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Abstract:  
 

We test for a quadratic relationship between accepted patents, as a proxy of technological innovation and 

CO2 emissions per capita in the context of 30 provinces and 32 economic sectors of China. We test our 

hypothesis with several estimators, such as traditional panel data techniques (Instrumental Variables Fixed 

and Random effect models) and a recently developed fixed effect panel data quantile (FEQR) regression 

model. We further differentiate between energy-intensive and non-energy intensive sectors, as well as 

between more and less-developed provinces of China. We find evidence for an inverse U-shaped relation 

between patent generation and CO2 emissions for both, more and less energy-intensive sectors, suggesting 

that at low levels of innovation new technologies tend to be “dirty”, but at a high level of innovation new 

technologies tend to be “green”. The same relationship holds for less-developed provinces as well. For 

more-developed provinces, we find the opposite relation at low levels of innovation, innovation supports 

the environment, but at higher levels, it tends to become detrimental to the environment.  
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1. Introduction 

A multitude of factors has been examined as determinants of environmental pollution and CO2 

emissions specifically. Economists have zoomed on factors related to the scale and structure of the 

economy and have investigated the well-known Environmental Kuznets Curve (EKC) (Nasir et 

al., 2020; Sinha and Shahbaz, 2018; Halliru et al., 2020), factors related to population growth and 

urbanization (Xu and Lin, 2020; Lin and Xu, 2020), and factors related to technology upgrading 

and technology transfer. The last group of studies includes articles on the effect of energy 

technology, measured via the energy consumption structure, energy efficiency, or energy intensity 

(Kaya, 1990; Wang and Huang, 2008; Xu et al., 2006). It also includes studies on transferred 

technology, for example via foreign direct investment (FDI) (Doytch and Uctum, 2016; Ashraf et 

al., 2020; Li and Doytch, 2020). Some studies have found that technological upgrades, changes in 

the industrial structure, and environmental regulation have a negative effect on CO2 emissions 

(Wang et al. 2007; Pinto et al., 2018; Wen et al. 2019). 

The interest in the relationship between the rate of innovation and CO2 emissions have 

accelerated in the past decade (Weina et al., 2016; Nikzad and Sedigh, 2017). Several recent 

studies analyze the relationship between patents and CO2 emissions both ways, estimating the 

effect of patent generation on carbon emissions (Cho and Sohn, 2018; Du et al., 2019) and vice 

versa, estimating what impact CO2 emissions have on the rate of innovation through new patents 

(Su and Moaniba, 2017). However, all existing studies tend to focus on “green” or “emissions-

capturing” patents (Norhasyima and Mahlia, 2018). The question about the link between 

innovations as a whole on the carbon emissions has remained out of scope for the existing studies. 

In part, the reason for this is that innovation is hard to quantify. For that reason, many studies have 

used the value of the R&D expenditures as a proxy for innovation (Yang et al., 2014). However, 
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accepted and granted patents, have the advantage of measuring the innovation directly. In the 

current study, we choose to focus on accepted patents- now a common approach, as a measure of 

innovation (Dechezlepretre et al., 2010; Popp, 2006; Popp et al., 2011). 

The question about the impact of innovation in general on CO2 emissions is important 

since all innovations produce externalities on the environment. The goals of economic growth, 

which is driven by innovation, and environmental preservation oftentimes are viewed 

contradictory. However, this depends entirely on whether the scale effect of innovation, which 

amplifies economic activity is greater than the transformation effect of innovation, which can 

cause a shift to environmentally cleaner technologies. If the transformation effect is greater, the 

environment can benefit from innovation rather than be degraded.   

As the largest CO2 emitter globally, China contributed on average of 63.9% of the global 

emission increase between 2006 and 2016 (Lin and Kuang, 2020). To curbing co2 emissions, the 

Chinese government has pledged that the CO2 emissions per unit of GDP would be reduced by 

60–65% (compared to the level of 2005) (Li et al., 2019). Moreover, a very significant and 

encouraging announcement, "China aims to have CO2 emissions peak before 2030 and achieve 

carbon neutrality before 2060", was told by Chinese President Xi Jinping on 22 September 2020 

(Xinhua, 2020).  Meantime, to achieve the above goals, China has promulgated a series of low-

carbon policy, such as China's National Climate Change Plan 2014-2020(CCP 2014-2020), 

China's 13th Five-Year Plan for Controlling Greenhouse Gas Emissions (PCGGE), 13th Five-

Year Plan for Energy and so on. It's worth noting that almost all policies related to climate change 

will involve the content of technological innovation. For instance, CCP 2014-2020 emphasized 

the strengthening of technological innovation and application and increasing technical capabilities 

to address climate change. More specifically, low-carbon technologies in critical industries (i.e., 
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steel, non-ferrous metals, petrochemicals, electric power, coal, construction, transportation, and so 

on) would get significant financial investment and policy support. Besides, PCGGE reinforces 

basic research, R&D, and policy research on low-carbon technologies. To accelerate the 

advancement of low-carbon technology, the government aimed to guide enterprises, universities, 

and research institutes to establish low-carbon technology innovation alliances and form a linkage 

mechanism for technology research and industrialization. 

China identified innovation as vital for China's economic growth and has an impressive 

investment in technology and science to build the 'innovation-based economy' (Fu et al., 2016). In 

2014, China's President Xi Jinping stated that 'the fundamental approach to breaking up China's 

economic development's bottleneck restriction was through innovation and technology' (Xinhua, 

2014). In 1985, the Chinese government implemented the science and technology strategy reform, 

which explicated the foreign technology transfer as one of the leading technological innovation 

strategies. In 2006, the Medium- and Long-Term Science and Technology Development Plan 

(MLP) was approved, the government declared indigenous innovation to be a core innovation 

strategy. This MLP marks the shift of China's innovation strategy from external acquisition to self-

creation of knowledge (Fu et al., 2016). The imported technology expenditure has decreased from 

0.088 % of its GDP in 2006 to 0.076 % of GDP in 2013 (Losacker and Liefner, 2020). After that, 

China invested 4.23% of its GDP in R&D expenditure in 2016, compared to 2.34% for OECD 

countries and 3.141% for Japan, which ranked second in the world (OECD, 2020). The 

unprecedented scale of the innovation investment has resulted in a radical increase in the patent 

application. The number of patents has been exploding in the past four decades in China. In 2011, 

China had surpassed the USA and led the world in patent applications. The accepted patent had 

increased from 128 thousand in 2000 to 3280 thousand in 2016, with an average annual growth 
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rate of 22.8% (NBSC, 2016). However, it remains questionable whether the rapid expansion in 

patents is better for reducing CO2 emissions in China. 

