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CO2 emissions have been a great challenge in China, especially in recent years. Meanwhile, the CO2 emissions allowance price cannot accurately reflect the CO2 emissions information in China because of the limited efficiency in China’s carbon market. Accordingly, this study constructs a CO2 emissions index and provides an empirical investigation of the heterogeneous response of stock markets to CO2 emissions. With a quantile regression approach, we document that the effect of CO2 emissions on stock returns is significant in 2021, while it is insignificant in 2019 and 2020. In addition, its influence is more significant at the upper and lower quantiles than at the median quantile. Our findings indicate that investors and the government should pay more attention to carbon risk in the future and under extreme market conditions.
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1 INTRODUCTION
CO2 emissions are a great challenge for China, the largest carbon emitter in the world. The government has adopted tightening carbon emissions policies for energy firms to cut CO2 emissions, such as a continuous decline in the benchmark of CO2 emissions starting in 2021, which is significantly lower than in 2020 and 2019. The CO2 emissions allowance decreased significantly. Energy firms must reduce carbon emissions or pay for excess carbon emissions. Meanwhile, the global CO2 emission allowance price has risen sharply, and the price of the European Union carbon allowance (EUA) increased from 33.7 euros to 88.9 euros per ton at the end of 2021. In addition, investor attention to CO2 emissions is increasing, indicating that the effect of CO2 emissions on stock returns in 2021 is more significant than before.
The effect of CO2 emissions on stock returns is based on the CO2 emissions allowance price in China (Wen et al., 2020; Zhao et al., 2022; Pan et al., 2022; Bolton and Kacperczyk, 2021; Dutta et al., 2018), but the efficiency of China’s carbon market is limited (Fang and Cao, 2021; Wen et al., 2022; Zhang et al., 2020). This indicates that the price of Chinese carbon emission allowances (CEA) cannot accurately reflect CO2 emissions information, and the response of stock returns to CO2 emissions is inaccurate. Furthermore, we need to obtain more CO2 emissions components from other measurements. Rohleder et al. (2022) and Oestreich and Tsiakas (2015) investigate the effects of carbon emissions on the stock market based on CO2 emissions. In addition, Chen et al. (2022) and Guastella et al. (2022) report that CO2 emissions attention is the driver of stock returns, which means that attention to CO2 emissions cannot be neglected. This indicates that we should extract more CO2 emissions components from CO2 emissions allowance price, CO2 emissions, and CO2 emissions attention.
Accordingly, this paper contracts a CO2 emissions index to investigate the heterogeneous response of the stock market to carbon emissions from 2019 to 2021 in China. The panel quantile regression approach was employed in this paper, providing more complete results and demonstrating the possible heterogeneity. The research is carried out in the following steps. First, we used principal component analysis to construct a CO2 emissions index based on the CO2 emissions, CO2 emissions allowance price, and investor attention to CO2 emissions. Second, we make an empirical analysis to examine the heterogeneous response of the stock returns to CO2 emissions.
The contributions of our work are as follows. First, our empirical results show that the effect of CO2 emissions on stock returns is significant in 2021 and insignificant in 2019 and 2020. Zhu et al. (2018) and Daskalakis et al. (2009) report that the influence of CO2 emissions on stock returns is different at the different phases of volatility behavior in the EUA market. However, little research has paid attention to the heterogeneous response of the stock market to CO2 emissions in China in different years.
Second, using the principal component analysis method to construct a CO2 emissions index based on CO2 emissions, CO2 emissions allowance price, and investor attention to CO2 emissions accurately reflects CO2 emissions information in China. All the empirical results help the government and investors to understand the variation of carbon risk in recent years. The government and investors should pay more attention to CO2 emissions in the future and in extreme stock market conditions.
The remainder of the paper is organized as follows. Section 2 is a review of the literature. Section 3 introduces the construction of the CO2 emissions index. Section 4 is empirical results. Section 5 is the conclusions.
2 LITERATURE REVIEW
The paper reviews the previous literature on the effect of CO2 emissions on stock returns from three main aspects. The first focuses on the relationship between CO2 emissions and CO2 emissions allowance. The CO2 emissions and CO2 emissions allowance prices interact with each other. On the one hand, CO2 emissions significantly impact the variation of the CO2 emissions allowance prices. Benz and Trück (2009) show that the skewness, excess kurtosis and different phases of volatility behavior of CO2 emissions allowance returns come from fluctuations in demand for CO2 emissions. On the other hand, the variation of CO2 emissions allowance price also significantly impacts CO2 emissions. Forbes and Zampelli (2019) report that increases in the carbon allowance price significantly reduce carbon emissions. Meanwhile, Li et al. (2022) believe that a significant impact occurs if the CO2 emissions allowance price exceeds 300 RMB/TCO2. From the above literature, we can conclude that the CO2 emissions and the price of CO2 emissions allowance are highly correlated, but they reflect the CO2 emissions information differently.
