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Abstract

:

China has recently put forth an ambitious plan to achieve carbon peak around 2030 and carbon neutrality around 2060. However, there are quite a few differences regarding the public views about China’s carbon policy between the Chinese people and the people from other countries, especially concerning the doubt of foreign people about the fidelity of China’s carbon policy goals. Based on Twitter data related to China’s carbon policy topics from 2008 to 2020, this study shows the inter- and intra-annual trends in the count of tweets about China’s carbon policy, conducts sentiment analysis, extracts top frequency words from different attitudes, and analyzes the impact of China’s official Twitter accounts on the global view of China’s carbon policy. Our results show: (1) the global attention to China’s carbon policy gradually rises and occasionally rises suddenly due to important carbon events; (2) the proportion of Twitter users with negative sentiment about China’s carbon policy has increased rapidly and has exceeded the proportion of Twitter users with positive sentiment since 2019; (3) people in developing countries hold more positive or neutral attitudes towards China’s carbon policy, while developed countries hold more negative attitudes; (4) China’s official Twitter accounts serve to improve the global views on China’s carbon policy.
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1. Introduction


The increase of greenhouse gases concentration in the atmosphere such as carbon dioxide has caused the global temperature to rise since the beginning of the industrial revolution. Currently, China is the world’s largest carbon emitter [1], although its per capita carbon emissions are less than half of those of developed countries. China is actively leading global climate governances to achieve reductions in carbon emissions [2,3,4]. In the 75th United Nations General Assembly, China made a commitment to reach carbon peak by 2030 and achieve carbon neutrality by 2060 [5]. At the Climate Ambition Summit 2020, UN Secretary General Guterres warned that the current commitments of all countries are far from enough to curtail the end-of-the-century global temperature rise to within 1.5 °C and further suggested that it may even rise by more than 3 °C. Recent research has shown that China’s carbon-neutral target agrees well with the 1.5 °C warming limit [6,7]. If China’s carbon neutrality can be achieved in the expected timeframe, the effect of China’s carbon neutrality, alone, would reduce the projected increase in global average temperature by 0.2 to 0.3 °C [8]. The temperature will increase by 2.7 °C by 2100 under the currently submitted nationally determined contributions (NDCs). If everything else were to remain the same, China’s 2060 carbon neutrality commitment alone will account for 25% of the climate effort required to control the global average temperature rise within the target range of the Paris Agreement of 1.5 °C [9].



Many academic studies hold a positive attitude towards China’s commitment to control carbon emissions. These studies proposed feasible actions for China’s carbon emission control from all aspects. In terms of energy structure, some researchers believe that China needs to increase its use of clean energy, especially nuclear power, and reduce the use of its primary energy source, coal [10,11]. Although renewable energy has not yet been effective in reducing CO2 emissions in China, it needs more time for development and understanding from home and abroad [12,13,14]. In terms of energy consumption, researchers believe that if China reduces energy consumption and shifts to low-carbon fuels, then China’s commitment to peak CO2 emissions is achievable [15]. In terms of energy policy, China will require environmental policies and institutions capable of enabling major shifts in the way the country produces and uses energy [16]. Some researchers believe that China needs to control GDP growth and reduce its annual GDP growth rate to less than 4.5% to reach carbon peak by 2030 [17]. Other researchers think bioenergy with carbon capture and storage (BECCS) and afforestation efforts can significantly reduce the loss of GDP to achieve the carbon-neutral target by 2060 [18]. At the same time, a carbon tax policy is considered necessary to encourage controlling carbon emissions and the diffusion of energy technologies in China [19].



Compared with academic research, the mainstream media in the West have more negative and skeptical views regarding China’s carbon policy. First, the Chinese commitment to carbon emissions is portrayed to be politically motivated. According to a BBC report, observers believed that China’s proposed initiative to achieve carbon neutrality by 2060 is taking advantage of the reluctance of the United States to address the climate question, which demonstrated its interest in climate issues as a geopolitical tool [20]. Second, there is an impression that emission reduction plans are lacking. Some media sources emphasized that although China has a grand carbon neutrality target, there is no specific plan on how to achieve it [21,22]. Due to the impact of COVID-19, China’s coal consumption began to rise again as China’s economy encountered obstacles and the government tried to boost industrial growth. The increased power generation raised concerns in the media about whether China can fulfill its commitments to fight global warming, although the economy growth has slowed down [23,24]. Third, there seems to be a call for China to do more to limit global warming. A report from the Associated Press believed that China needs to reach its peak emissions by 2030 and achieve zero carbon emissions by 2050, ten years earlier than its goal, because by then it will have become a wealthy developed country [25]. There was a report that China’s current goal only became compatible with a 2 °C end-of-the-century warming. To meet the 1.5 °C benchmark, China needs to achieve carbon peaks faster, by reducing coal and other fossil fuel use more than the expected plan and establishing a clearer timetable [26].



