatively high, but also their modern ecological
concepts, energy-saving technologies, and green production
capabilities are strong. Technological innovation is more sig-
nificant in driving economic low-carbon growth. The main
reason is that in regions with a high level of technological
innovation, the level of energy-saving technologies such as
technology integration and process optimization can effective-
ly save resources, thereby improving energy efficiency, pro-
moting the decoupling of energy consumption and economic
development, and reducing pollutant emissions. This in turn
improves industrial carbon productivity. Besides, technologi-
cal innovation has a clustering effect. In areas with a high level
of technological innovation, the industrial chain has been im-
proved and optimized, which has changed the traditional re-
source allocation structure of production factors and opti-
mized the input-output structure. Industrial labor production
efficiency and resource and environmental output efficiency
are both high. In turn, it can promote the transformation of the
regional economy to low-carbon development and increase
industrial carbon productivity.

In areas with low technological innovation levels, although
the coefficient of interaction between technological innova-
tion and industrial carbon productivity is positive, it is not
significant. The main reason is that in the early stage of tech-
nological innovation activities of enterprises, the improve-
ment of production technology and the update of supporting

2009 2010 2011 2012 2013 2014 2015 2016 2017
TI≤9.8315 27 27 27 25 25 25 22 21 21
TI>9.8315 3 3 3 5 5 5 8 9 9

0
5
10
15
20
25
30Fig. 7 Change trend of

technological innovation
threshold

Table 10 Estimation results of
model parameters. CP Coef. Std. Err t p > | t | 95% Conf. Interval

GDP 0.4174 0.1255 3.33 0.001 0.1701 0.6647

UR −0.2568 0.0832 −3.09 0.002 −0.4207 −0.0929
EI −1.4571 0.2426 −6.01 0.000 −1.9350 −0.9792
IS 0.4378 0.1879 2.33 0.021 0.0675 0.8080

TI(TI ≤ 9.8315) 0.0573 0.0380 1.51 0.133 −0.0176 0.1321

TI(9.8315 < TI ≤ 10.3900) 0.0756 0.0381 1.98 0.049 0.0004 0.1508

TI(TI > 10.3900) 0.0991 0.0381 2.60 0.010 0.0240 0.1741

cons 5.3260 0.9206 5.79 0.000 3.5121 7.1398
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facilities require a large number of scientific research funds.
However, technological innovation is a complex process in-
volving many aspects such as industrial structure transforma-
tion and upgrading and input and output of innovative ele-
ments. In the short term, it is challenging to produce notice-
able innovation spillover effects. On the other hand, the sus-
tainable development ideas of governments, enterprises, and
the public in low-tech innovation areas are not mature, and the
penetration and popularity of ecological civilization construc-
tion are not high. These factors haveweakened the low-carbon
development effect of technological innovation.

In terms of control variables, the level of economic develop-
ment and industrial structure is significantly positive at the 5%
level, indicating that the level of economic development and the
essential influencing factors of the industrial structure have a
significant positive effect on low-carbon economic growth.
Energy intensity and urbanization have a significant negative
impact on carbon productivity, indicating that China’s current
urbanization development is unsustainable and is not conducive
to improving regional industrial carbon productivity. This is
consistent with the conclusion drawn above.

Conclusions

In the context of economic transformation, relying on techno-
logical innovation to promote industrial carbon productivity is
a crucial measure for China and other developing countries to
promote low-carbon sustainable development. Based on the
possible spatial spillovers and threshold effects of technolog-
ical innovation on the improvement of industrial carbon pro-
ductivity, this paper uses relevant data from 30 provinces in
China from 2009 to 2017 to study the spatial and non-linear
relationship between technological innovation and industrial
carbon productivity. This article has achieved the following
research conclusions.

First, China’s technological innovation and industrial car-
bon productivity both have strong spatial spillover effects.
Technological innovation not only responds to the promotion
of the green economy in the region but also has apparent
spatial spillover effects on neighboring provinces. At the same
time, regional industrial carbon productivity is not only affect-
ed by related indicators in the region but also affected by
related indicators in surrounding areas. Second, technological
innovation plays an essential role in improving industrial car-
bon productivity. The direct effects, spillover effects, and total
effects tests all verify the existence of low-carbon effects of
technological innovation. Third, technological innovation has
a noticeable threshold effect on the improvement of industrial
carbon productivity. As technological innovation continues to
cross the threshold, the low-carbon effect of technological
innovation has become more and more prominent, and the
coefficient of action has gradually increased. When

technological innovation crosses the second threshold of
10.39, every 1% increase in technological innovation will
promote a 0.0991% increase in industrial carbon productivity,
and the promotion effect is the most obvious.

Based on the above research conclusions, to promote China
to improve the level of technological innovation better, and
effectively promote the increase of industrial carbon produc-
tivity, this paper proposes the following recommendations:

First, because of the regional imbalance in China’s techno-
logical innovation capabilities, the construction of a regional
technological innovation system should be further strength-
ened to narrow the technological innovation gap. For regions
with a low level of technological innovation, it is necessary to
increase R&D investment and promote technological innova-
tion cooperation between regions by introducing high-end
technological innovation elements, thereby enhancing techno-
logical innovation capabilities. Regions with a high level of
technological innovation should pay more attention to inde-
pendent innovation, seek innovation and accumulation of
original theories and original technologies, focus on endoge-
nous innovation in economic development, and optimize and
improve technological innovation capabilities.

Second, promote regional green technological innovation
and realize green and low-carbon circular development.
Compared with traditional technological innovation, green
technological innovation can effectively use advanced
cutting-edge production technology, useless factor input,
achieve maximum economic effects, and reduce damage to
the ecological environment. As green technology innovation
requires more innovation and accumulation, regional govern-
ments should try their best to realize the coordinated optimi-
zation of green technology R&D systems, application sys-
tems, intermediary systems, and security systems.

Third, establish a green technology innovation system and
implement the national innovation transformation strategy.
The government should promote horizontal coordination be-
tween departments and vertical cooperation between regions,
optimize the technology and financial system, establish and
improve talent collaboration and innovation mechanisms, and
use technological innovation as an essential strategy to pro-
mote the transformation of regional economic development
patterns.
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