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Abstract

:

The rapid urbanization and growing population aging have become salient features in China. Understanding their impacts on household emissions is crucial for designing mitigation policies for household carbon emissions. By integrating Chinese older household survey data with an unconditional quantile regression model, this paper examines the heterogeneous impacts of household characteristics on indirect carbon emissions of older Chinese households. There are three main findings: (1) The effects of urbanization on emissions at different quantiles of carbon emissions appear to be inverted U-shaped, which means that the rise of urbanization level increases carbon emissions more at the middle than at the bottom or the top, and helps to alleviate carbon emission inequality, (2) though carbon emissions rise with the increase of income, there is a clear urban-rural divide in the effects of income on carbon emissions, and (3) the rise in the share of well-educated people contributes to the increase in carbon emissions. The higher the degree of education is, the larger the impact is. These findings contribute to understanding the determinants of carbon emissions and are helpful for policymakers to design targeted policies in reducing carbon emissions from the consumption-side.
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1. Introduction


Studying the indirect carbon emissions of the household and its key drivers becomes increasingly important, particularly for China. Deep cuts in carbon emissions are unlikely to be fulfilled through technological change alone. Reducing carbon emissions from households attracts considerable attention recently [1]. Given that the sole purpose of all production is ultimately consumption, a majority of energy utilization and the associated carbon emissions in a country come from the household sector (more than 80% for U.S. [2], 75% for India [3], 52% for Korea [4], and 61% for Japan [5]), the need to cut carbon emissions from the consumption-side has been emphasized lately [6]. Moreover, studies show that indirect, or embedded energy consumption and the related carbon emissions of households are becoming increasingly important in designing effective emission reduction policies. For example, indirect carbon emissions constitute the 71% to 78% of household carbon footprints in Greece during the study period 1995–2012 [7], and most of China’s household energy utilization is also indirect [8]. Indirect carbon abatement is especially important and challenging for China in achieving its emission reduction target. China is the largest emitter of CO2 in the world, and it has recently laid a strong emphasis on the promotion of domestic consumption and economic growth, which will continuously give rise to the direct and indirect CO2 emissions from households. Considering that indirect CO2 emissions are responsible for a major part of the total emissions, the carbon emission reduction target cannot be fulfilled without special attention to the increasing indirect carbon emissions.



It is of vital significance to study the determinants of indirect CO2 emissions of Chinese older households. China is experiencing both rapid urbanization and growing population aging, which have a crucial influence on carbon emissions. In addition to the significant impact of urbanization on resident consumption and carbon emissions, there is evidence that the rapid shrinking of the younger generation and the rapid growth in the older population will put increasing pressure on the environment [9,10]. Meanwhile, the consumption behavior of older people is clearly different from that of other groups, and it is predicted that changes in age structure in the coming decades will affect household consumption patterns and the related carbon emissions in many countries [11].



This paper synthesizes three corpus of literature on household energy consumption or carbon emissions. First, some studies focus on approaches to quantify the indirect carbon emissions from household consumption activities. In summary, three kinds of major approaches are widely used in different countries or regions [12], which are the input-output model, the life cycle assessment method, and the consumer lifestyle approach. Based on the input-output model, Yuan et al. calculated the regional indirect carbon emissions from residential consumption in China in 2002 and 2007 [13]. Ma et al. estimated and compared the carbon emissions from household energy consumption in 2002, 2005, 2007, and 2010 between China and the USA [14]. By employing the life cycle assessment method, Shen et al. quantified the CO2 emissions from China’s cement industry in 2011 [15]. Heinonen et al. presented a carbon consumption comparison of rural and urban lifestyles in Finland [16]. As for the application of the consumer lifestyle approach, Feng et al. analyzed the impact of consumption by urban and rural households on energy use and CO2 emissions for different regions and income levels in China [17]. Xu et al. surveyed the household carbon inequality in urban China and analyzed its sources and determinants using weighted household survey data [18]. Second, several empirical studies conduct comparative analyses on differences in household carbon emissions among various income groups. By using survey data on Chinese urban households, Golley and Meng investigated variations in carbon emissions across households with different incomes [19]. Zhang et al. estimated carbon emissions from rural energy utilization in various regions of China, and found significant regional disparities in carbon emissions due to differences in regional climates and economic development levels [20]. By grouping the provinces in mainland China into four economic regions, Yuan et al. explored the regional variations of impacts of urbanization, the consumption ratio, and the consumption structure on residential indirect carbon emissions from 2002 to 2007 [13]. By applying the structural decomposition model, Wang et al. examined the driving forces that affect CO2 emissions from China’s residential consumption in the context of sustainable consumption [21]. Ma et al. analyzed the differences of indirect carbon emissions from household consumption in 2002, 2005, 2007, and 2010 between the USA and China [14]. Lopez et al. assessed household carbon footprints for different income groups before and after the Great Recession in Spain [22]. Wiedenhofer et al. presented distribution-focused carbon footprints for Chinese households and applied a carbon-footprint-Gini coefficient to measure inequalities in carbon emissions [23]. Sommer and Kratena calculated the carbon footprints of private consumption in the EU27 through five income groups of households, and found that there is a non-linear income elasticity of emissions at each income level [24].



