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The sustainable development process faces two major challenges: income inequality and carbon emissions. However, there is no definitive conclusion regarding the relationship between income inequality and carbon emissions. In addition, for developed and developing countries, the impact might vary. From an international perspective, the present study examines the correlation between income inequality and carbon emissions utilizing panel data from 65 countries (32 developed and 33 developing countries) spanning from 1990 to 2019. The simultaneous quantile regression (SQR) results show that the impact of income inequality on carbon emissions varies slightly between countries with various income levels. The positive impact of income inequality on carbon emissions is significant for both developed and developing countries, indicating that an uneven income distribution can worsen environmental quality, but the impact is more significant for developed countries. Therefore, it is integral for the global world to take measures to alleviate the income gap to achieve Sustainable Development Goals (SDGs). In addition to income growth, developed countries also need to focus on income equity to reach green development.
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1 INTRODUCTION
Sustainable development is undoubtedly a pressing issue concerned by the global community. To simultaneously address economic, social, and environmental challenges, the global community is actively seeking ways to implement sustainability strategies (Lu et al., 2020; Fernandes et al., 2022). In 2015, the United Nations introduced 17 Sustainable Development Goals (SDGs) that contribute to initiatives on areas of relevance to people and Earth, calling on all stakeholders to participate in the quest for integrated sustainability (Maher and Buhmann, 2019). The areas of relevance cover subsistence and poverty reduction, protection of the planet, the wellbeing of people toward a better life, the promotion of world peace and social equity, and the realization of the goals of the agenda through friendship and cooperation among nations (The United Nations Brazil, 2015). In July 2023, top United Nations officials warned that the world was instable for attaining SDGs before 2030 (The United Nations (U.N.), 2023), revealing the importance and urgency of achieving SDGs.
Both income disparity and climate degradation pose a major threat to achieving SDGs. As for inequality, although sub-Saharan African countries have made efforts to alleviate poverty, nearly half of the countries in the region are burdened by hunger and poverty (Maji, 2019). Furthermore, Sub-Saharan Africa’s Gini coefficient is close to 0.5, higher than that of any other developing country, indicating very serious problems of inequality (Bhorat and Naidoo, 2019). According to the World Inequality Report 2022, there is a great deal of income inequality between countries. Currently, the top 10 percent of the world’s population holds over 50 percent of the world’s wealth, while more than half of the world’s poorest people own less than 10 percent of the world’s wealth. In addition, intranational inequality is significant. The average income disparity within countries has almost doubled, from 8.5 to 15 percent, separating the wealthiest 10 percent of the population from the poorest 50 percent of the population (The World Inequality Database, 2022). No better reminder of the urgency of addressing income inequality exists than the aforementioned data.
Increasing temperatures, higher sea levels, extreme weather events, and infectious diseases are all closely correlated with increased carbon emissions. Global energy consumption was predicted to increase annual carbon dioxide emissions to over 35 gigatons by 2021, further exacerbating global warming (Ritchie et al., 2020). The Special Report on Climate Change and Soils by the Intergovernmental Panel on Climate Change asserted that the only way to maintain warming well below 2°C is to reduce emissions from all sectors of the economy (Shukla et al., 2019). To control carbon emissions, nations worldwide have actively made corresponding action plans. In September 2019, 60 countries made a national commitment under the United Nations Framework Convention on Climate Change to achieve zero carbon emissions by 2050 (Iyer et al., 2017; Kuyper et al., 2018; Wamsler et al., 2020; Xu and He, 2022). In 2021, China committed to fully implement the new philosophy of development and strive to achieve the goals of carbon peaking and carbon neutrality (The State Council of the People’s Republic of China, 2021). It can be noted that the world has acknowledged the necessity and importance of equitable income distribution and carbon reduction; thus, there is a pressing impetus for action to reduce income disparity and carbon emissions. However, to take appropriate steps, we have to explore the correlation between income disparity and carbon emissions.
In terms of research on the relationship between income inequality and carbon emissions, some studies are available in the literature; more details are provided in Section 2. Most studies selected either a specific country group, like the OECD (Hailemariam et al., 2019), G20 (Chen et al., 2020), and G7 (Uddin et al., 2020), or a certain country, like the United States (Jorgenson et al., 2017), Turkey (Demir et al., 2019), and China (Chen et al., 2017; Bai et al., 2020), as their research objects. However, the selected subjects were too narrowly focused, and only fewer studies took a global view, covering different categories of countries; hence, it is hard to find out the heterogeneity among different countries. Regarding research methodology, most scholars employed the mean regression method (Grunewald et al., 2017; Knight et al., 2017; Mader, 2018; Xu and Wei, 2023), but fewer studies questioning the effectiveness of this method exist.
