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In order to identify the impact mechanism between income inequality and carbon emissions and clarify the nonlinear relationship between income inequality and carbon emissions in different degrees, so as to provide theoretical support for government departments to formulate policies of reducing carbon emission and optimizing resource allocation efficiency, we investigated the relationship between carbon emissions and domestic income inequality in the United States and France from 1915 to 2019 using wavelet decomposition and Quantile-on-Quantile regression. The results imply that 1) For France, the impact of income inequality on carbon emissions is negative when the income inequality is low. With the increase of income inequality, the impact of income inequality on carbon emission changes from negative to positive, and the increase of carbon emissions will amplify the effect. For United States, with the deepening of income inequality, its emission enhancing effect has been gradually reversed. In addition, the impacts of carbon emissions on income inequality in the two countries are quite similar. 2) In the short term, the relationship between income inequality and carbon emissions in the two countries has obvious random volatility characteristics. 3) In the medium term, there is a three-dimensional inverted “V” shaped relationship between income inequality and carbon emissions across quantiles in the United States. As mentioned for France, on the contrary, a three-dimensional “V” shaped relationship across quantiles exists. 4) In the long run, the relationship between income inequality and carbon emissions in the United States is “V” shaped across quantiles. Carbon emissions in France are mainly inhibited by domestic income inequality. According to the empirical results, we recommend that the governments should make greater efforts to ensure the synergy between income distribution and environmental governance to ensure a sustainable and prudent development of economy.
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INTRODUCTION
Income inequality and environmental degradation have become a top priority in achieving the Sustainable Development Goals. Over the past three decades, the global economy has boomed. The GDP of the world increased as a whole as a result of increased production technology, investment and labor productivity. The scale of national income keeps growing, in the meantime, the income gap caused by the uneven distribution of national income also presents a growing trend. Income inequality represents the difference existing in economic, income or welfare among individuals within a group, groups in a population, or countries. Income inequality is more pronounced in some developed countries, for example, America. Certainly, it is also a large problem in developing countries. Income inequality has a detrimental impact on social stability, resulting in a rise in crime rates and huge social pressure, even leading to the breakdown of social order (Feldstein and Wrobel, 1998). At the same time, income inequality weakens aggregate demand, which negatively affects employment levels and economic growth. (Fitoussi and Saraceno, 2010). In the stage of industrialization, it is inevitable to consume a large amount of fossil fuels. High energy consumption that emits greenhouse gases such as CO2 can cause irrecoverable damage to the environment. The massive emission of greenhouse gases leads to the rising environmental degradation, which threatens the living environment of the future generations. As Zhu (2002) said, fossil fuel consumption, forest loss and many other factors has increased the emission of CO2 and other pollutants, leading to environmental degradation, climate change, global warming, and water and air pollution. The most obvious example is Indonesia. Indonesia is the largest contributor in CO2 emissions in Southeast Asia with its emissions increasing every year. Following the current trend, this country with numerous islands may lose nearly 2000 islands because of the global warming and climate change caused by the concentrated increase in CO2 emissions (Kusumawardani and Dewi, 2020).
Overall, there is a close relationship between income inequality and carbon emissions: income inequality has impact on carbon emissions in two aspects. On the one hand, the decline of income inequality will increase the middle and high income groups, reduce the poor, and expand the scale of the middle class. Therefore, consumer demand for energy and other carbon-intensive products has increased, and carbon emissions will increase. On the other hand, the widening income gap will make the distribution of political rights and wealth more conducive to the rich. With economic growth, the demand structure of high-income groups for materials will gradually change, for example, the demand of resource products will decline, thus, carbon emissions will also continue to decline. In addition, it is worth noting that carbon emissions also play a two-way role in income inequality. First, with the rapid increase of carbon emissions in a country, the level of domestic production and economic development also continue to improve, and wealth is continuously accumulated. A large share of the wealth cake will be obtained by the producers and investors with more resource endowments. Accordingly, the domestic Matthew effect may be intensified and the degree of income imbalance will also increase. Second, the increase of carbon emissions will cause national concerns about climate, environment and economic sustainability. Therefore, with the increase of government’s administrative intervention on carbon emissions and environmental regulation, the economic development modes of countries will change from resource-driven to technological innovation-driven, and the status of the domestic industry will be washed up, and wealth will be redistributed, so the income inequality of a country will decrease. Income inequality and carbon pollution not only exacerbate economic vulnerability, but also trigger social problems. Therefore, it is very important to explore the causal relationship between income inequality and carbon emissions, and strive to find the equilibrium point between income inequality and carbon emissions, so as to realize Pareto optimality for economic stability and sustainable development of countries. Based on previous research, we can know that the results obtained by different research objects, research methods or research scopes are not similar. Coupled with the major role of globalization, the adverse social effects of income inequality and CO2 emissions will be more complex. Therefore, it can be said that the cognition of the relationship between the two has not reached a consensus in theory and experience. Moreover, the time series estimates used in previous studies cannot show the real dependence between income inequality and emissions at the lower and higher quantiles of the time series. The government’s decision can be misled by the biased result due to the above reasons. Hence, this study is an attempt to examine what we can get about the relationship between inequality and emissions if we focus on dependence between different quantiles of time series data.