Third, several studies apply survey data to study the relationship between household carbon emissions and its influencing factors. Brand et al. examined the association between household socioeconomic factors and household direct or indirect carbon emissions in the UK [25]. Sun et al. applied the Tobit and OLS models to examine the influencing factors of direct energy expenditures in China and found that urbanization is the main driving factor [26]. In a comparative analysis, Han et al. showed how household characteristics differ in their associations with indirect carbon emissions at different levels of income by applying a conditional quantile regression (CQR) [27]. Allison et al. showed that there are differences in the relative contributions of gas, electricity, and personal transport to household total carbon emissions, respectively [28]. Olaniyan et al. concluded that income, family size, motorization, and the literacy ratio are the major driving factors of household carbon emissions in Nigeria [29]. Christis et al. demonstrated that some socioeconomic factors such as the level of education and household size are closely related to income distribution, which has an important impact on household carbon footprints in Belgium [30]. The relationship between education and carbon emissions, however, is not conclusive. Baiocchi et al. discovered that education and total carbon emissions are positively correlated, yet high education tends to reduce emissions, which shows the hypothesis that awareness of environmental problems rises with high education [31]. Brand and Preston demonstrated that people who attended university or full-time education (a proxy for high education) have significantly higher transportation emissions [32]. Lenzen et al. found a negative association between emissions and high education for Australia but a positive association for Brazil and India, arguing that high education is a privilege of the rich in the latter and, thus, is related to high emissions. This suggests that the relationship between education and energy requirements is not clear cut [33]. Golley and Meng discovered that the education level of the household head has a significant positive impact on household indirect carbon emissions. Büchs and Schnepf illustrated that high education is positively related to all areas of emissions, which suggests that increasing the education level alone is unlikely to tackle household carbon emissions [34]. Boehm et al. found that white households and those with higher education levels generate more greenhouse gas emissions from food spending compared to non-white and less educated households [35]. In addition, some studies focus on the impact of age on household CO2 emissions. Yu et al. discovered that the transition of households to small size and aging leads to rapid growth in energy utilization and CO2 emissions [36]. Büchs and Schnepf illustrated that low income, jobless, and elderly families tend to have higher emissions [34]. Wilson et al. found that household size, income, age, and marital status are all statistically correlated with the direct CO2 emissions in Canada [37].



Some influencing factors of household carbon emissions such as income, education, and rural/urban location are related with each other. While bivariate analysis may find that each of these characteristics is associated with emissions, multivariate analysis is required to determine whether or not characteristics such education or rural location remain associated with emissions after income is controlled for [34]. Therefore, multivariate analysis is applied to control for relationships between different factors. Previous studies show that the multivariate ordinary least square (OLS) regression is widely used in the determinants of household CO2 emissions [19]. However, it is a kind of mean reversion method, which treats the effects of influencing factors on carbon emissions as the same, irrespective of the distribution of the outcome variable, which makes the results less accurate and complete. Even if some studies applied CQR [27], the interpretation of the coefficients is still limited, which leads to the results not generalizable or interpreted in a policy or population context. As a result, the estimated effects from the OLS regression or CQR are not enough to present relevant policy suggestions related to these covariates.



By integrating Chinese older household survey data with an unconditional quantile regression (UQR) model, this paper aims to examine the heterogeneous effects of household characteristics on the indirect carbon emissions of Chinese older households. We made efforts to contribute to the literature that focus on CO2 emission reduction from the perspective of the consumption side in the context of urbanization and population aging, which provides more realistic and meaningful insights for policymakers. Our second contribution is the insights that are revealed through the application of the UQR methodology. It seems very unlikely that high-carbon households and low-carbon households react to changes in influencing factors of CO2 emissions in the same way that the prevailing OLS method reveals. For example, Zheng et al. discovered that the distributions per capita carbon emissions at the 10th and 90th quantiles are very different [38]. Based on the quantile regression model, Xu and Han evaluated the heterogeneous impacts of consumer credit on household carbon emissions [39]. Rong et al. employed the quantile regression model to analyze the influencing factors of indirect household carbon emissions and found that household features, housing characteristics, lifestyles, and consumption patterns have different impacts on per capita household carbon emissions [40]. More importantly, Borah and Basu demonstrated that, even if CQR can help understand the differential effects of covariates along with the distribution of a response variable, it may generate results that are often not generalizable or interpretable in a policy or population context [41].