The second aspect focuses on the response of the stock returns and carbon emissions. The relationships among CO2 emissions allowance price, stock returns, and volatility are complicated. First, there are no consensus opinions about the response of stock returns to carbon emissions. Da et al. (2016) believe that EU ETS has a statistically significant positive long-run impact on the aggregated power-sector-stock market return decreasing the firm’s profitability. However, Tian et al. (2016) show that the positive relationship between EUA returns and returns of electricity companies is different for carbon-intensive companies. It is favorable for less carbon-intensive producers and negative for high carbon-intensive producers. Moreover, Xu et al. (2022) report that the relationship between the return of carbon-intensive industries and the carbon allowance is uncertain. The return is positive in Shenzhen and Shanghai pilots and negative in Beijing, Guangdong, and Hubei pilots. Second, the volatility spillover between carbon emissions allowance price and stock returns is also uncertain. Alkathery and Chaudhuri (2021) report significant volatility spillover effects and co-movement between carbon emission allowance prices and energy stock markets in the three GCC. Zhu et al. (2018) and Daskalakis et al. (2009) believe that the influence of CO2 emissions on stock returns is different at the different phases of volatility behavior in the EUA market. However, less attention is to the heterogeneous response of stock returns to CO2 emissions in different years in China.
The third aspect is that investor attention is a driver of the variation of financial markets. Fang et al. (2014) adopt the Baidu index as the proxy for individual investor attention to stocks and find that investor attention improves the stock return in the short term. Ben-Rephae and Israelsen (2017) report that institutional attention responds more quickly to significant news events, leads to retail attention, and facilitates permanent price adjustment. Moreover, their relationship affects other variables, such as the uncertainty avoidance index of national culture (Shear et al., 2020; Ren et al., 2022). In addition, more and more research demonstrates that investor attention to climate risk significantly impacts financial market variation. Liu et al. (2021) find that investor attention to air pollution reduces the prices of the polluting stocks, for the investors receive more attention on trading days with air pollution. Ding et al. (2022) find that investor attention to climate change has significant causal effects on the spillovers among carbon, fossil energy, and clean energy markets. Moreover, the effect of investor attention on green assets becomes more significant. Pham and Huynh (2020) and Pham and Cepni (2022) find that investor attention to the green bond significantly impacts the green bond’s return and volatility, and the relationship becomes more significant. Chen et al. (2022) report that climate attention is becoming more important for state-owned and high-carbon-emission firms. All the above empirical results indicate that investor attention has a significant role in the return on the stock market and green assets, but less attention is given to the linkages between investor attention on CO2 emissions and the stock market in China.
In general, the literature on the heterogeneous response of stock returns to CO2 emissions in different years is relatively scarce in China. The challenge of a decreasing benchmark of corporate carbon emissions in 2021, rapidly rising investor attention to CO2 emissions in China and the soaring price of EUA suggests that the response of stock returns to CO2 emissions will become more significant. How will China’s CO2 emissions affect the stock returns in different years? It has been 4 years since carbon neutrality was launched in China, and an empirical study on the heterogeneous response of stock returns to CO2 emissions in different years is needed.
3 CONSTRUCTION OF THE CO2 EMISSIONS-INDEX
3.1 Data and calculations
The research on the effect of CO2 emissions on the stock market is mainly based on CO2 emissions and CO2 emissions allowance prices. Meanwhile, investor attention to climate risk also significantly impacts asset price fluctuations (Pham and Cepni, 2022; Ding et al., 2022), which indicates that investor attention to carbon risks cannot be neglected. In addition, investor attention to carbon emission is closely related to CO2 emissions and CO2 emissions allowance prices. Accordingly, a CO2 emissions index based on the CO2 emissions, the carbon emission allowance price, and investor attention to CO2 emissions is considered.
The sample period covers from 1 January 2019 to 31 December 2021 with 1,096 observations. The CO2 emissions in China are obtained from: https://www.carbonmonitor.org.cn/. The price of the CO2 emissions allowance consists of the price of EUAs and carbon emission allowances in the Hubei carbon market (HBEAs). For that, the efficiency in China’s carbon market is limited, and EUA pricing efficiency performance is better (Fang and Cao, 2021; Wen et al., 2022). The data are obtained from the Wind database. In addition, investor attention to CO2 emissions is obtained from the Baidu search index based on web crawler technology, and the search keywords include “CO2 emissions” and “low carbon policy.”