It is worth noting that the level of economic development is the key factor in this study. Economic growth has an impact on carbon emissions and income inequality, and it also plays an important role in regulating the relationship between carbon emissions and income inequality (Ravallion et al., 2000), for example, Kuznet (1955) put forward the inverted “U” hypothesis of economic growth and income inequality, and Grossman and Krueger (1992) proposed the Environmental Kuznets Curve (EKC), indicating the nonlinear relationship between environmental pollution and economic growth. Thus, considering the heterogeneity brought by economic development, this paper integrates the level of economic development into the research framework as an important basis for selecting sample countries. Furthermore, the existing research conclusions on the relationship between income inequality and carbon emissions have strong heterogeneity, which may be affected by the different sample period span, and long enough sample span is an important basis for the rationality and stability of the research conclusion. Therefore, based on the above considerations, the United States and France are selected as the research samples, which provide Gini coefficient and carbon emission data with a sample period longer than a century and are at different stages of environmental Kuznets curve, with highly representative. The comparison of the research results of the two countries can provide important theoretical basis for the introduction and formulation of relevant policies. Meanwhile, we use the Quantile-on-Quantile regression (QQR) approach proposed by Sim and Zhou (2015). The approach combines quantile regression (QR) and non-parametric estimation techniques, which is an improvement of the traditional QR model and is robust to outliers and could account for slope heterogeneity, allowing researchers to investigate how an indicator’s (variable) quantiles influence the quantiles of another indicator. In addition, the QQR method considers the nonlinear relevance between income inequality and CO2 emissions. It can extract complex phenomena and relationship among research objects, which is difficult to achieve through traditional measurement methods. This should be the first article using the QQR method to study the nexus between income inequality and CO2 emissions.
The research shows that: First, For France, the impact of income inequality on carbon emissions is negative when the income inequality is low. With the increase of income inequality, the impact of income inequality on carbon emission changes from negative to positive, and the increase of carbon emissions will amplify the effect. For United States, with the deepening of income inequality, its emission enhancing effect has been gradually reversed. In addition, the impacts of carbon emissions on income inequality in the two countries are quite similar. Second, based on short-term perspective, the relationship between income inequality and carbon emissions in the two countries has obvious random volatility characteristics. Third, based on the medium-term perspective, there is a three-dimensional inverted “V” shaped relationship between income inequality and carbon emissions across quantiles in the United States. As mentioned for France, on the contrary, a three-dimensional “V” shaped relationship across quantiles exists. Fourth, based on the long-term perspective, the relationship between income inequality and carbon emissions in the United States is “V” shaped across quantiles. Carbon emissions in France are mainly inhibited by domestic income inequality. The results will help countries to formulate sustainable economic development policies.
The remaining section of this paper is outlined as follows: Literature review is presented in Literature Review Section. Methodology and Data Section presents methodology and data, while Conclusion Section presents empirical results. Conclusion is presented in Limitation Section.
LITERATURE REVIEW
In recent years, with the rapid development of the global economy, the environmental quality of various countries has been declining, and the income imbalance has intensified. Therefore, the problems of environmental deterioration and income inequality have become the focus of attention of all countries in the world. A large number of studies have been carried out on the two parameters of income inequality and carbon emissions, among which the United States, as the global economic and financial center, is the key research country for scholars. For example, Baek and Gweisah (2013) re-examined the growth-inequality-environment nexus in the US by using ARDL model, finding that a more equitable income distribution in the US can help improving environmental quality, which is same with the results of Torras and Boyce, (1998). Jorgenson et al. (2017) investigated the relationship between U.S. state-level CO2 emissions and two measures of income inequality during the period of 1997–2012 and concluded that there is no substantial relationship between the Gini coefficient and CO2 emissions, and this conclusion was later proved by Mader (2018). Barnhart et al. (2017) studied related content in the US and came to a conclusion that the impact of income inequality on per capita emissions in the US differs due to different income levels. In detail, the increase on income inequality will reduce emissions in low-and middle-income areas, while for high- and middle-income areas, the conclusion is opposite. In addition, research findings on income inequality and carbon emissions vary from time dimension, for example, Liu C. et al. (2019) argued that income inequality on the CO2 emissions of the US is significantly positive in the short term while negative in the long run using the panel ARDL model analysis.