How to better understand the global view and the associated changes of foreign mainstream media concerning China’s carbon policy has become an important issue for China’s international image. A positive national image could offer important international support for national interests, while a negative one would isolate China and cause other countries to resist Chinese protocol resulting in severe damage to state interests [27,28,29]. China’s realization of carbon neutrality needs the recognition and support of the international community. A good international image and active and sufficient positive publicity for carbon neutrality will help to reduce differences with other governments, expand recognition, and obtain more support. As one of the most popular social media platforms in the world, Twitter is widely applied for receiving and sharing news, especially political information [30,31]. Recent research shows that users from different backgrounds discuss climate change issues on Twitter, including NGOs, grassroots activists, celebrities, and politicians [32,33]. In particular, climate change is widely discussed on Twitter, for example, whether climate change is real, whether the public is aware of it, and whether scientists agree [34,35]. Furthermore, the causes of climate change (e.g., carbon emissions) and possible solutions (e.g., a carbon tax and geoengineering) are also very hot topics [36,37,38]. In addition, many tweets mentioned the impact of climate change on real life, including warming temperature and extreme precipitation [39,40,41]. Furthermore, the geographic location information contained in tweets is also widely used by researchers [42,43,44]. Therefore, Twitter is an effective means to assess public opinion about an issue, and the topic of climate change is no exception. In particular, the advent of natural language processing (NLP) makes it possible to conduct sentiment analysis about tweets from people all over the world, as the sentiment expressed in tweets could play a role in diffusing information and building solidarity [45,46,47]. Sentiment analysis could be used to study the emotional tone behind a series of words and help decision-makers understand whether people’s reactions to a particular topic are positive, negative, or neutral [48,49,50,51]. It is now used in many aspects, such as the consumers’ perceptions of their products/brands in business, the change of people’s emotions during COVID-19 and the public option analysis during the political general election [52,53,54,55,56]. In addition, the Chinese government has set up some official diplomatic Twitter accounts to promote China’s good image [57], but its effect remains unclear.



Although China has put forward an ambitious carbon emission reduction plan, the global views towards China’s carbon policy is not clear. To solve this problem, in this study, we choose Twitter as a platform to infer the international views concerning China’s carbon policy and to evaluate the effects of the official diplomatic tweets upon the global views concerning China’s carbon policy. Specifically, we apply the methods of sentiment analysis using natural language processing (NLP) and multiple regression to resolve the following problems: (1) How does the attentiveness of the world’s people to China’s carbon policy change over time? (2) Are the global views of China’s carbon policy positive or negative and is there any geographic bias to these views? (3) Have the official tweets of the Chinese government made significant changes in world views of China’s carbon policy? Answering these questions will improve the quantitative understanding of the public views about China’s carbon policy and provide a basis for China to implement stronger carbon emission reduction policies and enhance China’s good image.




2. Data and Methods


2.1. Data Description


In this study, a Twitter full-archive search of the application programming interface (API) was performed to extract data from Twitter about China’s carbon policy. We collected all the Twitter data (not retweeted) on China’s carbon policy, carbon neutrality, and climate change related to keywords from January 2008 to June 2021. We also collected the Twitter posts (including Retweets) from China’s 13 official diplomatic Twitter accounts using the Twitter timelines API (Table 1) [58]. The collected Twitter data includes the content of the tweet, public metrics of the tweet (number of replies, likes, quotes of tweet), and geographic information (limited availability). In this study, the language of the collected tweets is in English, considering that English is the most widely used language in the world and social media.




