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The digital economy is considered a driving force of green economic

development. However, only a few studies have examined the relationship

between the digital economy and green total factor productivity (GTFP).

According to the principal component method and super-efficient Slacks-

based measure model, the digital economy level and green total factor

productivity GTFP were measured for China’s provinces based on panel data

from2013 to 2019. The spatial econometricmodel was then used to analyze the

effects of the digital economy level on green total factor productivity GTFP.

Results showed that the overall level of green total factor productivity GTFP

maintained a steady growth trend, with an average yearly growth of 4.19%.

Significant regional differences reflecting the development characteristics of

eastern, central, and western regions were also observed. Most provinces

showed either high or low values of both green total factor productivity

GTFP and digital economic development thereby revealing spatial

heterogeneity for the different provinces and cities. The spatial Durbin

model showed that the digital economy had a significant direct effect

(0.1498) and spatial spillover effect (0.3438) on green total factor

productivity GTFP, the latter being greater than the former, with this

conclusion supported by the robustness test. Technological innovation

positively regulates the contribution of the region’s digital economy to green

total factor productivity GTFP and negatively regulates the spatial spillover of

the digital economy to green total factor productivity GTFP in neighboring

regions.
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1 Introduction

With the increasingly strict constraints on the ecological

environment, economic development needs to proceed in a green

and high-quality direction to reduce both resource and

environmental loss. The green total factor productivity

(GTFP) is the core indicator to measure the high-quality

development of the economy by considering the “undesired

output” problem of production activities. Taking economic

growth and environmental protection into account, and under

resource loss and environmental protection constraints,

improving green total factor productivity GTFP to encourage

the rational and efficient allocation of resources is necessary to

realize green development. In this context, the digital economy

provides a feasible path for dealing with environmental

conservation issues. The extensive integration of the real

economy and the digital economy has contributed

significantly to the new development pattern of “dual

circulation,” which will help Chinese enterprises transform

and upgrade to sustainable production methods, such as low-

carbon, symbiotic, and green methods. Thus, the environmental

benefits of the digital economy should also be considered. In its

19th National Congress, the Communist Part of China also

vehemently advocated for advancing the digital economy and

considered it a predominant approach to developing a green

economy. Hence, it makes sense to study how the digital

economy affects GTFP and discuss how the China’s GTFP is

progressing.

The GTFP integrates both economic benefits and the

protection of ecological resources. Compared with total factor

productivity (TFP), which accounts only for the input restraints

of labor and capital, GTFP also considers the restraints of the

environment and resources. In the measurement of GTFP,

Pittman (1983) firstly incorporated environmental pollution

into the economic model, and applied the data envelopment

analysis approach to investigate undesired output. Later,

researchers introduced the directional distance function and

the Malmquist–Luenberger index, which expanded the

method for the simultaneous estimation of multiple outputs

and inputs to better fit the constraints of the environment

and resources on the production process (Chung et al., 1997;

Oh, 2010). Aparicio et al. (2017) used Malmquist–Luenberger

index to evaluate GTFP from 1995 to 2007 and reported that

technological progress was increasing, while technological

efficiency declined rapidly, indicating the GTFP’s stagnation.

Chen and Golley (2014) calculated the changing pattern of

GTFP, and considered carbon dioxide emissions as the

undesired output. Research has also focused on how various

input factors affect GTFP, including economic factors (Zhou Y.

Y. et al., 2019), trade cooperation (Zhao P. J. et al., 2020; Xie and

Zhang, 2021), government regulations (Li and Wu, 2017), and

technological innovation (Wang M. L. et al., 2021), among

others. For instance, Li and Liao (2020) analyzed data of

40 countries obtained from 1991 to 2014, betwixt financial

advancement and GTFP, a reverse U-shaped relationship

exists. Cao and Wang (2017) reported that foreign trade could

promote an increase in GTFP through developing (R&D)

investment and improving labor levels. Zhou Y. et al. (2019)

proposed that China’s foreign direct investment enhances the

green economy in provinces. Wu et al. (2020) stated the mutual

effect of government and environmental decentralization

generates a “race to the bottom” effect, meanwhile, the

environmental dispersion on the effectiveness of regional

green growth has been gradually decreasing.

Few studies have directly and systematically evaluated the

overall impact of the digital economy on GTFP, with the majority

of them focused on the internet and information technology.

