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Impact of green finance on carbon intensityempirical research 1 

based on dynamic spatial Durbin model 2 

Qiutong Guo1 ∙ Hao Zhang2 ∙ Qingsong Wang2 ∙ Yong Dong2  3 

Abstract 4 

Green finance is of great significance in improving the ecological environment and 5 

achieving the purpose of energy conservation and emission reduction. In order to 6 

explore the influence of green finance on carbon intensity, four indicators of green 7 

credit, green securities, green insurance and green investment are adopted to construct 8 

the green finance development index in this paper. Based on the panel data of 30 9 

provinces in China from 2009 to 2019, a dynamic spatial Durbin model is constructed 10 

and the method of partial differential matrix is selected to analyze the influence of green 11 

finance on carbon intensity in the short and long terms. The empirical results show that 12 

(1) the development of green finance in local area has positive effect on the reduction 13 

of carbon intensity. (2) with the significant spatial spillover effect on carbon intensity, 14 

green finance can reduce the carbon intensity of the adjacent area and promote the 15 

development of low-carbon economy. (3) dynamic test results prove that in terms of 16 

direct effect and spatial spillover effect, green finance has a greater long-term effect on 17 

carbon intensity. 18 

Keywords Carbon intensity · Green finance · Spatial spillover effect ∙ Dynamic spatial 19 

Durbin model 20 

Introduction  21 

Human survival has been seriously threatened by global warming caused by 22 

excessive CO2 emissions (Duan et al. 2018; Yang et al. 2020; Bamanga et al. 2021). 23 
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China, as the world's largest CO2 producer, has been actively promoting the 24 

development of low-carbon economic to reduce carbon emission (Zhang 2020). China 25 

has proposed to reach the CO2 emission peak by 2030, and achieve the carbon neutrality 26 

by 2060, indicating that the ecological civilization construction of China will focus on 27 

carbon reduction to promote a comprehensive green transformation on economic and 28 

social development (Yang 2016; Tang 2021). 29 

As a policy framework system for environmental protection, green finance 30 

provides investment, financing, operating capital and other financial services for 31 

environmental protection projects (Wang et al. 2016). As a result, green finance has 32 

positive influence on the reduction of carbon intensity to achieve carbon peak and 33 

carbon neutrality (Ji et al. 2019). The green finance market has developed rapidly by 34 

2016, and China has the largest green credit balance of 11.95 billion yuan in the world 35 

by the end of 2020 (Ma et al. 2021). In recent years, green funds, green insurance, green 36 

trust and other new products and services have improved the green financial system. 37 

Green finance has the advantages of providing policy and financial support for low-38 

carbon industries and promoting the transformation of traditional industries with high 39 

pollution and energy consumption, thus it is conducive to promoting the development 40 

of low-carbon economy and achieving "emission peak" and "carbon neutrality" as soon 41 

as possible.  42 

Literature 43 

(1) Green finance can be measured from different aspects. Jeuchen (2010) 44 

constructed green finance index system by conducting a questionnaire with typical 45 

financial institutions to assess the level of green finance development in the region. 46 

Green credit, green securities, green insurance, and green investment were served as 47 

standard layers by Ren (2020), then an indicator layer was set under each standard layer 48 

to construct the green financial development indicators. Zhou (2020) selected four 49 

indicators of green credit, green security, green investment, and carbon finance to 50 

measure the level of green finance development in each region of China with the 51 

method of principal component analysis. Based on PSR (Pressure-state-Response) 52 



model, Zhang (2019) transformed green finance into three subsystems, and evaluated 53 

the development level of green finance through entropy weight method. Campelo (2013) 54 

adopted the amount of green credit issuance to measure the development level of green 55 

finance in different countries. However, Reboredo (2018) believed that the issuance of 56 

green bonds could better reflect the development level of green finance. For enterprises, 57 

Li (2020) believed that debt financing and equity financing are the main forms of green 58 

financial resources. Aizawa (2010) adopted the proportion of commercial banks joining 59 

the Equator principles to measure the green finance development level of a country.  60 

(2) Many experts believe that the development of green finance has a significant 61 

inhibitory effect on carbon emission. Wang et al. (2018) suggested that two energy 62 

projects funded by green finance (green bonds) in China were expected to reduce 12.6 63 

million tons of CO2 per year. Green financial funds investing in soil protection, green 64 

transportation, clean energy, energy conservation, low-carbon utilities and other fields 65 

would gradually reduce the environmental burden. The relationship between the 66 

development level of green finance and carbon intensity was analyzed by Ren (2020) 67 

with the method of vector error correction model based on the data from 2000 to 2018. 68 