The paper is structured as follows. Section 2 provides the methodology and data. Section 3 presents the empirical results on the effects of urbanization on carbon emissions over different quantiles, and also discusses the key drivers of the household indirect CO2 emissions in urban and rural areas, respectively. Section 4 provides further discussions and policy implications.




2. Materials and Methods


2.1. Calculation of Indirect Carbon Emissions


To quantify the indirect carbon emissions of Chinese older households, we first determine sector-specific carbon emission intensities by means of input-output (IO) analysis and total carbon emissions for each sector from the world input-output database (WIOD) [42]. We then link these sector-specific carbon emission intensities to data on household expenditures to obtain the CO2 emissions of different households.



As stated in the introduction, indirect CO2 emissions are mainly calculated in three ways, and the advantage of the IO method lies in the complete and systematic coverage of the entire upstream supply chains especially of all the indirect linkages. In this paper, we rely on IO analysis to identify each household’s CO2 emissions embedded in the production of goods and services, and calculate    C k   . The indirect CO2 emissions of a specific household  k  are as follows.


   C k  = D   ( I − A )   − 1    E k  ,  



(1)




where  D  is the row vector of direct emission intensities in each sector, and  A  is the inter-sector matrix of direct input coefficients, Thus,     ( I − A )   − 1     is the Leontief inverse matrix.    E k    is the household    k ′  s   consumption expenditures on goods and services.




2.2. Unconditional Quantile Regression


To design effective CO2 emission reduction policies, policymakers need to know which household features are related to CO2 emissions. Furthermore, since the impacts of household features on carbon emissions are not the same at various levels of CO2 emissions, it is necessary to analyze the differential effects of covariates along with the distribution of carbon emissions. Compared with CQR, UQR gives more interpretable results as it marginalizes the effects over the distributions of other covariates in the model.



Quantile regression, which was introduced by Koenker and Bassett [43], presents a pragmatic approach for understanding the differential effects of covariates along with the distribution of an outcome. For the purpose of estimating CQR, the   τ th   conditional quantile of a random variable  Y  (e.g., household carbon emissions) is assumed to be a linear function of randomly distributed exogenous factors  X  (e.g., income, age).


   q  Y | X   ( τ ) [ Y ] = X  β τ  ,  



(2)




where  τ  takes values between 0 and 1,   0 < τ < 1  . The equation implies that the carbon emissions    y i    of household  i  with   τ =  τ i    are exactly equal to    x i   β   τ i     , where    x i  s   are the characteristics of household  i . Similar to the standard OLS, the parameter    β τ    are estimated by minimizing the following criteria.


     arg min     β τ      ∑ i    ρ τ  (  y i  −  x i   β τ  )   ,  



(3)




where    ρ τ  (  y i  −  x i   β τ  ) = (  y i  −  x i   β τ  ) ( τ − 1 )   if    y i  ≤  x i   β τ    and    ρ τ  (  y i  −  x i   β τ  ) = (  y i  −  x i   β τ  ) τ   if    y i  >  x i   β τ   .



CQR allows the coefficient estimate    β τ    to be different for different quantile functions. However, it can only be used to measure the effect of a covariate on the quantile of the outcome conditions on specific values of other covariates and may generate results that are not easy to generalize or explain in a policy or population context. In contrast, the UQR method provides more interpretable results, as the object of interest of UQR is the marginal effect on the unconditional quantile of a small increase in the characteristics  X .


  β ( t ) =   lim   t → 0      q Y    τ  [ h ( X + t , ε ) ] −  q   Y τ    [ h ( X , ε ) ]  t  ,  



(4)




where carbon emissions  Y  are a function of observed features  X  and unobserved features  ε , and    q Y    τ  [ Y ]   is the   τ th   quantile of the unconditional distribution of  Y . The method is rather general since it does not only investigate the impact on a particular quantile but also on other measures of the carbon emissions’ distribution such as the mean. Moreover, the quantile regression techniques are fairly robust when compared to the outliers, which is a highly desirable property given the use of household survey data prone to a measurement error.



The unconditional marginal effect is estimated using the two-step procedure proposed by Firpo et al. [44]. The first stage involves estimating the re-centered influence function (RIF) for each individual.