In this study, we set out to examine and examine the impact of province-level patent 

generation on CO2 emissions, specific to the province and the economic sector for 30 Chinese 

provinces and 32 economic sectors. Contrary to the existing studies, we take into account all 

patents, not just green energy technology patents. We also take into account the sectoral 

distribution of CO2 emissions and we examine a hypothesis of the existence of a quadratic relation 

between patents and CO2 emissions, which assumes a positive (worsening) effect of patents on 

CO2 for low concentrations of the emissions and a negative (improving) effect of patents on CO2 

emissions for high levels of CO2 per capita.  

When we examine scatter plots of CO2 emissions vs. accepted patents, we observe a 

quadratic fitted curve for both, the full sample, and by the provincial level of development (Fig. 1, 

2, and 3). The observed inverted “U” is more pronounced for less-developed provinces and it is 

mild for more-developed provinces (Fig. 2 and 3). Such a quadratic relationship, which new in this 

literature, could arise from the prevalence of the scale effect of innovation at the low levels of CO2 

and the prevalence of the transformative effect of innovation at high levels of CO2 emissions. We 

test our hypothesis with several estimators; traditional panel data techniques (Instrumental 

Variables Fixed and Random effect models) and recently developed; fixed effect panel data 

quantile (FEQR) regression. We further differentiate between energy-intensive and non-energy 

intensive sectors, as well as between more and less-developed provinces of China. 

<Insert Fig. 1> 

<Insert Fig. 2> 

<Insert Fig. 3> 
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  The results are encouraging. When we examine the relationship by groups of sectors, we 

find robust evidence for a presence of inverse U-shaped relation between patent generation and 

CO2 emissions per capita for both, more and less energy-intensive sectors. The patent threshold 

points beyond which new technologies become “green” are higher for energy-intensive sectors 

than for the other sectors. When we examine the quadratic relationship by province samples, we 

find that for more-developed provinces, the inverse U-shaped relation does not hold; on the 

contrary, the relation is the opposite- at low levels of innovation, innovation supports the 

environment, but at higher levels, it tends to become detrimental to the environment. For less-

developed provinces, the relationship is an inverted U.  

2. Literature Review 

Early studies find that the effect of green technology on innovations depends on the conditions in 

the country (Acemoglu et al., 2012; Jaffe et al., 2002). Later studies point out the existence of a 

rebound effect that impedes the accumulation of long-term environmental gains from green 

innovation (Braungardt et al., 2016). For European Union (15) countries, overall R&D 

expenditures contribute significantly to CO2 emissions reduction (Fernandez et al., 2018). One 

recent study that examines the impact of patent generation on CO2 emissions is Du et al. (2019). 

The authors investigate the impact specifically of green technology on CO2 emissions for a panel 

of countries. They find a certain threshold level of income for green technologies to start reducing 

CO2 emissions. The authors add that this income level is rather high due to high diffusion costs 

for new green technologies, especially in developing countries. This finding is also supported by 

Popp (2012), who points out that green technology inventions require start-up fixed costs, which 

are not feasible for enterprises in developing countries. Several studies document the evolution of 

carbon capture technologies (Miguez et al, 2018; Norhasyima and Mahlia, 2018). And some 
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studies compare the effects of renewable energy patents and environmental technology patents for 

CO2 emissions reduction (Cheng et al., 2018).  

 CO2 emissions in China have been driven by the rapid economic growth of the country 

and by its specific economic structure that has been dominated by industry and has been fueled 

disproportionately by coal (Xu et al., 2006; Wei and Yang, 2010). The studies on green technology 

impact on Chinese CO2 emissions have produced very mixed results. Some studies find a positive 

effect of energy technology innovation on CO2 emissions reduction (Sagar and Holdren, 2002; 

Sun et al., 2008), while others find a negative effect (Wei and Yang, 2010; Wu et al., 2005). Yet, 

a third group is neutral regarding these effects (Hu and Huang, 2008; Xu et al., 2006; Chen and 

Lee, 2020).  

Many studies find results specific to a certain type of technology or a certain geographical 

region in China. For example, Xu and Lin (2018a and 2018b) compare the transports sectors or 

the high-tech industries of different provinces of China. Wang et al. (2012), who investigate the 

relationship between energy technology patents and CO2 emissions at the provincial level in 

China, find that fossil-fuel technology patents do not have a significant effect on CO2 emissions. 

At the same time, patents for carbon-free energy technologies does lead to a reduction of CO2 

emissions, however, this is specific to the Eastern China region. Meanwhile, Lin and Xu (2020) 

discuss the CO2 emissions distribution in China pointing out that industrialization has shifted the 

centre of CO2 emissions from the eastern regions to the central and western regions of the country. 

They analyze the role of R&D investment in green technologies and the role of energy 

consumption, which they find to have and be either quadratic (inverse Ո-shaped) or N-shaped 

depending on the region. Further, Wang et al. (2018) study specifically energy conservation 

patents and, with the help of spatial methodology, find that, based on the adjacent, geographic, and 
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economic distance matrices, the energy conservation patents play a significant role in China's CO2 

emissions reduction. And Cai et al. (2018) study CO2 reduction at the city level for the cities of 

China, while Shao et al., (2016) study the energy-related industrial CO2 emissions in a single city, 

Shanghai, China.  

Some studies on China prefer to use R&D activities as a proxy for technological 

innovation. In a study on industrial CO2 intensity in China, Yang et al. (2014) find that indigenous 

R&D activity and interregional R&D spillovers tend to decrease the industrial CO2 intensity. The 

authors suggest that this effect is the product of two factors: rising local R&D intensity and raising 

the capacity of absorption of R&D spillovers from neighbourhood provinces. Also focused on 

China is the study of Xu and Lin (2017), who find that the big differences in CO2 emissions across 

different regions in China are related to the difference in R&D funding and R&D personnel 

investments. Further, the upgrading of energy technologies reduces the emission intensity in the 

Chinese steel industry (Tan et al., 2019). 

Meanwhile, Cho and Sohn (2018) study how CO2 emissions impact patent applications 

via R&D investment, using a logarithmic mean Divisia index (LMDI) decomposition method. 

They find that green patent applications can be incentivized via CO2 emissions. Their study is on 

BRICS countries. At the same time, Chirchill et al. (2019) study the effect of R&D intensity on 

carbon emissions in the G7 countries and find a positive effect for the period 1955–1990 and 

Petrovic and Lobanov (2020) find the same for most of the OECD countries.  
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3. Empirical Model and Methodology  

3.1. Model specifications 

The theoretical background of our study is the Dietz and Rosa (1997) IPAT model capturing the 

determinants of environmental pollution and CO2 : 

𝐼𝑡 = 𝑃𝑡
𝑏 𝐴𝑡

𝑐 𝑇𝑡
𝑑𝑒𝑡              (1) 

 

I: the emission level of a certain pollutant, P: the population size, A: economic prosperity, and T: 

technical factors. This study focuses mainly on the impact of technology (T) on CO2 emissions. 