2.2. Data Preprocessing


Tweets are usually composed of a lot of noise such as incomplete and poorly structured sentences, as well as irregular expressions, ill-formed words, and non-dictionary terms [59]. Before performing sentiment analysis, tweets need to be preprocessed. Preprocessing is performed extensively in the existing approaches, especially in machine learning-based approaches [60,61,62]. In the preprocessing steps, several functions are used to clean the data. Firstly, for noise removal, we removed the HTML tags, punctuation, numbers, single characters, and multiple spaces from the tweets [63]. Each character that did not indicate any meaningful communication was also replaced with a space separately. Secondly, regarding tokenization, the tweets’ text was divided into smaller components to access each word. Finally, for stopwords removal, some common words such as “and”, “but”, and “so” that do not provide relevant information were removed. In this study, we used the stopwords provided from NLTK.




2.3. Sentiment Analysis


Valence Aware Dictionary and sEntiment Reasoner (VADER) is an open-source sentiment tool often used to provide the highest sentiment analysis for Twitter data, which is a model for applying natural language processing methods [64,65]. VADER includes a robust sentiment lexicon containing over 7500 words that are each rated by 10 independent human analysts. VADER recognizes a variety of grammatical and orthographic markers of negation, hedging, and magnification, including punctuation, in a colloquial idiomatic online language. Additionally, current studies show that VADER scores provide a reliable proxy for mood and subjective well-being and individual mood variations [66,67]. The compound score of VADER is the most commonly used indicator for researchers in sentiment analysis. The range of compound score is between −1 (most extreme negative) and +1 (most extreme positive), which is computed by summing the valence scores of each word in the lexicon and then normalized. Different scores reflect different types of emotions: (1) a compound score ≥ 0.05 indicates positive sentiment; (2) a compound score ≤ −0.05 indicates negative sentiment; (3) a neutral sentiment is satisfied by the condition, –0.05 < compound score < 0.05. In this study, the VADER sentiment tool was used to calculate the emotional tendency of each tweet and to classify each Tweet into one of the three categories of positive, negative, and neutral emotions.




2.4. Word Cloud


A word cloud was used to extract the deep-seated information that determines people’s attitudes towards China’s carbon policy. When conducting in-depth analysis of text-based data, it is difficult to extract and analyze important information in the text. Word clouds can solve this problem under such situations. In this study, a word cloud was used to determine which words are most frequently used in tweets about China’s carbon policy. Since words have their own polarity, this method of analysis helps to understand the world views of China’s carbon policy behind Twitter.




2.5. Multiple Regression Model


The multiple regression model is used to determine what factors affect the world’s attention to China’s carbon policy in Section 3.5. The multiple regression model can be used to effectively investigate the influence of a specific independent variable on the dependent variable while keeping other factors unchanged. The formula of the multiple regression model is as follows:


  y =  β 0  +  β 1   x 1  +  β 2   x 2  +  β 3   x 3  +  β 4   x 4  +  β 5   x 5  + u  








where    β 0    is intercept,    β 1    is the parameter associated with    x 1   ,    β 2    is the parameter associated with    x 2   , and other parameters can be deduced via analogy. The variable  u  represents the error term, which includes some factors that affect  y  in addition to    x 1  ,  x 2  ,  x 3  ,  x 4   ,    x 5   . The independent variables    x 1  ,  x 2  ,  x 3  ,  x 4   ,    x 5    are the count of original tweets released by China’s official accounts, the associated retweets, replies, likes, and quotes, respectively. The dependent variable  y  in different multiple regression models is the total count of tweets, the count of positive emotion tweets, the count of neutral emotion tweets, and the count of negative emotion tweets about China’s carbon policy.



The t-test of multiple regression was used to detect whether a variable is significant. The calculation formula of the t-value is as follows:


  t - v a l u e =      β j   ^  −  a j    s e  (     β j   ^   )     








where      β j   ^    is the estimation of the independent variable coefficient,    a j    is the assumed value of the independent variable coefficient, and   s e  (     β j   ^   )    is the standard error of the independent variable coefficient. A higher t-value represents higher significance. In addition, the p-value in the t-test has three meanings: (1) p < 0.01 represents that the relationship between dependent variable x and independent variable y is significant; (2) p > 0.2 represents that the relationship between dependent variable x and independent variable y is not significant; (3) 0.2 > p > 0.01 indicates that the relationship between dependent variable x and independent variable y is uncertain.





