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Introduction

The increasing digital transformation and the global need for sustainable energy solutions have sparked considerable interest in the examination of digital technologies' impact on the adoption of clean renewable energy. However, limited research focuses on energy consumption in rural households, especially in developing countries such as China.





Methods

This study leverages the quasi-natural experiment provided by the Broadband China Policy (BCP) and utilizes data from the China Labor-force Dynamics Survey (CLDS) spanning 2012 to 2016. Our investigation aims to understand the effect of the digital transition on the adoption of clean renewable energy within rural families. We employ staggered Difference-in-Difference (DID) and Doubly Robust Staggered DID estimators to assess this impact, allowing us to explore regional heterogeneity.





Results

Our findings reveal that implementing the BCP significantly influences clean renewable energy adoption, although this effect varies across different regions. Specifically, in the middle region, the BCP results in a notable 5.8% increase in clean renewable energy adoption compared to non-pilot cities. However, in the east and west regions, the BCP is associated with a decrease of 12.6% and 13.5%, respectively, in clean renewable energy adoption. Dynamic effect analysis further indicates that the east region had already experienced high clean renewable energy adoption prior to the BCP's implementation, while the BCP positively influences clean renewable energy intentions in the west region.





Discussion

Our analysis identifies three significant channels through which the BCP affects clean renewable energy adoption: population size, economic size, and income level. Larger populations and greater economic size enhance the BCP's impact on clean renewable energy adoption. These findings provide empirical evidence for developing countries that seek to harness digital development for technological advancement, industrial upgrading, and carbon emission reduction.
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1 Introduction

In recent years, the world’s attention on environmental issues and climate change has grown significantly, leading to proactive efforts in exploring strategies to combat pollution and reduce greenhouse gas emissions. The excessive use of fossil fuels and inefficient energy structures have been identified as significant contributors to these pressing environmental challenges (Zhang and Bai, 2017; Lv et al., 2021; Li and Zhao, 2023). Reinforcing the situation’s urgency, the International Energy Agency (IEA) recently released a report highlighting the concerning trends. In 2021, global coal power generation witnessed a worrisome increase of 9%, while carbon emissions from energy combustion and industrial processes grew by 6%. Particularly alarming is the staggering amount of 15.3 billion tons of CO2 emissions resulting from coal consumption, accounting for over 40% of the total incremental emissions. Disturbingly, the IEA projects a further 0.7% rise in global coal consumption in 2022. Given these critical developments, nations worldwide are prioritizing socioeconomic sustainability by promoting and advancing clean, renewable energy sources.

The significance of sustainable energy in mitigating pollution and improving environmental conditions has sparked significant scholarly interest in comprehending the factors influencing individuals’ adoption of such energy sources. Existing literature explores multiple avenues of inquiry, encompassing various dimensions. One prominent line of research delves into demographic factors such as age, education, income, and social status (Zografakis et al., 2010; Willis et al., 2011; Eshchanov et al., 2021; Irfan et al., 2021). Furthermore, scholars have explored subjective attitudes and psychological elements, including the acceptance of sustainable energy, trust, and risk perception (Zografakis et al., 2010; Upton and Snyder, 2015; Irfan et al., 2021). In addition, scholars have closely examined macro variables, such as economic development (Eren et al., 2019; Razmi and Janbaz, 2020; Wang et al., 2021), economic incentives, and energy policies (Asante et al., 2020); the development of the clean renewable energy industry (Molnarova et al., 2012; Ge et al., 2022); and environmental pollution (Zhang et al., 2021). These issues underscore the need to devise strategies for measuring and addressing the challenges associated with innovation and the adoption of clean renewable energy.

Digital technology has emerged as a potential solution to the aforementioned challenges, as noted by numerous scholars. The advent of digital technologies has transformed the way both businesses and individuals operate, ushering in a digital transition (El Hilali et al., 2020). Key elements of this transition include 5G, artificial intelligence, the Internet of Things (IoT), and information and communication technology (ICT). These evolving digital technologies have the potential to reshape the energy consumption patterns of corporations (Ren et al., 2021). However, there has been relatively limited research focusing on the energy consumption of residents.

ICT, with broadband as one of its foundational components, has already delivered significant economic benefits (Bertschek et al., 2015). Moreover, broadband is one of the most immediate and tangible aspects of the digital transition that directly affects the lives of residents. In China, for instance, urban dwellers predominantly use natural gas as a domestic fuel, whereas fossil fuels remain the primary source of energy in rural areas. Against this backdrop, it becomes particularly intriguing to investigate the causal effects of broadband connectivity on the adoption of clean renewable energy among rural residents.

We propose three potential pathways through which digital transition may promote household clean renewable energy adoption (CREA). Firstly, governance participation and pollution control play a crucial role. Improved internet accessibility resulting from the Broadband China Policy (BCP) enables the dissemination of information and knowledge (Chen et al., 2022b). It also provides a platform for rural residents to voice their opinions on environmentally friendly policies, encouraging the government to invest in and develop clean renewable energy infrastructure. This, in turn, can facilitate a shift in the energy consumption structure of households towards cleaner sources. Secondly, the availability of job opportunities and increased salary income can influence clean energy adoption in rural households. Internet access opens up new avenues for rural residents to access job opportunities and entrepreneurial platforms (Cheng et al., 2021). Higher-income levels, resulting from these opportunities, can positively impact the adoption of clean energy technologies by making them more affordable and accessible to households (Commander et al., 2011). Lastly, the process of industrial upgrading stimulated by the BCP can significantly affect clean energy adoption. As industries undergo technological advancements and upgrades, local economies are likely to experience growth. This economic growth can provide the local government with resources and the ability to invest in clean technology infrastructure (do Valle Costa et al., 2008; Yu et al., 2015). Moreover, increased income levels resulting from industrial upgrading can enable households to afford and adopt clean renewable energy solutions.