In particular, the effect of patents.  

This study has formulated the model as below equation:  

 

𝐿𝑛(𝐶𝑂2PC)𝑖𝑗𝑡 = 𝛼0 + 𝛽1 𝐿𝑛(𝑃𝑎𝑡)𝑖𝑡 + 𝛽2 (𝑃𝑎𝑡)𝑖𝑡
2 + 𝛽3𝐿𝑛(𝑌)𝑖𝑗𝑡 +  𝛽4 𝐿𝑛(𝑌)𝑖𝑗𝑡

2

+ 𝛽5 𝐸𝑚𝑝𝑙𝐺𝑟𝑜𝑤𝑡ℎ𝑖j𝑡 + 𝛿𝑡 + 𝜗𝑖𝑗 + 휀𝑖𝑡,   

(2) 

 

where 𝛼0 is the intercept, 𝛽1, 𝛽2, … , 𝛽5 are the estimated parameters  of each variable, 𝑡 is period 

(2003 to 2016), and 𝑖 denotes provinces; (30 provinces); j denotes sectors (32 sectors). 𝛿𝑡  is a time 

fixed effect; 𝜗𝑖𝑗  is the sector-province fixed effect and 휀𝑖𝑡  is the error term. 𝐿𝑛 (𝐶𝑂2PC)  is the 

logarithm of per capita CO2 emissions (metric tons) per capita. Carbon dioxide emissions are those 

stemming from the burning of fossil fuels and the manufacturing of cement. It is obtained from 

China Emission Accounts and Datasets (www.ceads.net). 𝐿𝑛(𝑃𝑎𝑡) is a proxy of patents. The proxy 

measures the count of accepted patents. 𝐿𝑛(𝑌) is the logarithm of real income Per Capita (constant 
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2010 US $) and 𝐿𝑛 (𝑌)2 is a log of the squared term of GDP per capita. We use employment growth 

as a proxy for population growth. We prefer this variable as it is distributed both across sectors and 

across provinces. Population growth, on the contrary, varies only by province. The summary 

statistics of the variables are displayed in Table 1 and the correlation matrix is presented in Table 2. 

Detailed data definitions and data sources can be found in Appendix Table S1. 

<Insert Table 1> 

<Insert Table 2> 

3.2. Empirical Methodology. 

The main aim of this paper is to examine two hypotheses; firstly, whether the patents diminish or 

rise CO2 emissions and secondly, the validity of the EKC hypothesis. To study these two 

hypotheses, logntutidnal techniques are used. This methodology has several advantages over the 

time series and cross sectional. The Panel Data permits mitigating the issues of endogeneity and 

heterogeneity (Baltagi, 2008). The data covers 30 Chinese provinces and 32 economic sectors over 

the period of 2003 to 2016. Therefore, the analysis would not benefit from some econometric 

techniques which deal with endogeneity. The panel ‘provinces and sectors’ are heterogeneous in 

terms of income level (developed, less developed), population, and energy intensity (energy-

intensive and less energy-intensive).  

To overcome the endogeneity, the instrumental variables (IVs)–FE method is performed. 

The Fixed Effect models and Random Effect models are used to reduce the unobserved country-

specific effect issue. This stduy applies the the Hausman test specifications for choosing the 

appropriate model . The null hypothesis of the Hausman test is that the RE model is appropriate 

(Hausman, 1978). The FE model treats 𝛼𝑖 as a country-specific constant term in the estimations 
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that are fixed over time (𝛼𝑖=𝛼) and can be connected with right-hand side variables. But, an RE 

model takes country characteristics as a random variable that is not associated independent 

variables (Cameron and Trivedi, 2009). 

To make our result more robust, this study applies the panel quantile regression. The main 

strengths of a quantile estimation compared with the OLS method is that the quantile regression 

techniques is appropriate for the outliers and heavy-tailed distributions. Quantile regression results 

are typically robust for such cases while standard OLS regression estimators are not robust even 

for a modest departure from normality. Another advantage is that while a traditional estimations 

concentrate on the mean, quantile regressions can describe the entire conditional distribution of 

the dependent variable (Coad and Rao, 2006, Albulescu et al, 2019).  

The quantile regression technique was presented in the influential study by Koenker and 

Bassett Jr (1978). The conditional quantile can be presented by the Canay (2011) model as follows: 

𝑌𝑖𝑡 = 𝑋𝑖𝑡
′ 𝛽(𝜏) + 𝛼𝑖𝜏 + 휀𝑖𝑡𝜏,     (3) 

where 

휀𝑖𝑡𝜏 = 𝑋𝑖𝑡
′ (𝛽(𝑈𝑖𝑡) − 𝛽(𝜏)) and (4) 

휀𝑖𝑡𝜏 = 𝑋𝑖𝑡
′ (𝛽(𝑈𝑖𝑡) − 𝛽(𝜏)). (5) 

Then, 

𝑌𝑖𝑡 = 𝑋𝑖𝑡
′ 𝛽(𝑈𝑖𝑡) + 𝛼𝑖,     (6) 

where ( 𝑌𝑖𝑡 ) is an observable explained variable, (𝑋𝑖𝑡
′ ) is a vector of explanatory variables for 

country i at time t; t=1 …, T; i=1, …, n, the vector 𝑋𝑖𝑡
′ is supposed to contain a constant term, 

(𝑈𝑖𝑡, 𝛼𝑖)  are unobservable, and 𝑈𝑖𝑡 ↝ 𝑈[0,1]. 𝛽  is an unknown parameter; the function 𝜏 ↦
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𝑋′𝛽(𝜏) is assumed to be strictly increasing in 𝜏 ∈ (0.1) and the parameter of interest is presumed 

to be 𝛽(𝜏). 

4. Stylized Facts 

Figure 4 is the trend of accepted patents in China from 2003 to 2016. The number of patents 

accepted across China's more and less-developed provinces has shown an overall sharply upward 

trend. As can be seen in the figure, the national average annual growth rate is 23.0%, and similarly, 

the more and less-developed provinces are 24.3% and 22.5%, respectively. Also, more-developed 

provinces are the main contributors to accepted patents in China. Although the more-developed 

provinces only contain 8 provinces, they account for nearly 70.5% of the total acceptant patents, 

while the remaining 22 developing provinces account for merely 29.5%. 