Results showed that the improvement of the green finance development index and the 69 

increase in non-fossil energy utilization contributed to the reduction of carbon emission 70 

intensity. Gianfrate and Peri (2019) believed that the issuance of green bonds by 71 

governments was important to mobilize financial resources for the achievement of 72 

carbon reduction targets. Glomsrød and Wei (2018) pointed out that 47,000 tons of CO2 73 

emissions could be avoided and the proportion of non-fossil energy generation would 74 

increase from 42% to 46% by 2030 if green bonds could grow smoothly.  75 

However, Muhammad (2021) found that the relationship between green finance 76 

and CO2 emissions varied depending on the different quantiles of the two variables 77 

when surveyed the top ten economies that support green finance. Liu and Song (2020) 78 

studied the relationship between financial development and carbon emissions by spatial 79 

Durbin model and found that financial development significantly increased local carbon 80 

emission, but reduced emission in adjacent areas. In general, carbon emission were 81 

limited by financial development. Fang (2020) established a lag-error correction model 82 



(ARDL-ECM) to measure the dynamic relationship among financial scale, securities 83 

size, urbanization, economic development, trade openness and China's carbon intensity. 84 

Research results reflected that the current growth of financial scale stimulated the 85 

development of China's economy and increased carbon emission at the same time. In 86 

summary, although numerous researches on the relationship between green finance and 87 

carbon emission reduction were conducted, there was still no unified definition and 88 

measurement standard on green finance. In addition, the economic development level 89 

of different regions was ignored when carbon emission was considered as research 90 

objective. Moreover, the time and space impact of green finance on carbon intensity 91 

was unclear. 92 

Therefore, in this paper, green finance development at regional level is researched. 93 

Based on four dimensions and six indicators of green credit, green securities, green 94 

insurance and green investment, data from 30 provinces in China are selected to 95 

construct a comprehensive evaluation system of green finance. The concept of carbon 96 

intensity is adopted to represent the carbon emission per unit of GDP. In addition, with 97 

the time lag and spatial lag characteristics of carbon emission, the dynamic spatial 98 

Dubin model is adopted to measure the impact of green finance development on carbon 99 

intensity of local and adjacent areas from both short-term and long-term perspectives. 100 

Variable description and data source 101 

Carbon intensity 102 

Defined as the amount of CO2 emitted per 10,000 yuan of GDP, carbon intensity 103 

can be used to measure productivity efficiency (Miao et al. 2019). With lower carbon 104 

intensities, industry has higher productivity efficiencies, indicating that the industry has 105 

entered a mode of low-carbon economic development.  106 

Carbon intensity is defined as follows: 107 
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where 
2 ,CO it

Ci is the carbon intensity of province i in year t; 
2 ,CO it

m is the CO2 emission 108 



of province i in year t; 
itGDP is the GDP of province i in year t. 109 

In this paper, carbon emission is estimated based on the method of carbon emission 110 

coefficient provided by IPCC. Coal, coke, crude oil, gasoline, kerosene, diesel, fuel oil 111 

and natural gas are selected as terminal energy from China's Energy Statistics Yearbook. 112 

In addition, the carbon emission of each province from 2009 to 2019 is obtained by 113 

energy consumption and corresponding CO2 emission coefficient of each energy. The 114 

unit of CO2 emission is 10000 tons and the formula is as follows: 115 
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where j represents the energy type; i represents different provinces in China; Eji 116 

represents the j energy consumption of i province; δj is the CO2 coefficient of j energy; 117 

NCVj is the average calorific value of j energy; CFj is carbon content per unit calorific 118 

value of j energy; COFj represents the carbon oxidizing factor, is defined as the 119 

molecular weight ratio of CO2 and C. 120 

Green Finance 121 

Table 1 Measurement indicators of the green finance development level 122 

Assessment 
element 

 

Assessment 
content 

 

 

Evaluating indictor 
 

Index 
direction 

Green 
Finance 

Green Credita 
Percentage of interest expenses in high 
energy-consuming industries 

- 

Green Securitiesb 
Percentage of market capitalization of 
environmental companies 