With the rapid development of China’s economy, China has gradually become the second largest economy in the world, and the international status of China has been rising. Therefore, in addition to the United States, the income distribution and environmental quality in China are also another concern of scholars. For example, Liu et al. (2018) found that the effect of income inequality on carbon emissions is significantly negative by analyzing the data of Chinese cities during the period of 1996–2015. In a meanwhile, Jun et al. (2011) concluded the same conclusion by taking industrial wastewater and gas emissions as the dependent variable, whose data period spanned from 1996 to 2008. While on the contrary, Golley and Meng (2012) found the rich have higher emissions than the poor, thus proving that there is a positive nexus between income inequality and emissions. Conducting a panel regression analysis on income distribution and carbon emission data in China during the period of 1995–2010, Zhang and Zhao (2014) argued that the reduction in income inequality limited CO2 emissions. Based on the EKC hypothesis, Hao et al. (2016) analyzed the relationship between Gini and CO2 emissions in 23 regions of China in the period 1995-2012, and suggested that the deterioration of income distribution has increased the areas’ CO2 emissions.
With the deepening of academic research on the relationship between income inequality and carbon emissions, scholars began to expand the number of sample countries and strive to make conclusions universal, in order to provide theoretical reference for solving the problems of global carbon emissions and income inequality. In the literature, it is well documented that the nexus between income inequality and emissions is significantly negative. For example, the research of Ravallion et al. (2000) used the data of 138countries from 1960 to 2008 to study the relationship between distribution of income and carbon contamination, and mainly found that reducing poverty through income redistribution will change the consumption of the rich from low-polluting products to high-polluting. In addition, production and electricity-related factors are also important mechanisms for income inequality affecting carbon emissions (Coondoo and Dinda, 2008). Subsequently, Gassebner et al. (2011) tested the economic, political and demographic determinants of different environmental indicators by using the data of 120 countries from 1960 to 2001 and demonstrated that increasing income inequality reduces pollution. Moreover, the relationship among environmental performance, income, and income inequality from 1995 to 2014 was investigated by Morse (2018), he found that an increase in income level and a decrease in income inequality would increase environmental performance, taking 180 countries as the research sample. However, a large number of studies still use multi-country data to prove that there is a positive relationship between income inequality and carbon emissions, for example, Knight et al. (2017) investigated and found that increased income inequality led to inequality of political and economic rights, thus exacerbating environmental degradation, utilizing the data of 26 high-income countries during the period of 2000–2010. Ridzuan (2019) concluded that income inequality has delayed the EKC turning point by using a large research sample (N = 170–174), indicating that increased income inequality may cause environmental pollution. At the same time, Padhan et al. (2019) used panel data for the period 1971–2013 to explore the implications of growth, wealth disparities and per capita energy consumption on carbon emissions in a sample of Next Eleven (N-11) countries, and found that income inequality will exacerbate carbon emissions. Additionally, Baloch et al. (2020) reached the same conclusion for 40 sub-Saharan African countries.
Furthermore, some studies have shown that there is no substantive relationship between income inequality and carbon emission. For example, Magnani (2000) took OECD countries as research samples to study the relationship between income inequality and carbon emissions, and found that there is no significant relationship between the Gini coefficient and research and development expenditure on environmental protection. Wolde-Rufael and Idowu (2017) crunched the Gini Coefficient data set for China and India and found that income inequality had little impact on carbon emissions. Barra and Zotti (2018) conducted a study among 120 countries which indicated that the EKC hypothesis is invalid, meaning that there is a negligible impact on environmental quality for income.
Notably, some scholars have found significant heterogeneity in the relationship between income inequality and carbon emissions, and the level of economic development is an important factor affecting the relationship (Coondoo and Dinda, 2008; Mahalik et al., 2018). For example, Hübler (2017) found that the impact of income inequality on carbon emissions varied in countries with different income levels. The impact may be negative in low- and middle-income countries but positive in high- and middle-income countries. Rojas-Vallejos and Lastuka (2020) used a panel data consisting of 68countries over a 50-years period from 1961 to 2010 to confirm that income inequality has a negative impact on CO2 emissions in low- and middle-income countries, but it is slightly positive if specific income levels can be improved. Chen et al. (2020) found that more equal income distribution is conducive to reducing per capita CO2 emissions for developing countries, while income inequality in most developed countries hardly affects CO2 emissions. While, Some studies also show that the above nexus have different correlations at different time periods, for instance, Uddin et al. (2020) stated that the impact of income inequality on CO2 emissions in G7 countries showed a positive correlation during the period 1870-1880 and negative during 1950-2000, while there is no significant nexus during 2000-2014.
The requirements for the time span of sample data of the existing research are relatively loose. The sample period span selected by most studies is not more than 50 years, and the sample period span of few literatures is more than a century. The current research conclusions fail to reach an agreement may be related to the difference in the period span of the research sample, and lengthening the sample period span can ensure a stable relationship between income inequality and carbon emissions to a certain extent. Moreover, the causal relationship between different levels of income imbalance and carbon emissions is explored by few literatures. Thus, in order to satisfy the comparability of the research conclusions of the sample countries and the long-term nature of the sample period span, this paper uses the data of the United States and France from 1915 to 2019, and utilizes the wavelet decomposition and QQR model to conduct in-depth research on the causal relationship between income inequality and carbon emissions, for providing a theoretical basis for government departments to formulate policies to regulate income distribution and effectively control carbon emission reduction.