3. Results


3.1. Inter- and Intra-Annual Trend in the Count of Tweets about China’s Carbon Policy


In order to construct a timeline that indicates the number of tweets about China’s carbon emissions, a visual depiction is needed to illustrate the time series for the data. Figure 1 displays the count of daily tweets about China’s carbon emissions from 2008 to 2021. Trend analysis reveals that the count of daily tweets about China’s carbon policy gradually increases, with the notable exception of six sudden rises. Furthermore, these six rises are directly associated with six important and newsworthy carbon events in China. In terms of magnitude, the 2021 average number of daily tweets about China’s carbon policy is approximately 150 times greater than that which occurred in 2008 to 2010. However, the average number of daily tweets about China’s carbon policy is approximately 387 from 2011 to 2021. These results imply that the world has paid an increasing amount of attention to China’s carbon policy from 2008 to 2021, and the level of attention is related to China’s carbon events.



In addition to understanding the growth rate of tweets about China’s Carbon policy from 2008 to 2021, the average annual count of tweets about China’s carbon policy is shown in Figure 2. Similar to Figure 1, the count gradually increases each year on the whole. Specifically, the average count increases approximately 46.11 times each year. However, the count every year does not exceed the previous year all the time. The years 2015 and 2018 are all lower than the previous year. First, China proposed its intention to achieve its carbon peak around 2030 in 2014 (Figure 1), which aroused widespread world discussion on Twitter in 2014. Therefore, the count of tweets about China’s carbon policy increases sharply in 2014. Although the joint statement of the presidents of China and the United States on climate change occurs in 2015, the critical level is lower than the first proposal regarding the carbon peak. This seems to be the reason why the count of tweets about China’s carbon policy in 2014 is more than in 2015. Second, there were important Chinese carbon events in 2015, 2016, and 2017. However, there was no important Chinese carbon event in 2018. These reasons cause the average count of tweets about China’s carbon policy in 2018 to decrease sharply. Therefore, the public’s attitude towards China’s carbon policy is directly related to the importance of China’s official carbon events.



To further show the intra-annual trend in the count of tweets about China’s carbon policy every year, the box chart of the daily count of tweets about China’s carbon policy from 2008 to 2021 is shown in Figure 3. The maximum count of tweets about China’s carbon policy is more than 3000 in 2014, 2015, 2016, 2017, and 2021. It is worth noting that important Chinese carbon events occurred in these years, which is shown in Figure 1. Specifically, China and the United States jointly released the “U.S.-China Joint Announcement on Climate Change” on 12 November 2014, in which the Chinese government first proposed to reach peak carbon emissions around 2030. President Xi Jinping issued a joint statement on climate change with President Obama in Washington on 25 September 2015. The National People’s Congress of the People’s Republic of China approved China’s accession to the Paris climate change agreement on 3 September 2016. President Donald Trump of the United States announced in Washington that the United States would withdraw from the Paris Agreement on global climate change on 1 June 2017. These important carbon events sparked widespread public discussion, which caused the intra-annual change of the count of tweets about China’s carbon policy during these years.




3.2. Sentiment Analysis for China Carbon Policy Tweets


Although the world is paying closer attention to China’s carbon policy, the public attitude towards China’s carbon policy is not clear. Figure 4 shows the percentage of positive, negative, and neutral attitudes toward China’s carbon policy from 2008 to 2021 on Twitter. In terms of trend, both the percentage of positive and negative attitudes gradually increase, but, in a relative sense, the rate of increase for the percentage of negative attitudes is greater than that for positive attitudes from 2008 to 2021. It is also apparent that the percentage of neutral attitudes decreases. In terms of magnitude, the increased rates of positive and negative attitudes are approximately 0.35%/year and 0.96%/year, respectively. The decrease in the rate of neutral attitudes is approximately 1.31%/year. These results show that the decreased rate of neutral attitudes equals the increased rate of the positive attitudes and negative attitudes added together, which further shows that the public attitudes towards China’s carbon emissions are becoming increasingly clear, and the positive and negative attitudes are essentially evenly split.



