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Abstract

Based on the panel data of 30 provinces in China from 2011 to 2021, this paper constructs two index

systems to measure China’s carbon productivity (CP) and level of scientific and technological innovation

(STI) respectively. The two-way fixed effect model, spatial Durbin model, and threshold effect model

are used to explore the impact of STI on CP. The study found that: (1) STI can not only promote

the improvement of local CP, but also have a positive spatial spillover effect on CP in surrounding areas;

(2) The influence of STI on CP has regional differences, and STI in the eastern region has a significant

positive effect on CP in both local and neighboring provinces; The STI effect is not obvious in the central

and western regions. (3) The positive impact of STI on CP has the threshold characteristic of “marginal

increasing” and there is a single threshold effect with STI and R&D intensity as threshold variables.

The research conclusions provide empirical evidence for STI to promote the development of a low-

carbon economy, and have implications for the implementation of regional coordinated development

and innovation-driven development strategies.

Keywords: level of scientific and technological innovation, carbon productivity, spatial spillover effect,

threshold effect, low carbon economy

Introduction

Global warming, climate anomalies, and environmental
pollution caused by carbon emissions are seriously
threatening people’s health and sustainable economic
development [1, 2]. In 2012, more than 3.7 million people

*e-mail: 15210328@njnu.edu.cn;
Tel.: +8618-136-019-208.

died from air pollution, 88% of them in developing
countries [3]. In the context of the global economic
downturn, developing a low-carbon economy and achieving
carbon decoupling has become an important international
issue [4-7]. In 2016, nearly 200 parties around the world
signed the Paris Agreement at the Paris Climate Change
Conference. They are striving to meet the goal of keeping
the rise in average global temperatures below 2°C above pre-
industrial levels [8]. As a signatory to the Paris Agreement
and the world’s largest carbon emitter, China has made
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a commitment to the world to achieve a carbon peak by
2030 and carbon neutrality by 2060, known as the “dual
carbon” goal. It can be seen that China has placed a key
position on developing a green economy and achieving
a low-carbon transition.

There are many indicators to measure the low-carbon
transition. Carbon productivity (CP) can be a bridge between
economic output growth and low-carbon development, and has
both economic output and carbon emissions, so it is often
anchored as the expected target to balance the relationship
between economic growth and carbon emission reduction.
CP, first proposed by Kaya & Yokobori (1997) [9], refers
to the ratio of gross domestic product (GDP) to carbon
dioxide emissions in the same period. CP is used to measure
the economic benefits created by unit carbon emissions [10,
11]. Currently, CP has been used by the Chinese government
as an official indicator to measure how well provinces measure
low-carbon transition [ 12—14]. According to the World Bank,
China’s CP in 2020 was about $1,426 per ton, far below
the global average of $1,635 per ton [15]. There is still a long
way to go to improve the quality and efficiency of China’s
CP. China still needs to take effective and feasible measures
to improve CP. This is not only an important measure to
accelerate the decoupling of economic growth from carbon, but
also a powerful driver to promote low-carbon transformation
of the economy and society.

According to the measurement definition of CP,
the effective path to improve CP mainly focuses on two
dimensions: promoting economic growth and promoting
carbon emission reduction. From the perspective
of economic development, Romer’s (1989) [16]
endogenous growth theory believes that STI is the key factor
in promoting long-term economic growth. The meeting
of the Political Bureau of the CPC Central Committee
clearly emphasized that STI is the primary driving force
for China’s economic development, and STI should be
regarded as the key factor to promote the high-quality
development of China’s economy [17]. STI creates new
production functions and introduces unprecedented new
elements and conditions into the production system [18].
It can save production cost, improve production efficiency,
promote the increase of output value and promote economic
development [19]. From the perspective of carbon emission
reduction, reasonable resource allocation is the cornerstone
of production. STI can improve the energy consumption
structure. Advanced technology can help companies make
full use of renewable energy, such as solar and wind. Replace
inefficient and highly polluting traditional biomass energy
with clean energy to reduce energy costs and improve
output efficiency. STI achieves carbon emission reduction
through efficient energy allocation [20]. At the same
time, the revolutionary breakthrough of technology is
the catalyst for the development of Chinese-style new
quality productivity [21]. The new quality productivity
promoted by STI can enrich the expression form of social
production tools, promote the intelligence of the industrial
production process, improve the efficiency of resource
utilization and resource sharing, realize cleaner and green
production, and achieve the purpose of carbon emission

reduction. In conclusion, STI can promote both economic
growth and carbon emission reduction. Therefore, it can be
regarded as the fundamental path to improve CP. At present,
studies on the relationship between STI and economic
development or the relationship between STI and carbon
emissions are relatively common in academia. However,
studies that directly focus on the relationship between
STI and CP are still few and need to be further explored.
To explore the above issues, this study first explored
the direct link between STI and CP using the two-way
fixed effects model as the benchmark model. Subsequently,
the spatial spillover effect of STI on CP is explored through
the spatial Durbin model, and the regional heterogeneity
of this spillover effect is analyzed. Finally, we further
discuss the threshold effect of STI on CP based on STI
and R&D intensity. The rest of this paper is arranged as
follows: Section 2 reviews the relevant literature. Section
3 presents the research methodology. Section 4 presents
the empirical results. Section 5 provides a further discussion
of the findings. Section 6 summarizes the findings
and provides policy recommendations.

Literature Review

Although CP and STI are both hot topics in current
academic research, there is still little literature on the direct
relationship between the two.

This study will review the research status of the two
in their respective fields. The current academic research
on CP mainly focuses on two aspects: measurement
methods and influencing factors. Since Kaya & Yokobori
[9] proposed the ratio of gross domestic product to carbon
dioxide emissions in the same period as the measurement
method of CP, a variety of measurement standards of CP
have been derived on this basis. However, studies focusing
on the relationship between economic development and CP
still often use the measurement index proposed by Kaya
& Yokobori [9] to evaluate CP. This paper aims to explore
the low-carbon economic path of economic development
and carbon emission reduction through STI, so this classical
measurement method is also selected. Other methods include
the Malmquist index calculated based on the DEA proposed
by Fare et al. [22]. The Malmquist-Luenberger (ML) index,
which incorporates unexpected output into the Malmquist
index, is a more comprehensive measurement method.
These methods take into account the relationship between
energy, human, capital, and carbon emission reduction. It
is mostly used in articles studying the relationship between
total factor production efficiency and carbon emissions [23,
24]. The research on the influencing factors of CP mainly
focuses on environmental policy, R&D investment, industrial
structure transformation, and other aspects. Zhao et al.
[25] found that environmentally induced R&D investment
can effectively improve CP. The investment will produce
a positive spatial spillover effect while improving CP. This
also has a positive impact on adjacent areas. The study
of Sheng et al. [26] further confirms the above views. Zhang
[27] found that low-carbon city pilot policies can improve
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CP, and the local and neighboring impacts of environmental
regulation on CP show U-shaped characteristics. In addition,
Niu et al. [28] also emphasized the impact of economic
activities and industrial structure on regional CP.