In view of the shortcomings of existing studies, we select 65 countries as the study objects, including 32 developed countries and 33 developing countries, and apply the simultaneous quantile approach in exploring the relationship between income inequality and carbon emissions from 1990 to 2019 by panel data. Our study further examine the effects of income inequality on carbon emission levels and estimate the heterogeneity on different income countries, which will extend relevant studies on income inequality, carbon emissions, and economic growth. At the same time, the application of simultaneous quantile regression (SQR) makes our study different from those employing former linear regression, which can provide variable changes in detail and give a methodological reference to future research.
The remainder of this article is organized as follows: Section 2 provides a review of the extant literature. Section 3 introduces the research model and the variables employed. Section 4 presents and analyzes the empirical results. Finally, Section 5 outlines the conclusions and possible policy implications.
2 LITERATURE REVIEW
Current research on income inequality and carbon emissions covers two main areas: theoretical studies and empirical studies.
2.1 Theoretical studies
On the theoretical side, three types of theories are applied to explain the association between income inequality and carbon emissions. The first is power-weighted social choice, developed by Boyce (1994), one of the first political economists to assess the relationship between income distribution and environmental degradation. He believes that the distribution of social wealth between the wealthy and impoverished classes in society will largely determine ecological destruction. Since the wealthy are more affluent in income, they are more powerful and influential in environmental decision-making, which leads to higher levels of emissions. The second can be attributed to the theory of individual economic behavior. Bowles and Park (2005) argued that income inequality may lead to longer working hours due to the Veblen effect. Veblen (2009) holds that people are inclined to show off their social status and wealth, which leads to conspicuous consumption. As a result of extra-long working hours and consumer conspicuousness, energy consumption and carbon emissions have increased (Jorgenson et al., 2017). The third theory is the marginal propensity to emit theory, which holds that the amount of carbon emissions depends on the distribution of income. Declining income inequality is usually accompanied by more carbon emissions, leading to environmental degradation (Demir et al., 2019). While the aforementioned theories offer distinct perspectives, all of them could serve to comprehend the diverse impact of the relationship between income inequality and the emissions (Liu et al., 2019).
2.2 Empirical studies
On the empirical side, scholars have conducted studies on the relationship between income inequality and carbon emissions through different sampling scales, time horizons, research methodologies, and empirical models. The opinions can be mainly summarized into four streams. The first group believes that income inequality has a positive impact on carbon emissions. Knight et al. (2017) utilized a longitudinal two-way fixed-effects model to examine the connection between income inequality and carbon emissions, and the results of the study showed that for high-income countries, there is a significant positive relationship between income inequality and carbon emissions. In a study on the Next Eleven (N-11) countries, Padhan et al. (2019) applied the panel cointegration methodology and came to a similar conclusion. Baloch et al. (2020) found that increasing income inequality in 40 sub-Saharan African countries increases carbon dioxide emissions. The effect was also confirmed for China (Liu et al., 2019), Turkey (Uzar and Eyuboglu, 2019), and the United States (Baek and Gweisah, 2013; Jorgenson et al., 2017).
The second view contradicts the first by arguing that income disparity is negatively associated with carbon emissions. Using CO2 emissions as the dependent variable, Ravallion et al. (2000) found that increasing inequalities can cause increasing carbon emissions, both within and across countries. Nico et al. (2001) suggested a negative association between income disparity and emissions from 1961 to 1985 based on the EKC framework. Similar conclusions were also made by other scholars (Hübler, 2017; Liu et al., 2018; Demir et al., 2019; Huang and Duan, 2020).
The third view concludes that the association between income inequality and carbon emissions varies with income class or specific research objects. Coondoo and Dinda (2008) employed the panel data regression and concluded that income inequality can reduce carbon emissions in the United States, Asia, and Europe, but the opposite is true in Africa. Grunewald et al. (2017) discovered that, when income levels are high, a larger income disparity can lead to increased carbon emissions, but the opposite is true at low- and middle-income levels. In addition, there are scholars who have found that the effect of income disparity on carbon emissions is adverse for low- and middle-income countries, although it is mildly beneficial for countries above a certain income level (Mahalik et al., 2018; Uddin et al., 2020).