+ 

Green Insurancec 

Share of agricultural insurancrevenue in total 
agricultural output + 

Agricultural insurance payout ratio 

Green Investmentd 

Investment in environmental pollution control 
as a percentage of GDP 

+ 
Percentageof financial environmental 
protection expenditure 

Data resource: 123 

a: China Industrial Statistical Yearbook b: Wind database 

c: China Insurance Yearbook d: China Statistics Yearbook and Wind database 



The entropy weighting method is adopted to select 6 indicators in 4 dimensions of 124 

green credit, green securities, green insurance and green investment for the construction 125 

of a comprehensive green finance evaluation system in this paper. 126 

Control variables 127 

(1) Regional economic development level (Redl). The demand of people for 128 

environmental quality and the awareness of environmental protection will increase with 129 

the improvement of living standards, resulting in a reduction of local carbon intensity 130 

(Luo et al. 2017). In this paper, per capita GDP is selected for the measurement of the 131 

regional economic development level. 132 

(2) Urbanization level (Url). As urbanization rates increase, natural gas is 133 

gradually replacing coal as the main energy consumed, and thus reducing carbon 134 

intensity. In this paper, the ratio of urban population to total population is adopted to 135 

measure the urbanization level (Wei et al. 2007). 136 

(3) Foreign direct investment (Fdi). Omri (2014) believed that the inflow of 137 

foreign capital would stimulate the expansion of domestic economy and increase carbon 138 

emission. Letchumanan (2000) believed that the inflow of foreign capital accompanied 139 

by advanced environmental technology and strict environmental standards was 140 

conducive to improving the environmental status of the host country. In this paper, the 141 

proportion of foreign direct investment in GDP of each province is selected to measure 142 

the level of foreign direct investment. 143 

(4) Industrial structure (Ins). Industrial structure can reflect the level of economic 144 

development and energy consumption. In China, coal is the main source of energy 145 

consumption for the manufacturing industry and has great impact on carbon intensity 146 

(Lee et al. 2012). The development of the tertiary industry with lowest coal 147 

consumption can reduce carbon intensity effectively. In this paper, the industrial 148 

structure is characterized by the ratio of tertiary industry value added to GDP. 149 

(5) Technology level (Tel). Technology can be divided into environmental 150 

treatment technology and production technology. The improvement of environmental 151 

treatment technology can effectively reduce carbon emission, while the expansion of 152 



production scale caused by the enhancement of production technology will lead to the 153 

increase of carbon emission (Long et al. 2018). In this paper, the number of patent 154 

applications per 10,000 people in each province is selected to measure technology level. 155 

(6) Environmental regulation (Enr). Carbon emission can be controlled by 156 

governments through serious measurements, such as raising emission standards, 157 

increasing fines and strengthening regulations. Sinn (2008) proposed the concept of 158 

"green paradox" in 2008, arguing that policies to limit climate change would accelerate 159 

the fossil resource development and increase carbon emission. He concluded that before 160 

the implementation of environmental regulations, the demand for oil would increase 161 

and lead to an rise in current carbon emission level. In this paper, the inverse of the 162 

combined index of wastewater, SO2, and soot pollutants is adopted to indicate the 163 

environmental regulation. 164 

Data source 165 

Data of 30 provinces in China from 2009 to 2019 are selected as sample data 166 

(excluding data of Tibet). Data of carbon emission and control variables are referred to 167 

China Energy Statistical Yearbook and China Statistical Yearbook, respectively. The 168 

data sources of green finance are shown in Table 1. Table 2 presents the descriptive 169 

statistics on the variables. 170 

Table 2 Descriptive statistics on the variables 171 

Variable Obs Mean S.D. Min Max 

Carbon intensity 330 2.46 1.75 0.32 8.49 

Green finance 330 0.18 0.10 0.06 0.79 

Economic development level 330 5.02 2.64 0.90 16.40 

Urbanization rate 330 0.56 12.74 0.30 0.90 

Foreign investment 330 0.02 0.017 0 0.08 

Industrial structure 330 0.41 0.15 0.01 0.72 

Techinque level 330 9.30 11.38 0.47 61.16 

Environmental regulation 330 0.53 0.53 0 2.59 



 

Fig. 1 Variation of carbon intensity and green finance index from 2009 to 2019 in China 

Fig. 1 illustrates that the green finance index of China increases linearly from 2009 172 

to 2019, while carbon intensity decreases gradually. 173 

Fig.2 shows the changes of carbon intensity and green finance index by region 174 

from 2009 to 2019 in China. As shown in Fig. 2(a), the carbon intensity in northern 175 