Most of the research on STI focuses on two perspectives:
influencing factors and effects [29—31]. From the perspective
of the influencing factors of STI, Song et al. [32] found
that the digital economy was an important boost to STI
development. It can improve the STI level from multiple
perspectives of quantity and quality. At the same time,
the utility of the digital economy also has a significant spatial
spillover effect [33]. Li et al. [34] explored the U-shaped
nonlinear relationship between corporate environmental
responsibility and green STI from the perspective
of enterprises. At the same time, STI will also be affected
by the level of ESG disclosure and corporate financing
constraints [35]. The closeness of the relationship between
the firm and the bank will also have utility on STI [36].
Research on the effect role of STI has mainly focused on
the field of energy use. Li et al. [37] confirmed that STI can
reduce the negative economic benefits brought by resource
extraction and promote sustainable economic development.
Xu et al. [38] also found that STI of clean energy can improve
energy efficiency. Acheampong et al. [39] also pointed out
that STI can promote low-carbon economic development
from multiple dimensions of energy transition, environmental
governance, and economic growth. At the same time, some
scholars have discussed the relationship between STI
and total factor CP in the energy field. Li et al. [40] found
that innovation in renewable energy technology can promote
the improvement of green total factor productivity. To sum
up, the research on STI in energy utilization, production
efficiency, and other fields has gradually become mature.
This provides part of the basis for us to infer that STI achieves
carbon emission reduction and economic development by
improving energy efficiency. However, there is still less
work on the relationship between STI and CP. Based on
this, this paper will conduct in-depth research on this topic
from the perspective of spatial spillover and threshold effect.

Materials and Methods
Model Elaboration
Bidirectional Fixed-Effect Model of Baseline Regression

First, based on the overall impact of STI on CP,
a benchmark regression model is constructed:

CP;=ay + a,STL; + a,Control + r, + u; + & (1)

Where, the subscript i represents the 30 provinces
in the sample data, and t represents the specific years from
2011 to 2021. CP represents carbon productivity and STI
represents the scientific and technological innovation level.
Represents the control variable, r, is the time-fixed effect,
u; is the region-fixed effect, &, represents the random
disturbance term.

Spatial Econometric Model
Spatial Autocorrelation Test

The necessary condition for considering the existence
of spatial effect is the existence of spatial autocorrelation.
Spatial autocorrelation refers to the potential
interdependence of some variables within the same
distribution area of observational data. It is a measure
of the degree of clustering of spatial unit attribute values.
In order to describe the overall spatial relationship
among units in the study area, this study uses the global
Moran’s | index to measure the spatial correlation of STI
in 30 provinces in China during 2011-2021. The specific
calculation formula is constructed as follows:

Zil ZZI Wwi(x; — X)(x;— X)
2:1 ijl Wij 2:1 (x;—x)?

2

Moran’s [ =

Where, N is the number of provinces, X; and X;
represent the level of technological innovation and carbon
productivity of each province, and W represents the spatial
weight value.

Construct the Spatial Durbin Model

In order to explore the spatial spillover effect of STI on
CP, after a series of tests on the effectiveness of the spatial
econometric model, this paper finally adopts the spatial
Durbin model (SDM) to study the above problems.
The specific calculation formula is constructed as follows:

CPM =ay+ a]STIM + ZﬁjCOI’ll‘l’Olm +pW x CPi,t +
wiW X DE;i; + EW % Controliy + 1+ u; + (3)
Eit

Where W represents the spatial weight matrix, o, fjrepresent
the direct effects of STI and other control variables respectively.
p, 1, and & represent the spatial spillover effects of CP, STI,
and other control variables, respectively. The remaining
variables and symbols have the same meaning as (1).

Decomposition of Direct and Indirect Effects

In the spatial Durbin model, the independent variable
coefficients estimated by SDM include the spatial spillover
effect of neighboring regions and the influence of local
provinces on neighboring provinces. Therefore, the SDM
coefficient cannot accurately estimate the marginal effect
of an independent variable on a dependent variable. With
reference to Weng et al (2023) [41], we rewrite the equation.

Y=y = pW) (Xp+ WXy) + R, 4)
Where, Y, represents the dependent variable. X;represents

the independent variable. R, represents the residual term
of the intercept term and the error term.
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For the KTH independent variable from unit 1 to unit
N, the expected value of the partial derivative matrix Y,can
be written as the following equation.

ﬂk WoiVk -« WINYVk

[6E{I_/! aEQ!J:(IN—pW)'l Wailk ,'Bk e WaNk

6x,—k 6xNk

WNIVe WYk - B

=y = pWy' (Bly + yi) ®)

Here, we assume that the KTH independent variable
is STI and the dependent variable is CP. When i=j,
the corresponding element in the partial derivative matrix
lies on the principal diagonal. In this case, it represents
the CP factor assessment of the change in STI in that
province to that province. This reflects the direct impact
of the province. When i#j, the corresponding element
in the partial derivative matrix lies on a non-diagonal line.
In this case, it represents the indirect influencing factor
between neighboring provinces and reflects the influence
of provincial STI changes on CP in neighboring provinces.
Such indirect effects are also known as spillovers. The sum
of direct and indirect effects is the total effect.

Select the Space Matrix

Considering that the regression results are sensitive to
the selection of spatial weights, this paper uses a variety
of spatial weight matrices to perform spatial econometric
regression.

1. Spatial adjacency matrix: Considering that
the adjacency relationship between regions is an important
factor affecting the spatial effect, the spatial adjacency
matrix is constructed. If the two cities are adjacent, the value
is 1, otherwise it is 0.

N 1,11s adjacent to j.

Wi = . . .
{ 0, i and j are not adjacent.