Lastly, a number of researchers argue that income inequality has an insignificant influence on carbon emissions. Policardo (2014) utilized panel data from transitional countries as well as two pollution indices, suggesting no noticeable effect on the relationship between income inequality and carbon emissions. Likewise, Wolde-Rufael and Idowu (2017) also revealed that the effect was not significant for India and China. Jorgenson et al. (2017) discovered an inconsequential association between Gini and carbon emissions through a heterogeneous panel that included 120 countries, with Mader (2018) confirming this finding.
Although scholars have extensively researched the correlation between income inequality and carbon emissions, there are still some shortcomings to be improved. First, the existing studies selected OECD, G20, N-11, G7, sub-Saharan African countries, or certain countries like the United States, China, and Turkey, as their research objects. However, there are few studies pinpointing different categorical countries, which cannot find the heterogeneity of different countries. Second, scholars mainly used the traditional mean regression to test the correlation between income inequality and carbon emissions, which requires the normal distribution of the data. Nevertheless, normal distribution is so ideal that it can nearly be shown in real situations. Hence, the standard deviation regression may cause some imprecise results and invalid conclusions.
On account of the aforementioned limitations, we try to make contributions to the following two aspects: on one hand, we choose 65 countries as our research objects, including 32 developed countries and 33 developing countries, which not only cover two kinds of income-level countries but also ensures that the amount is approximately the same for countries at different income levels. As a result, our data can better represent income inequality. On the other hand, in addition to traditional ordinary least squares (OLS) regression, we employ the simultaneous quantile method in our research, which contributes to the exploration of the heterogeneity of carbon emissions influenced by income inequality in different income-level countries, ensuring relatively precise results and effective conclusions.
3 RESEARCH MODELS AND VARIABLE DESCRIPTIONS
3.1 Regression models
3.1.1 Ordinary least squares regression model
First, to figure out how income inequality affects carbon emissions, OLS regression is used to estimate the following equation:
[image: image]
where i denotes the country and t represents the year. CO2 is the explained variable used to represent carbon emissions per capita. Income equality is denoted by the post-tax Gini coefficient (gini), which is our main explanatory variable. Other variables, including economic growth (lngdp), energy consumption (lnenergyc), urbanization (urban), foreign direct investment (fdi), economic structure (gdp2), international trade openness (trade), and research and development expenditure (rd), are controlled in model (1). In addition, some variables are logarithmized, aiming to eliminate the effect of heteroscedasticity. The quadratic terms are used to test the EKC hypothesis. α0 is a constant term, while ε is a random error term.
3.1.2 Quantile regression model
Although OLS regression can provide the effect of independent variable’s mean change on carbon emissions, it cannot depict the distribution regularity of carbon emissions affected by income inequality. Mosteller and Tukey (1977) pointed out that OLS curves can only display minor differences in the dependent variable’s mean resulting from marginal changes in the independent variable. To present more complete information about the independent variables, we should further depict the regression plots accompanying each quartile. Since mean regression is an incomplete regression on only one distribution, it can only provide partial information about the different dispersions. Therefore, a quantile regression must be employed to comprehensively and precisely explore the likely correlation between income inequality and carbon emissions.
In quantile regression, the regression coefficient is the conditional quantile of the dependent variable y from a given regression variable. It can be described as [image: image]. In other words, this derivative is a marginal difference in the θ conditional quantile of y caused by a marginal variation in the regressor variable (Yasar et al., 2003). In this study, the coefficient for each quantile regressor considered could be taken as a marginal change in the θ quantile of the conditional distribution of carbon emissions per unit change in that regressor, controlling for other variables.
In comparison, quantile regression has the following advantages over OLS regression: first, OLS is not robust to the regression of non-normally distributed deviations; nonetheless, quantile regression has the property of being insensitive to outliers, which makes the regression results stabler. Second, whereas conventional OLS regression focuses only on mean changes, quantile regression reveals the whole condition distribution of the dependent variable. Therefore, it captures the behaviors of the dependent variable more specifically. Third, unlike OLS regression, quantile regression does not require the assumption that the residuals belong to the same distribution across the conditional quartiles and is thus able to estimate the coefficients of the dependent variable’s marginal distribution at different quantiles. Altogether, the assumption of quantile regression is relatively looser, and the results are more robust and realistic.