METHODOLOGY AND DATA
Methodology
Wavelet Decomposition
In this paper, the maximum overlap discrete wavelet transform (MODWT) proposed by Percival and Mofjeld (1997) is introduced to decompose the original time series into three components, indicating the fluctuation and trend in the short, medium and long term respectively. The MODWT approach is an extension of DWT method and overcomes some technical shortcomings of DWT. In addition, the wavelet filter we choose is LA8, that is, the wavelet filter with length of 8 corresponding to the Daubechies least asymmetric scale filter. Its biggest feature is that it has the approximate linear phase, and it is easy to obtain zero-phase wavelet transform.
The wavelet transform decomposes the time series into different frequency bands by performing successive low-pass filtering and high-pass filtering on the signal. More specifically, the original sequence is decomposed into a set of wavelet coefficients [image: image] and low-pass filtered versions [image: image] of the signals.
As we incorporate the MODWT, we utilize the rescaled scaling [image: image] and wavelet filters [image: image] as follows:
[image: image]
where [image: image] is the length of the filter(Percival and Mofjeld, 1997). According to Mallat (1989), we apply the pyramid algorithm to variable sequences to get [image: image] and [image: image]. The [image: image] level MODWT wavelet and scaling coefficients of a time series [image: image] are defined as:
[image: image]
The Quantile-on-Quantile Approach
In the framework of the study, the QQ approach is proposed to analyze the effect of the quantiles of income inequality on the quantiles of carbon emissions of sample countries. This approach takes the following nonparametric quantile regression model as the starting point:
[image: image]
Where [image: image] represents country’s carbon dioxide emissions at period t, [image: image] denotes the income inequality of a country at period t, t denotes time, [image: image] is the [image: image] th quantile of the conditional distribution of country’s emissions, and [image: image] is the quantile residual assuming the conditional [image: image] th quantile is zero. [image: image] is an unknown function because of lacking prior information on the relationship between income inequality and emissions.
We inspect Eq. 3 in the neighborhood of [image: image] to study the linkages between [image: image] th quantile of [image: image] and [image: image] th quantile of [image: image]. The unknown function of [image: image] instigates us to extend the basic regression function by using the first-order Taylor expansion of [image: image] around [image: image] as below.
[image: image]
Where [image: image] signifies the partial derivative of [image: image] for [image: image] in Eq. 4, relating the marginal effect. Yet, it provides the same explanation to the slope of the coefficients in the linear regression framework. Further, following Sim and Zhou (2015), [image: image] can be renamed [image: image]. Accordingly, we can reformulate Eq. 4 as under:
[image: image]
After substituting Eq. 5 into Eq. 3 and include the vector of control variables [image: image], we can get .
[image: image]
The underlined part of Eq. 6 is the [image: image] th conditional quantile of emissions. Unlike the standard conditional quantile function, this expression reflects the relation between the [image: image] th quantiles of income inequality and the [image: image] th quantiles of the emissions in sample countries. These parameters may produce different outputs based on the [image: image] th quantile of [image: image] and [image: image] th quantile of [image: image]. Moreover, there is no linear relationship anticipated at any point of time. Hence, Eq. 6 measures the overall dependence relationship between [image: image] and [image: image] through their distributions. Control variables can be added into the regression Eq. 6. In this study, we include growth of per capita GDP to control for the impact caused by macroeconomic fluctuation rather than structural variance in distribution of income.
At last, we could replace [image: image] with its estimated counterpart [image: image]. We also replace [image: image] with its empirical quantile of [image: image].Then, we solve for
[image: image]
to obtain the estimates [image: image] and [image: image]. In Eq. 7, [image: image] (.) represents the quantile loss function and [image: image] (.) denotes the Gaussian kernel function in both the minimization problems as minimal weighting criterion to improve the estimation efficiency. Following Sim and Zhou (2015), the current research is based on a bandwidth parameter of [image: image] = 0.05.
Data
In this paper, [image: image] is measured by the difference of natural logarithm of carbon dioxide emission. Carbon dioxide emission data comes from Global Carbon Project (GCP)1. [image: image] is measured by the difference of natural logarithm of national Gini Coefficient, which comes from World Inequality Database (WID)2. In order to measure the economic development, the difference of natural logarithm of per capita GDP is carried out, where the GDP data comes from the Maddison Project Database (MPD)20203.
This paper selects the United States and France as the research samples, mainly because the income distribution data of the two countries can be traced back to a century. In addition, the level of economic development is closely related to income distribution and environmental pollution, and there are obvious differences in the level of economic development between the two countries, meanwhile, the dynamic relationship between the level of economic development and the Gini coefficient also shows different characteristics. Thus, it is feasible and reasonable to take the United States and France as research samples.