   R I F =  q   Y τ    +   τ − 1    f Y  (  q   Y τ    )       if   Y ≤  q   Y τ        and   R I F =  q   Y τ    +  τ   f Y  (  q   Y τ    )       if   Y >  q   Y τ    ,   



(5)




where the density of carbon emissions    f Y    is measured using a Gaussian kernel estimator. In the second stage, the RIF is regressed on the explanatory variables X using OLS, and, hence, the probability for an individual to have carbon emissions above a certain quantile is assumed to be linear in the observed characteristics. Since the RIF takes only two different values, a logistic estimator is a natural choice for the second-stage estimation.




2.3. Data Sources and Processing


We adopt data from a variety of sources in this paper. First, we obtain survey data from the China Health and Retirement Longitudinal Study (CHARLS) for 2013, which was performed by Peking University. The main respondents in CHARLS are aged 45 or older, and it is high-quality survey data that provides families and individuals information of middle-aged and older people in China. At the same time, CHARLS presents detailed household expenditures on 24 items of goods and service, from which we can estimate household CO2 emissions and incomes. The survey data also provides household demographic features and certain other socio-economic characteristics. Based on Duarte et al. [45] and Xu et al. [46], the determinants of the household CO2 emissions in China selected are income, age, education, household size, and the location of the economic regions. Whether the household resides in urban or rural areas is also included. These variables and their descriptions are shown in Table 1.



Second, to calculate carbon emission intensity for each sector, we apply China’s input-output table for 35 sectors for 2007 and sectoral CO2 emissions data from WIOD. After merging the 35 sectors into 32 sectors, we then disaggregate the 24 specific expenditure items into 32 sectors based on information from China’s input-output table for 135 sectors for 2007. All the prices of goods and services in 2013 are converted in constant prices of 2007. Table 2 presents key summary statistics of household carbon emissions and other variables. In addition, Figure 1 illustrates the density function of log per capita indirect carbon emissions for the whole sample, as well as for the urban and rural households, respectively.



While the data we used in this paper are different from other studies, we can still see that our calculations of indirect carbon emissions are very reliable. For example, the average per capita indirect carbon emission for all Chinese older households is 6.299/3.486 = 1.81 tons in 2013, which is in line with the average per capita CO2 emissions (1.7 tons) in China in 2012 [23]. Moreover, the urbanization rate is 47.9% in 2013, which is smaller than that of 53.73% calculated by the National Bureau of Statistics of China. In addition, the average per capita indirect CO2 emissions are 3.03 tons for urban households and 1.29 tons for rural households, respectively, which indicates that there is a large gap of indirect carbon emissions between urban and rural households. Furthermore, when looking at the density of log per capita indirect CO2 emissions in Figure 1, we notice that there is also a large disparity in indirect CO2 emissions among urban or rural households, which has been found in several studies [18,19,23].





3. Results


3.1. Effects of Urbanization on Indirect Carbon Emissions


To explore the association between urbanization and indirect CO2 emissions over the quantiles of the dependent variable, we first perform UQR with data from the whole sample. Table 3 reports the estimated coefficients of log per capita indirect CO2 emissions on the probable influencing factors for the 10th, 25th, 50th, 75th, and the 90th quantiles. The results from UQR and standard OLS are shown in Table 3. Furthermore, Figure 2 gives the plot of coefficients of urbanization on household CO2 emissions at different quantiles.



Overall, as shown in Table 3, income, marital status, and the education of all levels are positively correlated with indirection carbon emissions. Furthermore, the higher the education level is, the larger the effect on indirect carbon emissions is. Similar to the results from other studies where larger households are associated with lower levels of per capita energy use in the Organization for Economic Co-operation and Development (OECD) countries [47], we also notice that there is a negative relationship between indirect carbon emissions and household size, which indicates the existence of economies of scales for households.



As shown in Table 3 and Figure 2, the coefficients of urbanization at most quantiles are positive. Note that Firpo et al. provided the interpretation of the coefficient on the dummy variable by UQR [44], we may conclude that, if the coefficient on urbanization takes a value of 1, then it can be interpreted as the impact on indirect carbon emissions for raising the proportion of population living in urban areas by one percentage. On average, one percentage point increase in the share of urban households in total households raises indirect carbon emissions by 0.447%. However, the effects of urbanization on indirect carbon emissions are not evenly distributed. As can be seen from Figure 2, the impacts of urbanization on per capita indirect carbon emissions becomes much stronger since it moves from the low carbon emitters to the middle carbon emitters. Then it moves down to the high-carbon emitters, which means that there exists an inverted U-shaped curve. As a result, the inverted U-shaped curve indicates that one percentage point increase in the share of the urban households in total households gives rise to indirect carbon emissions more at the middle than at the top or the bottom. In other words, the rise of the urbanization level helps reduce the indirect carbon emission inequality.