(6

=

2. Economic geography nested matrix: The economic
relations between regions will also affect the spatial effect.
In order to comprehensively investigate the dual influence
of economic and geographical factors, the nested matrix
of economic distance and geographical distance weight
matrix is further used as the base measurement matrix. Is
the square of the geographical distance between provinces
iand j.

i = { (GDP; x GDP)/d%, i #j e

0,i=

3. This paper adopts a geographic nested matrix based
on latitude and longitude to conduct a robustness test,
representing the square number of latitude and longitude
distances of provinces i and j.

W,., =
Lo ®)

Threshold Effect Model

In order to further examine and verify the nonlinear
relationship between STI and carbon productivity, we
proposed a threshold regression model based on Hansen
(1999) [42]. The model is as follows:

CPyy=ay + oy STL, % ISTI <t) + 0,STL, % I(STI ©
>r1) + azControl + oazMediator + 1.+ u; + &

CPi’t =09+ O(lsTIm X [(RD < r) + 0(2ST[M X [(RD (10
>r1) + azControl + oazMediator + 1.+ u; + & )

In the above formula, STI and RD in parentheses are
threshold variables. r is the threshold to be estimated.
I (+) is the indicator function. If the condition is met,
the value is 1; otherwise, the value is 0. The meaning
of the remaining variables and symbols is exactly
the same as (1).

Measurement of Variable
Explained Variable

Considering that CP should reflect both the level
of carbon emissions and economic development, this
paper refers to the measurement method of CP proposed
by Kaya & Yokobori (1997) [9] and the official standard
of Chinese government departments [12]. CP is measured
by calculating the economic output value per unit
of carbon dioxide emissions. The specific formula is
as follows:

CO,= Y E;xNCV;xCC;x COF;x44/12 (1)

_ GDP
cr- o (12)

Where CO, represents the total carbon dioxide
emissions. It is measured by combining the research
of Sun et al., (2023) [43]. Represents the type of energy,
including the carbon emissions of eight energy sources:
raw coal, coke, crude oil, gasoline, kerosene, diesel, fuel
oil, and natural gas. E; represents total energy consumption.
NCV;, CC;, and COF; represent the average low calorific
value, carbon content, and carbonization coefficient
of each type of energy, respectively. 44 and 12 represent
the molecular weights of carbon dioxide and carbon,
respectively. CP can be obtained by dividing the GDP by
the calculated CO,.
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Explanatory Variable

Due to the easy availability and accuracy of the number
of patents, it is generally used as an indicator to measure
technological innovation [44, 45]. On the basis of related
research, this paper takes the number of invention
patents accepted as an index to measure technological
innovation.

Referring to [43, 47], taking into account other factors
affecting CP, in this paper, indicators such as environmental
tax revenue and industrialization level are used as control
variables. At the same time, in order to further explore
the threshold effect of STI on CP, this study sets the level
of technological innovation, the core explanatory variable,
and R&D intensity in the control variable as the threshold
variable.

Data Source

All the variable data in this paper come from authoritative
yearbooks such as China Statistical Yearbook, China
Statistical Yearbook on Energy, China Statistical Yearbook
on Science and Technology, China Statistical Yearbook on
Industry, Ministry of Finance, PRC, and China Population
and Employment Statistical Yearbook [48-53]. The data
type is the panel data of 30 Chinese provinces (excluding
Taiwan, Hong Kong, Macao, and Tibet) from 2011 to 2021.
The specific variables and descriptive statistics are shown
in Tables 2 and 3.

Table 1. Variables and measurement methods.

Results and Discussion

Analysis of Temporal and Spatial
Characteristics of Carbon Productivity

This study measured the carbon productivity of 30
provinces in China from 2011 to 2021 by formulas (1)
and (2), and used statal7.0 software to visualize the carbon
productivity of 30 provinces in 2011, 2014, 2017, and 2021
in time and space. Details are shown in Fig. 1.

Analysis of longitudinal time trends from 2011 to 2021
shows that China’s carbon productivity as a whole has
shown a steady upward trend. In 2011, most provinces
showed a low level of CP and a lighter color. As time
goes on, especially in 2017 and 2021, it is clear that more
provinces will turn darker. In the economically developed
east coast and other places, this upward trend is particularly
obvious. We speculate that this is closely related to
the progress of technological innovation in various regions,
the optimization and upgrading of the industrial structure,
and the low-carbon economic policies of government
departments.

From the analysis of horizontal regional differences,
there are significant differences in CP levels between
the eastern and western provinces, especially between
the eastern coastal and inland provinces. The CP
of the eastern coastal areas is generally higher than that
of the inland provinces, and the color tends to be more
red. Based on this, we speculate that this may reflect

Variable Symbol Measuring standard Data source
.. . .. China Statistical Yearbook, China
Carbon productivity CP Gross National Product/carbon emissions Energy Statistical Yearbook
Sc1en.t1ﬁcv and tec'h- . . . China Statistical Yearbook of Science
nological innovation STI Patent equal weight sum is taken as a logarithm
and Technology
level
Degree of economic EO Foreign direct investment/Gross National Product China statistical yearbook
openness
Industrialization . . China Industrial Statistics Yearbook;
level IL Industrial output/Gross National Product China Statistical Yearbook
EnV1ronrpenta1 pro- EPT Green tax revenue is logarithmic Ministry of Flngnce of the People’s
tection tax Republic of China
Human capital level HC Number ofumv.ers1ty student.s/remdent popula- China Demographic Yearbook
tion of the region
Population density PD Area resident population/area total China Demographic Yearbook
Traffic facility level TF The total mileage of I‘eglOI}al highways is taken China statistical yearbook
as a logarithm
Desree of covern- China Statistical Yearbook, official
me%lt inter%ention GI Government budget/GNP website of the Ministry of Finance of
the People’s Republic of China
Informatization level M Turnover of post and telgcommumcatmns busi- China statistical yearbook
ness/Gross National Product
China Statistical Yearbook, China
R&D intensity RD Social R&D input/Gross National product Statistical Yearbook of Science and
Technology
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Table 2. Descriptive statistics.