China is significantly higher than that in southern China, and two regions with high 176 

carbon intensity are formed in northwest and northeast China. By 2019, the overall 177 

carbon intensity in China has dropped significantly, the only provinces with carbon 178 

intensity exceeding 2.71 are Inner Mongolia, Ningxia, Xinjiang, Shanxi and Liaoning. 179 

It can be seen from Fig. 2(b) that the green finance develops rapidly in China, and the 180 

eastern and southern China have a higher level. In 2009, the green finance development 181 

index of most provinces is 0.057~0.102, while in 2019, this value reaches 0.142~0.793. 182 

 

Fig. 2(a) Changes of carbon intensity in regions from 2009 to 2019 



 

Fig. 2(b) Changes of green finance index in regions from 2009 to 2019 

Model building  183 

Construction and selection of spatial weight matrix 184 

Geographical distance spatial weight matrix, economic spatial weight matrix and 185 

the adjacency spatial weight matrix are widely used in current spatial econometric 186 

models. In this paper, the adjacency spatial weight matrix is selected for regression 187 

analysis, and the geospatial weight matrix is selected to test model robustness because 188 

the spatial spillover effects of green finance have significant influence on adjacent 189 

provinces. In the construction of the adjacent spatial weight matrix, when province i 190 

and province j are adjacent, Wi,j is 1; otherwise Wi,j is 0. In the construction of the 191 

geospatial distance weight matrix, the linear distance of the provincial capital is selected 192 

as the distance between the two provinces, and the inverse square of the distance is used 193 

as the matrix weight. ,

d

i j
W is defined as the element of the geospatial weight matrix, and 194 

, ,1/d

i j i jW d , where d i,j is the linear distance between the provincial capital i and j. In 195 

this paper, the adjacency spatial weight matrix and the geospatial distance weight matrix 196 

are normalized. 197 

Selection of spatial measurement model 198 

Spatial autocorrelation test 199 

Before the construction of patial econometric model, the global Moran's index 200 



Moran's I and the local Moran's index Moran's Ii are used to test the spatial 201 

autocorrelation of carbon intensity and green finance. The formulas are as follows:  202 
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    is the sample variance; yi and yj represent the indicator 203 

values of provinces i and j, respectively; n is the total number of provinces, and Wij is 204 

the standardized spatial weight matrix. 205 

Table 3 The value of Moran'I in carbon intensity and green finance from 2009 to 2019 206 

Time 
Carbon intensity 

Moran's I 
Z value Time 

Green finance 
Moran's I 

Z value 

2009 0.426*** 3.728 2009 0.256*** 2.446 

2010 0.428*** 3.748 2010 0.297*** 2.776 

2011 0.417*** 3.681 2011 0.326*** 3.006 

2012 0.427*** 3.757 2012 0.310*** 2.877 

2013 0.416*** 3.675 2013 0.294*** 2.747 

2014 0.428*** 3.778 2014 0.294*** 2.769 

2015 0.389*** 3.454 2015 0.303*** 2.835 

2016 0.409*** 3.607 2016 0.289*** 2.741 

2017 0.429*** 3.775 2017 0.274*** 2.629 

2018 0.437*** 3.844 2018 0.326*** 3.036 

2019 0.456*** 3.988 2019 0.336*** 3.115 

Note: Z values are shown in parentheses, where *** indicates significance at the 1% level. 207 

The value range of Moran's I is [-1, 1]. If I > 0, it means that the carbon intensity 208 

of adjacent areas has a positive correlation, and the correlation increases with the value 209 

of I; if I < 0, it indicates that the carbon intensity of adjacent areas has a negative 210 

correlation, and the correlation decreases with the value of I; if I = 0, it indicates that 211 

there is little correlation between the carbon emission intensities in adjacent areas. In 212 

this paper, Moran's I indexes for green finance and carbon intensity from 2009~2019 is 213 

calculated based on the above formulas. Table 3 shows that the Moran's I indexes of 214 

both green finance and carbon intensity from 2009~2019 are significantly positive at 1% 215 

level, indicating the positive correlation in space. Therefore, the spatial effect should be 216 



considered in the construction of the correlation model between green finance and 217 

carbon intensity.  218 

Fig. 3 shows the scatter plots of local Moran index for carbon intensity in 2009, 219 