Not surprisingly, urbanization has a positive impact on household CO2 emissions. With the rapid progress of urbanization in China, residents keep moving from rural to urban areas, and are faced with all kinds of transformations, including housing, energy consumption, commuting modes, and lifestyles, even though the incomes remain unchanged. All these will result in rapid increases in household CO2 emissions. Moreover, there exists an inverted U-shaped curve regarding the effects of urbanization on household carbon emissions, which indicates that urbanization tends to increase carbon emissions more at the middle than at the top or the bottom. Therefore, the rise of the urbanization level may lead to more carbon emissions in its early stage and reduce the inequality in household carbon emission.




3.2. Determinants of Per Capita Indirect Carbon Emissions in Urban China


As previously mentioned, because clear urban-rural discrepancies of energy utilization and the related carbon emissions can be observed in China, it is imperative to examine the determinants of indirect CO2 emissions in urban and rural China, respectively. Table 4 presents the results from UQR using a sample of 13,541 observations in urban households in China. To be concise, Table 4 only provides the UQR results at the 25th percentile, 50th percentile, and 75th percentile. For the sake of comparability, Table 4 also presents the standard OLS estimates with standard errors.



Similar to the estimates in Table 3 from the whole sample, the impact of income on indirect carbon emissions for urban China is positive. Meanwhile, income tends to increase indirect carbon emissions both for high carbon emitters and low carbon emitters. On average, a 10-percentage point increase in income raises the indirect carbon emissions by 2.06%. However, the effect of income on log per capita indirect CO2 at the bottom is larger than at the top, and it decreases from 0.232 at the 25th quantile to 0.197 at the 50th quantile and reaches 0.172 at the 75th quantile. This means that the increase of income helps decrease the carbon emissions’ inequality of the urban households.



Furthermore, in most cases, there is a positive relationship between indirect carbon emissions and education of the household head. Similarly, the higher the education level is, the more the household indirect carbon emissions are. Since education leads to more carbon emissions at the bottom than at the top, it also helps reduce carbon emission inequality. We can also see that the number of household members is negatively associated with indirect CO2 emissions. Compared to the estimates 0.103 from the OLS results, the coefficient on the marital status decreases from 0.204 at the 25th quantile to 0.075 at the 50th quantile, before turning negative (−0.069) at the 75th quantile. Not surprisingly, the location of economic regions helps reduce household indirect carbon emissions. What draws more attention is that the age of the household head is negatively associated with indirect CO2 emissions and there is no significant difference among the three quantiles.




3.3. Determinants of Per Capita Indirect CO2 Emissions in Rural China


Table 5 presents the estimation results for log per capita indirect CO2 in rural China. As can be seen from Table 5, income tends to increase carbon emissions for all quantiles. On average, a 10-percentage point increase in income gives rise to indirect carbon emissions by 0.96%. Meanwhile, there is also a positive relationship between CO2 emissions and education of all levels. We still see that the higher the education level is, the more the carbon emissions are. As expected, household size also helps decrease carbon emissions. However, the coefficient on the location of the economic region is not significant at most of the quantiles in this situation. Similar to the results for urban households, age also helps reduce carbon emissions at all quantiles.




3.4. Different Effects of Determinants between Urban and Rural Households


The results in Table 4 and Table 5 strongly confirm the point discussed above that there exist significant differences in the determinants of indirect CO2 emissions between urban and rural households. The differences between the estimated impacts of income and education levels on CO2 emissions for urban and rural households are illustrated in more detail in Figure 3, Figure 4, Figure 5 and Figure 6, which plot the UQR estimates of income and education of different levels with their confidence interval (shaded areas) at different quantiles. The results are compared with standard OLS estimates (horizontal lines) and its confidence intervals (dashed lines) at the corresponding quantiles.



3.4.1. Income


As indicated in Figure 3, the effect of income on indirect CO2 emissions for urban households is very different from that of rural households. Though the coefficients on income are both positive for urban and rural households, the OLS estimate of income for urban households is 0.206, which is twice of the value for rural households (0.096). In addition, the effect of income on indirect CO2 emissions for urban households is smaller at the high quantiles than that at the lower quantiles. However, the effect of income on indirect CO2 emissions of rural households decreases until it reaches the 35th quantile, and then increases slowly and rapidly rises after it passes the 80th quantile.