The percentage of neutral attitudes decreases sharply, and the percentage of negative attitudes increases sharply in 2012. This first-order discontinuity is very distinct from the overall trend. Many Western media hold a negative attitude towards China’s carbon policy. For example, some media like the BBC believe that China’s carbon policy is only for geopolitical purposes [20]. Other media believe that China’s carbon policy is empty talk and has no practical plan [21,22]. These media’s negative views on China’s carbon policy may also have an impact on Twitter users, which leads to an increase in negative emotional tweets. On the other hand, Zheng found that China’s carbon emissions were rising rapidly during 2012–2016 [68], which is consistent with the increasing trend of the percentage of negative attitudes. Therefore, the attitude of the public towards China’s carbon policy may be related to the condition of China’s carbon emissions. When China announced its accession to the Paris climate change agreement in September 2016, Twitter users displayed a relatively high preference for China’s carbon policy. From 2008 to 2021, the trend of the percentage of positive attitudes was relatively flat. Finally, the percentage of negative attitudes exceeded the percentage of positive attitudes in 2019 and 2020. Therefore, to improve the public attitude towards China’s carbon policy, the Chinese government needs to take more effective actions.




3.3. Top Frequency Words (Positive, Negative, Neutral) for China Carbon Policy Tweets


To help understand the points of public concern associated with positive, negative, and neutral attitudes, Figure 5 shows the most frequent words related to positive, negative, and neutral attitudes. In Figure 5a, there are mainly three kinds of high-frequency words. The first type includes the name of some countries, which include the United States, Russia, Canada, Australia, and India. The second type includes some measurements for improving the environment, e.g., clean energy, renewable energy, and tax. Finally, the words, “Paris Agreement” serve as an indicator. It may be related to China’s decision to join the Paris Agreement, which has brought the goodwill of the public towards China. These results show that people who have a positive attitude pay attention to measures taken by different countries to reduce carbon emissions and important carbon events. In Figure 5b, there are also three kinds of high-frequency words. First, there are many negative words, which include hoax, crisis, doesn’t, and problem. These words indeed show a negative attitude towards China’s carbon policy. Second, there is a set of polluted environment vocabulary, which includes fossil, fuel, and pollution. Third, there is the name of the American President Donald “Trump.” This comes as no surprise since Trump has repeatedly criticized China’s carbon emissions on Twitter, which arouses people’s negative discussions about China’s carbon policy. In Figure 5c, no special high-frequency words appear in the discussions of people with neutral attitudes.



Combinings Figure 5a,b, “India” appears more frequently in positive and negative Tweets about China’s carbon policy. As the world’s second-most populous country and an important economy, India is also a major carbon emitter like China. Therefore, China and India are often lumped together carbon policy is discussed.




3.4. Twitter Location Analysis


Users can record their location information when sending tweets, which provides an opportunity to analyze the attitudes of different countries towards China’s carbon policy. To ensure data validity, only countries whose location data exceeds a sample size of 1000 can be analyzed (a total of 29,276 tweets record location information). Figure 6 shows the percentage of the three attitudes among 24 countries towards China’s carbon policy. First, the five countries with the highest percentages of positive attitudes (in descending order) are Pakistan > France > India > Sweden > South Africa. This result is indicative of the good relationship between China and Pakistan. The proportion of positive feelings from India is also very high, which is inconsistent with the tension between China and India caused by border issues. This may be related to the fact that the Western media often criticize China and India together on the issue of climate change and carbon emissions. Second, the top five countries with negative attitude percentages are Ireland > United States > Canada > Australia > Germany. Tweets from the United States tend to have high negative emotions, which may be related to the fact that the United States has always regarded China as a potential rival [69]. Ireland, Canada, Australia, and Germany, all allies of the United States, may be ideologically influenced by the United States, resulting in high negative sentiment on Twitter about China’s carbon policy. Finally, the five countries with the highest percentages of neutral attitudes are Mexico > Brazil > Netherlands > Colombia > Spain. The overall results show that people in developed countries, especially countries that are allies of the United States, have more negative attitudes towards China’s carbon policy and people in developing countries hold more positive or neutral attitudes. The reason may be that developing countries usually have to address the contradiction between sustaining and balancing carbon emission reductions and economic development, which may make these countries better understand China and each other.




3.5. Impact of China’s Official Twitter Accounts


The multivariate ordinary least squares regression model is used to analyze the impact of China’s official accounts Twitter data on the count of tweets about China’s carbon policy. The independent variables are the count of original tweets released by China’s official accounts, the associated retweets, replies, likes, and quotes. The dependent variables include the total count of tweets, the count of positive emotion tweets, the count of neutral emotion tweets, and the count of negative emotion tweets about China’s carbon policy.