The quantile regression is modelled as follows:
[image: image]
Here, y represents carbon emissions per capita, x denotes the explanatory variables, covering the post-tax and other control variables. β is the coefficient to be estimated, and µ is the residual variable. Quantθ(yit | xit) signifies the θ-conditional quantile of yit conditional on xit. In fact, quantile estimation is to obtain βθ by solving the following equation:
[image: image]
In other words, by giving a weight to the positive error term θ and a weight to the negative error term 1 − θ, the error weighted sum of the minimization is found. As θ increases sequentially across 0 and 1, the conditioned representation of y is obtained as a function of x.
3.2 Variable descriptions and data sources
3.2.1 Variable descriptions
We denote our dependent variable by the magnitude of carbon dioxide emissions per capita. Income inequality is the main explanatory variable, measured by the post-tax Gini coefficient, taking values between 0 and 1. The maximum 1 means that all income is owned by one person and indicates that income disparity is the worst; conversely, the ideal situation is when the value reaches 0, which denotes that income distribution is completely equal. Economic growth (lngdp) is a key factor influencing carbon emissions, gauged by gross domestic product (GDP) per capita. The square term is introduced into the model to examine the EKC hypothesis and to explore whether an inverse U-shaped relationship exists between economic growth and per capita carbon emissions (Stern, 2004; Mader, 2018).
Energy consumption (lnenergyc) calculates the oil equivalent per capita, which is a potential factor affecting the carbon emissions per capita. Oil is a type of fossil fuel, whose use can produce carbon dioxide. Safar (2022) introduced energy use as a control variable in his study of the relationship between income inequality and carbon emissions. Similarly, we follow his research and introduce energy consumption (lnenergyc) and its squared term (lnenergy2) as control variables. The squared term is mainly used to find out if a reverse U-shaped correlation exists between energy consumption and carbon emissions.
Urbanization (urban) as well as its square term (urban2) is incorporated into our model. The percentage of urban residents in the total population is defined as urbanization. Typically, in the early stages, the urban population is considered to consume more than the rural population, resulting in more carbon emissions. At the same time, urbanization is frequently accompanied by augmented levels of productivity, the advancement of tertiary industries, and infrastructure upgrades. As a result, there may be a quadratic association between urbanization and carbon emissions (Bank, 2012; Wan and Wang, 2014).
Foreign direct investment (fdi) has the ability to impact carbon emissions via “pollution haven” and “pollution halo” effects. The initial impact transpires when energy-intensive firms move to countries with less restrictive environmental regulations, consequently leading to the occurrence of local environmental pollution (Antweiler et al., 2001). This effect fosters the amelioration of the local environment and can be primarily attributed to the influx of foreign capital, which brings advanced knowledge and technology (Antweiler et al., 2001).
Economic structure (gdp2) is defined as the proportion of the manufacturing industry in GDP, reflecting the importance of the manufacturing industry, which is more energy-intensive than the tertiary sector. It is, therefore, expected to be positively correlated with carbon emissions (Feng et al., 2009; Veblen, 2009; Aller et al., 2015; Balogh and Jámbor, 2017; Grunewald et al., 2017; Bai et al., 2020; Aller et al., 2021; Xu et al., 2021).
International trade openness (trade) is expressed as the ratio of exports and imports to GDP. With reference to Antweiler et al. (2001), trade affects environmental degradation mainly through scale, technology, and configuration responses. The scale effect is the environmental degradation caused by the increase in trade openness as the economy expands. Technology spillovers from trade occur through the diffusion of knowledge resulting from the exchange of goods between nations. This transmission of technology can range from explicit transfer through formal educational mechanisms to implicit acquisition through learning-by-doing. Compositional effects are linked to countries’ competitive strengths in the fields of “green” and “foul” sectors with respect to international integration and specialization. Furthermore, it was proved that trade openness could exert a positive effect on income inequality (Ullah et al., 2020), so trade openness might work on carbon emissions through income inequality. Therefore, it is necessary to control the effect of international trade openness on carbon emissions.