<Insert Fig. 4> 

 Figure 5 presents the trend of CO2 emissions in China from 2003 to 2016. During 2003-

2016, the CO2 emissions increased rapidly from 3928 million tons to 9187 million tons with an 

annual growth rate of 7%. The CO2 emissions in sub-regions and sub-industry groups also showed 

an upward trend. The main contributors to China's CO2 emissions are developing regions and 

energy-intensive sectors. As shown in Figure 6, the Top 10 provinces by CO2 emissions include 

the provinces in the more-developed region (i.e. Shandong, Jiangsu, Guangdong, and Zhejiang) 

and those in developing regions (i.e. Hebei, Henan, and Shanxi). Additionally, the energy-

intensive industries are the main contributor to the CO2 emissions of all the Top 10 provinces. The 

Top 10 industries are shown in Figure 7. It can be concluded that most CO2 emissions were from 

energy-intensive or heavy sectors, such as Production and Supply of Electric Power, Steam and 

Hot Water, Smelting and Pressing of Ferrous Metals and Nonmetal Mineral Products. Most of the 

Top 10 sectors are located in developing regions. 
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<Insert Fig. 5> 

<Insert Fig. 6> 

<Insert Fig. 7> 

5. Empirical Results 

In this section, we present results from several models. We start by discussing a base-line model, 

specified as instrumental variable fixed effects model (IV-FE) model, which is preferred since it 

mitigates the issue of endogeneity of the key variable of interest, the level of patent activity. We 

also discuss a comparison between the IV-FE results and a counterpart instrumental variable 

random effect (IV-RE) results. The IV-FE results are presented in the main text (Table 3); the IV-

RE results are presented in the Appendix. After the discussion of the baseline results, we proceed 

to analyze the results of the main model- the non-parametric Canay (2011) regressions.  

5.1.  Instrumental Variables Fixed Effects models (IV-FE) 

The IV-FE model was chosen as a baseline model with the help of a Hausman test. The Hausman 

test rejects the null hypothesis of no correlation between the unobserved heterogeneities and the 

error term, i.e. that the RE hypothesis holds. Therefore, we report the IV-FE estimates (Table 3). 

This approach also mitigates potential omitted variable biases and potential multicollinearity, 

while controlling for the unobserved within-province-sector time-invariant characteristics.  

<Insert Table 3> 

Table 3 displays estimates associated with different subsamples in columns. The four sub-

samples are: “energy-intensive sectors”, “non-energy intensive sectors”, “more-developed 

provinces”, and “less-developed provinces”. An overview of the estimates across columns shows 

a robust presence of inverse U-shaped relation between accepted patents and the CO2 emission 
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per capita in China. As hypothesized, the coefficient of the level of patents is positive and 

significant, while the coefficient of the squared term is negative and significant. These estimates 

suggest that CO2 pollution increases with the level of invention activities, however, it decreases 

once a threshold level of the accepted patents is reached. Once the patent activities exceed the 

threshold, further increases in the number of accepted patents will reduce pollution, ceteris paribus.  

We compute the threshold patent levels for the full sample and the sub-samples and we 

find that the turning point of patent activity for the full sample is around 75,000 patents. However, 

for the energy-intensive sectors, this threshold is higher, around 115,000 patents, whereas for the 

non-energy intensive other sectors it is approximately 71,000 patents. This observation suggests 

that the higher the pollution level, generated by a sector, the higher the level of innovation needed 

for turning innovation “green” or environmentally friendly and see a downturn in emissions. 

Similarly, there is a difference in the turning points for the province-level samples. The threshold 

level of patents for the sample of more-developed provinces is around 216,000, while the turning 

point for the sample of less-developed provinces at around 96,000 patents. This finding also 

suggests that the more-developed a province is, the higher the level of needed patent activity to 

overturn the worsening effects on emissions. At higher levels of patent generation, the number of 

green patents, which can improve the environment is higher. 

Overall, the idea of our study is to test for the existence of direct effects of technology on 

the environment, which parallel any possible effect of technology on the environment via the 

income channel. While the IV-FE results are supporting a curvilinear, more specifically an inverse 

U-shaped relationship between patent generation and CO2 emissions, we find no evidence for the 

presence of the traditional income Environmental Kuznets Curve (EKC). The traditional EKC is a 

hypothesized inverse U-shaped relation between income per capita and pollution. We find that in 
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the case of Chinese provinces and sectors, there is no strong presence of such relation. These results 

are similar to R&D investment and of Wang et al, (2012), in their finding of the Eastern region of 

China, and are different from Lin and Xu (2020), who find N-shaped and U-shaped associations.  

5.2. Non-parametric Fixed effects Panel Quantile (FEQR) regressions  

After taking the IV-FE model as a baseline, we focus on the patents-CO2 emissions nexus, 

examining the different quantiles of CO2 emissions distribution. We, therefore, test our hypothesis 

using the Canay (2011) two-step Fixed Effects Quantile Regression method FEQR). The quantile 

results are reported in Tables 4-8. The five tables correspond to the full sample and the four 

subsamples, respectively. Each of the five tables presents the ten quintiles in columns, with column 

(1) corresponding to the lowest concentration of CO2 emissions and column (10) corresponding 

to the highest concentration.   

Examining Table 4, which presents estimates of the full sample, informs us of the presence 

of a quadratic relationship between patents and pollution. The level coefficient of patents is 

positive and significant, simultaneously with the coefficient on the quadratic term of patents being 

negative and significant throughout the quantiles (Table 4). We also see that the EKC curve does 

not hold and that the employment growth variable, which we use as a control a proxy for population 

growth is positive and significant in some quantiles.  

When we compute the threshold points of patents for the different quantiles, we see that 

the higher the quantile, the lower the average amount of patents needed to reach the turning point 

beyond which innovation activity becomes beneficial for the environment, rather than detrimental. 

We explain this with a qualitative change in the patented technology above a certain level of 

innovation activity. In other words, at a lower level of innovation, new technologies tend to be 

more “brown” and less environmentally friendly. At a higher level of patent activity, the share of 
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green patents tends to be higher. This qualitative change in technical environmental efficiency is 

what drives our results regarding a quadratic relationship between patents and pollution.   

<Insert Table 4> 

Continuing with the examination of the sub-sample results, we examine Table 5, which 

corresponds to the “energy-intensive” sectors, and Table 6, which corresponds to “non-energy-

intensive” sectors”. Both tables reveal the same pattern. There is an inverse U-shaped relation 

between patents and CO2 emissions and no presence of an income EKC. The only case where the 

quadratic patent-CO2 emissions relation does not hold is the highest quantile of energy-intensive 

sectors regressions, where the results are insignificant. (Table 5).  