Researchers have highlighted that information technology can

improve labor productivity (Vu, 2013) and promote economic

growth (Madden and Savage, 2000), to which GTFP is positively

correlated. Niebel (2018) identified that ICT capital exerts a

positive effect on gross domestic product (GDP) growth using

various panel data regressions. Nguyen et al. (2020) proposed

that ICT and financial development are effective stimuli of

positive drivers of economic growth. Some researchers started

by reducing environmental pollution and expenditure of energy

(Gong et al., 2020). Moreover, according to Wu et al. (2021), the

internet indirectly affects regional GTFEE by promoting regional

innovation capabilities and by decreasing the degree of resource

misallocation. Vidas-Bubanja (2014) stated the potential of the

digital economy to enhance sustainability by making production

and life more energy efficient. Meanwhile, the feasibility of

sustainable development can be enhanced by the integration

of the green and digital economies, while technological

innovation can provide powerful solutions to climate change

and environmental challenges. However, the ICT industry is not

entirely ecologically friendly (Zhou X. et al., 2019). For example,

the communications industry is energy-intensive, and the

manufacturing, use, and disposal of related goods also

requires a significant amount of energy (Salahuddin and

Alam, 2015). Therefore, some researchers have proposed that

ICT has a non-linear relationship with GTFP. Li et al. (2020)

proposed that internet growth exerted a non-linear impact on

China’s GTFP, and when human capital levels consistently

exceeded a threshold, the influence shifted from weakly

negative to positive.

In summary, although the existing literature on both digital

economy- and GTFP-related content is extensive, only a few

studies discussed how the former affects GTFP by being a new

impetus for economic development (Han et al., 2022; Wang

J. et al., 2022; Yang et al., 2022). However, Han et al. (2022)

concentrated on how digital economy affects carbon reduction,

and overlooked economic growth. Whereas, Yang et al. (2022)

and Wang J. et al. (2022) did not consider geographical elements

in support of panel regressions and non-spatial panels.

Meanwhile, most prior studies considered the mechanisms of
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industrial transformation, human capital, and environmental

regulation (Gu et al., 2022; Liu et al., 2022; Lyu et al., 2022).

Technological innovation is the primary driver of economic

growth and the digital economy. Nevertheless, its moderating

impact on environmental effects of the digital economy has been

neglected in previous studies (Luo et al., 2022). Moreover, the

digital economy involves multiple fields and spans multiple

industry sectors, hence there is no unified quantitative

indicator that can be employed to assess it. Based on this, the

present study explored how the digital economy affects GTFP

from both theoretical and empirical perspectives. First, a

theoretical framework was constructed for the digital economy

and GTFP, and suggested corresponding theoretical assumptions

and established an index system. The digital economy was

evaluated using the principal component method. Quantitative

processing was then conducted to provide a basis for discussion

of: 1) the mechanism by which the digital economy affects GTFP;

2) the regulatory roles of technological innovation; 3) the

effective path for the digital economy to promote GTFP.

This study provides the following marginal contributions:

Firstly, the digital economy was evaluated from four dimensions:

digital innovation, digital industrialization, digital infrastructure

and industrial digitization; to provide a reference for digital

economy-related measurements. Secondly, the model

incorporated spatial elements to discuss the spatial effect of

the digital economy on GTFP. Finally, a consideration of how

technological innovation impacts the influencing mechanism of

the digital economy on GTFP is made. The rest of this paper is

organized as follows. In section 2, the theoretical mechanism and

assumptions are described, in section 3 the measurement system

and data used are presented, section 4 interprets the findings of

the empirical analysis model, and in section 5 conclusions and

recommendations are suggested.

2 Theoretical hypotheses

2.1 Linear effect of the digital economy on
GTFP

The essence of the digital economy is that data is the core

production factor and it promotes the innovation of production

means to propels the green economic transformation (Ma and Zhu,

2022). The digital economy influences GTFP through scale effect,

technology effect, and structural effect. As for the technology effect,

the digital economy is a type of technological innovation. Its high-

tech characteristics can promote the sharing of information

resources to overcome the original spatial constraints of the

industry, realize the precise connection of resources, and allow

information technology to penetrate industrial circulation,

improve overall production efficiency (Chen et al., 2019), and

reduce resource misallocation (Berrone et al., 2013). Regarding

scale effect, the expansion of emerging industries is driven by the

digital economy, which gives rise to more talent, technological, and

knowledge-based growth points in the emerging economy, realizes

the industrial aggregation of the emerging economy, and promotes

TFP improvement. In addition, in terms of structural effects, which

can encourage dynamic change and empower green development

with digital technology (Wang L. et al., 2021). The utilization of

high-tech artificial intelligence has enhanced production processes

by transforming and upgrading traditional industries as well as

setting new industries and formats to achieve high output with low

pollution and low input. Meanwhile, high-tech artificial intelligence

can help drive technological innovation and resource utilization

efficiency within the digital economy so it develops industry from

mid-to-high end (Wang J. et al., 2022), thereby improving theGTFP.

Thus, the following hypothesis was proposed:

Hypothesis 1: The digital economy has a positive effect

on GTFP.