Research and development expenditures (rd) are calculated as research spending in percent of GDP. There may be a non-linear relationship between research and development expenditures and carbon outputs. On the one hand, the increase in research and development expenditures can increase productivity, and productivity growth, especially green productivity, facilitates the improvement of environmental quality (Newman and Kenworthy, 1989). On the other hand, expanding production scale and upgrading equipment can increase carbon emission intensity at the beginning of research and development expenditures.
3.2.2 Data sources
Our research data cover 65 countries, including 32 developed countries and 33 developing countries, from 1990 to 2019. The post-tax Gini coefficient data are obtained from Solt’s SWIID (Solt, 2019), which provides a standardization of the data to guarantee coherence and applicability for cross-national studies. The dataset has a bigger sampling size and more recent observations than the World Bank’s World Development Indicators (WDI). Furthermore, it also covers the pre-tax and post-tax Gini coefficients. We choose post-tax Gini coefficients in our study to better examine the impact of social disparity on carbon emissions. In addition, we obtained data for dependent and control variables, both from the WDI database.
4 EMPIRICAL RESULTS AND ANALYSES
According to the results from Stata 17, we carry out our empirical analyses on statistical results, regression results, and robustness check.
4.1 Descriptive analyses
Descriptive statistics for the variables are presented in Table 1. Skewness is used to measure the degree to which a symmetrical distribution deviates. When a skewness value is greater than 0, it indicates a right deviation distribution. In the same way, a skewness value smaller than 0 represents a left-skew distribution. Table 1 shows that three variables, lngdp, urban, and lnenergyc, are left-biased, while other variables indicate a right-biased distribution. The kurtosis measures how much the population distribution peaks. Generally, 0 is a dividing point, which exactly shows the normal distribution. Minus values indicate a flat distribution, while positive values indicate a steep distribution (Chen et al., 2020). Table 1 shows that all variables are more steeply skewed than normal. The Jarque–Bera test examines whether a variable has a normal distribution (Jarque, 2011). Evidence in Table 1 shows that all variables reject the null hypothesis, indicating they are non-normally distributed.
TABLE 1 | Descriptive statistics of variables.
[image: Table 1]Furthermore, a scatter plot is shown in Figure 1, which describes both the post-tax Gini coefficients and carbon emissions per capita of 65 countries from 1990 to 2019. The missing data are not included. Figure 1 illustrates the overall carbon distributions of various countries in distinct post-tax Gini coefficients. Obviously, there are some extreme values for both variables. Taking Russian Federation as an example for the developed country, its carbon emissions can reach a peak of more than 24 metric tons per capita in a single year. Meanwhile, as a developing country, South Africa has the biggest post-tax Gini coefficient among 65 countries, even above 0.6. The existence of extremities precisely clarifies the rationality of the employment of the quantile regression method. In addition, Figure 1 also illustrates a basic law: most developed nations exhibit lower post-tax Gini coefficients and higher carbon emissions than developing countries.
[image: Figure 1]FIGURE 1 | Post-tax Gini coefficient vs. per capita CO2 emissions in 65 countries over 1990–2019.
4.2 Regression results
Table 2 displays the findings of the regression analysis. The initial and subsequent columns showcase the outcomes of the OLS regression and the SQR, respectively. The listed results of OLS regression are mainly for comparisons and references. Meanwhile, in order to further figure out how income disparity affects carbon emissions, we depict the OLS regression and SQR curves in Figure 2 so as to explore the coefficient changes in different explanatory variables. In Figure 2, the x-axis displays the carbon emissions’ distribution, and the y-axis displays the size of each contributing factor. Horizontal dashed curves show OLS regression results and their 95 percent credible intervals. Bold solid rows indicate SQR estimates for different quantile points, with shadowed areas indicating the associated 95% confidence intervals. Whether the significance level test is passed depends on the confidence interval. If the interval does not contain 0, the significance level test is satisfying. Hübler (2017) noted that estimates of absolute magnitudes (i.e., 0.05 and 0.95) are susceptible to a number of extremes, so they should be considered seriously. The process of calculating the standard errors from the bootstrap was carried out by repeating 1000 samples using Stata 17.
TABLE 2 | OLS and simultaneous regression results.
[image: Table 2][image: Figure 2]FIGURE 2 | OLS and simultaneous quantile regression results.