Variable Symbol Sample size Mean Stz;lr((l)a;rd Maximum Minimum

Explained variable CP 330 0.792 0.487 1.974 0.182
Explanatory variable STI 330 9.638 1.246 11.902 6.870
RD 330 1.572 0.751 3.439 0.576

EO 330 0.018 0.012 0.045 0.001

IL 330 0.325 0.068 0.457 0.208

EPT 330 5.995 4.168 17.862 1.112

Control variable HC 330 0.020 0.004 0.032 0.011
PD 330 3.631 2.886 10.130 0.391
TF 330 11.725 0.742 12.586 10.004

GI 330 0.241 0.079 0.412 0.126

M 330 0.060 0.054 0.260 0.019

2011 2014

2017 2021

Fig. 1. Overall distribution of carbon productivity.
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more advanced science and technology and more efficient
resource utilization in these areas. In contrast, the CP
of western regions, such as Gansu and Qinghai, is not only
low in general, but also grows slowly, which reflects that
the inland regions in northwest China are still facing severe
challenges in carbon decoupling. The overall level of CP
in southern provinces, such as Guangdong, is extremely
high and growing rapidly. However, the CP level of northern
provinces, such as Heilongjiang and Jilin, obviously shows
the problem of lagging development. This may be due
to the cold climate in northeast China, which requires
the consumption of a large amount of biomass energy with
high energy consumption to obtain heat in winter, resulting
in high carbon emissions. At the same time, the economic
foundation of northeast China is weak and the momentum
of economic development is insufficient. The influence
of the above double factors eventually leads to the weak
state of CP.

To sum up, China’s CP shows the characteristics
of spatial and temporal differentiation with generally
stable growth and significant inter-regional differences.
On the one hand, it reflects the active efforts of the state
in environmental governance and sustainable economic
development. On the other hand, it also shows that
there is still a certain degree of regional incoordination
in the development of the low-carbon economy among
Chinese provinces.

Multicollinearity Test and Hausman Test

In order to avoid the correlation between explanatory
variables and multiple control variables affecting subsequent
results, the model needs to be tested for multicollinearity.
This paper uses the variance inflation factor (VIF) to
conduct a multicollinearity test. The test results show that
the VIF value of each variable is less than 10, and the mean
VIF is 3.7, indicating that there is no multicollinearity
in the model. Therefore, the selected variables can be used
in the model analysis.

In this paper, the Hausman test is used to select a more
efficient estimation model. The details are shown in Table 3.
Table 3 shows that the p-value of the Hausman test is 0.000.
This shows that the hypothesis of the random effect model
is rejected at the significance level of 0.01, so the fixed
effect model should be used.

Benchmark Regression Results

To explore the impact of STI on CP, we used the two-way
fixed effects model as the benchmark model for regression.
In order to ensure the reliability of the regression results, we
also show the regression results of the OLS and RE models.
The details are shown in Table 4. Among them, models
(1), (3), and (5) are regression results without adding
the threshold variable RD. (2), (4), and (6) are regression
results with RD taken into account. It can be seen that
in the regression of the fixed effect model, the coefficient
of STI is positive and passes the significance test at least at
the 5% level. Taking Column (4) of Table 4 as an example,

Table 3. Hausmann test.

chi2(10) 53.39

P 0.0000

the economic significance of the STI coefficient is expressed
as that for every 1% increase in STI, CP will increase by
about 0.096%. This indicates that STI has a significant
positive effect on CP from a national perspective. By
improving STI, cleaner and more efficient technologies can
be applied to production, energy consumption structure can
be improved, energy utilization efficiency can be improved,
industrial transformation and upgrading can be promoted
to a green and low-carbon direction, and high-quality low-
carbon economy can be developed, so as to improve CP
level.

Robustness and Endogeneity Test
of Benchmark Model

Robustness Test

In order to ensure the stability and reliability
of the benchmark regression results, we successively add
control variables. We use the stepwise regression method to
test the model’s robustness. The detailed results are shown
in columns (1)—(4) of Table 5. In the process of gradually
adding control variables, the core explanatory variable
STI always has a significantly positive correlation with
the explained variable CP. This shows that the estimation
results of the final model are reliable.

At the same time, we also use the method of replacing
explanatory variables to further conduct robustness test. We
put the core explanatory variable STI lagged by one period
into the model for regression. The specific results are shown
in Column (5) of Table 5. It can be seen from the results
of Column (5) that the regression coefficient of the first-
order lagged term of STI on CPis 0.074. And it is significant
at the 5% level. This once again verifies the positive effect
of STI on CP. The above conclusions prove the reliability
of the underlying regression model.

Endogeneity Test

The SYS-GMM model is superior in dealing with
the problem of endogenous variables. By selecting
appropriate instrumental variables, the possible bias
caused by endogenous explanatory variables can be
effectively alleviated [54]. In this study, the first-order
lag term of the explanatory variable STI and the first-
order lag term of some control variables are selected as
instrumental variables, and the SYS-GMM model is used for
endogeneity test. As can be seen from Table 6, the Hansen
overidentification test results show that the p-value is
greater than 0.1, indicating that the selection of instrumental
variables is effective. The p-value of AR (2) is greater
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Table 4. Benchmark regression results.

OLS FE RE
Variable
(1 2 3) “4) ) (6)
0.026 -0.069* 0.109%** 0.096** 0.106%** 0.078%*
> (0.030) (0.037) (0.037) (0.039) (0.032) (0.034)
-0.494 0.527 -3.033 -3.047 -4.945%%* -4.204*
ko (1.989) (1.951) (1.972) (2.003) (2.251) (2.152)
-0.689%* -1.180%** -0.795% -0.814* -1.056%** -1.090%**
- (0.319) (0.330) (0.419) (0.419) (0.358) (0.357)
0.015%** 0.017*** 0.008 0.009 0.008 0.010
FrT (0.006) (0.005) (0.007) (0.007) (0.007) (0.008)
-20.749%** -28.900%** 14.150 15.908 11.659%** 6.724
He (4.835) (5.071) (11.245) (11.686) (4.451) (5.656)
0.076%** 0.052%** 0.307*** 0.276%** 0.045 0.014
P (0.015) (0.016) (0.095) (0.097) (0.042) (0.036)
0.417%** 0.466%** -0.437%* -0.434%%* 0.250%** 0.236%*
T (0.045) (0.045) (0.188) (0.183) (0.121) (0.116)
-0.574 -0.563 -1.237* -1.227* -1.094** -1.016%*
ol (0.408) (0.398) (0.674) (0.664) (0.451) (0.454)
1.304%** 1.191%** -0.321 -0.281 0.328%* 0.254
a (0.379) (0.369) (0.532) (0.534) (0.176) (0.172)
0.275%%* 0.084 0.163**
RD
(0.064) (0.089) (0.074)
-3.998%** -3.709%%* 3.955% 3.990* -2.934%%* -2.563*
Constant
(0.515) (0.505) (2.227) (2.116) (1.363) (1.311)
AREA NO NO Yes Yes NO NO
YEAR NO NO Yes Yes NO NO
N 330 330 330 330 330 330
R-squared 0.578 0.602 0.696 0.699 0.597 0.612

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported in parentheses.

than 0.1, indicating that the model does not have serial
autocorrelation above the second order. Based on the above
results, it is judged that the current SYS-GMM model is
well constructed. At the same time, the coefficient of STI is
significantly positive, which confirms that the endogeneity
test of the model basically passes.