2.2 The regulating effect of technological
innovation

Green development cannot be separated from the

harmonization of social, economic, and ecological dimensions,

which includes resource utilization and economic development,

and technological innovation has emerged as an indispensable

means of balancing ecological friendliness and economic

expansion. The digital economy encourages GTFP growth that

relies on technological innovation development (Hao et al.,

2022). Firstly, innovative information technology expands the

digital economy’s development opportunities and competitive

advantages, guarantees that green technology innovation is

carried out in the digital environment, eliminates the

technology gap limitation (Lu and Zhu, 2022), expedites the

conversion of digital technology achievements to economic

benefits, and encourages green economic development (Wang

X. et al., 2022). Secondly, technological innovation can support

the creation and use of products for the digital economy, advance

production, energy-saving, and environmental protection

technologies, and effectively optimize front-end production

and end pollution treatment technologies of businesses (Li

and Lin, 2017). It can also enhance production technology

and pollution management in the industry and promote the

entire industry to progress from primitive to technologically

advanced. The endogenous growth theory assumes that

increasing production efficiency requires technical

advancement and the growth of strategic emerging industries

and new energy (Liu and Dong, 2021). Technological

advancement reduces the reliance on natural resources for

urban development (Miao et al., 2017), enables enterprises to

develop a variety of clean energy sources (Chen, 2022), replaces

polluting energy sources, improves energy utilization, modifies

the structure of energy use, accelerates the transition of highly
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polluting and energy-consuming enterprises to green and low-

carbon operations, and subsequently reduces pollution.

Concurrently, there is a spillover of technological innovation,

which may have a suppressive impact on the GTFP of nearby

regions (Wang H. et al., 2021). It is likely that technological

advancements could have a “siphon effect” (Sun, 2022) that

attracts the migration of high-tech industries and enterprise

personnel from neighboring regions. This results in the

outflow of talent and resources from neighboring regions, and

thereby suppresses the development of GTFP in neighboring

regions. Additionally, environmental control standards rise in

tandem with the advancement of green technology. This results

in the relocation of companies that are highly polluting or with

outdated production capabilities to the periphery of the region

(Zhao H. et al., 2020). This creates a “polluters paradise” in

neighboring regions and impedes their GTFP growth and green

transformation. According to the above findings, the following

hypotheses were proposed:

Hypothesis 2: Technological innovation enhances the positive

impact of the digital economy on local GTFP.

Hypothesis 3: Technological innovation negatively regulates

the spatial spillover effect of the digital economy on neighboring

regions’ GTFP.

Based on the above research assumptions, Figure 1 displays

the theoretical mechanism model of our research.

3 Materials and methods

3.1 Construction of the indicator system

The digital economy is an extension of the concept of the

internet economy within the information economy. It is a new type

of business involving many subjects and is not restricted to any

specific industry. Industrial digitization, industrialization, digital

infrastructure and digital innovation were used to construct our

digital economy evaluation system (Table 1). Digital infrastructure

lays the basis for the digital economy, and the improvement of basic

facilities directly determines the level of hardware facilities in the

digital economy. Whereas, digital industrialization and industrial

digitization are the core of the development of the digital economy,

The primary driving force behind the digital economy is R&D

innovation, which guarantees economic long-term sustainability.

3.2 Research methods

3.2.1 Super-efficient slacks-based
measure (SBM)

The principle of the model is as follows:

min ρ �
1 + 1

m ∑m
i�1

S−i
xik

1 − 1
q1+q2 (∑

q1

r�1
S+r
yrk

+ ∑q2
t�1

Sb−t
btk

s.t.

∑
n

j�1,j ≠ k

xijλj − S−i ≤xik

∑
n

j�1,j ≠ k

yrjλj + S+r ≥yrk

∑
n

j�1,j ≠ k

btjλj − Sb−t ≤ btk

λ, S−, S+ ≥ 0
i � 1, 2,/, m; r � 1, 2,/, q1;
t � 1, 2,/, q2; j � 1, 2,/, n j ≠ k( )

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

where q1 and q2 are the numbers of desired and undesired output

indicators, respectively; m is the number of input indicators; ρ is
spatial autoregressive coefficient value; λ is the weight vector; and
S−i , S+r , and Sb−t are the slack variables for input, and desired and

undesired outputs, respectively. Particularly, when ρ = 1 and S−i ,
S+r , and Sb−t are all 0, the decision-making unit (DMU) is valid;

FIGURE 1
Theoretical mechanism model.

Frontiers in Environmental Science frontiersin.org04

Sun et al. 10.3389/fenvs.2022.1097944

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1097944


then when 0<ρ < 1, the current evaluation DMU is invalid; when

ρ > 1, the current evaluation DMU is efficient.

3.2.2 Spatial Durbin model
Spatial Durbin model measures the influence on the region

and adjacent regions, and has been commonly employed in

practice (Liu and Song, 2020; Wang H. et al., 2021; Wu et al.,

2021; Zhao and Wang, 2022), The equation is given below.