According to the regression results shown in Table 2 and Figure 2, we provide the following explanations: first, income inequality has a significant positive association with per capita carbon emissions in all quartiles. At the 0.8 quantile, increasing post-tax Gini coefficients contribute the most to carbon emissions per capita. It indicates that the increasing effect is suitable for both developing and developed countries. For developed nations, the detrimental impact is amplified, underscoring the need to prioritize not just economic growth but also efforts toward income inequality reduction as a means of curtailing carbon emissions. Our findings are in line with several prior studies (Zhang and Zhao, 2014; Hao et al., 2016; Balezentis et al., 2020; Chen et al., 2020; Xu et al., 2022a), indicating that the promotion of equity in income distribution contributes to the mitigation of carbon emissions. However, Liu as well as some scholars hold the view that worsening income inequality can facilitate environmental quality (Liu et al., 2019; Huang and Duan, 2020), which is opposite to our view. In addition, the OLS regression results listed in Table 2 show that income disparity is significantly positively associated with carbon emissions, and the estimated regression coefficients of the post-tax Gini coefficient on per capita carbon emissions are significantly larger than the quantile regression coefficients, which suggest that the OLS-estimated impact of income disparity may be overestimated.
Next, the impact of economic growth on carbon emissions is discussed. In Table 2, on the one hand, we can find that GDP per capita significantly negatively affects carbon emissions per capita at all quantiles (except the 0.8 quantile), indicating economic growth is conducive to green development. At the highest quantile (0.8 quantile), the GDP per capita coefficient is not significant but positive, indicating that the increase in carbon emissions with an increase in economic development is not significant. In addition, the OLS regression analysis indicates a significant negative correlation between GDP per capita and carbon emissions per capita. Obviously, OLS regression slightly exaggerates the contribution of economic growth to carbon reduction. However, on the other hand, we find a significant and positive correlation between the square of GDP per capita and carbon emissions at 0.2, 0.4, and 0.6 quantiles, indicating a negative impact on economic growth. At the upper quantile (0.8 quantile), a clear negative association exists between the square of GDP per capita and carbon emissions, suggesting that higher income levels help reduce carbon emissions. Meanwhile, the OLS regression results indicate a significant positive impact of quadratic GDP per capita on carbon emissions, without any negative effect on carbon emissions in the top quantile.
In summary, the relationship between GDP and carbon emissions displays a non-linear pattern that varies across various stages and sizes of the economy. When income levels exceed a critical level, economic growth can ameliorate environmental degradation to some extent or curb environmental improvement. In detail, for developing countries, the effect of economic growth on carbon emissions seems like a U shape, which is basically consistent with the conclusions of Hao et al. (2016) who reported a U-shaped relationship between income per capita and carbon emissions per capita whereas an inverted U-shaped relationship for developed countries, which is consistent with previous carbon emissions studies based on the EKC hypothesis (Luo et al., 2016; Hailemariam et al., 2019). In addition, studies that hold economic growth can accelerate carbon emissions in one country also exist, such as Iqbal et al. (2022).Therefore, for a specific country’s certain stage, the influence might vary and should be treated prudently. In particular, we also note that the adverse impact of economic growth is weaker than its beneficial impact on developing countries. This is probably because economic growth can contribute to green innovation. This, in turn, can significantly aid in reducing carbon emissions in developing nations.
Finally, the impact of other controlling variables is discussed. First, energy consumption as well as its quadratic component is discussed. Based on our findings, the impact of energy consumption on carbon emissions is substantially negative at all quantiles, which is consistent with OLS regression results, meaning that more energy consumption boosts the decrease in carbon emissions. As for the reason, we suppose technological innovation may play a critical role in this mechanism, contributing to cleaner disposal of wastes. Still, when we introduce the quadratic component of energy consumption into the model, quantile regression and OLS regression results reverse dramatically, showing that quadratic energy consumption per capita can affect carbon emissions significantly and positively. It demonstrates that when energy consumption exceeds a certain value, the environment can be deteriorated. As a result, there may be a U-shaped nexus between energy use and carbon emissions.
Next, for urbanization and its quadratic component, at all quantiles, it is proven that a clear positive correlation exists between urbanization and carbon emissions, and the effect coefficient is relatively stable. However, when we square the urbanization, it is found that there is a significantly negative effect between quadratic urbanization and carbon emissions at all quantiles, and the effect coefficient is still very stable. Therefore, the EKC hypothesis accepts the presence of an inverted U-shaped correlation between urbanization and carbon emissions, which is supported by investigations conducted by ADB, Wan and Wang (2014), Wan et al. (2022) , Xu et al. (2022b), and Bank (2012). However, the results of OLS regression of urbanization or its quadratic component are not significant, which is an indication of its low explanatory power.