2013, 2016 and 2019. In the first quadrant, both local and adjacent provinces have high 220 

carbon intensities. In the second quadrant, the carbon emission intensity of local area is 221 

low, while that of adjacent provinces is high. In the third quadrant, both local and 222 

adjacent provinces have low carbon emission intensities. In the fourth quadrant, the 223 

carbon intensity of local area is high, while that of adjacent provinces is low. Fig. 3 224 

illustrates that most provinces exist in the first and third quadrants, proving that carbon 225 

intensity has positive spatial correlation. Most of the provinces in the first quadrant are 226 

in northern China, such as Hebei, Shanxi and other heavily polluted provinces. Shanxi 227 

province, for example, has high carbon emission with rich coal resources and advanced 228 

heavy industries. Shanxi, together with Hebei, Shaanxi, Henan and Inner Mongolia, 229 

forms a high carbon intensity region. Heilongjiang, Jilin and Liaoning are the old 230 

industrial bases in northeast China, and have high carbon intensity due to advanced 231 

secondary industries. Most of the economic interactions between adjacent regions are 232 

resource compensation and transportation, resulting in a high carbon emission intensity 233 

of local and adjacent regions. In contrast, economically developed regions in China 234 

such as Guangdong, Tianjin, Shanghai and Jiangsu are in the third quadrant, and the 235 

economic development of these cities mainly relies on the tertiary industry, which has 236 

a low carbon intensity and generates a strong radiation effect on adjacent provinces. 237 

 

(a) 2009 



 

(b) 2013 

 

(c) 2016 

 

(d) 2019 

Fig.3 Scatter plots of local Moran index for carbon intensity 238 

Selection of spatial measurement model 239 

In order to correctly estimate the relationship between green finance and carbon 240 

intensity, suitable spatial panel model needs to be selected for analysis. Based on three 241 

spatial models of spatial error model (SEM), spatial lag model (SLM) and spatial 242 



Durbin model (SDM) proposed by Elhorst (2013) and Lee (2010), three steps are 243 

needed to select the most appropriate spatial panel model. 244 

(1) LM test and robust LM test are used to judge whether SLM model or SEM 245 

model is selected. If both are suitable, SDM model is introduced (Elhorst, 2013). (2) 246 

Judging whether the SDM model can be simplified to SLM and SEM by LR test. (3) 247 

The hausman test is used to determine whether to choose the random effect model or 248 

the fixed effect model. The test results are shown in Table 4. 249 

Table 4 Spatial panel model test 250 

LM test Statistical value p value LR test Statistical value p value 

LM-Lag 126.818 0.0000 
LR-SDM-SAR 23.16 0.0016 

Robust LM-lag 14.4920 0.0000 

LM-error 256.573 0.0000 
LR-SDM-SEM 46.40 0.0000 

Robust LM-error 144.248 0.0000 

Hausman 30.62 0.0000 

The LM test results show that LM-Lag, Robust LM-Lag, LM-Error and Robust 251 

LM-Error all pass the significance test and reject the original hypothesis. As a result, 252 

the SDM model is adopted in this paper. In addition, according to the LR test results, 253 

the statistics of LR-SDM-SAR (23.16), LR-SDM-SEM (46.4) both pass the 254 

significance test and reject the original hypothesis. Therefore, the spatial Durbin model 255 

cannot degenerate into the spatial lag model and spatial error model. The Hausman test 256 

is used for choose whether the fixed effects or random effects are adopted, and results 257 

reject the original hypothesis. Therefore, the spatial Durbin model under double fixed 258 

effects is selected in this paper. A dynamic spatial Durbin model is constructed to further 259 

optimize the static spatial Durbin model due to the dynamic property of carbon intensity 260 

to solve the endogeneity problem and reduce the bias of the spatial autoregressive 261 

coefficients.  262 

The following spatial dynamic Durbin model is constructed based on the above 263 

variables. 264 

1 1 1 2 1 2t t t t t t t t itCi Ci WCi WCi Gf WGf X WX A B                    (5) 

where Cit-1 is the time lagged term of carbon intensity; WCit-1 is the time and spatial 265 

lagged term of carbon intensity; WCit is the spatial lagged term of carbon intensity; ρ is 266 



the spatial autoregressive coefficient; Gf is the level of green finance; Xt is the control 267 

variable; vt represents the time effect; A= (1 1) 'L , B=
1( ) '