Regression of Spatial Econometric Model
Spatial Correlation Analysis of STI and CP

In this paper, the spatial distance weight matrix is used
to calculate the Moran index I of STI and CP. The specific

calculation results are shown in Table 7. It can be seen from
Table 7 that both the Moran index of STI and CP passed
the significance test. This indicates that both technological
innovation and CP have significant spatial agglomeration
characteristics. Among them, the Moran index of STI has
a rising trend year by year. The spatial correlation of STI
increased year by year. The Moran index of CP showed
a fluctuating downward trend. It shows that the spatial
autocorrelation decreases slightly year by year.

In order to clearly observe the spatial agglomeration
characteristics of technological innovation and CP, this
study draws the spatial scatterplot of technological
innovation and CP in 2021.
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Table 5. Results of stepwise regressions and robustness tests.
Stepwise Substitution of
regression 1 2) 3) “) variables )
Variable CP CP CP CP Variable CP
0.107** 0.127%* 0.119%** 0.096** L.STI 0.074%**
STI
(0.040) (0.047) (0.036) (0.039) (0.033)
-2.938 -3.317 -3.047 EO -3.032
EO
(2.033) (2.014) (2.003) (1.919)
1.355%** -1.202%* -0.814* IL -0.667
IL
(0.470) (0.443) (0.419) (0.397)
0.010 0.009 EPT 0.009
EPT
(0.007) (0.007) (0.007)
13.179 15.908 HC 14.863
HC
(12.238) (11.686) (11.742)
0.326%** 0.276%** PD 0.346%**
PD
(0.098) (0.097) (0.088)
-0.280 -0.434%%* TF -0.360%*
TF
(0.228) (0.183) (0.184)
-1.227* GI -1.178*
GI
(0.664) (0.644)
-0.281 IL -0.348
M
(0.534) (0.466)
0.084 RD 0.067
RD
(0.089) (0.085)
-0.357 0.028 1.864 3.990* Constant 3.126
Constant
(0.352) (0.475) (2.819) (2.116) (2.174)
AREA YES YES YES YES AREA YES
YEAR YES YES YES YES YEAR YES
N 330 330 330 330 N 300
R-squared 0.597 0.643 0.681 0.699 R-squared 0.678

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported in parentheses.

As shown in Fig. 3. Among them, (1) is the spatial
scatterplot of technological innovation. (2) is the spatial
scatterplot of CP. It can be seen that the Molan index
of STI and CP are mostly located in the first and third
quadrants. This shows that the spatial correlation between
the regions is high, with a high degree of agglomeration
characteristics. Therefore, in the study of the relationship
between the two should pay attention to the analysis
of spatial factors.

Test of Spatial Metrology Model Selection

In order to select a more suitable spatial measurement
model, LM, LR, Wald, and other tests were carried
out in this study. The test results are shown in Table 8,
and LM test results are significant at 1% and 5% levels.
This suggests that a spatial effect model can be chosen.
In addition, the results of both the Wald test and the LR
test were significant at the 5% level. This indicates that
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Table 6. Endogeneity test.

Variable CP
0.813%%%*
L.CP
(0.154)
0.081*
STI
(0.048)
Control variable YES
AR (1) 0.093
AR (2) 0.190
Hansen 0.952
Sargen 0.741
N 300

Notes: ***, ** and * denote significance at the 1%, 5%, and 10% lev-
els, respectively. Standard errors are reported in parentheses.

the null hypothesis of selecting SRM and SEM models
is negated. This means that both the spatial error term
and the spatial lag term exist simultaneously. Therefore,
this paper should choose the spatial Durbin model (SDM)
which combines the two. At the same time, in the LR test
to judge the selection of time-fixed effect, regional fixed
effect, and two-way fixed effect, both the time-fixed effect
and space-fixed effect are significant at the level of 1%.
This represents a rejection of the respective null hypothesis.
Therefore, the spatial Durbin model of bidirectional fixed
effects is finally chosen.

Regression Results of Spatial Durbin Model

According to the results of spatial correlation analysis
in 4.5.1, both STI and CP have strong spatial correlation.

Table 7. Global Moran Index.

In order to further explore the spatial effect and spatial
spillover effect of STI on CP, the spatial neighbor matrix
and spatial economic geography matrix are selected in this
section. In this paper, the spatial influence mechanism
of STI on CP is discussed by using the spatial Durbin
model. Table 9 shows the regression results of the spatial
Durbin model.

It can be seen from the results in Table 9 that
in the regression of spatial adjacency matrix and spatial
economic and geographic nested matrix, the estimated
coefficients of STI are significantly positive at the 1%
confidence level. This indicates that the development of STI
in this region contributes to the improvement of CP in this
region. Specifically, take the regression results of the nested
matrix of spatial economic geography as an example. A 1%
increase in STI in a given area will promote a 0.09%
increase in CP in that area. At the same time, the spatial
lag coefficient of ST is significantly positive. This indicates
that STI in the local area has positive externalities to
neighboring areas. This can promote the improvement
of CP in neighboring areas. It is worth noting that
the spatial lag term coefficient of CP is significantly
negative in the regression of both matrices. It shows that
there is a significant negative spatial spillover effect of CP
development in China. The regression results of the nested
matrix of spatial economic geography are also taken as an
example. A 1% increase in the CP level in the neighboring
area resulted in a 0.351% decrease in the local CP level.
This may be due to factors such as rapid economic growth
and rapid improvement of production efficiency, which
make the developed areas with high CP have a “siphon
effect” on the surrounding areas to a certain extent. As
aresult, various factor resources such as talent, technology,
and capital are concentrated in this region, thus inhibiting
CP development in surrounding areas [55-57].