China’s BCP, initiated in 2013, 2014, and 2015, presents a unique opportunity to investigate the role of broadband in promoting the adoption of clean renewable energy among rural families. This policy exhibits three distinctive features that facilitate our empirical analysis. Firstly, the BCP pilot cities are directly designated by the China central government, and while local governments can seek qualification as BCP cities, they lack the authority to decide their inclusion in the BCP list. As a result, the BCP represents an exogenous event for both local governments and residents, providing a natural experimental setting. Secondly, China’s household registration system (Hukou) and the escalating real estate prices impose significant restrictions on migration between rural areas and cities. This limited mobility between regions further emphasizes the localized impact of the BCP on rural residents. Finally, the investment in broadband infrastructure, prompted by the BCP pilot cities, is temporary. After the establishment of essential infrastructure such as station towers, the primary investment in BCP tends to reduce.

We conducted a comprehensive study by hand-collecting county-level data for the “Broadband China” pilot cities in 2013, 2014, and 2015, and merged this dataset with the individual-level data from the China Labor-force Dynamics Survey (CLDS). Employing a staggered Difference-in-Difference with two-way fixed effects (TWFE DID) and dynamic staggered DID methodology proposed by Callaway and Sant’Anna (2021), our research reveals compelling insights into the impact of the BCP on CREA, while also identifying regional variations in this effect. In the middle region, the implementation of the BCP results in a noteworthy 5.8% increase in CREA compared to non-pilot cities. However, contrasting trends are observed in the east and west regions, where the BCP is associated with a decrease of 12.6% and 13.5% in CREA. Further analysis using dynamic effects demonstrates that the east region had already witnessed a high level of CREA prior to the BCP’s implementation, while the BCP positively influences clean renewable energy intentions in the west region. Moreover, we investigate the role of natural gas, a clean energy source in China, and find that the BCP contributes to a 1.38% increase in natural gas usage specifically in the east region.

The identification strategy of TWFE-DID relies on the parallel assumption, which states that, in the absence of any intervention, trends in CREA should not be related to the intensity of the treatment represented by the BCP. Our findings provide evidence supporting this assumption. We employed two main approaches to confirm this premise. Firstly, we utilized an event study strategy to compare the outcome trends of the treatment group and the control group before the treatment group received the BCP. This analysis revealed no significant pre-treatment differences between the two groups.

Secondly, we thoroughly examined the potential influences of specific local characteristics, such as the level of sunshine duration and local government efforts to decrease pollution, as well as the impact of other contemporaneous historical events like green finance initiatives, the digital country program, and the innovation cities project. We found that the BCP’s implementation was independent of these factors, further affirming the parallel assumption. During the study period of BCPs, the Chinese government intensified its efforts to combat environmental pollution, leading to the rapid expansion of CREA, such as the adoption of natural gas in families and solar power in manufacturers since the late 2010s. To control for this confounding factor, we collected province-by-year information on CREA. Despite the influence of pollution control policies and the expansion of renewable energy adoption during the study period, our estimation coefficients on the BCPs remained stable, indicating that the BCPs had a distinct and independent effect on CREA. Additionally, we accounted for local pollution levels in the district and the level of green finance in each city, further ensuring the robustness of our analysis.

Our study highlights the significant consequences of the digital transition on CREA among rural families, shedding new light on the role of digital transformation in promoting environmental protection and sustainable economic growth in China. While existing research has explored the macro effects of digital transition on renewable energy consumption in China, little attention has been paid to the individual level, particularly in rural areas where fossil fuel adoption is predominant. In this paper, we bridge this gap by merging individual-level and macro-level data to examine the effects of digital transition on CREA in rural areas. Our analysis primarily focuses on rural families affected by the digital transition during the late 1990s and the 21st century. This period was characterized by significant industrialization and urbanization reforms, which enabled the rural labor force to seek employment opportunities outside their hometowns. Additionally, the reform and opening up policies provided opportunities for rural residents with basic education to find work abroad, leading to higher income and improved access to better infrastructure compared to living in rural areas. Many of them took up jobs as manufacturing workers or in the flourishing Township and Village enterprises. As a result of these economic opportunities, a considerable portion of rural families now reside in cities or overseas, while still sending income back to their families living in rural areas. This interaction has facilitated the exchange of ideas and concepts, including the promotion of environmentally friendly energy consumption practices. Building on these observations, our empirical findings suggest a potential link between the increase in CREA, driven by the digital transition and the rapid expansion of internet infrastructure in China, and the country’s overall economic growth during the reform era.