Considering the availability of the sample data and the data after the first-order logarithmic difference processing, the sample span selected in this paper covers the period of 1915–2019, with a total of 630 observations.
Descriptive statistics of the major variables are shown in Table 1.
TABLE 1 | Descriptive statistics.
[image: Table 1]Empirical Results
In this section, we use the wavelet decomposition method following Kassouri et al. (2022) and Bilgili et al. (2021) to extract the short, medium- and long-term factors from the original time series of income inequality and carbon emissions. It enables us to investigate the emission-inequality nexus at different periodic scales. The wavelet decomposed and the original time series are plotted in Figures 1, 2, which reflect the varied periodic fluctuation characteristics of these series.
[image: Figure 1]FIGURE 1 | Original and wavelet decomposition series of carbon emission and Gini coefficient for France.
[image: Figure 2]FIGURE 2 | Original and wavelet decomposition series of carbon emission and Gini coefficient for the U.S.
Subsequently, the quantile-on-quantile regressions are adopted to empirically investigate the interaction between income inequality and carbon emission of sample countries. This method has been widely used in various fields of finance and economics, such as energy consumption (Shahbaz et al., 2018), tourism economics and stock volatility (Gupta et al., 2018; Mishra et al., 2019). The main advantage of this technique is to capture the association at different quantiles of the income inequality and emissions. In this way, we can know how the upper, lower, and middle quantiles of income inequality affect the upper, lower, and middle quantiles of the emission differently. In addition, we can divide the segments that require variables among different numbers of quantiles according to our own requirements.
This section presents the primary empirical results of the QQR analysis both using the original series and the series after wavelet decomposition. All regressions take GDP as a control variable.
Considering that the basic data used in this study are time series, it is necessary to test the stability of each sequence. In this paper, we decompose original time series into short, medium and long term series, while the conventional ADF test is not reliable when the series display different co-movements over time. Thus, in order to deal with non-linearity and time-varying structure of the data generating process, referring for data stability test method of Xiang et al. (2021), we use the Fourier unit root test developed by Enders and Lee (2012) to test the stability of the time series data, controlling the possible sharp and smooth structural breaks in the time series data. The Fourier unit root test results of the carbon emission, income inequality and GDP are shown in the Table 2. The F statistic shows that the data sequences have significant structural changes, and the tau statistic shows that some of the original data cannot reject the unit root hypothesis after controlling the structural changes, while the tau statistics of the data sequences after wavelet decomposition reject the unit root hypothesis, which means that if only the original data sequence is empirically analyzed, the rationality of the research results will not be guaranteed. However, the estimation of the causal relationship between income inequality and carbon emissions by using the short-term sequence, medium-term sequence and long-term sequence obtained by wavelet decomposition of the original sequence can not only broaden the research perspective, but also ensure the accuracy of the research conclusion, which has important theoretical significance.
TABLE 2 | Fourier unit root test results.
[image: Table 2]The estimated results in this paper are shown in Figures 3–10. Figures 3–6 display the impact of income inequality on carbon emissions in the U.S. and France. Figures 7–10 display the effect of carbon emission on income inequality in France and the U.S. Throughout the graphs, the z-axis indicates the effect of the [image: image] th quantile of Gini index on the [image: image] th quantile of carbon emission. We can find two different relationships by comparing the results of France and the U.S.
[image: Figure 3]FIGURE 3 | The impact of income inequality on carbon emissions (France).
[image: Figure 4]FIGURE 4 | The impact of income inequality on carbon emissions in the short, medium and long term (France).
[image: Figure 5]FIGURE 5 | The impact of income inequality on carbon emissions (U.S.).
[image: Figure 6]FIGURE 6 | The impact of income inequality on carbon emissions in the short, medium and long term (U.S.).
[image: Figure 7]FIGURE 7 | The impact of carbon emission on income inequality (France).
[image: Figure 8]FIGURE 8 | The impact of carbon emission on income inequality in the short, medium and long term (France).
[image: Figure 9]FIGURE 9 | The impact of carbon emission on income inequality (U.S.).
[image: Figure 10]FIGURE 10 | The impact of carbon emission on income inequality in the short, medium and long term (U.S.).
The Impact of Inequality on Emission
Some noteworthy results of the original series emerge in Figure 3. It is shown that the impacts of the income inequality on carbon emission in France vary across quantiles.
Carbon emissions will be exacerbated by income inequality when the Gini coefficient and carbon emissions are at a low quantile, while the impact of income inequality on emissions is negative when the Gini coefficient is at a low quantile and carbon emissions are at a high quantile. This expresses that when the income gap is narrow, the income inequality will reduce carbon emissions especially when the emissions are at a high level. Yet in the second phase, a high-quantile Gini coefficient will promote the increase of carbon emissions. This positive effect is strongest when the Gini coefficient is in the middle and high quantile and the carbon emission is in low quantile, while this promotion will gradually stabilize as the carbon emission quantile increase. This indicates that when income distribution inequality is high, income disparity will promote the increase of carbon emission. And the effect increases as emissions lower.