Table 2 shows the impact of China’s official accounts Twitter data on the total count of tweets about China’s carbon policy. It is apparent that most independent variables (the count of original tweets, retweets, replies, and quotes) are statistically significant, but one independent variable (the count of likes) is insignificant within a 95% confidence interval. Specifically, the count of original tweets released by China’s official Twitter accounts and quotes have a positive effect on the total count of tweets about China’s carbon policy. The count of retweets and replies has a negative effect on the total count of tweets about China’s carbon policy. This result shows that the action of China’s official accounts is indeed directly related to the total count of tweets about China’s carbon policy. However, the count of likes in Chinese official tweets is not related to the attention of the world on China’s carbon policy.



Similar to Table 2 and Table 3 shows that Twitter data from China’s official accounts are related to the number of positive tweets about China’s carbon policy in most aspects (the count of original tweets, retweets, replies, and quotes), which shows that China’s official tweets can promote a positive international image. The count of likes in China’s official tweets does not affect the number of positive tweets. Additionally, the count of original tweets released by China’s official accounts and quotes has a positive effect, and the count of tetweets and replies has a negative effect.



Table 4 shows that the count of original tweets released by China’s official Twitter accounts is not related to the count of negative tweets towards China’s carbon policy, which is different from its effect upon the count of positive tweets towards China’s carbon policy. Other effects are approximately consistent. The count of quotes has a positive effect, and the count of retweets and replies has a negative effect.



In Table 5, all independent variables are significant. Three variables (the count of original tweets, replies, and quotes) have a positive effect and two variables (the count of retweets and replies) have a negative effect. This result implies that every aspect of China’s official accounts affects the world’s neutral attitude towards China’s carbon policy, which is different than its effect on positive and negative attitudes.



Table 2, Table 3, Table 4 and Table 5 show that China’s official accounts Twitter data has the greatest impact on the total count of tweets about China’s carbon policy among the four counts. Furthermore, China’s official accounts Twitter data have the greatest impact on the count of positive tweets towards China’s carbon policy among three different emotion tweets, especially the count of quotes. Therefore, the count of quotes from China’s official Twitter data is more conducive to increasing the count of Tweets about China’s carbon policy than simple retweets, which is more conducive to enhancing China’s international image. In summary, China’s official accounts Twitter data plays an important role in improving the world’s positive views on China’s carbon reduction policy, which is consistent with the intended role of the Chinese government’s official Twitter accounts in promoting a positive national image as described in previous studies [58,70].





4. Discussion


China’s carbon emissions are still growing and have not yet reached their peak. China has formulated an ambitious emissions reduction plan and proposed a goal of achieving carbon neutrality by around 2060. However, our study finds that more and more negative sentiment about China’s carbon policy on Twitter may be related not only to China’s growing carbon emissions, but also to political, economic, cultural, and other factors.



The political reason centers around the ideological prejudice against China. The literature consistently reveals that Western media’s view of China is largely negative and ideologically biased since the founding of the People’s Republic of China in 1949 [71,72,73]. Therefore, there are a large number of tweets about the negative sentiment of China’s carbon policy on Twitter. The economic reason for increasingly unfavorable attitudes towards China’s carbon policy may be the increase of its international responsibility and potential threat, which was brought on by the enhancement of China’s economic power. Rapid economic development has made China the second largest economy. This has led to more and more discussions on China’s international responsibilities, such as climate change, and many western countries believe that China has not taken ownership of its corresponding international responsibilities [74,75,76], which may have led to a considerable number of negative evaluations. Although Twitter is a very popular social media tool all over the world, online social media depends upon good network infrastructure, and most Twitter users come from more developed countries and regions. Studies have shown that the main factor that affects China’s image in a country is its economic and social developmental level [77]. People from rich countries do not need to look to a “China model” for developing their economy. They are more concerned about lifestyle choices, political liberties, and post-industrial values. Therefore, they may perceive that an increasingly powerful China may threaten their political freedom and way of life, which may also lead to a considerable number of negative evaluations.



The cultural reason may lie within the cultural differences between the East and the West. A survey found that China’s popular culture is not attractive to American people and they condemn China for evading necessary international responsibilities and have no impression of democratic prospects in China [78]. In contrast, people who have had life experiences in China tend to have a great impression of China, because they may have acquired a deeper understanding of Chinese culture [79], much like East Asian countries that are geographically and culturally close to China have a positive view of China’s rise [80]. Therefore, the differences between and ignorance of Eastern and Western cultures may have led to a large number of tweets with negative comments regarding China’s carbon policy.