N
w w
 

L  represent the area effects，268 

εit represents the random disturbance term.  269 

Empirical analysis 270 

To eliminate the influence of dimension, all regression data is processed 271 

logarithmically. In this paper, The regression results of dynamic spatial Dubin model 272 

(DSDM) are analyzed . For comparison, the regression results of the panel fixed effect 273 

model (FE) and the static spatial Durbin model (SSDM) are also listed as a reference in 274 

Table 5.  275 

Table 5 Regression results 276 

 FE SSDM DSDM 

L.lnCi    0.228** (2.36) 

L.WlnCi   0.212*(1.78) 

lnGf -0.275***(-4.76) -0.237***(-4.01) -0.396***(-13.69) 

lnRedl -0.317*(-1.80) -0.334***(-3.06) -0.226**(-3.18) 

lnUrl -1.204**(-2.05) -0.582(-1.38) -0.615(-1.55) 

lnFdi 0.00107(0.04) -0.00541(-0.22) -0.0236(-2.40) 

lnIns -0.101(-0.79) -0.105(-0.90) -0.280***(-2.72) 

lnTel 0.00562(0.06) 0.0805(-0.28) 0.0643(1.18) 

lnEnr 0.000792(-0.07) -0.00242(0.96) 0.00439(0.63) 

  
 0.0119(0.15) 0.101* 

Log-likelihood  126.9816 127.1503 

R2 0.521 0.210 0.5741 

Note: Z values are shown in parentheses, where *, **, and *** indicate significance at the 10%, 5%, 277 

and 1% levels, respectively. 278 

The regression results present the spatial autoregressive coefficient ρ is 0.101, 279 

which is significant at the 10% level. This suggests that the increase of local carbon 280 

intensity can lead to an increase in carbon intensity of adjacent areas. In addition, with 281 

the characters of time lag and spatial lag, local carbon intensity is influenced by that of 282 

the local and adjacent regions in the previous period. As a result, carbon intensity has a 283 



certain "cumulative" effect. The regression results also show that the estimated 284 

coefficient for the impact of green finance on carbon intensity is -0.396, which is 285 

significant at the 1% level, indicating that the development of green finance can reduce 286 

carbon intensity. The results of spatial spillover effect are crucial to the spatial Durbin 287 

model. Therefore, the spatial spillover effect is analyzed and divided into long-term 288 

effect and short-term effect in this paper. 289 

According to Elhorst (2014), the basic form of the dynamic space Durbin space 290 

model is： 291 

1 1 1 2t t t t t t t t tY Y WY WY X WX Z K A B                 (6) 

The above equation can be translated into the following form： 292 

1 1

1 1 2
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t t t t

t t
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 (7) 

According to the method of Elhorst (2014), the direct effect and spatial spillover 293 

effect of X on Y can be solved by partial differential matrix operations. Compared with 294 

the static spatial Durbin model, which has only long-term effect, the dynamic spatial 295 

Durbin model has both short-term and long-term effects. As a result, at a particular time 296 

t, the matrix of partial derivatives of the expected value Y corresponding to the values 297 

of X from spatial units 1 to N can be written as:  298 
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where the average value of diagonal elements is short-term direct effect, while the 299 

average value of row sum or column sum of non-diagonal elements is short-term spatial 300 

spillover effect, representing the influence of X in a specific spatial unit on Y in other 301 

spatial units (Lesage 2009). 302 

Similarly, the long-term effect can be expressed as follows, where the partial 303 

derivative refers to the influence of X in a specific spatial unit on Y in other spatial units 304 

in the long term. 305 
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Table 6 Direct and spatial spillover effects of green finance on carbon intensity 306 

 Short-term effects Long-term effects 

 
Direct 
effect 

Spatial spillover 
effect 

Total 

effect 

Direct 
effect 

Spatial 
spillover 

effect 

Total 

effect 

lnGf 
-0.388** 

(-14.12) 
-0.228* 

(-1.68) 

-0.616*** 

(-4.66) 

-0.526*** 

(-15.77) 
-0.504** 

(-2.35) 
-1.030*** 

(-4.68) 

lnRedl 
-0.221*** 

(-3.32) 

-0.162 

(1.29) 
-0.384*** 

(-2.67) 

-0.302*** 

(-3.47) 
-0.337* 

(-1.69) 
-0.639*** 

(-2.73) 

lnUrl 
-0.607 

(-1.50) 
-0.159 

(-0.21) 
-0.766 

(-1.10) 