Third, foreign direct investment is proven to be significantly and positively associated with carbon emissions at all quantiles except for the 0.8 quantile, and the effect diminishes as foreign direct investment increases, i.e., the significance confidence level of the 0.2 and 0.4 quantiles is much higher than that of the 0.6 quantile. In other words, compared with developed countries, foreign direct investment has a greater impact on carbon emissions in developing countries than in developed countries. However, the results of the OLS regression show a notable positive association between foreign direct investment and carbon emissions, somewhat accentuating the impact of fdi on carbon emissions. Similarly, Shah et al. (2022) also proved that a huge foreign investment inflow can adversely affect environmental quality.
Fourth, in our research, gdp2 represents the proportion of the manufacturing industry to GDP, which is used to describe the economic structure. Based on our results, we can find that the economic structure is significantly and negatively related to carbon emissions at all quantiles, and OLS regression shows a similar result, indicating that as the manufacturing industry develops, carbon emissions will decrease. We suppose this may also be related to green production in the manufacturing industry. The production of renewable resources can contribute to the melioration of environmental quality. Furthermore, the outcomes of both OLS and quantile regression analyses reveal that international trade openness significantly contributes to the reduction of carbon emissions, which is in agreement with Zhu et al. (2016) ,which posited that international trade has a positive impact on mitigating the deterioration of the environment in ASEAN countries.
Last, we explore the impact of research and development expenditures, finding that it is significantly and negatively correlated with carbon emissions by OLS regression. However, our quantile regression results show that only at the low quantiles (0.2 and 0.4 quantiles), research and development expenditures can significantly and negatively affect carbon emissions, suggesting that for developing countries, the increase in research and development expenditures can benefit carbon reduction. Obviously, OLS regression has not precisely grasped the impact of coefficient changes in research and development expenditures on carbon emissions in the long term.
Overall, comparing each equation’s pseudo-R2, it can be clearly seen that the fit of the equations increases with the conditional quantile, which indicates that the quantile regression model developed in this paper has strong explanatory power.
4.3 Robustness check
To further assess the robustness of the quantile regression model, we conduct robustness tests using the following three methods.
First, we use generalized quantile regression (GQR) by Powell (2020) to further analyze the data. The estimates of GQR are listed in Table 3. According to the GQR results, the marginal impact of the post-tax coefficient is significantly positive at all quantiles, which coincides with the results of the SQR analysis. Therefore, our results are robust to different quantile regression approaches.
TABLE 3 | Generalized quantile regression results.
[image: Table 3]Second, we change the expression of income inequality with the Gini index sourced from the World Bank to check whether the effect of income equality on carbon emissions is affected by the measurement of our main explanatory variable. Then, OLS regression and SQR are carried out, and the results are shown in Table 4. By comparing with Table 2, the significance of income inequality is consistent with that of Table 2, which proves the robustness of our model.
TABLE 4 | OLS and simultaneous regression results using the Gini index from the World Bank.
[image: Table 4]Finally, in order to test whether there are any omitted variables disturbing our results, we introduce a potential control variable into our model. Table 5 shows the estimates when the potential control variable, population, is included in the model. It is clear that the impact of coefficient of income inequality on carbon emissions still follows a similar trend to the original model. Therefore, our results are robust in the aforementioned three checks.
TABLE 5 | OLS and simultaneous regression results adding “population” into the model.
[image: Table 5]5 CONCLUSION AND IMPLICATIONS
Amid the rising global concern for environmental protection, specifically regarding carbon emissions, researchers are increasingly investigating the factors linked to carbon emissions. In the past few years, scholars have increasingly recognized the importance of the gap in income distribution and have begun to study the impact of income inequality on carbon emissions. Given the differences in research samples, methodologies, and time spans, there is no consistent conclusion to date. Informed by previous research, we analyzed a panel of data from 65 countries (32 developed and 33 developing countries) for the period 1990–2019 to investigate the impact of income inequality on carbon emissions. Meanwhile, we focus on the diverse impact of income inequality on carbon emissions, so SQR is mainly utilized to obtain empirical results, overcoming the limitation that OLS cannot reflect the heterogeneity at different carbon emission quantiles.