5. Conclusions


In this study, we collected a total of 1,590,143 tweets about China’s carbon policy topics from 1 January 2008, to 29 June 2021. First, the count of daily tweets about China’s carbon policy was used to analyze the inter- and intra-annual trends. Second, VADER was used to conduct sentiment analysis to judge the global attitude towards China’s carbon policy. Furthermore, a word cloud was used to extract top frequency words most closely associated with three different attitudes (positive, negative, and neutral). Third, the attitude among other countries towards China’s carbon policy was analyzed. Finally, the multiple regression model was used to analyze the impact of China’s official Twitter accounts on the view of China’s carbon policy. The main findings of this study are as follows:




	(1)

	
The global attention to China’s carbon policy is gradually increasing but is found to exhibit sudden spikes due to the occurrence of some important carbon-newsworthy events. Furthermore, the average count increases approximately 46.11 times each year. The maximum counts of tweets about China’s carbon policy exceed 3000 per day in 2014, 2015, 2016, 2017, and 2021, which are all related to important carbon events.




	(2)

	
From 2008 to 2020, inferred positive and negative attitudes increase by approximately 0.35%/year and 0.96%/year, respectively, and the rate of decrease for neutral attitudes is approximately 1.31%/yr. The proportion of tweets with negative sentiment about China’s carbon policy has increased rapidly and recently exceeded the proportion of tweets with positive sentiment. Therefore, the Chinese government may need to monitor and understand the impact of the increasing negative evaluation of China’s carbon policy on China’s image and take more practical actions to reduce carbon emissions.




	(3)

	
People who hold positive attitudes are concerned about reducing carbon emissions and important carbon events, and people who hold negative attitudes tend to be associated with negative words and polluted environment vocabularies. No special high-frequency words appear in the discussions of people with neutral attitudes.




	(4)

	
People in different countries have different attitudes towards China’s carbon policy. Generally speaking, the developed countries led by the United States may hold a negative attitude towards China’s carbon policy because of ideology and other reasons. People in developing countries generally hold either a more positive or neutral attitude towards China’s carbon policy. This shows that the Chinese government can unite more developing countries and win the support of developing countries to deal with the pressure of developed countries on the issue of climate change.




	(5)

	
Tweets sent from China’s official diplomatic Twitter account do help to enhance China’s good image. In order to maintain China’s image as a responsible great power and reduce the negative global perceptions of China, it may be particularly important to give full play to the influence of China’s official social media accounts.









In future research, we will further consider the mechanisms related to the impact of social media topics related to China’s carbon policy on China’s image and the impact of social media on China’s carbon policy-making. We will further investigate and analyze the nature of Twitter accounts and Twitter user categories, in addition to screening robot accounts and determining whether the referenced Twitter account data are sourced from media or personal accounts, to further explore the impact of different types of Twitter accounts on China’s carbon policy [81,82,83,84]. Due to the limited use of Twitter in China, the degree to which people use Twitter in different regions will affect the research results. Lastly, we intend to explore discussions on China’s carbon policy on Sina Weibo, a local Twitter-like platform in China, and compare those findings with Twitter data.
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Figure 1. Daily timelines of tweets about China’s carbon policy. (Panel (b) reduces the range to provide a higher-resolution version of Panel (a).) 
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Figure 2. The average count of Tweets about China’s carbon policy from 2008 to 2021. 
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Figure 3. Box chart of the daily count of tweets about China’s carbon emission from 2008 to 2021. 
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Figure 4. Percentage of positive, negative, and neutral attitudes towards China’s carbon policy from 2008 to 2021. 
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Figure 5. Top frequency word distribution for different sentiments, (a) positive, (b) negative, (c) neutral. 
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Figure 6. The percentage of the positive attitude (a), negative attitude (b), and neutral attitude (c) of 25 countries towards China’s carbon policy: (1) Pakistan; (2) France; (3) India; (4) Sweden; (5) South Africa; (6) Philippines; (7) New Zealand; (8) United Kingdom; (9) Canada; (10) Belgium; (11) Italy; (12) Thailand; (13) United States; (14) Ireland; (15) Nigeria; (16) Australia; (17) Qatar; (18) Switzerland; (19) Spain; (20) Germany; (21) Netherlands; (22) Colombia; (23) Brazil; (24) Mexico. 
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Table 1. Profiles of Chinese diplomatic Twitter accounts.