Our study mainly contributes to two strands of literature. The first examines the channels of digital transition and energy consumption, especially the energy consumption in a rural family. Surveys show that digital technology increased labor productivity, promoted the reorganization of the supply chain, and reduced energy consumption (Hertin and Berkhout, 2001). With the availability of digital technology adoption data, economists conduct a lot of empirical research on digital transition and energy consumption; internet technology adoption is one of the main driving forces behind economic growth, and it also promotes energy product efficiency (Atkinson and McKay, 2007). The rapid spread of internet technology changes the energy use intensity and renewable energy cost; therefore, it reduces carbon emissions and energy resource consumption (Moyer and Hughes, 2012); specifically, ICT significantly improves the electricity adoption efficiency in European manufacturing companies (Ishida, 2015). These studies focus on the macroeconomic effects of digital technology on renewable energy adoption, mainly based on the macro-level data. In contrast, our results demonstrate that increasing local digital technology adoption significantly promotes renewable energy adoption in rural families. Moreover, the development of the local economy is an important channel through which BCPs improve renewable energy adoption in a rural family. Additionally, digital technology adoption will increase electricity usage, and according to the rebound effect, the digital transition may increase energy consumption. In developed countries, electricity is important in the causal effect path between digital technology adoption and economic growth. Empirical evidence based on OECD panel data shows that internet technology adoption not only promotes the development of the economy but also increases the quantity of electricity consumption both in the short and long term (Salahuddin and Alam, 2016). In developing countries, the digital transition significantly positively increases both electricity consumption and energy consumption. Even in China, the biggest developing country, digital transition increases the total energy consumption at the province level (Ren et al., 2021). Unlike the existing literature, our paper examines the individual-level renewable energy adoption in a rural area of the biggest developing country. We also investigate the intermediate effects of other factors, such as electricity adoption in families, social connection to the neighborhoods, economic foundation, and industrial structure in the local area. Furthermore, we compare the effect of BCPs on family renewable energy adoption in cities, the developed area, and the county, the developing area. Our empirical results show that electricity consumption has a significantly positive intermediate effect on the causal path between BCP and renewable energy adoption, and the BCPs have shown more significant effects in the rural family rather than in the citizen family.

The second literature investigates the economic impact of digital transition policy, especially internet communication technology. Economists have studied this topic from a lot of perspectives including GDP (Jorgenson, 2001), economic growth rate (Czernich et al., 2011), innovation performance (Paunov and Rollo, 2016), green technology innovation and adoption (Tang et al., 2021), and financial market (Cheng et al., 2021). However, the digital transition policy impact on rural individual-level outcomes remains understudied, and our study contributes to the economic consequence of digital transition policy in two ways. First and foremost, we uncover the mechanisms by which economic growth and infrastructure improvements due to digital technology adoption affect residential energy preferences; therefore, we extend the economic impact of digital transition from the macro level to the individual level and explored the potential mechanism between macro factors and individual behavior.

Therefore, our study makes notable contributions to the existing literature by exploring the microlevel effects of digital transition on CREA within rural families, particularly in the context of China’s BCP. Unlike previous research that mainly focused on macroeconomic effects, our investigation specifically targets rural areas, where fossil fuel adoption remains prevalent. Leveraging the unique exogenous nature of the BCP, a centrally designed policy, we offer compelling evidence on the causal impact of broadband connectivity on renewable energy adoption. Additionally, our paper goes beyond direct effects and examines intermediate factors, including electricity adoption, social connections, local economic foundation, and industrial structure, to unravel the mechanisms underlying the relationship between the BCP and CREA. Notably, we identify regional variations, highlighting diverse outcomes in China’s east, west, and middle regions. Our comprehensive empirical analysis, combining individual-level and macro-level data with advanced econometric techniques, sheds new light on the role of digital technology in promoting sustainable energy adoption, and its potential contribution to China’s environmental protection and sustainable economic growth goals.

The remainder of this paper is organized as follows. Section 2 is the literature review. Section 3 briefly reviews the institutional background of Broadband China. Section 4 presents a mechanism analysis of digital transition and renewable energy adoption in rural China. Section 5 introduces datasets and econometric setups. Section 6 represents the empirical results of how digital transition affects renewable energy adoption in Chinese rural families. Section 7 provides the conclusions and policy implications.




2 Literature review

The synergies between digital transition and renewable energy adoption have become central to discussions surrounding sustainable development, particularly in rural areas. This comprehensive review of recent literature aims to unearth the depth and breadth of research conducted on these topics, analyzing the impact of digitalization on renewable energy adoption among rural families.



2.1 Digital transition

The transformational influence of digital technologies is perceptible in both urban and rural environments, particularly concerning economic growth, family income, and energy consumption structures. Draca et al. (2009) scrutinized the role of digital technology in promoting productivity, deducing that access to precise and extensive information is integral to productivity growth. Koutroumpis (2009), using data from OECD countries between 2002 and 2007, explored the relationship between broadband adoption and GDP growth, confirming that broadband utilization significantly bolsters GDP growth. Furthermore, broadband adoption has a substantial positive impact on employment, annual payroll, and the establishment of businesses (Kandilov and Renkow, 2010; Mack and Faggian, 2013; Mack and Rey, 2014; Castellacci and Vinas-Bardolet, 2019), although internet growth seems unrelated to wage growth (Forman et al., 2012).