Because the spatial Durbin model contains the spatial
lag term of the dependent variable, there is an error

Year STI CP

Year 1 Z 1 Z
2011 0.088**%* 3.367 0.305%%%* 3.669
2012 0.082%%*%* 3.215 0.304%%* 3.660
2013 0.080%** 3.148 0.284%** 3.487
2014 0.073%** 2.967 0.276%*** 3.395
2015 0.076*** 3.034 0.192%** 2.443
2016 0.085%%#%* 3.277 0.277*%%* 3.406
2017 0.087*%*%* 3.990 0.211%** 2.651
2018 0.110%** 3.789 0.277%*%* 3.403
2019 0.107*%* 3.894 0.204%** 2.569
2020 0.116%** 4.143 0.200%* 2.527
2021 0.114%** 4.081 0.272%%* 3.343

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively.
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Fig. 2. Moran Index chart for 2021.
Table 8. Spatial measurement model selection test.
Inspection method Inspection method Value P-value
Moran’s | 3.01%** 0.0030
LM-error 5.50%* 0.0190
LM test Robust-LM-error 10.92%%* 0.0010
LM-lag 27.18%%* 0.0000
Robust-LM-lag 32.60%%** 0.0000
LR-SDM/SAR 20.87** 0.0220
LR test
LR-SDM-SEM 20.01** 0.0292
Time/Both 577.90%%** 0.0000
Time-Ind Fixed
Ind/Both 26.16%%* 0.0035
Wald-SDM/SEM 21.60%* 0.0173
Wald test
Wald-SDM/SAR 20.63%* 0.0238
Data source: Own calculation.

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively.

in the estimation coefficient. Based on this, this study
uses partial differential matrix operation to divide the total
effect of independent variables on dependent variables
into direct effect and indirect effect [58]. Table 10 shows
the decomposition estimation results of the spatial spillover
effect.

As can be seen from Table 10, the direct effect
of STI on regional CP growth is significantly positive.
Specifically, take the regression results of the nested
matrix of spatial economic geography as an example.
When STl increases by 1% in a certain area, CP increases
by 0.082%. The indirect effect is also significantly
positive and larger than the direct effect. The results

reveal the direct and spatial spillover effects of STI on
CP. On the one hand, the progress of STI has a significant
positive impact on the local CP, which is consistent with
the regression results of the spatial Durbin model in Table
9. This is because STI can promote the improvement
of local CP by improving the energy consumption
structure, improving the efficiency of resource utilization,
and developing advanced productivity. Clean, efficient,
and advanced technologies help reduce carbon emissions
in the production process and increase the added value
of production, thereby improving CP. On the other hand,
the indirect effect is significantly positive and larger than
the direct effect. This indicates that the STI in the region
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Table 9. Panel data regression results of the spatial Durbin model.

Spatial adjacency matrix Spatial economic geography nested matrix
Variable (1) (2)
Main Wx Main Wx
0.082%** 0.174%** 0.090%** 0.440%**
STI
(0.027) (0.058) (0.028) (0.162)
-2.222% 1.840 -2.705%* -17.036%**
EO
(1.260) (3.246) (1.263) (6.471)
-0.673%** -0.664 -0.644** -0.198
IL
(0.259) (0.543) (0.255) (1.271)
0.005 -0.012 0.004 -0.024
EPT
(0.004) (0.008) (0.004) (0.024)
-0.405%** -0.152 -0.386%** 0.837
TF
(0.125) (0.403) (0.135) (0.682)
0.213%%* -0.063 0.177%%* 0.074
PD
(0.058) (0.101) (0.061) (0.294)
9.481 9.263 12.394%** -4.424
HC
(5.783) (12.204) (5.879) (30.864)
-1.074%** -0.885 -1.500%** -0.362
™M
(0.349) (0.731) (0.319) (1.574)
0.172 2.245%* 1.062%* -1.970
GI
(0.520) (0.914) (0.620) (2.572)
0.107** -0.164 0.110** -0.238
RD
(0.048) (0.100) (0.048) (0.285)
-0.161%* -0.351%*
rho
(0.084) (0.185)
0.010%** 0.010%**
sigma2 e
(0.001) (0.001)
N 330 330
AREA YES YES
YEAR YES YES
R-squared 0.561 0.564

Notes: ***, #* and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported in parentheses.

not only promotes local CP improvement but also has
a positive impact on the surrounding areas. Local STI
can promote the improvement of CP levels in many
surrounding areas. To some extent, this reflects the diffusion
of innovation and the radiation effect of technology
brought about by STI. Good technology in one region
can be spread and diffused between regions. Each region
improves its own CP by adopting and using advanced
technologies from other regions [59]. The spatial spillover
effect of STT helps to realize the coordinated development

between regions, reduce the gap of CP development level
between regions, and form a virtuous circle of sustainable
development patterns of the low-carbon economy between
regions.

Based on this, while promoting STI, local governments
should also pay attention to the development of inter-
regional technology complementarity and technology
radiation capabilities. Create a “thriving land” of scientific
and technological innovation, and spread local scientific
and technological achievements and high and new
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Table 10. Decomposition results of spatial spillover effects.

Spatial weight matrix Spatial economic geography nested matrix
Variable (M @
Direct Indirect Total Direct Indirect Total
0.077*** 0.142%** 0.219%** 0.082%** 0.312%* 0.393%***
> (0.028) (0.050) (0.054) (0.028) (0.122) (0.130)
-2.197* 1.947 -0.250 -2.225% -12.693** -14.918%**
ko (1.221) (2.733) (2.973) (1.237) (5.411) (5.498)
-0.656%** -0.457 -1.112%* -0.648%* 0.089 -0.560
- (0.252) (0.480) (0.561) (0.250) (0.968) (0.992)
0.005 -0.012* -0.007 0.005 -0.021 -0.016
FrT (0.004) (0.007) (0.007) (0.004) (0.018) (0.018)
-0.393%** -0.071 -0.465 -0.400%** 0.782 0.382
T (0.123) (0.367) (0.393) (0.132) (0.556) (0.597)
0.217%*%* -0.077 0.139 0.175%** 0.040 0.215
P (0.061) (0.094) (0.102) (0.064) (0.234) (0.235)
8.888 7.477 16.365 12.299%* -6.076 6.224
He (5.769) (11.604) (11.022) (5.853) (24.411) (23.814)
-1.058%** -0.645 -1.703%** -1L.511*** 0.153 -1.358
M (0.356) (0.664) (0.638) (0.329) (1.281) (1.288)
0.132 1.954%* 2.086%** 1.179* -1.935 -0.756
ol (0.526) (0.850) (0.771) (0.651) (2.070) (1.709)
0.114%** -0.167* -0.052 0.116%* -0.226 -0.110
Kb (0.049) (0.093) (0.101) (0.050) (0.225) (0.226)

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported in parentheses.

technologies to the outside world. Exchange needed goods,
give play to the linkage effect of science and technology,
and strengthen the chain function of various regions
in the national innovation network.