Each CO2 emissions variable includes a carbon emissions component and other idiosyncratic components. One issue in forming an index is determining the effective information of the variable. Variables that exhibit strong relationships may reflect a given shift in carbon emissions better than others. Hence, the study uses principal component analysis to construct the CO2 emissions index based on the above four variables, where each index component has first calculated the log return. According to the empirical results, the first principal component explains 54.547% of the sample variance; it indicates that it captures much of the standard variation and reflects most carbon emission information. The coefficients of each variable are as follows:
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Here, CI is the carbon emission index, [image: image] is the price of carbon emission allowance in the Hubei carbon market, [image: image] is the price of Europe’s carbon emissions, [image: image] is the CO2 emissions in China, and [image: image] is the investor attention to CO2 emissions. All parameters in the principal component analysis are positive, indicating they are positively correlated. Meanwhile, the size of the parameters shows that [image: image], EUA, and [image: image] contain a large amount of information with a high contribution.
3.2 Effectiveness of the CO2 emissions-index in describing the trend
Next, we will examine whether the CO2 emissions index effectively describes the fluctuation trend of carbon emissions. The analysis is based on the China Low Carbon Index price and the actual conditions of carbon emissions. The China Low Carbon Index is highly correlated with CO2 emissions (Zhu et al., 2022). This index is proposed by the Beijing Environment Exchange and clean technology investment fund Vantage Point Partner. It is the first low-carbon stock index and includes all the low-carbon firms in China. Let us suppose that the stock market in China is a semi-strong efficient market. If so, the China Low Carbon Index price reflects the information on CO2 emissions. Figure 1 shows the tendency of the China Low Carbon Index and the CO2 emissions index.
[image: Figure 1]FIGURE 1 | The fluctuation trend of the CO2 emissions index and the Low Carbon Index. Note: The blue line shows the Low Carbon Index, and the red one shows the CO2 emissions index.
It is easy to find that the CO2 emissions index is low and stable in 2019 and 2020 and increases sharply in 2021. The China Low Carbon Index variation shows similar fluctuation trends. Since 2021, it has grown rapidly, and before that, it remains stable. This indicates that the China Low Carbon Index variation accurately reflects the fluctuations in CO2 emissions, and the CO2 emissions index effectively shows the trend of carbon emissions.
The CO2 emissions index trend also reflects actual conditions of carbon emissions. The CO2 emissions, the CO2 emissions allowance prices, and investor attention to CO2 emissions in China maintain slow growth in 2019 and 2020 and peak in 2021. Moreover, a challenging benchmark for energy firms cutting CO2 emissions begins in 2021, and the benchmark target is significantly lower than in 2020 and 2019. It indicates that CO2 emissions will become more valuable to the enterprise in 2021 than 2019 and 2020. Both indicate that the CO2 emissions index effectively and accurately describes the carbon emissions trend.
4 EMPIRICAL RESULTS
4.1 Quantile regression model
Quantile regression (QR) was introduced by Koenker and Bassett (1978) and developed by Koenker and Hallock (2001). QR does not require an economic variables sequence to conform to a normal distribution. QR determines the model for the selected quantiles in the conditional distribution of the dependent variable (Carreras and Coenders, 2020; Palma et al., 2020; Sirin and Yilmaz, 2020; Xu and Lin, 2020). In this study, seven quantiles are selected [image: image]. These quantiles are divided into three categories. The lower quantiles (0.05, 0.10, 0.20) indicate that the market’s return is low, and investors will gain comparatively low profits; the median quantile (0.50) indicates the market’s return stays under normal level. The upper quantiles (0.80, 0.90, 0.95) mean that the market’s return is high. The quantile regression (QR) model is formulated as follows:
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where α is the quantile point, [image: image] is the return of portfolios [image: image], [image: image], and [image: image] and [image: image] are well-known portfolio return series downloaded from Ken French’s website. [image: image] is the excess daily return. [image: image] is the daily return of a portfolio that is long on small stocks and short on large stocks, and [image: image] is the daily return of a portfolio that is long on high book-to-market stocks and short on low book-to-market stocks, [image: image] is the CO2 emissions index. [image: image] is the impact of the CO2 emissions index on stock returns. If it is positive and significant, it indicates that the CO2 emissions index brings excess return.