Whitacre et al. (2014) leveraged county-level data in the US from 2001 to 2010 to determine a causal link between fixed residential broadband availability/adoption and rural economic development. Their findings show that counties with higher levels of broadband adoption experienced faster growth in median household income and reduced growth in unemployment, while counties with lower levels of broadband adoption endured slower growth in employment and number of firms. Wang et al. (2022) employed macro-level data in China to investigate the causal relationship between digital transition and electricity consumption. Their findings suggest that digital transition fosters the progression of the energy consumption structure.




2.2 Renewable energy adoption

The transition towards renewable energy is shaped by a multitude of factors spanning socioeconomic and environmental aspects (Mensah, 2019). Significant research has underscored the pivotal role that energy efficiency plays in the context of environmental pollution, underlining the detrimental impact of economic activities on our ecosystems (Khan et al., 2021). Areas characterized by relative energy poverty stand to benefit significantly from the adoption of renewable energy, which has the potential to alleviate energy scarcity while also reducing income inequality, thereby fostering sustainable development (Nguyen and Nasir, 2021; Zhao et al., 2022).

However, despite the lower cost profile of renewable energy compared to traditional fossil fuels (Masterson, 2021), non-renewable sources remain the dominant form of energy in developing regions (Noor et al., 2023). This dominance is expected to wane as a country’s level of development progresses, leading to increased adoption of renewable energy (Guney, 2019). Moreover, the literature illustrates an inverse relationship between GDP growth and the adoption of non-renewable energy (Chen et al., 2022a). A study that delved into public acceptance of renewable energy underscored the importance of government engagement in the decision-making process and stressed the need for awareness about the direct benefits of renewable energy for the environment and the people (Guney and Kantar, 2020).

Similarly, Wei and Huang (2022) conducted an exploration into the economic ramifications of renewable energy adoption by looking into adjusted national savings. They concluded that renewable energy technologies can confer significant economic advantages and act as a catalyst for sustainable development. However, the initial financial burden and technology constrain associated with adopting renewable energy may deter families under financial constraints from its adoption (Khan et al., 2023). Thus, policy interventions to reduce the initial cost of renewable energy systems could significantly bolster their adoption in rural areas.

When examining environmental factors, D’Adamo et al. (2023) conceptualized renewable energy adoption as an ecological transition, discovering a strong association between environmental consciousness and the uptake of renewable energy technologies. Interestingly, even with the adoption of renewable energy, total energy consumption continues to maintain a negative correlation with environmental protection and sustainable development (Gasimli et al., 2022). This highlights a trend among rural families with higher environmental consciousness who are more likely to adopt renewable energy technologies. Consequently, it underscores the need for persistent environmental education initiatives to bolster the adoption of renewable energy technologies.

The existing literature undeniably underscores the integral role digital technologies hold in numerous dimensions of economic development. However, it is critical to acknowledge that the digital transition profoundly influences consumer behavior at the individual level. Furthermore, considerable room remains for exploring the intricate interplay between digital technologies, industry structures, pollution levels, and family income, among other factors, particularly in the context of CREA and sustainable economic growth.

The complexity of these interactions poses intriguing questions for future research. How does digital transformation influence the energy consumption choices of individuals? In what ways do industry structures and pollution levels interact with digital technologies to impact energy consumption patterns? How does the family income level shape the influence of digital transition on CREA? Perhaps most importantly, how can these insights be leveraged to inform effective policy design?

Exploring these questions could enrich our understanding of the multifaceted relationships between digital technologies and various economic and environmental factors. This deeper understanding, in turn, could empower policymakers to more effectively employ digital technologies as a tool for promoting economic prosperity and sustainability across diverse contexts. This pursuit also aligns with the global agenda for sustainable development, particularly in light of the increasing importance of clean energy for tackling climate change and ensuring economic resilience.





3 Institutional background



3.1 The “Broadband China” Policy: a brief history

Broadband China is an ambitious initiative launched by the Chinese government to promote the development and development of high-speed broadband infrastructure across the country. Recognizing the crucial role that broadband connectivity plays in driving economic growth, social progress, and technological innovation, China has taken significant steps to bridge the digital divide and create a digitally inclusive society.

The origins of the “Broadband China” Policy can be traced back to August 2013, and the primary objective of it is to provide universal access to high-quality broadband services for all citizens, regardless of their geographic location. In this plan, the local governments play a crucial role, not only to build broadband infrastructure but also to introduce relevant policies supporting the implementation of broadband. More specifically, according to this plan, in these pilot cities, significant progress has to be made in the implementation of urban fiber-optic connectivity, extending from building to homes, as well as in the expansion of broadband access in rural areas by 2015, including villages. The penetration rate of fixed broadband in households is supposed to reach 50%; furthermore, the adoption rate of third-generation mobile communications, along with its long-term evolution technology (3G/LTE), is supposed to stand at 32.5%. Broadband access in administrative villages, whether through wired or wireless methods, is supposed to achieve a remarkable coverage of 95%. Moreover, broadband connectivity is supposed to be effectively established in educational institutions, libraries, hospitals, and other public facilities. The average broadband access speed in urban and rural households is supposed to reach approximately 20 megabits per second (Mbps) and 4 Mbps, respectively, with certain advanced cities even attaining speeds of up to 100 Mbps. To achieve these goals, during 2013–2015, the Chinese government selected 117 pilot cities to implement broadband in China in three batches. Figure 1 presents the Broadband China pilot cities in 2014, 2015, and 2016.