<Insert Table 5> 

<Insert Table 6> 

When the threshold levels of patent activity are computed, we notice that turning points for 

the sample of the energy-intensive sectors are considerably higher than the turning points for the 

non-energy intensive sectors when the same quantiles are compared. This is consistent with the 

observation made when discussing the IV-FE results in the previous section. However, when we 

examine the turning point within a subsample and across all quantiles, we see the familiar pattern: 

the higher the quintile, the lower the threshold needed to turn the impact of patents from harmful 

to beneficial for the environment. Again, we explain this with a quality difference in the technology 

that is being patented and with the presence of a higher share of green patents when innovation 

activity is high.  

Finally, we compare the estimates of “more-developed” and “less-developed” provinces. 

When we examine the results for the sample of more-developed provinces, we find no evidence of 

an inverse U-shaped curve between patents generation and pollution (Table 7). On the contrary, 
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there is evidence of a quadratic U-shaped relation, suggesting that at low levels patented 

innovations decrease CO2 emissions, but at high levels, they increase them. This is the only sample 

for which, we find that the inverse U-shaped association does not hold. This result can be compared 

broadly to Wang et al, (2012), who compare the Eastern to the Central and Western regions of 

China. They find that domestic patents for carbon-free energy technologies lead to a reduction of 

CO2 emissions only in Eastern China. It can be also compared to Lin and Xu (2020), who find an 

N-shaped relationship between R&D investment and CO2 emissions in the Central region and a 

U-shaped association in the Eastern and Western regions. 

<Insert Table 7> 

Unlike the results for economically more-developed provinces, the estimates for less-

developed provinces produce the familiar results of an inverse U-shaped relation between patents 

and CO2 emissions (Table 8). This is true for all quintiles except the highest two, where the U-

shaped curve gradually inverts and transitions to what we observe for more-developed provinces 

(Table 8). These results are different from the findings of Lin and Xu (2020) for R&D investment 

and of Wang et al, (2012), who do not use a non-linear technique. 

<Insert Table 8> 

 

 

6. Conclusion 

 

In this study, we set out to test a hypothesized curvy-linear relationship between the level of 

technological innovation, embedded in accepted patents and the CO2 emissions in China. We 

contract a data set with a unit of observation corresponding to a specific economic sector, identified 

in a specific Chinese province. We work with 32 economic sectors and 30 provinces over the 
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course of the 2003-2016 period. We hypothesize that innovation may be causing an initial 

emissions-worsening effect on the environment, however, after a certain threshold of innovation 

activity is reached, innovative technologies begin to impact the environment positively. Such 

overturning can occur if, at a higher level of innovation, technologies become cleaner and more 

environmentally friendly. To test this hypothesis, we use a traditional IV-FE model and a recently 

developed FEQR regression.  

 We find robust evidence for a presence of inverse U-shaped relation between patent 

generation and CO2 emissions per capita for both, more and less energy-intensive sectors. The 

relationship suggests a transformation of technology, which at low levels of innovation tends to be 

less environmentally friendly but start to meet the environmental standards at a higher level of 

innovation activity. This result suggests that innovation and cleaning the environment can go 

“hand-in-hand” and they are not contradictory processes. However, the “turning points” beyond 

which new technologies become “green” are higher for energy-intensive sectors, suggesting the 

need for extra stimuli to adhere to environmental standards in these sectors. 

 When we examine the quadratic relationship by province samples, distinguishing between 

more and less-developed provinces of China, the results are different. For more-developed 

provinces, the quadratic relation is the opposite- at low levels of innovation, it supports the 

environment, but at higher levels, it tends to become detrimental to the environment. This may be 

related to the “rebound effect” of technological innovation. The rebound effect refers to the improvement 

of energy efficiency as technology innovation, while at the same time reducing energy prices, which in turn 

will lead to an increase in energy demand. “Rebound effect” appeared when energy demand exceeds energy 

conservation. As a result, the total CO2 emissions increased. This finding suggests that, without 

regulation for controlling the total CO2 emissions, the “rebound effect” in more economically 

developed provinces of China will witness ever-increasing pollution with the accelerating rates of 
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innovation. This is to underscore the importance of the local government bodies and following the 

decisions for controlling total emissions made as part of the Five-Year Plan to have a significant 

impact on pollution reduction in China.  

Less-developed provinces, on the contrary, face an inverted U-shaped relation between 

patents and pollution. This suggests that at high levels of innovation, a transformation of 

technology is expected to occur, such that further development of new technologies benefits the 

environment. In addition, we find that these “turning points” in technology development are 

relatively low for less-developed provinces of China. This means that at relatively low levels of 

innovation, in less-developed province technologies tend to turn “green”, which is a further 

incentive for recommending the local officials to simultaneously stimulate development and 

innovation.  
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Figures 

 Figure 1: CO2 emissions and patents, All Provinces 

 

Figure 2: CO2 emissions and patents, More-developed Provinces 
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Figure 3: CO2 emissions and patents, Less-developed Provinces 

 

Figure 4: Tend of accepted patents in China, 2003-2016 in 1000 accepted patent. 
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Figure 5: Tend of total CO2 emissions in China, 2003-2016 in million tons. 

 

 

Figure 6: Top 10 Chinese provinces by CO2 emissions, 2003-2016 in million tons. 
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Figure 7: Top 10 ISIC4 2-digit industries by CO2 emissions, 2003-2016 in million tons. 
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Tables 

Table 1: Descriptive Statics  

Variable Obs Mean Std. Dev. Min Max 

CO2 emissions per capita 80,640 0.001923 0.007722 0 0.168715 

Output per capita 80,640 3007.835 5602.104 0 115417 

(Output per capita)2  80,640 4.04E+07 2.90E+08 0 1.33E+10 

Empl.growth 72,942 0.732616 21.94735 -1 1747.111 

Accepted Patents 97,920 36484.35 71893.4 124 512429 

(Accepted Patents)2 97,920 6.50E+09 2.82E+10 15376 2.63E+11 

 

Table 2: Correlation Matrix 

 

 

CO2 

emissions 

per capita 

Output 

per capita 

(Output 

per 

capita)2  

Empl. 

growth 

Accepted 

Patents 

(Accepted 

Patents)2 

       
CO2 emissions per capita 1 

     
Output per capita 0.1526 1 

    
(Output per capita)2  0.0452 0.7872 1 

   
Empl.growth 0.0005 -0.0089 -0.0032 1 

  
Accepted Patents -0.0021 0.2896 0.1351 -0.0091 1 

 
(Accepted Patents)2 0.0029 0.2159 0.1011 -0.0037 0.9224 1 
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 Table 3: IV-FE results 

      

  (1) (2) (3) (4) (5) 

VARIABLES Full Sample 

Energy Intensive 

Sectors Other Sectors 

More-developed 

Provinces 

Less-developed 

Provinces 

            

Ln(Patents) 0.999*** 0.650*** 1.050*** 14.86*** 0.922*** 

 (0.0617) (0.125) (0.0718) (3.963) (0.125) 