Robustness Test of Spatial Durbin Model

In order to ensure the accuracy of the estimation results,
this paper uses the latitude and longitude distance matrix as
the spatial weight matrix for the robustness test. Table 11
shows the results of the robustness test. It can be found that
the influence coefficient of the core explanatory variable
STIin Table 11 on the explained variable CP is significantly
positive, which is basically consistent with the above
results. At the same time, the direction and significance
of the effect decomposition of other control variables
are basically the same as those of the above variables,
indicating that the estimation results in this paper are robust.

Regional Heterogeneity Analysis

According to the research results, the development
of CP has the characteristics of spatial and temporal

differentiation, and the level of CP varies significantly among
regions. Therefore, this section will discuss the regional
heterogeneity of technological innovation in CP from
the perspectives of the eastern, central, and western regions
of the country. Table 12 shows the results of the regional
heterogeneity analysis based on the spatial Durbin model.

Based on the analysis of Table 12, it can be seen from
the regression results of the spatial Durbin model that
the technological innovation coefficient of the eastern
region is significantly positive. However, the technological
innovation coefficient of central and western regions is
not significant. This indicates that the increase of STI has
a significant positive effect on local CP in the eastern region,
but not in the central and western regions. This may be
due to the better STI foundation in the eastern region,
strong innovation capacity, high innovation efficiency,
and the easier process of transforming technological
innovation into advanced productivity. Therefore,
the eastern region can promote the development of CP
through technological development [60, 61]. At the same
time, the economic strength of the eastern region is strong,
the financing of relevant innovative enterprises is relatively
convenient, the cost of technological innovation is low,
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Table 11. Robustness test of spatial Durbin model.

Longitude and latitude geographical distance matrix
Variable (1) 2) 3) (@) ®)
Main Wx Direct Indirect Total
0.101*** 0.706%** 0.078%** 0.312%** 0.390%**
> (0.029) (0.207) (0.028) (0.106) (0.113)
-2.512%%* -5.914 -2.271%* -1.831 -4.103
ko (1.271) (9.054) (1.227) (4.414) (4.462)
-0.827%** -2.531 -0.772%%* -0.791 -1.563*
- (0.282) (1.713) (0.275) (0.885) (0.933)
0.006 0.039 0.005 0.016 0.021
EPT
(0.004) (0.028) (0.004) (0.015) (0.014)
-0.536%** -2.328%* -0.458%** -0.893 -1.351%
T (0.150) (1.288) (0.132) (0.650) (0.695)
0.160%** -0.807** 0.197*** -0.489%** -0.292%*
P (0.054) (0.331) (0.061) (0.183) (0.176)
16.025%* 31.258 15.166%** 8.071 23.237
He (5.680) (43.618) (5.751) (23.066) (22.215)
-1 115 -5.834%* -0.944** -2.377* -3.320%**
™ (0.337) (2.482) (0.370) (1.382) (1.260)
0.670 1.430 0.696 0.260 0.956
ol (0.526) (2.709) (0.594) (1.579) (1.267)
0.079 0.499 0.063 0.210 0.273
e (0.048) (0.328) (0.050) (0.170) (0.172)
-1.077%%* N 330
rho
(0.283) AREA YES
0.009*** YEAR YES
sigma2 e
(0.001) R-squared 0.564

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported in parentheses.

and the economic benefits brought by innovation are obvious.
Therefore, technological innovation has a significant effect
on improving CP [62, 63]. For the central and western
regions, due to the weak local technical and economic
foundation, high cost, and long cycle of technological
innovation, the process of transforming into advanced
productive forces is extremely difficult, and the economic
benefit of growth brought by technological progress cannot
even make up for the initial capital investment. As a result,
the effect of STI on CP is not significant [64, 65].
According to the effect decomposition by partial
differential method, the direct and indirect effects of STI
on CP are still only positive in the eastern region. This
indicates that STI in the eastern region has a positive

effect on CP development in the local and neighboring
areas. The eastern region is the gathering center of science
and technology innovation in China, and the core STI
capability is strong. STI can produce a linkage with
CP development at the time and space level to achieve
the effect of spillover divergence. At the same time,
the eastern market economy is more developed, the flow
speed of technology in the market is faster, and the market
orientation is strong, which can play the role of market
mechanism to effectively spread high-tech. Compared
with the eastern region, the technological development
of the central and western regions is still not mature
enough, the quality of innovation needs to be improved,
and more powerful STI and technological progress are



Whether Scientific and Technological...

3651

Table 12. Regional heterogeneity analysis.

The ecast The middle The west
Variable
)] (2 3)
0.147%%%* 0.054 -0.031
Main STI
(0.035) (0.039) (0.095)
0.34]*%*%* 0.047 -0.308
Wx STI
(0.074) (0.150) (0.282)
0.122%%*%* 0.053 -0.003
Direct STI
(0.038) (0.036) (0.087)
0.246%** 0.024 -0.239
Indirect STI
(0.066) (0.123) (0.224)
0.367%** 0.078 -0.242
Total STI
(0.064) (0.140) (0.270)
-0.327%* -0.261 -0.375%*
rho
(0.138) (0.166) (0.167)
0.003*%%* 0.004%%*%* 0.011**%*
sigma2 e
(0.000) (0.001) (0.002)
Control variable YES YES YES
AREA YES YES YES
YEAR YES YES YES
N 121 110 99
R-squared 0.681 0.488 0.194

Notes: *** ** and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported in parentheses.

needed [66, 67]. Therefore, it is necessary to continue
to promote the “rise of the central region” work
and implement the “western development” strategy. These
measures promote regional coordinated development to
achieve the technological maturity of the eastern region,
which can be diffused to the central and western regions,
and further enhance the ability of independent innovation
in the central and western regions.