Figure 1 | Broadband China Policy pilot cities.






3.2 Digital transition in Broadband China pilot cities

Our paper uses “Broadband China” as a proxy variable for digital transition in China. The key variation used in this paper comes from the different batches of Broadband China pilot cities. The exogenous nature of broadband expansion in China about household clean energy usage allows the identification strategy employed in this paper to effectively capture the causal relationship.

The broadband network serves as a crucial public infrastructure for China’s economic and social development in the contemporary era. Its progress and expansion play a significant role in stimulating productive investment, fostering information consumption, facilitating the transition of development models, and constructing a prosperous society. Internationally, the broadband network is propelling a new wave of information-driven advancements, prompting numerous countries to prioritize its development as a strategic imperative. It is considered a vital measure to secure a competitive advantage in international economic, scientific, technological, and industrial arenas. Over the past years, China has witnessed a continuous expansion in broadband network coverage, augmentation of transmission and access capacities, notable strides in broadband technology innovation, and the establishment industrial ecosystem. The level of application services has improved, leading to the flourishing of emerging industries such as e-commerce, software outsourcing, cloud computing, and the IoT. Concurrently, efforts have been made to enhance network information security. However, certain challenges persist within China’s broadband network landscape, including the ambiguous positioning of broadband as a public infrastructure, disparities in regional and urban–rural development, inadequate application services, limited original technological capabilities, and an imperfect development environment. These issues demand urgent attention and resolution.

To address the aforementioned challenges, BCP focuses on four key areas of intervention and improvement. Firstly, Broadband China recognizes the significance of robust infrastructure for delivering high-speed and reliable broadband services. The initiative emphasizes the expansion and enhancement of telecommunications infrastructure across the country. This includes the deployment of fiber-optic networks, the development of advanced 4G and 5G mobile networks, and the utilization of satellite communication systems. The government is investing in the construction of backbone networks, last-mile connectivity, and rural broadband infrastructure to ensure comprehensive coverage, particularly in underserved areas.

Secondly, Broadband China aims to make broadband services affordable and accessible to all citizens. To achieve this, the initiative employs various strategies, such as price regulation, subsidy programs, and encouraging healthy competition among service providers. These efforts aim to reduce the cost of internet access, ensuring that even low-income households and rural communities can afford and benefit from broadband connectivity. Additionally, the initiative encourages the development of public access points, such as community centers and libraries, to provide internet access in areas with limited infrastructure or financial constraints.

Thirdly, Broadband China is committed to bridging the digital divide and promoting digital inclusion. The initiative focuses on providing equal access to educational resources, e-government services, healthcare facilities, and e-commerce platforms. Efforts are made to support underprivileged communities, including rural areas, ethnic minorities, and people with disabilities, by implementing targeted programs and policies. Capacity-building programs are also initiated to enhance digital literacy and skills, ensuring that citizens can fully participate in the digital economy and benefit from digital services and opportunities.

Finally, BCP recognizes the transformative potential of broadband technology and its impact on economic growth and industrial development. The initiative encourages research and development in the field of ICT and promotes collaboration between academia, industry, and government. By fostering innovation, entrepreneurship, and the development of digital industries, such as e-commerce, cloud computing, artificial intelligence, and the IoT, Broadband China aims to create a thriving digital ecosystem that drives economic prosperity and technological advancement.

By focusing on these four key aspects, BCP strives to build a comprehensive and inclusive broadband network that empowers individuals, enhances social services, promotes economic growth, and positions China as a global leader in the digital age. The busy-time weighted average available download rate for network downloads for fixed broadband users in China was 9.46 Mbit/s by the first quarter of 2016, an 84.77% increase compared to the first quarter of 2015. This metric reflects the average download speed experienced by users during peak hours when network traffic is typically higher. It indicates the performance and capacity of the fixed broadband networks in delivering data to users. Figure 2 presents the busy-time weighted average available download rate for network downloads for fixed broadband users in each province in the first quarter of 2016. It indicates that the municipalities directly under the Central Government exhibit higher broadband speeds compared to the national average, even though the rate of most provinces is lower than the national average; the lowest download rate is larger than an impressive level of 7 Mbit/s.




Figure 2 | Weighted average download rate in each province.







4 Methodology



4.1 Data source

Our study incorporates two sets of data: information on renewable energy adoption in Chinese households and data on BCP pilot cities. Firstly, we collected data on renewable energy adoption in Chinese households from the CLDS. Secondly, we collected data from the Chinese Ministry of Industry and Information Technology, while macroeconomic data for prefecture-level cities were sourced from the China City Statistical Yearbook.

The CLDS serves as the primary data source for this study, with the objective of capturing the changes in social structure, labor force dynamics within communities and families, and the interplay among communities, families, and individuals. Notably, the CLDS is a nationally representative longitudinal survey that focuses on the Chinese labor force (Ma et al., 2022). The survey encompasses both urban and rural areas across 29 mainland provinces and municipalities in China. Respondents in the CLDS consist of individuals aged 15 to 64, as well as those aged 65 and above who are actively employed within their respective households.

The data for the CLDS were collected by the Center for Social Science Survey at Sun-Yat-sen University in Guangzhou, China, employing a multistage random sampling methodology. For our study, we utilized three waves of CLDS data, specifically from the years 2012, 2014, and 2016. This dataset offers comprehensive information on various cooking fuel usage, along with demographic characteristics and socioeconomic indicators. The extensive nature of the survey’s data aligns well with the research topic under investigation.