[ln(Patents)]2 -0.0445*** -0.0279*** -0.0470*** -0.605*** -0.0402*** 

 (0.00272) (0.00546) (0.00319) (0.160) (0.00571) 

Ln(Output per 

capita) -0.187*** 0.413*** -0.213*** 0.750*** -0.242*** 

 (0.0139) (0.0514) (0.0146) (0.135) (0.0155) 

[Ln(Output per 

capita)]2 0.0379*** 0.00449 0.0380*** -0.0114 0.0387*** 

 (0.00101) (0.00339) (0.00108) (0.00818) (0.00120) 

Employment, 

Growth rate 0.00212*** 0.00145*** 0.00772*** 0.0143*** 0.00133*** 

 (0.000274) (0.000319) (0.000759) (0.00172) (0.000293) 

Year fixed effects Yes*** Yes*** Yes*** Yes*** Yes*** 

Patent threshold        74,960.7     114,547.6       70,984.2     215,559.4       95,574.5  

Constant -14.75*** -13.43*** -15.45*** -104.8*** -13.92*** 

 (0.326) (0.625) (0.381) (24.96) (0.701) 

Hausman Test 790.6*** 28.6*** 166.9*** 46.00*** 1991*** 

      

Observations 59,040 13,776 45,264 17,274 41,766 

Number of panel_id 5,298 1,074 4,224 1,446 3,852 

Standard errors in parentheses     

*** p<0.01, ** p<0.05, * p<0.1     
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Table 4: FEQR results, Full Sample 

           
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

VARIABLES 0.10 0.20 0.30 0.40 0.5 0.60 0.70 0.80 0.90 0.95 

                      

Ln(Output per capita) -0.0151 -0.1244*** -0.1325*** -0.1546*** -0.1434*** -0.1315*** -0.1185*** -0.1076*** -0.1466*** -0.2191*** 

 (0.0259) (0.0106) (0.0056) (0.0081) (0.0039) (0.0045) (0.0068) (0.0106) (0.0194) (0.0247) 

[Ln(Output per capita)]2 0.0292*** 0.0353*** 0.0353*** 0.0366*** 0.0357*** 0.0347*** 0.0334*** 0.0325*** 0.0346*** 0.0382*** 

 (0.0017) (0.0007) (0.0004) (0.0006) (0.0003) (0.0003) (0.0005) (0.0007) (0.0013) (0.0017) 

Employment, Growth rate 0.0022 0.0018 0.0016*** 0.0015 0.0014 0.0013 0.0012 0.0010 0.0008 0.0129*** 

 (0.0041) (0.0020) (0.0006) (0.0016) (0.0012) (0.0012) (0.0019) (0.0021) (0.0324) (0.0013) 

ln(Patents) 0.3900*** 0.5093*** 0.5302*** 0.5390*** 0.5246*** 0.5413*** 0.5723*** 0.6121*** 0.6311*** 0.6293*** 

 (0.0133) (0.0128) (0.0074) (0.0091) (0.0097) (0.0100) (0.0080) (0.0168) (0.0150) (0.0364) 

[ln(Patents)]2 -0.0154*** -0.0223*** -0.0238*** -0.0245*** -0.0238*** -0.0249*** -0.0266*** -0.0291*** -0.0309*** -0.0317*** 

 (0.0007) (0.0007) (0.0004) (0.0005) (0.0005) (0.0005) (0.0004) (0.0008) (0.0008) (0.0019) 

Year fixed Effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

Patent Threshold Level 315633.706 91060.7833 68779.1181 59874.1417 61145.3077 52547.7685 46981.9515 36944.8719 27227.2642 20452.6453 

Constant -13.1600*** -12.7945*** -12.5553*** -12.3146*** -12.2009*** -12.1601*** -12.2021*** -12.2353*** -11.8212*** -11.1387*** 

 (0.1210) (0.0726) (0.0451) (0.0520) (0.0495) (0.0524) (0.0450) (0.0899) (0.0973) (0.1922) 

           
Observations 59,040 59,040 59,040 59,040 59,040 59,040 59,040 59,040 59,040 59,040 

Robust standard errors in parentheses         
*** p<0.01, ** p<0.05, * p<0.1          
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Table 5: FEQR results, Energy-intensive Sectors 

           
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

VARIABLES 0.10 0.20 0.30 0.40 0.5 0.60 0.70 0.80 0.90 0.95 

                      

Ln(Output per capita) 0.9480*** 0.8472*** 0.6745*** 0.6147*** 0.4760*** 0.2961*** 0.3431*** 0.1670*** 0.2138*** 0.3432*** 

 (0.0519) (0.0665) (0.0318) (0.0428) (0.0421) (0.0400) (0.0307) (0.0513) (0.0791) (0.0794) 

[Ln(Output per 

capita)]2 -0.0250*** -0.0202*** -0.0109*** -0.0078*** 0.0008 0.0115*** 0.0080*** 0.0176*** 0.0120** 0.0004 

 (0.0033) (0.0041) (0.0019) (0.0027) (0.0027) (0.0025) (0.0019) (0.0030) (0.0047) (0.0053) 

Employment, Growth 

rate 0.0019 0.0015 0.0014 0.0013 0.0012 0.0012 0.0011 0.0009 0.0006 0.0003 

 (0.0077) (0.0271) (0.0130) (0.0125) (0.0129) (0.0173) (0.0136) (0.0206) (0.0206) (0.0152) 

ln(Patents) 0.4757*** 0.4923*** 0.4806*** 0.4850*** 0.4537*** 0.4680*** 0.4835*** 0.4913*** 0.4172*** 0.1073 

 (0.0595) (0.0234) (0.0136) (0.0107) (0.0194) (0.0095) (0.0139) (0.0257) (0.0504) (0.1268) 

[ln(Patents)]2 -0.0188*** -0.0209*** -0.0203*** -0.0208*** -0.0195*** -0.0203*** -0.0212*** -0.0220*** -0.0198*** -0.0028 

 (0.0029) (0.0012) (0.0007) (0.0005) (0.0010) (0.0005) (0.0007) (0.0013) (0.0025) (0.0066) 

Year fixed Effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

Patent threshold 312261.34 130289.211 138335.673 115688.191 112795.682 101426.897 89617.141 70679.3755 37622.3488   

Constant -15.5932*** -14.6898*** -13.6768*** -13.2847*** -12.4687*** -11.7039*** -11.8286*** -10.9068*** -10.1721*** -8.8179*** 

 (0.2925) (0.2722) (0.1387) (0.1634) (0.1718) (0.1627) (0.1274) (0.2343) (0.3668) (0.5921) 