Y � ρWY +Xβ + θWX + ε

where β and θ are the parameters to be estimated; X and Y are

explanatory and explained variables respectively; then ρ is the spatial
autoregressive coefficient;W is the spatial 0–1weightmatrix selected

for this study, meaning that if two provinces are adjacent Wij = 1,

otherwise Wij = 0; and ε is a random disturbance term.

3.3 Variable setting

3.3.1 Explained variables
GTFP (GTFP):By employing the perpetual inventory method

(Hao et al., 2020), in this study the SBM model was used to

estimate the number of employees as labor input, and energy

input as total energy consumption. The constant GDP

represented the desired output. The three industrial

wastes—industrial wastewater chemical oxygen demand,

industrial waste gas SO2, and industrial waste

generation—represented undesired output.

3.3.2 Core explanatory variable
Digital economy (INDEX): Calculated using the principal

component method in accordance with the index system

constructed as explained in section 3.1.

3.3.3 Control variables
Economic development level (PGDP): Economic growth is

intimately related to environmental quality. Utilizing the per

capita gross regional product to evaluate PGDP (Zheng et al., 2022).

Financial development level (FINANCE): Financial

development can alleviate the financing constraints

encountered by enterprises while engaging in R&D

innovation, release the vitality of enterprises’ industrial

technological innovation, and provide capital power for the

improvement of GTFP. This indicator was measured using the

financial institutions’ loan-to-deposit ratio at the end of the year

(Huang et al., 2014).

TABLE 1 Digital economy indicator system.

Primary indicator Secondary indicator

Digital infrastructure Cable density

Mobile phone switching capacity

Number of pages

Number of internet broadband access ports

Mobile phone penetration

Digital industrialization Enterprise fixed asset investment in software, information transmission and information technology service industry/fixed asset
investment in the whole society

Total telecom business

Total postal service

Software business revenue

Industrial digitalization New product sales revenue of industrial enterprises above designated size

Proportion of companies with e-commerce activities

E-commerce transaction volume/added value of the tertiary industry

Digital finance

Industrial added value

Digital innovation Full-time equivalent of R&D in enterprises above designated size

R&D personnel of enterprises above designated size

Technology market turnover/GDP

Number of patent applications

Frontiers in Environmental Science frontiersin.org05

Sun et al. 10.3389/fenvs.2022.1097944

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1097944


Environmental regulation (ENV): High-quality development

cannot be achieved without the pushback effect of environmental

regulation on economy, which can control the entry and

expansion of high-polluting industries and enhance high-

quality development. This indicator was measured by the ratio

of government environmental protection expenditure to

financial expenditure (Guo, 2019).

Foreign investment (FDI): The introduction of foreign

capital results in management experience and technology

spillover through the “demonstration effect” and “diffusion

effect.” This can enhance industry productivity and drive

urban economic development. The resource environment

increases pressure and reduces the GTFP. This indicator was

determined using the percentage of foreign investment in the

GDP (Li et al., 2021).

Human capital (EDU): High-quality human capital is

conducive to innovative R&D, can foster greater innovation

development in the area, and is an essential driver for

transforming the economic model. This indicator was

measured by using the average years of education (Qiu et al.,

2021).

3.3.4 Adjustment variables
Technological innovation (TECH): Technology innovation is

essential to the economic transformation of China, promoting

the creation and application of green Frontier technologies, as

well as lowering manufacturing costs and increase industrial

added value. This indicator was measured by weighted patents

(Chen et al., 2022), more specifically, the number of weighted

patents = the number of inventions obtained in the year × 0.5 +

the number of utility models obtained in the year × 0.3 + the

number of designs obtained in the year × 0.2. The data were

collected from “the China Science and Technology Statistical

Yearbook.”

3.4 Data sources

The data used in this study were panel data of

30 provinces (excluding Tibet, Hong Kong, Macao, and

Taiwan). The data were collected from 2013 to 2019. The

linear imputation method was utilized to replenish the

missing data.

4 Results and discussion

4.1 Analysis of China’s GTFP

Overall, China’s GTFP value for the 2013–2019 period was

low (Figure 2), demonstrating that the economy was

extensively growing and there were certain deficiencies in

ecological protection and environmental governance.

Regarding evolutionary trends, China’s GTFP showed a

modest overall fluctuation from 2013 to 2019 while

maintaining an increasing trend. In 2019, the national

average GTFP reached a high point of 1.0487 and thus

achieved an effective level. The annual average growth rate

was 4.19%, indicating the country’s environmental policy was

maintained throughout this time.

In terms of sub-regions, the GTFPs in China’s eastern,

central, and western regions maintained a growth trend. The

eastern regions’ average GTFP value (1.0228) was highest,

followed by the western region (0.8297), and the central

region (0.8286), with notable differences within regions.

Moreover, the average annual GTFP value in the eastern

region of the country during the sample observation period

exceeded the national level. The reason is that eastern cities

consider ecological balance and economic growth. Meanwhile,

the central region’s GTFP was similar to that of the national level.