The results of the SQR indicate a small degree of diversity in the impact of income inequality on carbon emissions across countries at different stages of development. The impact of income inequality on carbon emissions is significantly positive in both developing and developed countries, indicating an uneven income distribution can worsen environmental quality, and the impact is more significant for developed countries. Furthermore, there exists a non-linear correlation between economic expansion and carbon pollution. This relationship fluctuates across various levels of economic growth and at varying degrees of economic development. In developing countries, the favorable consequences of economic growth are stronger than the detrimental consequences. The effect of economic growth is like a U shape for developing countries whereas an inverted U shape for developed countries.
For other variables, we also draw some interesting conclusions. The U-shaped correlation exists between energy consumption and carbon emissions, while the inverted U-shaped correlation exists between urbanization and carbon emissions. The detrimental impact of foreign direct investment on the environment is significant and weak in all quantiles (except the 0.8 quartile) and is more pronounced in developing countries. The influence of economic structure and openness to international trade on carbon emissions is significantly negative in all quartiles. Research and development expenditures only in low quantiles can significantly and negatively affect carbon emissions. For developing countries, the increase in research and development expenditures leads to carbon reduction.
Based on our empirical findings, we offer the following insights: first, our study demonstrated that uneven income distribution can definitely worsen environmental quality, and this effect is more significant in developed countries. As a result, it is integral for the world, especially developed countries, to take measures to alleviate the income gap for achieving SDGs. To reach rationality in income distribution, countries should establish and perfect the social security system and the tax system as well as extend the coverage of the social security system to the poor areas and vulnerable groups and rationalize the tax system based on individuals’ income levels. In addition, corresponding policies and documents should be formulated to strengthen social relief, optimize social welfare, and pay attention to the lives of vulnerable groups. It is essential to strengthen legislation to ensure the legal rights of the poor and vulnerable groups. Through these measures, inequality in income distribution will be gradually alleviated, thus fulfilling the win–win goals of a harmonious society and sustainable development.
Second, economic growth showed a non-linear relationship with carbon emissions. In different economic development stages and different economic scales, the effect varies. As a matter of fact, every country is an emitter in the world; thus, all the countries and their people should establish the concept of sustainable development. In every stage, countries should try to reach a trade-off between economic development and environmental quality and always remember that the path of pollution first and treatment later is not desirable. In the process of economic development, countries and individuals should care for the surrounding environment; for instance, disposing of nuclear waste water is very harmful to the sea and, thus, should be forbidden and spurned.
Third, carbon emissions can be affected by energy consumption, which reminds the global community to promote energy efficiency and exploit new sources of energy. Clean and renewable resources are required to be promoted widely, especially in relatively vulnerable regions in order to facilitate environmental protection (Shah et al., 2023).
Fourth, given urbanization’s inverted U-shaped effect on carbon emissions, countries need to promote balanced development of cities of different sizes to facilitate the realization of the beneficial effects of urbanization. The concept of sustainable urban and environmental development should be established. The urbanization process should be the intensification process of land use and the industrialization process of transformation of agricultural land into urban land. Whether the size of a city is appropriate should be measured in terms of various aspects of urban economic benefits and environmental and ecological benefits. Whether the scale of a city is appropriate should be measured in terms of various aspects of urban economic benefits and environmental and ecological benefits. In addition, people should establish the development concept of urbanization and modernization, grasp the view of the overall development of the city and region as well as town and countryside, and realize the long-term goal of urban and rural integration.
Fifth, since foreign direct investment can worsen our environment, it is necessary for the global community, especially developing countries, to formulate relevant schemes to focus on environmental protection in the process of foreign investment. Shah et al. (2022) demonstrated that it is necessary for the government to reinforce policy directions when increasing the inflow of foreign investment. Sixth, priority on manufacturing industry development can contribute to reducing carbon emissions, especially the production of renewable resources.
Lastly, developing countries should expand their research and development expenditures and put emphasis on the development of scientific research and education. In the field of scientific research and education, more conducive policies should be adopted to encourage scholars and excellent talents to breed advanced technologies that are environmentally friendly and to foster environmental technical expertise. In this way, developing countries will be able to cultivate high-caliber human resources and advanced technologies to better build environmentally friendly societies.
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