           
Observations 13,776 13,776 13,776 13,776 13,776 13,776 13,776 13,776 13,776 13,776 

Robust standard errors in parentheses         
*** p<0.01, ** p<0.05, * p<0.1          
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Table 6: FEQR results, Non-energy-intensive Sectors 

           
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

VARIABLES 0.10 0.20 0.30 0.40 0.5 0.60 0.70 0.80 0.90 0.95 

                      

Ln(Output per capita) -0.0479*** -0.1476*** -0.1649*** -0.1741*** -0.1551*** -0.1338*** -0.1214*** -0.0997*** -0.2054*** -0.2361*** 

 (0.0168) (0.0151) (0.0100) (0.0064) (0.0046) (0.0025) (0.0061) (0.0078) (0.0196) (0.0288) 

[Ln(Output per 

capita)]2 0.0291*** 0.0347*** 0.0355*** 0.0358*** 0.0347*** 0.0331*** 0.0321*** 0.0306*** 0.0374*** 0.0378*** 

 (0.0011) (0.0010) (0.0007) (0.0005) (0.0003) (0.0002) (0.0004) (0.0006) (0.0014) (0.0019) 

Employment, Growth 

rate 0.0048*** 0.0024 0.0012*** 0.0007 0.0019 0.0053*** 0.0041** 0.0142 0.0145*** 0.0137*** 

 (0.0016) (0.0025) (0.0001) (0.0006) (0.0020) (0.0003) (0.0019) (0.0117) (0.0011) (0.0017) 

ln(Patents) 0.2828*** 0.4786*** 0.4680*** 0.4785*** 0.4826*** 0.5238*** 0.5650*** 0.5848*** 0.6327*** 0.7694*** 

 (0.0101) (0.0164) (0.0116) (0.0113) (0.0094) (0.0105) (0.0120) (0.0111) (0.0107) (0.0256) 

[ln(Patents)]2 -0.0105*** -0.0211*** -0.0212*** -0.0219*** -0.0221*** -0.0245*** -0.0267*** -0.0281*** -0.0312*** -0.0387*** 

 (0.0006) (0.0008) (0.0005) (0.0006) (0.0005) (0.0005) (0.0006) (0.0006) (0.0006) (0.0012) 

Year fixed Effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

 Turning point    705,503.26     84,223.75     62,176.71     55,528.82     55,190.83     43,905.55     39,360.75     33,047.26     25,321.85     20,755.54  

Constant -12.9507*** -13.0740*** -12.6104*** -12.4264*** -12.4610*** -12.5737*** -12.6748*** -12.6433*** -12.1550*** -12.2875*** 

 (0.0829) (0.0952) (0.0689) (0.0586) (0.0487) (0.0530) (0.0655) (0.0593) (0.0904) (0.1615) 

           
Observations 45,264 45,264 45,264 45,264 45,264 45,264 45,264 45,264 45,264 45,264 

Robust standard errors in parentheses         
*** p<0.01, ** p<0.05, * p<0.1         
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Table 7: FEQR results, More-developed Provinces 

           
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

VARIABLES 0.10 0.20 0.30 0.40 0.5 0.60 0.70 0.80 0.90 0.95 

                      

Ln(Output per capita) 0.4115*** 0.3367*** 0.3074*** 0.2757*** 0.2432*** 0.2127*** 0.1881*** 0.2230*** 0.1002*** 0.1447*** 

 (0.0239) (0.0308) (0.0207) (0.0112) (0.0215) (0.0146) (0.0129) (0.0120) (0.0268) (0.0223) 

[Ln(Output per capita)]2 0.0088*** 0.0129*** 0.0146*** 0.0162*** 0.0183*** 0.0201*** 0.0213*** 0.0190*** 0.0260*** 0.0222*** 

 (0.0014) (0.0019) (0.0012) (0.0007) (0.0013) (0.0009) (0.0008) (0.0008) (0.0016) (0.0013) 

Employment, Growth 

rate 0.0086 -0.0010 0.0018 -0.0011 0.0017 0.0166*** 0.0162*** 0.0153*** 0.0144*** 0.0137 

 (0.0054) (0.0157) (0.0131) (0.0066) (0.0148) (0.0035) (0.0043) (0.0058) (0.0043) (0.0155) 

ln(Patents) -1.0330*** -1.0275*** -0.9056*** -0.9992*** -1.1063*** -1.3246*** -1.6429*** -1.8473*** -1.8948*** -1.9190*** 

 (0.0844) (0.0659) (0.0618) (0.0517) (0.0625) (0.0626) (0.0670) (0.0800) (0.0903) (0.0781) 

[ln(Patents)]2 0.0381*** 0.0372*** 0.0312*** 0.0345*** 0.0383*** 0.0477*** 0.0610*** 0.0692*** 0.0702*** 0.0698*** 

 (0.0037) (0.0029) (0.0027) (0.0022) (0.0027) (0.0027) (0.0029) (0.0035) (0.0038) (0.0035) 

Year Fixed Effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

Patent Threshold Level 771761.193 994985.926 2008342.9 1945752.64 1872076.4 1071634.93 705310.523 626274.062 726305.857 933240.613 

Constant -6.0869*** -5.4407*** -5.7241*** -4.7903*** -3.8500*** -2.3574*** -0.2266 1.0185** 2.1040*** 2.6146*** 

 (0.4924) (0.3804) (0.3586) (0.2978) (0.3614) (0.3594) (0.3880) (0.4608) (0.5497) (0.4684) 

           
Observations 17,274 17,274 17,274 17,274 17,274 17,274 17,274 17,274 17,274 17,274 

Robust standard errors in parentheses          
*** p<0.01, ** p<0.05, * p<0.1          
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Table 8: FEQR results, Less-developed Provinces 

           
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

VARIABLES 0.10 0.20 0.30 0.40 0.5 0.60 0.70 0.80 0.90 0.95 

                      

Ln(Output per capita) -0.2426*** -0.2728*** -0.2614*** -0.2737*** -0.2727*** -0.2272*** -0.2144*** -0.2115*** -0.3493*** -0.2951*** 

 (0.0332) (0.0084) (0.0133) (0.0069) (0.0081) (0.0118) (0.0145) (0.0129) (0.0283) (0.0433) 

[Ln(Output per 

capita)]2 0.0400*** 0.0409*** 0.0394*** 0.0398*** 0.0397*** 0.0363*** 0.0348*** 0.0349*** 0.0434*** 0.0386*** 

 (0.0023) (0.0006) (0.0009) (0.0005) (0.0006) (0.0008) (0.0010) (0.0009) (0.0020) (0.0030) 