For the western region, the average GTFP was the lowest, and

lower than that of the national level. It is possible that the

lackluster economic growth, the lack of effective exploitation,

and low environmental protection awareness impeded the green

economy. That is, the regional economic gap is not only reflected

in the economic level but also economic quality.

4.2 Spatial correlation analysis

To avoid errors in the spatial econometric model, we assessed

whether the digital economy and GTFP were spatially

autocorrelated before conducting the econometric test. We

also examined the spatial dependence characteristics of the

different regions through the local spatial autocorrelation

index using the following formulas. W presents the spatial

weight matrix, which is identical to section 3.2.2. Xi and Xj

represent the digital economic GTFP values of region i and

region j, n is the regional sample size.

GlobalMoran′sI � n∑n
i�1∑n

j�1Wij Xi − �X( ) Xj − �X( )
∑n

i�1∑n
j�1Wij Xi − �X( )2

< ! − −Q10: Check that all equations and special characters are displayed correctly.

− −>

LocalMoran′sI � n Xi − �X( )∑n
j�1Wij Xj − �X( )

∑n
i�1 Xi − �X( )2

4.2.1 Global spatial autocorrelation analysis
The Moran’s index I) of GTFP and digital economy were

both greater than 0 in Table 2, and the statistical testing indicated

that GTFP and the digital economy had a substantial positive

spatial autocorrelation. Overall, both digital economy and GTFP

were affected by neighboring regions, showing an unstable state

that resulted in unbalanced regional development.
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4.2.2 Local Moran’s I
The local Moran’s I evidence the spatial aggregation features

of the regional provinces (Figures 3, 4). The spatial

agglomeration status of GTFP and the digital economy were

investigated using the local Moran’s I for 2015 and 2019. Two

obvious aggregation areas were evidenced: i) high-high and low-

low aggregation in the first and third quadrants respectively, ii)

provinces with high (low) values of the digital economy tended to

cluster with provinces which with high (low) values of GTFP.

This evidence demonstrates a significant positive spatial

correlation. Additionally, whether it was GTFP or the digital

economy, significantly more provinces appeared in the third

quadrant than in the first quadrant, indicating that GTFP and

digital economy development were still at a low level in most

provinces in 2015–2019. There was no obvious provincial

relocation in this period, indicating that some departments

did not achieve significant results in the implementation of

policy regulation. While actively responding to the national

call, each province and city should earnestly understand their

own development status, explore a reasonable and effective

development path, and strive to migrate to the first quadrant.

4.3 Analysis of spatial measurement
results

4.3.1 Model testing
As the spatial autocorrelation test showed that the digital

economy and GTFP were significantly correlated. Therefore, a

spatial econometric model was used to further test the

relationship. First, a model applicability test was conducted

according to the general ordinary least squares (OLS) model

to determine whether the model contained a spatial lag or a

spatial error term (Table 3). Lagrange Multiplier Test (LM)

showed that the LM spatial error value (114.318) was

significantly higher than the LM spatial lag value (78.856),

and the value of the robust (R)-LM spatial error (35.677) was

higher than that of the R-LM spatial lag (0.114). However, to

avoid residual errors due to autocorrelation on the model results,

further estimations were conducted using the spatial Durbin

model. Further model degradation, likelihood ratio (LR), and

Wald tests were significant, thus rejecting the null hypothesis.

Overall, model testing revealed that dual-fixed SDMwas themost

suitable model.

4.3.2 SDM analysis
The outcomes of the dual fixed effects estimation were

represented by Table 4 models 3) and 4), whereas models 1)

and 2) reflected the time and spatial fixed regression, respectively.

The results indicate the SDM autocorrelation coefficient rho was

significantly positive, revealing that GTFP had a positive spatial

spillover effect, accordant to the previous spatial correlation test

results. The direct and spatial lag coefficients of the spatial

FIGURE 2
Regional green total factor productivity levels based on the super-efficient SBM model.

TABLE 2 Global Moran’s I.

INDEX GTFP

Year Moran’s I p-value Moran’s I p-value

2013 0.155 0.039 0.119 0.084

2014 0.173 0.027 0.113 0.090

2015 0.190 0.018 0.131 0.067

2016 0.160 0.035 0.219 0.011

2017 0.146 0.046 0.276 0.003

2018 0.133 0.057 0.288 0.002

2019 0.141 0.049 0.279 0.002
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economy remained positive and significant, revealing that the

improvement of digital economy on GTFP in regions and

neighboring regions occurred, thus verifying Hypothesis 1.

4.3.3 Spatial effect decomposition
From a spatial perspective, the above model cannot fully

reflect how the digital economy affected GTFP in a region and

neighboring regions. Consequently, adopting the partial

differential method to calculate the spatial distribution of the

GTFP, based on LeSage and Pace (2009) This effect was

decomposed (Table 5).