As expected, rich households usually generate more carbon emissions per capita, which has been repeatedly confirmed in the literature [34]. However, this paper applies UQR to urban and rural households, respectively, and finds that the impacts of income on household carbon emissions are much more complex. On one hand, we find that the average effect of income on household CO2 emissions of urban households is much larger than that of rural households. While income and consumption of rural households have grown faster than that of urban households recently, there are still serious inequalities in income and carbon emissions between urban and rural households. Higher income elasticity of CO2 emissions of urban households implies that inequality in carbon emissions will continue to expand. On the other hand, there are clear urban-rural discrepancies in the effects of income on household carbon emission over different quantiles. To be more specific, for urban households, the impact of income on household CO2 emissions decreases monotonously with the increase of carbon emissions, but, for rural households, it starts to increase when it passes the 35th quantile. All these together indicate that, if the trends continue, inequality in household carbon emissions will decrease in urban areas as well as rise in rural areas.




3.4.2. Education


Looking at the relationship between indirect CO2 emissions and education of the household head illustrates the differences between urban and rural households. Considering, for example, the household head with primary school education, we can see that the coefficient is larger at the low quantile than that of the high quantile for both the urban and rural households. On average, a 10-percentage point increase in the share of the household head have primary school education leads to an increase of indirect carbon emissions by 1.15% for urban households, which is more than 0.44% for rural households. In addition, we can see from Figure 4 that there is more similarity in the shape of the lines between Panel (a) and (b). Similar patterns can also be seen from Panel (a) and (b) in Figure 5. For example, we can see that the coefficient on high school education from the standard OLS regression for urban households is 0.341, which is much larger than that of the rural households’ 0.141. Contrary to the downward sloping line in Figure 4 and Figure 5 both for urban and rural households, the estimated results for households with college and above education are very different between urban and rural areas. While the coefficient for urban households is much larger than that of rural households on average, there is little difference at different quantiles, both for urban and rural households.



Although research results regarding the relationship between education and household carbon emissions in the literature remain inconclusive, our results are consistent with findings from the majority of the studiers in China’s case. Findings from Chinese case studies generally show a positive relationship between education and carbon emissions. Golley and Meng, for example, discovered that education is positively associated with household indirect carbon emissions because the more educated households are unaware that their relatively “sophisticated” consumption bundles are relatively carbon intensive [19]. Liu et al. also found that higher educated households in China have higher emission levels possibly because households that are better educated pursue higher living quality. They also indicated that better-educated households prefer more modern and convenient energy sources to traditional biomass, which results in more carbon emissions [48]. Li and Zhou found that a higher education ratio has a positive impact on CO2 emissions in East China [49]. Moreover, education is usually highly correlated with socio-economic status and jobs, which may promote more consumption of carbon intensive items like electronics and appliances [48,50].



With the sample of Chinese older households, we find that an increase in the share of educated households gives rise to household carbon emissions, and higher levels of education are associated with increases in carbon emissions, especially for households whose head has a degree of college and above. Two points are particularly important in this scenario. First, the education level of the household head influences consumption attitude and spending habits, which, in turn, has an effect on carbon activities even after the income factor is controlled for. Though many Chinese older households do have high levels of education, they have not received enough environmental education in the past to form awareness of environmental problems, and, thus, high education contributes little to low carbon practices. This also means that current thoughts on the role of education in affecting greener consumption choices clearly requires further validation. Second, for current Chinese older households, compared to the households with a low level of education, households with a high level of education are more likely to come from rich households, and, thus, are related with high emissions from the beginning. As a result, even if the households with a high education level have the same level of income as the households with a low education level, they may have formed the carbon-intensive consumption patterns and lifestyles and emit more carbon dioxide.




3.4.3. Other Determinants


As for other determinants of indirect carbon emissions, we can see from Table 4 and Table 5 that the increase of the household head’s age decreases indirect CO2 emissions both for urban and rural households, even though the coefficient is much larger in rural households than that of the urban households. In addition, there is a slight difference among urban or rural households at different quantiles, respectively. On average, the marital status of the household head gives rise to indirect CO2 emissions both for urban and rural households. However, the coefficient is not significant at the 50th and 75th quantile for rural households. Household size is negatively associated with indirect carbon emissions for both urban and rural households for reasons already discussed above. For the locations of economic regions, the estimated coefficients are negative at the 25th, 50th, and 75th quantiles if the household lives in Central or Western China, while the results for rural households are mixed. Furthermore, there are significant disparities in household carbon emissions among regions in China, which result from differences in income level, lifestyles, energy consumption, and climate conditions [45,51,52].