To process the data, several operations were conducted. Firstly, to ensure consistency in coding strategies, the survey data from 2012 and 2014 were merged since the coding strategy in 2012 differed from the subsequent year. Following the data cleaning guidelines outlined in the CLDS manuscript, we constructed panel data by combining individual surveys, family surveys, and county surveys. Secondly, in order to maintain consistent identification, the panel data were assigned identification codes based on the coding strategy employed in the 2016 wave. Thirdly, any missing values were dropped from the dataset, and we only kept the rural residents’ sample, resulting in 34,566 observations. Lastly, we obtain the macro data from the China Statistical Yearbook and combine it with CLDS based on the province code.




4.2 Variables



4.2.1 Household clean renewable energy adoption

The dependent variable in this study is household CREA. The CLDS database captures household renewable energy use for cooking through the question, “What is the main fuel used for cooking in your home?”; the available options include firewood, coal, gas (LPG), solar, biogas, electricity, and natural gas. Among these options, firewood, solar energy, and biogas are considered renewable energy sources, while the latter two are specifically categorized as clean renewable energy sources. To operationalize the explained variable, we assign a value of 1 to CREA when clean renewable energy sources are utilized, and 0 otherwise.




4.2.2 Broadband China

The explanatory variable in this paper is Broadband China pilot cities, and BCP is used as a proxy variable. In the framework of the empirical models, we defined the core explanatory variable BCP as 1 if the city was formally rated as the BCP pilot city from a given date, and 0 otherwise. Broadband China encompassed a total of 139 pilot cities, which were introduced in three separate batches. The first batch of pilot cities became operational on 1 August 2013. The second batch followed on 5 November 2014, and the third batch was implemented on 9 October 2015. Table 1 reports the details of the Broadband China pilot city.


Table 1 | Broadband China pilot cities.






4.2.3 Control variables

Considering that household energy adoption is significantly influenced by household member characteristics such as income, social security, working experience, and other relevant factors, it is crucial to control for these characteristics in both the treatment and control groups (Zografakis et al., 2010; Willis et al., 2011; Eshchanov et al., 2021; Irfan et al., 2021). This control is necessary to ensure comparability in terms of renewable energy adoption between the two groups. By controlling for household member characteristics, we can better isolate the impact of the treatment (BCP) on renewable energy adoption and draw more accurate conclusions from the analysis.

Moreover, it is important to note that the community environment in which residents reside significantly influences energy adoption patterns. Rapid urbanization poses a considerable threat to the environment and human health, primarily due to high levels of pollution. Industries such as iron and steel, and chemical and energy industries, known for their significant pollution output, have contributed to severe environmental pollution issues (Feroz et al., 2021). The detrimental effects of such pollution can hinder clean energy adoption and have broader implications for sustainable development. Indeed, we control the industrial structure and the pollution status of the community. According to Ren et al. (2021) and Wang et al. (2022), the energy consumption is closely related to economic development; we control the GDP and fiscal structure.




4.2.4 Descriptive statistics

The descriptive statistics presented in Table 2 provide an overview of the dataset used in this study. The table includes various variables related to CREA and its potential determinants. Starting with the dependent variable, CREA, the sample consists of 37,146 observations. The mean CREA adoption rate is 0.39649, indicating that, on average, approximately 39.65% of households in the sample have adopted clean renewable energy technologies. The standard deviation of 0.489175 suggests a considerable variation in CREA adoption levels across the sample. Moving to the explanatory variables, we find that the variable BCP, representing the availability of a specific policy intervention, has a mean value of 0.144403, indicating that the policy is present in a relatively small proportion of the sample. The standard deviation of 0.351503 suggests some heterogeneity in the implementation of the policy across regions.


Table 2 | Descriptive statistics of variables.



Further examining the regional distribution, we observe that the middle region has a mean value of 0.291768, indicating a moderate presence of households in this region. The east region has a higher mean of 0.445835, suggesting a relatively greater concentration of households with access to clean renewable energy technologies. Conversely, the west region has a lower mean of 0.262397, indicating a lower prevalence of CREA adoption compared to the other regions.

Considering heterogeneity factors, the presence of low-income districts is captured by the variable “Low Income District”, which has a mean value of 0.142223, indicating a relatively small proportion of low-income districts in the sample. The mean values of the GDP Mean Group variables provide insights into the economic conditions of different regions. Specifically, the mean values for Mid GDP Mean Group, East GDP Mean Group, and West GDP Mean Group are 0.436009, 0.218785, and 0.499596, respectively, suggesting varying levels of economic development across these regions.

In terms of the mechanisms that might influence CREA adoption, the pollution variable indicates the extent of pollution in the sample. With a mean value of 0.233861, the data suggest that pollution is present to some degree across the observed areas. The variable “Family Salary Income” represents the natural logarithm of family salary income, which has a mean value of 8.906139. This indicates that, on average, households in the sample have a relatively high salary income. Additionally, the industry structure variable has a mean value of 1.032445, suggesting a diverse industrial landscape in the observed areas.