The digital economy’s direct effect coefficient on GTFP was

0.1498, revealing that economic digital development shifted the

real economy from “extensive development” to “high

FIGURE 3
Moran’s I scatter plots of green total factor productivity in 2015 and 2019 for the 30 provinces.

FIGURE 4
Moran’s I scatter plots of index in 2015 and 2019 for the 30 provinces.

TABLE 3 Model testing.

Test Statistics p-value

LM spatial error 114.318*** 0.000

Robust LM spatial error 35.677*** 0.000

LM spatial lag 78.756** 0.000

Robust LM spatial lag 0.114 0.735

LR_Spatial_lag 49.95*** 0.000

LR_Spatial_error 59.58*** 0.000

Wald_Spatial_lag 62.69*** 0.000

Wald_Spatial_error 53.51*** 0.000
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TABLE 4 SDM regression results.

Variable Time-fixed effects Spatial-fixed effects Dual-fixed effects Dual-fixed effects

1) 2) 3) 4)

INDEX 0.1072** 0.0860* 0.0853* 0.1361**

(2.2511) (1.6553) (1.8625) (2.5699)

PGDP -1.3506*** -0.0403 -0.4720

(-4.6581) (-0.0711) (-0.8575)

PGDP2 1.3975*** -0.0683 0.1590

(5.0947) (-0.2232) (0.5352)

FDI 0.2707*** 0.2359*** 0.2272***

(3.7363) (3.9383) (3.9684)

ENV 1.0615 -1.7256** -1.4860**

(0.7714) (-2.2965) (-1.9825)

FINANCE -0.0217 -0.0103 -0.0247

(-1.0632) (-0.2762) (-0.6554)

EDU -0.2143** 0.5122*** 0.4431***

(-2.1335) (3.1878) (2.8064)

W*INDEX 0.0393 0.0794 0.1142* 0.2754**

(-0.4351) (0.7863) (1.8659) (2.4212)

W*PGDP 1.5778** -1.7884** -5.4310***

(2.2758) (-2.1355) (-4.8260)

W*PGDP2 -0.6894 1.3959*** 3.1958***

(-1.1159) (3.2091) (5.4632)

W*FDI -0.3301** 0.0512 -0.0053

(-2.2788) (0.5329) (-0.0545)

W*ENV 5.3081** 4.5994*** 6.4213***

(2.2956) (3.0052) (4.1892)

W*FINANCE 0.0584 0.0322 -0.1588**

(1.6178) (0.5854) (-2.1116)

W*EDU 0.7681*** 0.4037 0.1910

(3.5982) (1.4333) (0.6395)

Spatial rho 0.3354*** 0.3421*** 0.4743*** 0.1666*

(3.7652) (4.2050) (6.7526) (1.7991)

Constant 0.0299*** 0.0044*** 0.0059*** 0.0040***

(10.1129) (10.1251) (10.0322) (10.2123)

N 210 210 210 210

R-sq 0.469 0.056 0.232 0.109
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development.” The green transformation of quality development

indicates the advancement of enterprises’ operation mode.

Moreover, it indicates the traditional industry is gradually

shifting towards a high-output, low-pollution mode, which

reduces environmental pollution, and promotes GTFP.

Perspective on the spillover effect, coefficient value was 0.3438

(Table 5) which is more significant that of the promotion effect

on adjacent regions. Which evidences that the digital economy

has produced the demonstration effect for neighboring regions,

prompting imitation to improve production efficiency, accelerate

technology transfer and factor spillovers, and promote the

development of GTFP.

Regarding control variables, the PGDP spillover influence

was negatively significant, demonstrating that over-

exploitation and pursuit of economic growth, and will

result in ecological degradation and consequently raise the

environmental burden, hindering green development.

Meanwhile, the economic development squared coefficient

(PGDP2) was positive and had a U-shaped relationship (You

and Lv, 2018; Mughal et al., 2022; Sun, 2022), indicating that

China’s economic development accords with the EKC

hypothesis. The FINANCE indirect effect was negative,

hindering the GTFP. This can be attributed to the

unreasonable allocation of financial resources, with capital

elements flowing to other industries, resulting in limited funds

and obstructing the region’s green economy. However, the

direct effect is negligible had no impact on adjacent regions.

Environmental regulation’s (ENV) indirect effects on GTFP

revealed a significant promotion effect, displaying that

China’s recent investment in environmental protection and

regulation has yielded significant results, while environmental

regulation in the region also generates competition and

TABLE 5 Spatial effect decomposition.

Variable Direct effects Indirect effects

INDEX 0.1498*** 0.3438***

(2.7281) (2.8070)

PGDP -0.7132 -6.2828***

(-1.3447) (-5.4897)

PGDP2 0.3070 3.6726***

(1.1038) (6.1265)

FDI 0.2284*** 0.0348

(4.1469) (0.3161)

ENV -1.2183* 7.2520***

(-1.6818) (3.8431)

FINANCE -0.0300 -0.1889**

(-0.8029) (-2.2087)

EDU 0.4554*** 0.2966

(2.7986) (0.8858)

TABLE 6 Robustness test results.