4. Discussion


It is widely acknowledged that deep cuts in carbon emissions are unlikely to be fulfilled through technological change alone, and it has become imperative to cut CO2 emissions from the consumption-side. Studying the determinants of household CO2 emissions can inform mitigation policy development. In view of the facts that various socio-economic groups have different CO2 emissions, as well as China experiencing rapid population aging, we focus on the key drivers of indirect CO2 emissions of older Chinese households, and analyze the heterogeneous effects of the influencing factors on household carbon emissions by applying UQR in order to put forward effective emission reduction policies.



By integrating older Chinese household survey data with the UQR model, this paper examined the heterogeneous impacts of household characteristics on indirect CO2 emissions of older Chinese households. We made efforts to strengthen the literature from the perspective of the consumption side in the context of urbanization and population aging, which provides more realistic and meaningful insights for policymakers. The input-output method in this study is more comprehensive and produces high quality estimates of indirect carbon emissions. The UQR model allows estimating the influences of the potential determinants on all parts of carbon emission distribution and is, thus, better suited to answer questions about the key drivers of carbon emissions than the standard OLS model. Identifying the key drivers of carbon emissions of older Chinese households and their heterogeneous effects on carbon emissions gives policymakers critical information on emissions reduction. First, policymakers should take measures to promote low-carbon cities development, especially in city planning, urban infrastructure, public transportation, and energy conservation. It shows policymakers that urbanization has a comprehensive impact on consumption patterns and lifestyles of older Chinese households, which may lead to more carbon emissions. Second, since households with higher education also have significantly higher incomes, we may consider that they bear higher responsibility than their counterparts for shouldering the costs of mitigating climate change, and what is really needed in education to bring significant changes in consumption behavior is a greater emphasis on the environmental philosophy [27]. Meantime, effective measures should be deployed to encourage the formation of low-carbon consumption pattern and lifestyles through education and policy instruments, such as the application of green or low-carbon labeling, introduction of fuel taxes, congestion charges, carbon taxes, and progressive electricity pricing [27]. Third, from the perspective of fairness, policymakers should design differential policies, according to households’ income level, urban or rural location, and carbon emissions situations, as well as subsidize low-income residents in emission reduction activities and cut emissions effectively [53]. In addition, considering the great disparities in carbon emissions among regions in China, policymakers should design targeted policies, according to differentiated regional characteristics, in order to reduce carbon emissions in the most cost-effective way, and educational efforts should be targeted to more highly educated and affluent consumers to encourage more climate-friendly consumption choices.



However, there are some limitations worth studying in the future.




	
Due to data availability, when calculating the indirect carbon emissions, we use input-output tables and sectoral CO2 emissions data from WIOD in China for 2007 to quantify emissions for 2013. Therefore, we are making an assumption that the production technology, as well as the sectoral carbon intensities in 2013, is the same as that of 2007.



	
We rely on China’s input-output table instead of the multi-regional input-output table to approximate emissions from imports, which means that the carbon intensities of the imported goods and services consumed by households are the same as that of goods and services produced in China. Further studies can be undertaken to measure household carbon emissions more completely by using a multi-regional input-output table.



	
While input-output analysis has a certain advantage over a process-based life cycle assessment because it is more comprehensive, it is also much coarser, which makes the analysis less accurate and relevant [54]. As the hybrid life cycle assessment unites the precision of a process-based life cycle assessment with the comprehensiveness of input-output analysis [55], it will be very helpful to utilize the hybrid life cycle assessment in the future study.



	
There are 35 sectors in China’s input-output table, but we only have 24 expenditure items of goods and services in CHARLS to complete the data match and quantify the indirect carbon emissions. It would be more helpful if we have detailed consumption expenditure items.



	
Considering that the research results regarding the relationship between education and household carbon emissions in the literature are inconclusive, it is of critical importance to study the influencing mechanism of education on household carbon emissions in China in future research.



	
This paper only focuses on indirect carbon emissions of households whose heads are more than 45 years old, and further comparative study between households with the heads less than 45 years old and more than 45 years old will be helpful to mitigation policies.
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Figure 1. Density of log per capita indirect CO2 emissions. 
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Figure 2. Effects of urbanization on per capita indirect carbon emissions. Note: Horizontal line represents the standard OLS estimates with a confidence interval (dashed lines). Households to the left (right) of the horizontal axis are those with low (high) carbon emissions. The shaded areas are confidence intervals of UQR estimates. 
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Figure 3. (a) Effects of income on log per capita indirect CO2 emissions of urban households. (b) Effects of income on log per capita indirect CO2 emissions of rural households. 
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Figure 4. (a) The plot of the OLS and unconditional quantile regressions for primary school for urban households. (b) The plot of the OLS and unconditional quantile regressions for primary school for rural households. 






