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Overview

Understanding the geographic distribution of sources of carbon dioxide emissions can aid policy in combating climate change. The geographic distribution of emissions does not affect the climatic impact of greenhouse gas emissions, but the distribution of economic activity and energy consumption does affect local regions which are the source of emissions. Combating global climate change will require multilateral, international agreements, but the fight against local climate change causes will start at home. This is particularly true in China which surpassed the US to become the largest aggregate emitter of CO2 emissions in 2006. Since the market-oriented reforms of 1978, China, as a whole, has experienced remarkable economic growth accompanied by a very high demand for energy consumption. Meanwhile, the level of unbalance in economic growth and energy consumption among different regions in China was quite high. Therefore, in order to mitigate its own emissions, China must first have a look inward at the geographic distribution of the drivers of its emissions. Arguably, mitigation policies will come at the expense of economic growth in some or all regions of China, which in turn will affect the political economy of implementing such policies at the province and national level.
In this particular study, CO2 is measured as function of the consumption of coal, natural gas, and petroleum. This estimate of CO2 emissions based on energy consumption is frequently used as a proxy for actual emissions since carbon dioxide emissions are highly related to energy consumption (Blasing et al., 2004). Therefore, factors that influence CO2 emission intensity also influence energy intensity. Past studies have found that the main factors driving China’s environmental emissions are pressures from population, urbanization, industrialization, GDP per capita and energy intensity. Other factors, such as technological advancement, industrial structure change and energy prices have also been identified as important determinants of emissions (Kambara, 1992; Fan et al., 2006; Hang and Tu, 2007; Ma and Stern, 2008; Lin et al., 2009; Li et al., 2011). A possible shortcoming of previous studies within this literature is that all assume that inter-jurisdiction regions to be cross-sectional independent and the spatial interaction effects are ignored. Anselin (1998) and LeSage and Pace (2009) point out that the a local region’s characteristics may depend on its neighbors; therefore, ignoring spatial dependence would lead to model misspecification or create biased estimated parameters in an ordinary least squares framework. Auffhammer and Carson (2008) use a spatial econometrics model to forecast China’s emissions using province-level information. The authors found that incorporating spatial dependence into their regression model, in general, improved forecasts. However, they did not explore different data generating processes for the spatial dependence, nor did they offer a rigorous interpretation of the spatial impacts. These small deficiencies, therefore present a gap in the literature.
Methodology
This paper uses a panel data of China’s 30 provinces and municipalities for the period 1991-2010. The dependent variable is provincial level CO2 emission intensity which is defined as CO2 emissions per unit GDP. The explanatory variables include per-capita GDP, energy prices, population density, the ratio of coal consumption to total energy consumption, and the total length of highways. 
This study chooses the binary contiguity matrix as the weighting matrix. First, this study uses Moran’s I index to measure the global spatial autocorrelation of China’s overall CO2 emission intensity. The results indicate a statistically significant, positive spatial correlation over this twenty year period. Second, a Moran’s I scatterplot has been employed to further examine the clustering of among provinces. The results imply that China has significant clustering of emission intensities in high-emission intensity provinces and low-emission intensity provinces for the periods of observation. Therefore, we use a spatial panel data model to analyze the drivers of emissions at the provincial level in China.
In this study, we estimate the spatial panel data models by using three basic models: SAR (spatial autoregressive model), SEM (spatial error model) and SDM (spatial Durbin model). We follow the specification tests outlined in Elhorst (2012). Firstly, Lagrange Multiplier (LM) tests imply the spatial model is more appropriate than non-spatial model; secondly, Likelihood ratio (LR) tests indicate the spatial fixed effects and time-period fixed effects are jointly significant; thirdly, Hausman test implies the fixed effects model is more appropriate than random effects model; finally, Wald test and LR test indicate that both the SAR model and SEM model are rejected in favor of the SDM model.
Results

Since the specification tests point in favor of a SDM specification, the sensitive analysis of the result of SDM model imply that:

(1)
an improvement in the economic performance at the provincial level will lead to a decrease of CO2 emission intensity (as reflected in the coefficient on per-capita GDP);

(2)
an increase in the ratio of coal consumption to total energy consumption lead to an increase in emission intensity;

(3)
an increase in the total length of highways (proxy of the transportation sector activity) will lead to an increase in CO2 emission intensity;

(4)
an increase in population density is associated with a decrease of the CO2 emission intensity;

(5)
no statistically significant relationship between energy prices and CO2 emission intensity. 
Consistent with LeSage and Pace (2009), we use the spatial panel data model to calculate direct (impacts on own-province emission intensity) and indirect effects (average cumulative impacts on neighboring-province emission intensity) of the explanatory variables. The results reveal that the direct effects of all the explanatory variables (with the exception of energy prices) are statistically significant. Three of the explanatory variables have significant indirect effects.
Conclusions

In conclusion, our results suggest: (1) economic development can still be compatible with CO2 emission mitigation; (2) increasing population density leads to agglomeration effects which decrease emission intensity; (3) coal consumption intensity is placing increasing pressure on emission intensities; (4) governmental fuel efficiency standards may reduce emission intensity in the transportation sector; (5) governmental subsidies and price controls artificially keep Chinese energy prices below true market cost in order to stimulate economic growth..
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