Table 1. Profiles of Chinese diplomatic Twitter accounts.





	Twitter Account
	User
	Creation Time





	@zlj517
	Zhao Lijian (diplomat in Pakistan)
	2010.05



	@ChinaEUMission
	Mission of the People’s Republic of China to the European Union
	2013.09



	@ChinaEmbOttawa
	Embassy of the People’s Republic of China in Canada
	2014.06



	@Chinamission2un
	Permanent Mission of the People’s Republic of China to the United Nations
	2015.04



	@ChinaMissionGva
	Permanent Mission of the People’s Republic of China to the United Nations at Geneva and Other International Organizations in Switzerland
	2015.05



	@CathayPak
	Embassy of the People’s Republic of China in the Islamic Republic of Pakistan
	2015.09



	@Chinaembmanila
	Embassy of the People’s Republic of China in the Republic of the Philippines
	2017.02



	@ChinaConsulate
	Consulate General of the People’s Republic of China in Chicago
	2017.02



	@weiasecas
	Wei Qiang (ambassador to Panama)
	2017.11



	@ChinaEmSlovenia
	Embassy of the People’s Republic of China in the Republic of Slovenia
	2017.12



	@China_Amb_India
	Luo Zhaohui (ambassador to India)
	2017.12



	@ChineseEmb_Uga
	Embassy of the People’s Republic of China in the Republic of Uganda
	2018.01



	@ChineseZimbabwe
	Embassy of the People’s Republic of China in the Republic of Zimbabwe
	2018.09
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Table 2. The impact of China’s official accounts Twitter data on the total count of tweets.
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	Count
	Coef.
	St.Err.
	t-Value
	p-Value
	[95% Conf
	Interval]
	Sig.





	original tweets
	6.912
	2.772
	2.49
	0.015
	1.378
	12.446
	**



	retweet
	–0.041
	0.008
	–5.25
	0
	–0.057
	–0.026
	***



	reply
	–2.397
	0.697
	–3.44
	0.001
	–3.788
	–1.005
	***



	like
	0.039
	0.037
	1.07
	0.288
	–0.034
	0.113
	



	quote
	9.904
	2.185
	4.53
	0
	5.541
	14.268
	***







*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 3. The impact of China’s official accounts Twitter data on the count of positive tweets.
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	Count
	Coef.
	St.Err.
	t-Value
	p-Value
	[95% Conf
	Interval]
	Sig.





	original tweets
	2.686
	1.006
	2.67
	0.01
	0.678
	4.694
	***



	retweet
	−0.017
	0.003
	−5.44
	0
	−0.023
	−0.011
	***



	reply
	−0.877
	0.305
	−2.88
	0.005
	−1.485
	−0.269
	***



	like
	0.009
	0.017
	0.54
	0.591
	−0.025
	0.044
	



	quote
	3.808
	0.919
	4.14
	0
	1.972
	5.643
	***







*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 4. The impact of China’s official accounts Twitter data on the count of negative tweets.
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	Count
	Coef.
	St.Err.
	t-Value
	p-Value
	[95% Conf
	Interval]
	Sig.





	original tweets
	1.452
	0.943
	0 1.54
	0.128
	−0.43
	3.335
	



	retweet
	−0.011
	0.003
	−4.33
	0
	−0.016
	−0.006
	***



	reply
	−0.893
	0.219
	−4.07
	0
	−1.331
	−0.455
	***



	like
	0.015
	0.013
	1.18
	0.241
	−0.01
	0.04
	



	quote
	3.424
	0.755
	4.54
	0
	1.918
	4.931
	***







*** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 5. The impact of China’s official accounts Twitter data on the count of neutral tweets.
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	Count
	Coef.
	St.Err.
	t-Value
	p-Value
	[95% Conf
	Interval]





	original tweets
	2.774
	0.975
	2.84
	0.006
	0.827
	4.721



	retweet
	−0.014
	0.002
	−5.61
	0
	−0.018
	−0.009



	reply
	−0.627
	0.198
	−3.17
	0.002
	−1.021
	−0.232



	like
	0.015
	0.009
	1.75
	0.085
	−0.002
	0.033



	quote
	2.673
	0.587
	4.55
	0
	1.5
	3.845







*** p < 0.01, ** p < 0.05, * p < 0.1.
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