-0.805 

(-1.60) 
-0.470 

(-0.41) 
-1.275 

(-1.09) 

lnFdi 
-0.0236** 

(-2.36) 
0.0214 

(0.81) 
-0.00224 

(-0.08) 

-0.0291** 

(-2.20) 
0.0249 

(0.58) 
-0.0043 

(-0.09) 

lnIns 
-0.276*** 

(-2.62) 
0.111 

(0.91) 
-0.165 

(-0.89) 

-0.351** 

(-2.49) 
0.0792 

(0.38) 
-0.272 

(-0.89) 

lnTel 
0.0625 

(1.16) 
0.108 

(0.92) 
0.170 

(1.35) 
0.0904 

(1.29) 
0.195 

(1.03) 
0.285 

(1.35) 

lnEnr 
0.00321 

(0.52) 
0.0176 

(0.36) 
0.0208 

(0.39) 
0.00545 

(0.5) 
0.0277 

(0.35) 
0.0331 

(0.37) 
Note: Z values are shown in parentheses, where *, **, and *** indicate significance at the 10%, 5%, 307 

and 1% levels, respectively. 308 

According to the above theory of partial differential matrix operation, the direct 309 

effect and spatial spillover effect of green finance on carbon intensity in the short and 310 

long term can be calculated, and the results are provided in Table 6. It can be seen from 311 

Table 6 that: 312 

(1) The decomposition results show that the direct effect, spatial spillover effect 313 

and total effect of green finance show a significant negative correlation with carbon 314 

intensity in both short term and long term, indicating that the development of green 315 

finance can reduce the carbon intensity in both local and adjacent areas. 316 

(2) The direct effect of per capita GDP is negative in the short term, and the spatial 317 

spillover effect is not significant. However, in the long term, both the direct and indirect 318 

effects of per capita GDP are significantly negative to carbon intensity. This tendency 319 



indicates that the development of economy can promote the reduction of carbon 320 

emission in both local and adjacent areas. A possible reason corresponding to this 321 

phenomenon is that urban agglomeration with close economic development is formed 322 

by adjacent cities based on convenient transportation. As a result, the resource 323 

allocation is optimized and the radiation effect is enhanced. Consequently, the 324 

economic agglomeration effect is produced. 325 

(3) The urbanization rate has no significant effect on carbon intensity of the local 326 

and adjacent areas in the long and short terms. A possible reason is that with the 327 

development of clean energy, natural gas is used as the main energy source in both rural 328 

and urban areas.  329 

(4) With less significant effect on spatial spillover, the direct effect of industrial 330 

structure shows a significant negative correlation with carbon intensity in the short and 331 

long terms. This tendency indicates that the development of tertiary industries decreases 332 

the coal consumption, thus reducing local carbon intensity. However, the effect of 333 

industrial structure on carbon intensity in adjacent areas is not obvious.  334 

(5) Similarly, the direct effect of foreign investment shows a significant negative 335 

correlation with carbon intensity in the short and long terms. However, the spatial 336 

spillover effect of foreign investment is not significant, indicating that the increase in 337 

the proportion of foreign investment will reduce the local carbon intensity. The 338 

advanced environmental protection technology and strict environmental standards 339 

introduced with the inflow of foreign investment is responsible for this result.  340 

(6) In the short and long term, the direct effect and spatial spillover effect of 341 

technical progress are not significant, indicating that technical improvement has no 342 

inhibition effect on carbon intensity. A possible reason attributed to this phenomenon is 343 

that patents on low-carbon technologies are few in number and hard to convert. 344 

(7) The direct and spatial spillover effects of environmental regulations are not 345 

significant in either the short or long term, suggesting that strengthening environmental 346 

regulations has no limited effect on carbon intensity. The results can be explained that 347 

when environmental regulations are strengthened, energy intensive industries tend to 348 

relocate rather than adopt measures such as introducing new technologies to save 349 



energy and reduce emissions. 350 

Robustness tests 351 

Geographical distance spatial weight matrix is adopted in this paper to test the 352 

robustness of the result. The regression results show that the dynamic SDM model has 353 

the best fitting effect with the utilization of geographic distance spatial weight matrix. 354 