Figure 4. (a) The plot of the OLS and unconditional quantile regressions for primary school for urban households. (b) The plot of the OLS and unconditional quantile regressions for primary school for rural households.



[image: Sustainability 11 05740 g004]







[image: Sustainability 11 05740 g005 550] 





Figure 5. (a) The plot of the OLS and unconditional quantile regressions for high school for urban households. (b) The plot of the OLS and unconditional quantile regressions for high school for rural households. 
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Figure 6. (a) The plot of the OLS and unconditional quantile regressions for college and above for urban households. (b) The plot of the OLS and unconditional quantile regressions for college and above for rural households. 
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Table 1. Description of variables.
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	Variables
	Descriptions





	CO2
	Household indirect carbon emissions



	y
	Household income



	ed1
	Household head is illiterate



	ed2
	Education level of household head is primary school



	ed3
	Education level of household head is high school



	ed4
	Education level of household head is college and above



	age
	Age of household head



	marriage
	The marital status of the household head (married = 1)



	size
	Number of household members



	urban
	Register of the household (urban = 1 if in urban areas)



	east
	Location of household (middle = 1 if in Eastern China)



	middle
	Location of household (middle = 1 if in Central China)



	west
	Location of household (west = 1 if in Western China)
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Table 2. Summary statistics of the variables for the households.
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Variables

	
All

	
Urban

	
Rural




	
Mean

	
Std. Dev.

	
Mean

	
Std. Dev.

	
Mean

	
Std. Dev.






	
CO2 (tons)

	
6.299

	
6.251

	
8.018

	
6.849

	
4.719

	
5.165




	
y(Yuan*104)

	
3.030

	
3.241

	
3.968

	
3.576

	
2.168

	
2.618




	
ed1

	
0.328

	
0.470

	
0.234

	
0.423

	
0.415

	
0.493




	
ed2

	
0.242

	
0.428

	
0.215

	
0.411

	
0.267

	
0.443




	
ed3

	
0.389

	
0.488

	
0.474

	
0.499

	
0.312

	
0.463




	
ed4

	
0.040

	
0.196

	
0.077

	
0.267

	
0.0056

	
0.074




	
age

	
62.24

	
9.832

	
62.25

	
9.986

	
62.24

	
9.689




	
marriage

	
0.786

	
0.410

	
0.776

	
0.417

	
0.795

	
0.404




	
size

	
3.486

	
1.796

	
3.294

	
1.624

	
3.662

	
1.924




	
urban

	
0.479

	
0.500

	
—

	
—

	
—

	
—




	
middle

	
0.394

	
0.489

	
0.418

	
0.493

	
0.372

	
0.483




	
west

	
0.237

	
0.425

	
0.177

	
0.382

	
0.292

	
0.455




	
Obs.

	
28,284

	
13,541

	
14,743
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Table 3. Determinants of per capita indirect CO2 emissions in China.
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	Variables
	uq10
	uq25
	uq50
	uq75
	uq90
	OLS





	lny
	0.154 ***
	0.127 ***
	0.143 ***
	0.175 ***
	0.184 ***
	0.152 ***



	
	(0.012)
	(0.007)
	(0.005)
	(0.005)
	(0.007)
	(0.005)



	ed2
	0.130 ***
	0.109 ***
	0.066 ***
	0.028 *
	0.040 **
	0.073 ***



	
	(0.037)
	(0.022)
	(0.016)
	(0.016)
	(0.019)
	(0.014)



	ed3
	0.326 ***
	0.281 ***
	0.279 ***
	0.217 ***
	0.206 ***
	0.256 ***



	
	(0.032)
	(0.020)
	(0.016)
	(0.016)
	(0.021)
	(0.014)



	ed4
	0.235 ***
	0.337 ***
	0.471 ***
	0.756 ***
	1.048 ***
	0.510 ***



	
	(0.040)
	(0.025)
	(0.026)
	(0.039)
	(0.072)
	(0.029)



	age
	−0.017 ***
	−0.013 ***
	−0.008 ***
	−0.003 ***
	−0.005 ***
	−0.011 ***



	
	(0.001)
	(0.001)
	(0.001)
	(0.001)
	(0.001)
	(0.001)



	marriage
	0.345 ***
	0.127 ***
	0.031 **
	−0.015
	−0.149 ***
	0.068 ***



	
	(0.035)
	(0.020)
	(0.015)
	(0.016)
	(0.023)
	(0.013)



	size
	−0.146 ***
	−0.129 ***
	−0.137 ***