4.2 Descriptive statistics
Table 1 reports descriptive statistics for 154 low-carbon stocks in China from 1 January 2019 to 31 December 2021. The skewness and kurtosis of all variables are presented to explain using the QR approach. The kurtosis coefficient of the return is greater than 3, and the skewness is negative for the dependent variable stock returns, indicating that the stock returns’ unconditional distribution is asymmetric.
TABLE 1 | Descriptive statistics.
[image: Table 1]4.2 Heterogeneous response of stock returns to the CO2 emissions index based on low-carbon stocks
The CO2 emissions index maintains slow growth in 2019 and 2020 and increases significantly in 2021. This means that with the increase in the CO2 emissions index, the effect of the CO2 emissions on stock returns is also more significant. Meanwhile, the empirical research indicates that the influence of CO2 emissions on stock returns changes at the different phases of volatility in the EUA market (Zhu et al., 2018; Daskalakis et al., 2009; Ren., 2022). Therefore, we will investigate the response of the low-carbon stocks return to carbon emissions. Figures 2–4 show Eq. 1 slope coefficients for the different CO2 emissions index–low-carbon stock return pairs in 2019, 2020, and 2021. Table 2 shows more details about them.
[image: Figure 2]FIGURE 2 | Quantile regression results for the CO2 emissions index–low-carbon stock prices in 2019. Note: The solid red line represents the OLS coefficient; the two red dashed lines depict the conventional 95% confidence intervals for the OLS coefficient. The shaded gray area plots a 95% pointwise confidence band for the quantile regression estimates.
[image: Figure 3]FIGURE 3 | Quantile regression results for the CO2 emissions index–low-carbon stock prices in 2020. Note: The solid red line represents the OLS coefficient; the two red dashed lines depict the conventional 95% confidence intervals for the OLS coefficient. The shaded gray area plots a 95% pointwise confidence band for the quantile regression estimates.
[image: Figure 4]FIGURE 4 | Quantile regression results for the CO2 emissions index–low-carbon stock returns in 2021. Note: The solid red line represents the OLS coefficient; the two red dashed lines depict the conventional 95% confidence intervals for the OLS coefficient. The shaded gray area plots a 95% pointwise confidence band for the quantile regression estimates.
TABLE 2 | Effect of the CO2 emissions index on the return of low-carbon stocks.
[image: Table 2]It is easy to find that a heterogeneous response of low-carbon stock returns to the CO2 emissions index exists in different years. Figures 2, 3, and panels A and B of Table 2 show that the impact of the CO2 emissions index on the low-carbon stock returns is insignificant in 2019 and 2020. In comparison, Figure 4 and panel C of Table 2 show that the effect of the CO2 emissions index on the low-carbon stock returns is positive and significant in 2021. Meanwhile, the effect of the CO2 emissions index on the low-carbon stock returns is more significant at the upper and lower quantiles than at the median quantiles. Moreover, the influence is more significant at the high percentiles than at the lower percentiles. The coefficient of CI is 0.015 at the 5% quantile, and it increased to 0.0428 at the 95% quantile.
4.3 Heterogeneous response of stock returns to the CO2 emissions based on dummy variable
A dummy variable [image: image] is defined to investigate whether the year 2021 has a significant impact on the return of the low-carbon stocks. If the sample is in 2021, [image: image], otherwise, [image: image]. We add [image: image] to Eq. 1, and the model is as follows: [image: image] Table 3 reports the results.
TABLE 3 | Impact of the year 2021 on the return of low-carbon stocks.
[image: Table 3]We find that the coefficient of [image: image] is significant, and it has asymmetric effects at lower and upper quantiles. It is significantly negative at the 5%, 10%, 20%, and 50% quantiles and significantly positive at the 80%, 90%, and 95% quantiles. Meanwhile, the coefficient of [image: image] is the lowest at 50% quantiles, while it is more significant at extremely high and low quantiles. These findings indicate that the year 2021 significantly influences the return of low-carbon stocks return, and its impact is greater at the extremely high and low quantiles. This provides further empirical evidence for the heterogeneous response of low-carbon stock returns to the CO2 emissions index in different years.
4.5 Heterogeneous response of stock returns to the CO2 emissions index based on energy stocks
The energy industry is the largest source of carbon emissions in China, and the energy sector return is highly correlated with CO2 emissions in China (Dutta et al., 2018; Wen et al., 2020; Kangyin Dong et al., 2021; Chen et al., 2022). Next, we will investigate the heterogeneous response of the CO2 emissions index on energy stocks return in different years. The energy stock return is the log return obtained from the CSMAR database. Figures 5–7 and Table 4 show the results.