Variable 1) 2) 3) 4)

INDEX 0.8019*** 0.7064*** 0.1337** 0.1202**

(3.16) (2.65) (2.52) (2.19)

W*INDEX 0.2788** 0.3036**

(2.45) (2.35)

Spatial rho 0.1620* 0.1641*

(1.73) (1.72)

Control NO YES YES YES

Year YES YES YES YES

City YES YES YES YES

Kleibergen-Paap rk LM statistic 11.11 5.265

[0.000] [0.002]

Kleibergen-Paap rk Wald F statistic 17.2 17.93

[16.38] [16.38]

N 210 210 210 210

R-sq 0.037 0.392 0.107 0.059
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imitation effects, propelling the green development of

neighboring regions. Nevertheless, a significant negative

direct effect was observed, likely due to excessive

environmental regulation causing a waste of labor and

material resources, which is counterproductive as it can

generate a “cost of compliance” effect and hinder GTFP.

The FDI had a favorable direct impact on GTFP, implying

that foreign investment significantly contributed to the GDP

growth of China. Moreover, foreign investment introduces

advanced environmental protection technology and

management experience, which drives green transformation

in enterprises and improves environmental quality. Human

capital (EDU) had a beneficial impact on GTFP, and higher

education level is equivalent to an increase in composite

talents, which promotes the transformation of green

achievements and provides talent assistance for the long-

term growth of the green economy.

4.3.4 Robustness test
In this study, the model’s robustness was examined using

endogenous discussion, Winsorize, and by adding control

variables.

1) Instrumental variables approach. Referring to Nunn and Qian

(2014), and Zhao T. et al. (2020), we introduced a panel

instrumental variable with a time-varying variable.

Specifically, the interaction was constructed between the

number of landlines in 1984 and the amount of Internet

users nationwide in the previous year to indicate the

instrument variables of the digital economy of that year.

Table 6 model 1) and 2) show that the Kleibergen Paap rk

LM statistic was significant, while the Kleibergen Paap rk

Wald F statistic was greater than the critical value at the 10%

level of Stock Yogo. This demonstrates that the instrumental

variable was reasonable and effective. Nevertheless, the digital

economy’s coefficient was also significant.

2) Winsorize. Considering the potential effects of outliers, in this

study a 1% bilateral tail reduction on the explained variables

was conducted. The result is displayed inmodel 3). The digital

economy coefficient remained positively significant, which is,

consistent with the findings in this study.

3) Increase control variables. To avoid the potential effects of

differences in economic development characteristics of

different regions on the empirical results, control variables

were increased, namely, government intervention (fiscal

expenditure as a proportion of GDP), marketization level

(Zhou and Li, 2021), and population density (total population

at the end of the year). Model 4) in Table 6 reveals that the

digital economy continued to be favorably significant on

GTFP, so the model conclusion is reliable.

4.3.5 Analysis of moderating effects
Results of the SDM regression with technological innovation

as adjustment variables (models 1) and 2) in Table 7) showed a

significantly positive interaction between technological

innovation and the digital economy which exerted a

considerable influence on regional GTFP. This verified

Hypothesis 2. Meanwhile, a significantly negative indirect

effect was observed, showing that technological innovation

TABLE 7 Spatial Durbin model regression for technological innovation.

Variable 1) 2)

INDEX 0.0712 0.1454**

(1.2386) (2.4819)

TECH -0.2417*** -0.2006***

(-4.1681) (-3.6786)

INDEX*TECH 0.0702*** 0.0458***

(3.8584) (2.6129)

W*INDEX 0.1921** 0.3885***

(2.0678) (3.1106)

W*TECH 0.2771*** 0.2580***

(3.0957) (2.6426)

W*INDEX*TECH -0.0900*** -0.0917***

(-3.0134) (-2.8052)

Spatial rho 0.5132*** 0.1650*

(7.4584) (1.7588)

_Cons 0.0052*** 0.0036***

(9.9491) (10.2140)

City No Yes

Year No Yes

Control No Yes

N 210 210

R-sq 0.145 0.013

TABLE 8 Spatial effect decomposition of technological innovation.

Variable Direct effects Indirect effects

INDEX 0.1644*** 0.4911***

(2.7592) (3.3470)

TECH -0.1926*** 0.2780**

(-3.6111) (2.5603)

INDEX*TECH 0.0429*** -0.1030***

(2.5899) (-2.8044)
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can impede a positive connection between the digital economy

and GTFP, and thereby verified Hypothesis 3. In addition, the

spatial autocorrelation coefficients of models 1) and 2) were

significantly positive, further supporting that GTFP had a spatial

spillover effect.