Moving on to the control variables, we find that the mean age of individuals in the sample is 48.09807, indicating a relatively mature population. The gender variable, with a mean value of 0.482367, suggests a nearly equal distribution of men and women. The marriage variable has a mean value of 0.127335, indicating a relatively low proportion of married individuals. The mean health score, represented by the variable “Health”, is 2.388846, suggesting a moderate health status in the sample. The minority variable, with a mean value of 0.126124, indicates a relatively low proportion of minority groups in the observed areas. Other control variables include family expenses, social security, house value, electric consumption, internet usage, GDP, and fiscal expense ratio. These variables exhibit varying means and standard deviations, reflecting the diversity of economic and socio-demographic factors present in the sample.





4.3 Empirical strategy



4.3.1 Benchmark regression

The impact of digital transition on the adoption of clean renewable energy in rural households encounters identification challenges due to potential confounding factors, as the city-level digital transition policy is exogenous to household behavior. This study employs a quasi-natural experiment approach by considering the BCP as the treatment group, enabling the estimation of the causal effect of digital transition on CREA through the construction of a staggered DID model. Specifically, the cities selected as part of the BCP are treated as the treatment group, while the cities not selected as part of the BCP during the sample period serve as the control group. The disparity in the change in clean renewable adoption between the two groups following the implementation of the BCP serves as an indicator of the net effect of the BCP. Therefore, we start our analysis using the following equation:

	

where the dependent variable CREAit refers to the clean renewable energy adoption, BCPit represents a dummy variable that indicates whether city i is designated as BCP city in year t, the X refers to the control variables, µc refers to the province-level fixed effect, γt refers to year-level fixed effect, and ϵit refers to the error term. Moreover, considering the significant economic development disparity across various regions in China, we stratify the sample cities based on their provinces, dividing cities into four distinct regions. To account for time-varying factors specific to each region, such as the influence of place-based policies, we also introduce an interaction term, denoted as θrt, between region r and year t. This interaction term allows us to capture the nuanced effects of regional characteristics over time within the analysis.




4.3.2 Parallel trend assumption test

After estimating the staggered DID model, as Beck et al. (2010) recommended, we employ the event study approach to examine the validity of the parallel trend assumption. This approach not only helps assess the assumption but also captures the dynamic effects of the BCP. The model can be represented as follows:



where BCPpres presents the specific year preceding the inclusion of a pilot city in the BCP (Before BCP implementation), BCPcurrent represents the city after its inclusion in the BCP (During BCP implementation), and BCPposts represents the specific year following the inclusion of a pilot city in the BCP (After BCP implementation). The duration of the pre-treatment and post-treatment periods varies across the treatment group cities. The longest observed post-treatment duration in the sample is 2 years (corresponding to the initial batch of the 2014 BCP), while the longest pre-treatment duration in the sample is 4 years (corresponding to the third batch of the 2016 BCP). For the purposes of our analysis, we consider the 3-year pre-treatment period as the baseline. If the coefficients of BCPpres are found to be statistically insignificant, it suggests that the parallel trend assumption holds. In turn, the coefficients of BCPposts reflect the dynamic effects of the BCP on CREA in rural families.




4.3.3 Extend staggered DID estimator

The analysis follows a commonly used methodology known as the two-way fixed effects (TWFE) staggered DID regression. However, to ensure unbiased estimation of the coefficient ϵit, three conditions must be satisfied. Firstly, the treatment can only increase over time and change once. In other words, the treatment is not reversible, and once a unit enters the treatment group, it remains there. Secondly, the treatment is binary, indicating that it is a dichotomous variable with two possible values (treated and untreated). These two conditions imply that units in the treatment group can only transition from being untreated to being treated. Thirdly, there is no variation in treatment timing across the units being analyzed (De Chaisemartin and d’Haultfoeuille, 2020).

In this study, it is challenging to satisfy the aforementioned conditions. Specifically, if we use the TWFE approach, we need to impose stricter assumptions than just the parallel trend assumption to account for the dynamic effects that may be correlated with the estimation of the average treatment effect (ATT), denoted as βit. For instance, if the treatment effect is constant, TEit = δ for all (i,t), and the treatment effect does not systematically differ based on different weights assigned to βit, then the estimator   is unbiased for the ATT [as shown in Corollary 2 in De Chaisemartin and d’Haultfoeuille (2020)].

However, in the analysis of the CLDS survey data, this assumption of “no correlation” is implausible due to respondents’ mobility between cities. For example, a household might have lived in Beijing, the capital of China, in 2012, but moved to Guangzhou in 2013, where BCP was promoted, and in 2013, this household moved back to its hometown, Yan Bian, which is a remote city in China. During these 4 years, the household lived in both a developed city affected by BCP and non-BCP, developing area. To address this concern, we introduce the DID with multiple matching estimators proposed by De Chaisemartin and d’Haultfoeuille (2020). This estimator is a weighted average of the DID with positive treatment (DID+) and DID with negative treatment (DID−), specifically designed for cases with two periods and binary treatment. The DID+ estimator is given by:



and DID− is given by:



where Na,b refers to the number of units for which Dg,1 = d1 and Dg,2 = d2, and the DID+ estimator refers to the DID estimator that compares units transitioning from the control group to the treatment group between periods t1 and t2. Under the parallel trends assumption, this estimator is unbiased for estimating the treatment effect for units transitioning into the treatment group. On the other hand, the DID− estimator compares units transitioning from the treatment group to the control group between periods t1 and t2. It is important to note that in the original definition, the control group and treatment group have the same group size. However, we extend the DIDM (Difference-in-Difference with Multiple Matching) estimator to accommodate different group sizes. This extension allows for a more flexible analysis when the treatment is binary and staggered. One advantage of using the DIDM estimator is its robustness to dynamic effects. By accounting for the different group sizes and considering staggered treatment, the DIDM estimator provides a more reliable estimate of the treatment effect while addressing concerns related to dynamic effects.