There is a significant negative correlation between green finance and carbon intensity, 355 

indicating that the research results are robust and reliable. The estimated results are 356 

shown in Table 7. 357 

Table 7 Robustness tests 358 

 Short-term effects Long-term effects 

 
Direct 
effect 

Spatial 
spillover 

effect 

Total 

effect 

Direct 
effect 

Spatial 
spillover 

effect 

Total 

effect 

lnGf 
-0.0376*** 

(-2.75) 
-0.144** 

(-2.22) 
-0.182*** 

(-2.64) 

-0.133*** 

(-3.42) 

-0.561** 

(-2.29) 
-0.693*** 

(-2.71) 

lnRedl 
-0.144*** 

(-3.19) 
-0.0887 

(-0.76) 
-0.233** 

(-2.27) 
-0.456*** 

(-3.08) 
-0.451 

(-1.12) 
-0.907** 

(-2.09) 

lnUrl 
-0.643** 

(-2.10) 
0.124 

(0.19) 
-0.519 

(-0.75) 
-2.001** 

(-2.11) 
-0.0467 

(-0.02) 
-2.048 

(-0.72) 

lnFdi 
0.00920 

(0.84) 
0.0103 

(0.95) 
0.0195 

(1.08) 

0.0300 

(0.87) 
0.0464 

(0.85) 
0.0765 

(1.00) 

lnIns 
0.0433 

(0.66) 
0.149 

(1.59) 
0.193** 

(2.07 ) 
0.154 

(0.81) 
0.584 

(1.49) 
0.738** 

(2.05) 

lnTel 
0.0237 

(0.81) 
0.0254 

(0.33) 
0.0491 

(0.57) 
0.0786 

(0.84) 
0.121 

(0.38) 
0.200 

(0.56) 

lnEnr 
-0.00061 

(-0.13) 
-0.0514 

(-1.48) 
-0.0520 

(-1.44) 
-0.00629 

(-0.43) 
-0.182 

(-1.43) 
-0.188 

(-1.40) 
Note: Z values are shown in parentheses, where *, **, and *** indicate significance at the 10%, 5%, 359 

and 1% levels, respectively. 360 

Conclusions and policy recommendations 361 

Conclusions 362 

Based on the panel data of 30 provinces in China from 2009 to 2019, a dynamic 363 

spatial Durbin model is constructed and the method of partial differential matrix is 364 

adopted to analyze the influence of green finance on carbon intensity. The main 365 



conclusions are as follows: 366 

(1) The development of green finance has spatial spillover effect, and can reduce 367 

carbon intensity in local and adjacent areas.  368 

(2) Green finance has a more significant influence on the direct effect and spatial 369 

spillover effect of carbon intensity in the long term. 370 

(3) Economic development, industrial structure and foreign investment all have 371 

negative influence on carbon intensity. However, the spatial spillover effect of these 372 

factors is not obvious. 373 

Policy recommendations 374 

The policy implications of this study are highlighted below:  375 

(1) Due to the spatial autocorrelation of carbon intensity, two regions with high 376 

carbon intensity are formed in northwest and northeast China. As a result, based on the 377 

spatial spillover effect of green finance on carbon intensity, relevant policies conducive 378 

to the development of green finance need to be introduced. For example, governments 379 

should increase the scale of green credit through financial subsidies; lower the threshold 380 

for issuing and trading green bonds, green funds and green insurance; establish a 381 

national green development fund through refinancing, special guarantee mechanisms 382 

and green credit support projects; encourage financial institutions to develop green 383 

financial products based on the carbon market, such as carbon futures, carbon options, 384 

carbon swaps, carbon funds, carbon bonds, carbon leases and other derivative carbon 385 

financial products. 386 

(2) Economically underdeveloped regions should actively transform their 387 

industrial structures and focus on developing green and low-carbon industries. 388 

Governments should emphasize the synergy between regional economic and 389 

environmental development, promote urban agglomeration economy, and encourage 390 

economically developed areas to drive the development of adjacent areas.  391 

(3) Local governments need to strengthen environmental regulations and 392 

encourage industries to reduce carbon emissions through novel technologies. As an 393 

effective method to promote environmental and social responsibility of industries, 394 



environmental information disclosure needs to be implemented by financial institutions.  395 

(4) High-tech industries, advanced manufacturing, energy-efficient industries and 396 

modern service industries should be supported by local governments for foreign 397 

investment. Industries with high energy consumption and high pollution should be 398 

restricted. In addition, the promotion effect of foreign-invested enterprises in 399 

independent innovation, industrial upgrading and coordinated development between 400 

regions needs to be valued.  401 
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