The positive effect result may be explained as follows. Boyce (1994) had said that when the income gap between the rich and the poor widens and the quality of economic development is not good, the poor are more likely to over-explore natural resources and do rude production to increase income, thus damaging the environment, whereas the rich may not necessarily increase investment to improve the environment. This positive impact is particularly pronounced at low levels of carbon emissions, and the maximum (4.79) located at the 0.5 quantile of Gini coefficient and the 0.11 quantile of carbon emission (Figure 3). From the perspective of the distribution of social rights, Boyce, (1995) believes that income inequality leads to unequal distribution of rights, which attributes to the concentration of political rights. Some of the rich have the privilege to evade carbon emission management. Grunewald et al. (2012) found that the higher household wealth, the more disproportionate the increase is in the demand for emissions-intensive products and services, which also proves that income inequality will increase the carbon emissions.
As the income gap is narrow, the society as a whole has higher requirement for environmental quality. In other words, a relatively equal income distribution provides citizens with more political rights and enables them to express their requirements for higher environmental quality (Heerink et al., 2001). As illustrated by Figure 3, income inequality has the greatest negative impact (−6.9) on the environment pollution at the 0.27 quantile of Gini index and the 0.94 quantile of carbon emission. Due to poor environmental conditions when carbon emissions are extremely large, people are desperate to improve the environment, thus the corresponding reduction in emissions is more obvious. Ravallion et al. (2000) explored the alternative relationship between income equality and pollutant emissions, and concluded that the increase in income will shift the consumption of high-pollutant products to the low-pollutant ones. Recently, France has enhanced its environmental protection efforts, invested more founds to encourage people to buy clean energy vehicles and promoted the development and innovation of renewable energy.
However, the regression based on the original series has revealed valuable information. It can be seen from Figure 3 that the influence of inequality still shows great random fluctuation at different quantiles. Especially with the increase of Gini coefficient, the influence of income inequality does not seem to show obvious regularity. There may still be some short-term random shocks affecting the estimation results albeit GDP have been controlled to lag for one period. Thus, we would like to know whether the impact of income inequality on carbon emissions has a long-term and far-reaching impact, or only a transitory impact. For this purpose, we use the wavelet transform to decompose the time series of variables into three different frequencies, namely short-, medium- and long-run.
In the short-run (Figure 4, column 1), we found that, ignoring the extreme performance of marginal data, the impact of income inequality on carbon emissions is still random. When the Gini coefficient falls in the range of 0.3–0.5 quantile, regardless of where carbon emissions are in the quantile, income inequality has a strong positive impact on carbon emissions. It can be understood that income inequality affects consumption and production in the short term. Following Golley and Meng (2012), they deemed that wealthy households have paid more on energy consumption (Ridzuan, 2019).
Looking at the medium-run (Figure 4, column 2), when the Gini coefficient is in the high quantile (0.5–0.8), the impact of income inequality on carbon emissions is significantly negative, and in the Gini coefficient quantile interval, the lower the quantile of carbon emissions, the more obvious the negative effect of income inequality on carbon emissions. When the Gini coefficient is in the low quantile, the impact of income inequality on carbon emissions is relatively stable, most of which are at 0.4–1.3, only when the carbon emissions quantile is in the middle of 0.4–0.6, which is relatively more vulnerable.
In the long-run (Figure 4, column 3), the overall result is roughly similar to that in the medium term, but the impact of income inequality on carbon emissions is more significant. As illustrated by Figure 4, when the Gini coefficient is at 0.5 quantile and above, regardless of whether carbon emissions are in high or low quantiles, income inequality will promote the reduction of carbon emissions, but when the level of income inequality is low, carbon emissions will increase due to its influence. This further confirms the medium-run conclusion, and when supporting the environment-friendly enterprise, the government’s policies are also functioning normally. At the same time, investment in clean technology is increased and the degree of environmental pollution is reduced through technological reforms. When the Gini coefficient is less than 0.5, the level of income inequality in society is not high, but as income inequality increases, it will weaken aggregate demand, thus putting a negative impact on employment and economic growth (Ridzuan, 2019). Moreover, as far as France is concerned, the GDP growth rate in the early period of the sample is low, while the Gini coefficient was relatively high. The opposite is true in the mid-to late period of the sample that the Gini coefficient decreased with the growth of GDP. This is in line with the Kuznets curve. That is, in the early stage of development, higher inequality will reduce emissions. With the economic developing, the level of income inequality will decrease, and income inequality will promote the reduction of carbon emissions.