The spatial effects were decomposed and analyzed to further

explore themoderating impacts of technological innovation (Table 8).

Overall, the addition of the variables resulted in significant effects on

digital economy, consistent with our conclusions in previous sections.

The interaction between technological innovation and the digital

economy provided a substantial effect on GTFP with direct effect

coefficients on the GTFP of 0.0429. Thus, technological innovation

significantly improved the local economies. This implies that a higher

level of technological innovation can support green technology

advancement more effectively, leading to better improved

environmental pollution control and digital technology innovation,

actively achieving technological change and green transformation, and

driving the growth of regional GTFP. Nevertheless, a significant

negative spillover effect was observed. According to the “pollution

sanctuary” hypothesis, local environmental regulations drive high-

polluting industries to relocate to nearby areas, aggravating

environmental pollution there. Which lessens the benefits of

convergence, rendering innovation ineffective and impeding the

growth of GTFP in neighboring regions.

5 Conclusions and recommendations

Based on panel data from 2013 to 2019, digital economy and

GTFP were measured. The spatial econometric model was used

to analyze how the digital economy affects GTFP. The following

conclusions were drawn:

1) During the 2013–2019 observation period, China’s GTFP

maintained a continuous growth trend, indicating that

ecological protection policies have recently been

implemented. Significant regional differences in GTFP

were observed. The eastern region demonstrated the

highest GTFP with 1.0228, while the central region

revealed the smallest with 0.8286.

2) The spatial autocorrelation test showed that the country’s

GTFP was significantly spatially autocorrelated, manifesting

spatial agglomeration. The local autocorrelation test

evidenced the GTFP’s spatial heterogeneity in different

provinces, with provinces of high (or low) GTFP

agglomerating with each other. Further, the SDM showed

a positive spatial coefficient, indicating that China’s GTFP

had both spatial dependence and a positive spatial spillover

effect. The decomposition of spatial effects showed that the

digital economy promoted GTFP in each province driving the

growth of GTFP in neighboring provinces relying upon the

spatial spillover effect; moreover, its indirect effect (0.3438)

was greater than its direct effect (0.1498).

3) In terms of adjustment variables, the region’s technological

innovation positively promoted the relation between the

GTFP and the digital economy, negatively regulating the

surrounding region digital economy’s impact on GTFP.

According to the findings, this article proposed the

following three policy recommendations:

1) Vigorously develop the digital economy to support green

development. Actively guide the integration of traditional

industries with the digital economy to enhance economic

efficiency and develop industrial elements through the flow of

data and information. On the one hand, importance should be

attached to the digital information industry by promoting digital

industrialization, 5G, and artificial intelligence within existing

networks. While vigorously developing the internet platform

economy and improving cross-platform cooperation in the

digital economy industry for generating new industries and

new business models. On the other hand, within the traditional

economy, the integration of AI should be encouraged and low

pollution and high output should be strived for.

2) Strengthen environmental regulations and reduce

environmental pollution. As the research evidenced that

government intervention significantly promoted GTFP.

Consequently, the government should adjust and formulate

reasonable environmental regulation policies and increase the

investment in energy saving, zero pollution, and other clean

energy and green innovation technologies. Simultaneously,

regional environmental regulation should be incorporated

into the official performance appraisal system, and the

supervision and punishment for environmental violations

should be strengthened. Enterprises should also strictly abide

by national pollution discharge indicators, implement energy

conservation, apply new industrial development patterns, and

improve the previous resource-dependent model and the

efficiency of pollution control devices.

3) Optimize the industrial structure and accelerate green

transformation. Steadily advancing the development of

primary and secondary industries, while centering around

the growth of high-tech industries. Moreover, the

opportunities from digital globalization should be pursued.

Traditional industries should be conducted through the

penetration and diffusion of information technology.

Improving and enhancing the quality and efficiency of

products in the entire industry, reducing unnecessary

waste of resources, and enhancing the green

transformation of the industrial structure through

information resource sharing are equally important.

4) Strengthen regional linkages and improve GTFP. As GTFP

has an obvious spatial spillover effect, it is imperative to break

down regional barriers, strengthen exchanges and

cooperation between regions, promote an exchange of

green technology and information elements between

regions, and form a regional linkage of resource exchange.

This will promote green technology and knowledge spillover,
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comprehensively improve GTFP, and achieve common

progress.

Limitations of this paper: 1) The sample data was only from a

7 years period, and detailed information was difficult to obtain

due to a lack of data availability. 2) This study lacked did not

investigate whether the digital economy and GTFP have a non-

linear relationship (Pan et al., 2022), moreover, there may be

other potential mediating channels for the mechanism of the

digital economy on GTFP, such as energy structure, industrial

transformation that were not revealed here. The aforementioned

points represent the current study’s limitations and should be

taken into account going forward.
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