[image: Figure 5]FIGURE 5 | Quantile regression results for CO2 emissions index–energy stock return in 2019. Note: The solid red line represents the OLS coefficient; the two red dashed lines depict the conventional 95% confidence intervals for the OLS coefficient. The shaded gray area plots a 95% pointwise confidence band for the quantile regression estimates.
[image: Figure 6]FIGURE 6 | Quantile regression results for the CO2 emissions index–energy stock returns in 2020. Note: The solid red line represents the OLS coefficient; the two red dashed lines depict the conventional 95% confidence intervals for the OLS coefficient. The shaded gray area plots a 95% pointwise confidence band for the quantile regression estimates.
[image: Figure 7]FIGURE 7 | Quantile regression results for the CO2 emissions index–energy stock returns in 2021. Note: The solid red line represents the OLS coefficient; the two red dashed lines depict the conventional 95% confidence intervals for the OLS coefficient. The shaded gray area plots a 95% pointwise confidence band for the quantile regression estimates.
TABLE 4 | Effect of the CO2 emissions index on the return of the energy stocks.
[image: Table 4]The empirical results demonstrate that the effect of the CO2 emissions index on energy stock returns is heterogeneous. Figure 5 and Panel A of Table 4 show that the influence was significant and positive at the high quantiles in 2019. Figure 6 and Panel B of Table 4 show that the result was insignificant in 2020. Figure 7 and Panel C of Table 4 demonstrate that the results were significant and positive in 2021. Meanwhile, the impact of the CO2 emissions index on the energy stock returns is more significant in the upper and lower quantiles than in the median quantiles. Moreover, its impact is more significant in the high quantiles than in the low quantiles, similar to the results of 4.3. Therefore, we can infer that the heterogeneous response of low-carbon stock returns to the CO2 emissions index exists in different years and quantiles.
4.6 Heterogeneous response of stock returns to CO2 emissions and the price of CEA
The construction of the CO2 emissions index is based on CO2 emissions and the price of CEA. Most empirical research uses these data to investigate the effect of CO2 emissions on stock returns. Next, we will retest the heterogeneous response of stock returns to the CO2 emissions based on CO2 emissions and CEA price. Tables 5–8 report the results.
TABLE 5 | Effect of CEA price on the energy stock return.
[image: Table 5]TABLE 6 | Effect of CEA price on low-carbon stocks return.
[image: Table 6]TABLE 7 | Effect of the CO2 emissions index on the energy stock return.
[image: Table 7]TABLE 8 |  Effect of the CO2 emissions index on the low-carbon stocks return.
[image: Table 8]All empirical results support that the response of stock returns to CO2 emissions is heterogeneous. Table 5 reports that the effect of the CEA price on the return of the energy stocks is heterogeneous. On the one hand, it was negative and significant in 2021 but not in 2019, 2020. The influence is more significant at high and low quantiles than in the median quantiles, and its impact is more significant at the high quantiles than at the low quantiles. However, Table 6 shows that the effect of CEA price on the return of the low-carbon stocks is insignificant in different years and at different quantiles. Tables 7, 8 demonstrate that the effect of CO2 emissions on the return of the energy stocks and low-carbon stocks is heterogeneous. Its influence is positive and significant in 2021, while not in 2019 and 2020. In addition, the impact at high and low quantiles is also more significant than at the median quantiles.
5 CONCLUSION
This paper constructs a CO2 emissions index and uses a QR approach to investigate the heterogeneous response of the stock returns to CO2 emissions based on daily data from 2019 to 2021. Our results suggest that heterogeneous effects do exist. The CO2 emissions index maintains low growth in 2019 and 2020 and surges in 2021. Meanwhile, the effect of CO2 emission on stock returns is significant and positive in 2021, while it is insignificant in 2019 and 2020. This may be related to the rapidly rising carbon emission index. In addition, the response is more significant at the lower and upper quantiles than at the median quantiles, and its influence is more remarkable in upper quantiles than in lower quantiles. This implies that the carbon risk is positively priced in 2021, especially in extreme market conditions.
Based on the above empirical results, we derive two policy implications. First, the effect of CO2 emissions on stock returns is significant in 2021 while insignificant in 2019 and 2020, and the low-carbon and energy stocks have similar results. Thus, all firms should be committed to cutting carbon emissions against the carbon risk. Meanwhile, the government and investors should pay more attention to CO2 emissions in the future. The carbon emissions allowance becomes an especially valuable resource for power companies. Second, as market circumstances change, the effect of CO2 emissions on stock returns becomes more significant at the upper and lower quantiles. Thus, investors must adopt different investment strategies depending on the market circumstances.
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