The results for the original series (Figure 5) show that carbon emissions increase with the increasing inequality when the Gini coefficient is at the low-to-middle quantile, that is, when the degree of income inequality is low, unequal income distribution will promote the increase of carbon emissions. And this positive impact will become more obvious as the quantile of carbon emissions increases. While at the high-quantile Gini coefficient, income inequality will reduce carbon emissions, which means that in the high-quantile Gini coefficient level, income inequality mitigates environmental pollution and carbon emissions. It is worth noting that when the Gini coefficient is at a high quantile and carbon emissions are at a low quantile, that is, when income inequality is high, but there is no carbon pollution problem, the further increase in income inequality has a further inhibitory effect on carbon emissions. High income levels are closely related to better environmental protection and high-efficiency technologies ranging from improving the use efficiency of natural resources, weakening the impact of production on nature and continuously developing clean technologies to reduce pollution per unit of output and the total carbon emissions. In the post-industrial society like the United States, the income gap and economic growth are increasing in the same direction, which has a positive impact on the development of clean technology. And as the income level of residents continues to increase, the demand for high environmental quality growing. This has contributed to structural changes in the economy, thereby slowing down the deterioration of the environment.
The short-term results (Figure 6, column 1) show some random volatility after removing some edge extreme data, but the results are roughly similar to the original data results and the overall impact is relatively moderate. That is, when the Gini coefficient is in the high quantile, the increase in income inequality will reduce carbon emissions, and at the low quantile level of the Gini coefficient, income inequality will promote the increase of carbon emissions. It should be noted that when the Gini coefficient is around 0.5–0.6 and carbon emissions are at high quantiles, the positive impact will be stronger. This indicates that impact of production and consumption on carbon emissions is the most obvious in the short term. As mentioned above, economic growth brings about environmental pollution, whereas the technical reforms and policy measures adopted take a long period to affect carbon emissions. Therefore, in the short term, the positive impact of income inequality on carbon emissions is more obvious. This is similar to French short-run result.
Compared with France, the US mid-run result (Figure 6, column 2) has more volatility, as shown in Figure 6 (column 2). Ignoring the extreme data, when the Gini coefficient is in the low quantile (0.1–0.3), the increase of the income inequality reduces carbon emissions, especially when carbon emissions are in a high quantile. In the case of the middle and high quantiles of the Gini coefficient, income inequality leads to increases in emissions. In high-income countries, if economic growth is accompanied with a reduction of inequality, then the public’s preference for consumption of private goods will shift to public goods. If and only if income growth does not produce “large” income inequality, the downward phase of the environmental Kuznets curve can be realized (Magnani, 2000). In a circumstance of higher inequality, economic growth is accompanied by increased inequality, thus the demand for environmental goods is not high, and the conditions for environmental improvement are not in place, so income inequality here is positively related to emissions (Ravallion et al., 2000).
The long-run results in the United States (Figure 6, column 3) reflect that when the Gini coefficient is in the 0.3–0.7 quantile, as income inequality increases, carbon emissions decrease. As the consumption habits of residents and the survival of manufacturers are affected by income inequality, it may take some time before influencing the energy structure and pollution emissions (Liu Q. et al., 2019). Moreover, the development and application of technology also takes time, so the long-run results are different from the short-term and medium-term results. Although economic growth has brought about a rise in inequality, when the economy is highly developed, it will also promote technology upgrade and residents’ demands, so as to obtain more long-term and prosperous economic development. So, it shows that the impact of income inequality reduces carbon emissions. The United States and France have different levels of economic development in the later period, so the results are also different.
The Impact of Emission on Income Inequality
The results of the original series of France (Figure 7) show that the correlation coefficient between carbon emissions and the Gini is not large, which indicates that the impact of carbon emissions on income inequality is relatively small. When carbon emissions are in the middle and high quantile level, along with the increase of carbon emissions, income inequality will decrease, and the inhibitory effect is strongest when the Gini coefficient is in the low quantile level; when carbon emissions are at a low quantile level, carbon emissions promote income inequality, and whether the Gini coefficient is at a high quantile or a low quantile, the positive effect intensity is almost equal. Comparing the results of the United States (Figure 9), they are very similar. There is no significant fluctuation, and the overall situation is relatively stable.
Environmental pollution widens the income gap between skilled and unskilled workers, and the brain drain caused by the weakening of ecosystem vitality and the impact of air quality on human health will widen this income inequality (Li et al., 2020). In view of the harm caused by environmental pollution to human health, high-skilled and high-income workers may be transferred from heavily polluted areas to areas with better air quality (Zhang et al., 2018). Moreover, low-income groups are exposed to more pollutants than high-income groups, thus environmental pollution will increase the impact of income inequality on health inequality, fall into a poverty trap, and further widen the income gap (Yang and Liu. 2018). Furthermore, inequality has influenced immigration decisions. As the return on human capital increases, well-educated people are more likely to migrate (Zhu, 2002). In conclusion, carbon emissions can promote income inequality. In the case of high-quantile carbon emissions, the income inequality slightly weakens as emissions increase. This can be considered as high production requires high energy consumption, thus increasing jobs required, which can slightly weaken the income gap.