Threshold Effect Analysis
Threshold Effect Test

Relevant studies have found that STI has
the characteristics of low return in the early stage, long cycle,
high risk, etc., and its role often needs to reach a sufficient
level to play [68, 69]. The regional heterogeneity test also
confirmed that STI had a more significant positive effect
on CP in the eastern region, with a better STI foundation
and stronger financial support. Therefore, we speculate
that the effect of STI on CP may be related to its own level
of basic development and related research and development
funding support. Therefore, this study takes STI and RD

as threshold variables to discuss the nonlinear threshold
effect of STI on CP. First, STI and RD were taken as
threshold variables, respectively. The threshold effect test
was conducted by using the Bootstrap method for 300
samples. The test results are shown in Table 13 and Fig. 3.
It can be seen from the results of F-value and P-value that
STI and RD as threshold variables pass the single threshold
test at the level of 10%. Therefore, the influence of STI
on CP has a single threshold effect of STI and research
and development fund support. The threshold values are
12.029 and 2.618, respectively.

Regression Results and Analysis of Threshold Model

Table 14 shows the regression results of the threshold
model. According to Column (1), STI has a nonlinear positive
effect on CP. When the development level of STI crosses
the threshold value of 12.029, the regression coefficient
changes from 0.073 to 0.098, and the significance degree
changes from the confidence level of 10% to the confidence
level of 5%. This indicates that the promotion effect of STI
on CP is enhanced in areas with a high STI base. It can
be seen from Column (2) that when the R&D intensity is



3652

Shuxiang Li, Yinghui Ma

Table 14. Results of threshold effect existence test.

Explanatory variable Threshold variable Threshold type Threshold Residual F P
value square
STI Single threshold 12.029 5.001 27.15 0.070
STI
RD Single threshold 2.618 4910 33.60 0.065

LR Statistics
15 20 25

10
N

5

First Threshold

LR Statistics

First Threshold

Fig. 3. Single threshold effect diagram of STI (left) and single threshold effect diagram of RD (right).

less than the threshold value of 2.618, every 1% increase
in STI can increase CP by 0.072%; When the R&D intensity
is greater than the threshold value, every 1% increase
in STI can increase CP by 0.096%. This verifies that when
the level of R&D investment and financial support is high,
the positive utility of STI on CP will also be stronger.
The above findings further explain the differential utility
of STI to CP in different regions in the regional heterogeneity
analysis.

Conclusions
Research Conclusions

This paper measures the level of technological
innovation and CP in 30 provinces of China from 2011 to
2021 by introducing two measurement methods. The direct
effect, spatial spillover effect, and threshold effect of STI
on CP were also explored through a two-way fixed effect
model, spatial Durbin model, and single threshold effect
model. The study found that:

1. STI can not only promote the development of local CP,
but also has a positive spatial spillover effect, which
can drive the improvement of CP in surrounding areas.
This conclusion is still valid after the robustness test.

2. There are regional differences in the effect of STI on
CP. In the eastern region, STT has a significant positive
utility for CP in local and neighboring provinces; In
the central and western regions, these effects are not
obvious.

3. Under the premise that STI and RD are threshold
variables, there is a single threshold effect in the im-
pact of STI on CP. Specifically, when STI exceeds
the threshold value of 12.029, the influence coef-
ficient of STI on CP increases from 0.073 to 0.098;
When the R&D intensity exceeds the threshold value
of 2.618, the influence coefficient of STI on CP in-
creases from 0.072 to 0.096.

Policy Recommendations

Based on the above research results, we put
forward the following policy suggestions to promote
the improvement of CP and the development of a low-
carbon economy:

1. Encouraging and stimulating STI in various regions
through policy measures. STI is a strong driving force
for developing a low-carbon economy and accelerat-
ing the decoupling of economic growth from carbon
emissions. We can provide a good agglomeration en-
vironment and infrastructure for STI-type enterprises
through the construction of an innovation ecosystem
and the development of innovation parks, so as to pro-
mote the improvement of STI.

2. Strengthening STI R&D and cooperation among re-
gions. STI has a positive spatial spillover effect on
the development of CP, and the cooperation and link-
age among regions are key to maximizing the positive
impact of STI. Government departments can promote
technology sharing and cooperation among differ-
ent regions by establishing inter-regional technology
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Table 15. Threshold effect regression results.

Threshold variable
Explanatory variable @)) 2
STI RD
0.073* 0.072*
STI,
(0.036) (0.035)
0.098** 0.096%*
STI,
(0.036) (0.036)
Control variable YES YES
AREA YES YES
YEAR YES YES
N 330 330
R-squared 0.6248 0.6317

Notes: ***, ** and * denote significance at the 1%, 5%, and 10% levels, respectively. Standard errors are reported in parentheses.

transfer platforms. Encouraging knowledge sharing
and technology exchange can create a good mutually
beneficial environment for the development of the low-
carbon economy.

3. The paper will formulate targeted innovative develop-
ment strategies based on regional differences. The role
of STI varies significantly in different regions and at
different stages of development, and relevant policies
should be adjusted according to regional characteris-
tics, technological base, and funding level. On the one
hand, the policy can focus on expanding the existing
STI benefits, optimizing the STI transmission path,
and spreading the advanced technology to other regions.
On the other hand, it can focus on exploring a new
path for STI to promote the development of the low-
carbon economy and improve the development of more
advanced productivity with high-quality technology.
In the central and western regions, where the founda-
tion of technology development is weak and R&D
funds are in short supply, it is necessary to increase
financial support for local scientific research institu-
tions and R&D enterprises, provide subsidiary-type STI
financial policies, alleviate the problems of financing
difficulties, poor facilities and high risks in technology
R&D, and encourage innovative enterprises to increase
R&D investment to improve basic STI.

Research Limitations and Future Prospects

At present, there is still room for further expansion
of'this study. Firstly, studies rely mainly on past statistics,
which may fail to adequately capture the diversification
factors affecting STI and CP. Secondly, due to
the time and geographical scope limitations of the data,
the conclusions of this paper may not be applicable
to all countries or regions in the world. Finally, with

the development of advanced spatial econometric
methods, the spatial effects of STI on CP can be explored
more accurately.
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