Employment, Growth 

rate 0.0020 0.0017 0.0015 0.0014 0.0014 0.0013 0.0012 0.0010 0.0007 0.0005 

 (0.0107) (0.0022) (0.0037) (0.0023) (0.0019) (0.0018) (0.0040) (0.0034) (0.0073) (0.0103) 

ln(Patents) 0.3183*** 0.3417*** 0.3701*** 0.2416*** 0.2255*** 0.2247*** 0.2377*** 0.2341*** 0.1525*** -0.0964** 

 (0.0261) (0.0247) (0.0225) (0.0181) (0.0161) (0.0152) (0.0166) (0.0234) (0.0468) (0.0438) 

[ln(Patents)]2 -0.0147*** -0.0149*** -0.0167*** -0.0093*** -0.0083*** -0.0082*** -0.0086*** -0.0084*** -0.0042 0.0087*** 

 (0.0016) (0.0014) (0.0012) (0.0010) (0.0009) (0.0009) (0.0010) (0.0013) (0.0026) (0.0024) 

Year Fixed Effects Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** Yes*** 

Patent Threshold 50338.7588 95458.1254 64915.2806 437681.743 793601.995 891998.306 1004265.96 1126384.84 76650133.5  

Constant 

-

11.2856*** 

-

10.9298*** 

-

10.8010*** 

-

10.0335*** -9.9272*** -9.9220*** -9.9336*** -9.8015*** -8.6474*** -7.3654*** 

 (0.1684) (0.1144) (0.1145) (0.0872) (0.0774) (0.0799) (0.0924) (0.1163) (0.2366) (0.2605) 

           
Observations 41,766 41,766 41,766 41,766 41,766 41,766 41,766 41,766 41,766 41,766 

Robust standard errors in parentheses         
*** p<0.01, ** p<0.05, * p<0.1          
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Appendix 

Figure S1: Distribution of CO2 emissions by quintiles 
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Table S1: Data definitions and sources. 
Variables Definition Unit Source 

CO2 CO2 emissions, by 32 sectors and 30 provinces from 2003-2016 Million tonnes 
China Emission Accounts and Datasets 

www.ceads.net 

Sector classification Energy-intensive sectors and other sectors  China Statistics Yearbook 

Province classification More-developed provinces and less-developed provinces  
Author-calculated, K-means cluster by 

Stata 

Number of Domestic Patents Application 

Accepted 
Patents, number of, by 30 provinces from 2003-2016 Count units China National Statistics Website 

Employment growth rate population growth rate, by 30 provinces from 2003-2016 Percentage (%) Author calculated 

Output Output, by 32 sectors and 30 provinces from 2003-2016 Billions of dollars China Industry Statistical Yearbook 

Employment Employment, by 32 sectors and 30 provinces from 2003-2016 10000 people China Industry Statistical Yearbook 

Output/population Output divided by population, by 30 provinces from 2003-2016 10000 Dollars Author calculated 
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Table S2 List of the 30 Chinese provinces 

All provinces(30) Less-developed province(22) More-developed province(8) 

Beijing  √ 

Tianjin  √ 

Hebei √  

Shanxi √  

InnerMongolia √  

Liaoning  √ 

Jilin √  

Heilongjiang √  

Shanghai  √ 

Jiangsu  √ 

Zhejiang  √ 

Anhui √  

Fujian √  

Jiangxi √  

Shandong  √ 

Henan √  
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Hubei √  

Hunan √  

Guangdong  √ 

Guangxi √  

Hainan √  

Chongqing √  

Sichuan √  

Guizhou √  

Yunnan √  

Shaanxi √  

Gansu √  

Qinghai √  

Ningxia √  

Xinjiang √  
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Table S3 List of the 32 sectors 

All sectors (32 sectors) Less energy-intensive sector(26) More energy-intensive sector(6) 

Farming, Forestry, Animal Husbandry, Fishery and Water Conservancy √  

Coal Mining and Dressing √  

Petroleum and Natural Gas Extraction √  

Ferrous Metals Mining and Dressing √  

Nonferrous Metals Mining and Dressing √  

Nonmetal Minerals Mining and Dressing √  

Food Processing √  

Food Production √  

Beverage Production √  

Tobacco Processing √  

Textile Industry √  

Garments and Other Fiber Products √  

Papermaking and Paper Products √  

Petroleum Processing and Coking  √ 

Raw Chemical Materials and Chemical Products  √ 
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Medical and Pharmaceutical Products √  

Chemical Fiber √  

Nonmetal Mineral Products  √ 

Smelting and Pressing of Ferrous Metals  √ 

Smelting and Pressing of Nonferrous Metals  √ 

Metal Products √  

Ordinary Machinery √  

Equipment for Special Purposes √  

Transportation Equipment √  

Electric Equipment and Machinery √  

Electronic and Telecommunications Equipment √  

Instruments, Meters, Cultural and Office Machinery √  

Production and Supply of Electric Power, Steam and Hot Water  √ 

Construction √  

Transportation, Storage, Post and Telecommunication Services √  

Wholesale, Retail Trade and Catering Services √  

Others services √  
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Table S4: IV-RE results 

      

  (1) (2) (3) (4) (5) 

VARIABLES Full Sample 

Energy Intensive 

Sectors 

Other 

Sectors 

More-developed 

Provinces 

Less-developed 

Provinces 

            

Ln(Patents) 0.737*** 0.446*** 0.710*** 11.55*** 0.544*** 

 (0.0573) (0.112) (0.0643) (2.952) (0.109) 

[ln(Patents)]2 -0.0359*** -0.0221*** -0.0356*** -0.478*** -0.0260*** 

 (0.00260) (0.00507) (0.00296) (0.120) (0.00512) 

Ln(Output per capita) -0.152*** 0.455*** -0.182*** 0.675*** -0.233*** 

 (0.0138) (0.0505) (0.0143) (0.0940) (0.0156) 

[Ln(Output per 

capita)]2 0.0410*** 0.00458 0.0422*** -0.00195 0.0447*** 

 (0.00101) (0.00337) (0.00107) (0.00564) (0.00121) 

Employment, Growth 

rate 0.00211*** 0.00147*** 0.00725*** 0.0137*** 0.00136*** 

 (0.000278) (0.000321) (0.000770) (0.00155) (0.000299) 

      

      

Constant -13.69*** -12.30*** -13.87*** -83.35*** -12.32*** 

 (0.297) (0.547) (0.330) (18.35) (0.600) 

Hausman Test 790.6*** 28.6*** 166.9*** 46.00*** 1991*** 

Year fixed effects Yes*** Yes*** Yes*** Yes*** Yes*** 

Observations 59,040 13,776 45,264 17,274 41,766 

Number of panel_id 5,298 1,074 4,224 1,446 3,852 

Standard errors in parentheses     

*** p<0.01, ** p<0.05, * p<0.1     

 

 

 

 