It can be seen that the short-term results of the two countries (Figure 8, column 1; Figure 10, column 1) have greater fluctuations. On the one hand, the randomness of the data may be obvious. On the other hand, it may be concluded that the impact of air pollution on people is not easy to change in the short term, meanwhile, the macro measures take time to take effect. During the sample period, France’s economic growth was accompanied by a decrease in the Gini coefficient. High economic output would usually result in an increase in carbon emissions due to high energy consumption, which can roughly explain the fact that carbon emissions in France’s medium-run results have reduced inequality. In the US, when carbon emissions are in the middle and low quantiles, it has a positive role in promoting income inequality. With a higher level of economic development, people have higher requirements for environmental quality, which will promote the migration of residents, especially to high-skilled and high-income workers.
The long-run results of France (Figure 8, column 3) show that carbon emissions will mainly reduce income inequality. The results of the United States (Figure 10, column 3) indicate that when carbon emissions are at the medium quantiles (0.3–0.6), the increase in carbon emissions has a significantly negative impact on inequality. When the carbon emission quantile is 0.5 and the Gini coefficient is 0.11, the coefficient reaches the maximum (−3.2). While in the case of low and high levels of income inequality, the exacerbating effect is strong.
CONCLUSION
This paper investigates relationship between income inequality and carbon emissions by utilizing wavelet decomposition and QQ approach. On the basis of existing literature, relevant research conclusions have been enriched and expanded. The main conclusions of this paper are as follows:
First, based on the original sequence, income inequality in France has an inhibitory effect on domestic carbon emissions when the degree of income inequality is low. While with the gradual increase of income inequality, the inhibitory effect gradually reverses and even aggravates carbon emissions, and with the gradual increase of carbon emissions in France, the impact of income inequality on carbon emissions will be amplified in the same direction. In the case of the United States, the impact of income inequality on carbon emissions is diminishing as income inequality increases. The impact of carbon emissions on income inequality in both countries is similar, with negative effects at 0.6 quantiles. Second, based on the short-term perspective, the relationship between income inequality and carbon emissions in both countries has strong random volatility characteristics, which is mainly due to the short-term technical reform has not been completed, policy measures have not yet entered into force, and the relationship between income inequality and carbon emissions has not yet formed a trend. Third, based on the medium-term perspective, the impact of income inequality on carbon emissions in the two countries is on the contrary, which is mainly related to the level and characteristics of their economic development. With the intensification of income inequality under the sustained economic development, the impact of income inequality on carbon emissions in the United States presents a three-dimensional inverted “V” shape, while that in France is “V” shape. The impact of carbon emissions on income inequality in the two countries is roughly the same, and the impact is gradually weakened with the increase of carbon emissions, but the difference is that the increase of carbon emissions in France will inhibit income inequality, while carbon emissions in the United States have an aggravating impact on income inequality. Fourth, based on the long-term perspective, considering technological reform and policy factors, the relationship between income inequality and carbon emissions tends to be stable. The impact of income inequality in France on domestic carbon emissions is still similar to that in the medium term, while income inequality in the United States has a significant inhibitory impact on carbon emissions. In addition, the impact of domestic carbon emissions on income inequality in the United States shows a “V” shaped structure across quantiles with the increase of carbon emissions, while the impact of carbon emissions on income inequality in France is mainly negative.
Some policy implications can be drawn from the above conclusions. First, the government should establish a dynamic coordination mechanism between income inequality and carbon emissions to ensure that the matching and synergy of domestic resource allocation efficiency, income distribution rationality and environmental governance can be considered while promoting domestic economic development, and effectively prevent the amplification of income distribution imbalance. Second, based on the short-term perspective, the government should strengthen the dynamic adjustment of income imbalances and improve the intervention of environmental governance to prevent the random changes in the relationship between income inequality and carbon emissions from having a negative impact on the economy. Third, the administrative interventions of governments on income distribution and emission reduction should fully consider the level and characteristics of national economic development, so as to ensure the maximization of policy effectiveness. Fourthly, the government should increase investment in research and development of emission reduction technologies and training of professional talents, enhance the control of carbon emissions, and weaken the aggravating effect of carbon emissions on income inequality. At the same time, effectively reducing carbon emissions can still slow down the environmental governance pressure caused by domestic income inequality, and ensure sustainable economic development.
LIMITATION
The selection of sample countries in this paper focuses on the period span of data and the heterogeneity caused by economic development, and ignores the problem of a small number of sample countries. Therefore, the representativeness of the conclusions of this paper is somewhat lacking. Future longitudinal studies are needed to expand the number of sample countries to enrich research conclusions and enhance the representativeness and universality of research conclusions.
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Notes: "CO2” represents the growth rate sequence of the per capita carbon emission,
“Gini” represents the growth rate of Gini coefficient, and “GDP" is per capita GDP,

growth rate.
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