Since 2012, the first interview, there is the possibility of respondents moving between cities in the follow-up surveys. Additionally, the Broadband China pilot policy was proposed in three separate batches in 2014, 2015, and 2016. Consequently, some respondents may have been exposed to the treatment multiple times. For example, a respondent who lived in Changsha in 2014, where the first batch of Broadband China was proposed, and later moved to Taiyuan in 2015, where the second batch was proposed, would have received the treatment twice. To address this scenario, previous studies have proposed various estimators. Graham and Powell (2012) introduced an estimator that compares the outcome evolution of movers and quasi-stayers. However, this method relies on the assumption of a linear treatment effect and does not account for the period one treatment. De Chaisemartin and d’Haultfoeuille (2020) implemented a relabeling strategy to extend the DIDM estimator. However, when there are no true stayers in both the treatment and control groups, it becomes necessary to choose a bandwidth to identify the quasi-stayers. In our study, the estimator proposed by Callaway and Sant’Anna (2021) is more suitable. They define the treatment effect (TE) as:



where   refers to the average outcome at period t across the treatment groups belonging to cohort c, c denotes the cohort, t denotes the periods, and l ∈ 1,…,t; this estimator accounts for the multiple treatments and does not rely on the assumption of true stayers, making it well-suited for our analysis. Moreover, in terms of the average effect of having been treated for l + 1 period in the cohort treated at period c, the DID estimator is given by:



This estimator extends the staggered DID estimator in several important ways. Firstly, it provides a more aggregated estimation approach. Secondly, it utilizes the not-yet-treated group as the control group instead of the never-treated group. This is particularly useful in our study, as in the case of the third batch of Broadband China, where a large proportion of individuals have already been treated by the policy; it becomes challenging to identify a never-treated group. However, this method can still estimate the causal effects of the third batch of Broadband China. Furthermore, even if there are individuals who have never been treated throughout the entire study period, the presence of a substantial not-yet-treated group can lead to more precise estimations. Another important aspect of this estimator is its reliance on a conditional parallel trend assumption. This assumption is crucial for obtaining unbiased treatment effect estimates. To address concerns regarding this assumption, Callaway and Sant’Anna (2021) propose robust placebo estimators to heterogeneous effects. These placebo tests can be used to assess the validity of the parallel trend assumption underlying their estimator. In light of these considerations, after presenting a TWFE staggered DID approach, we employ the DIDM estimator and the DIDc,l estimator to re-estimate the causal inference of the Average Treatment Effect on the Treated (ATT). Additionally, we provide parallel assumption tests and placebo tests based on these estimators to further evaluate the validity of the parallel trends assumption.

Our estimator should be interpreted as a conservative estimate of the effect of digital transition on family financial behavior. In our study, the digital transition is represented by the external shock known as Broadband China, and we define the cities that actively promoted this transition as the treatment group. However, even if respondents did not reside in these specific cities, they may have still benefited from the digital transition through what we refer to as the overflow effect. This effect implies that the impact of the digital transition may extend beyond the treatment group and affect individuals in neighboring areas or the broader region. Furthermore, individuals outside the treatment group may also be influenced by fellow townspeople or acquaintances who reside in the cities where Broadband China was implemented. This peer effect can result in indirect exposure to the digital transition and its associated effects.

Because of these factors, our estimation may underestimate the true effect of Broadband China on the treatment group. The overflow and peer effects introduce additional channels through which the digital transition indirectly affects individuals outside the treatment group. Therefore, it is important to consider that our estimates reflect a conservative assessment of the impact of Broadband China on family financial behavior, as they may not fully capture the overall influence of the digital transition on a wider scale.




4.3.4 Heterogeneity

To mitigate the estimation bias induced by the structure of energy consumption and regional disparities, we initially incorporate natural gas utilization and coal gas adoption as the dependent variables, and the model is given by:



where Y it refers to (natural gas, coal gas). Should the coefficient α1 exhibit a significant positive value, this would suggest that the BCP markedly catalyzes the adoption of natural gas and/or coal gas. This interpretation would be contingent on the premise that an increased value in α1 signifies a stronger influence of the BCP on promoting alternative energy sources.

Furthermore, we incorporate an interaction term between the BCP variable and dummy variables to assess regional heterogeneity. This approach enables us to estimate the nuanced variations across different geographical areas, and the model is given by:



where Heterogeneityit represents the distinct dummy variables associated with heterogeneity, each reflecting unique attributes or characteristics of the various regions under study. The estimation of the parameter α1 serves as an indication of the heterogeneous effects associated with BCP. This interpretation suggests a differential impact of the BCP across diverse geographical regions or contexts.




4.3.5 Mechanism

The association between the promotion of renewable energy adoption and the BCP presents a conundrum. To explore the underlying mechanisms connecting CREA and BCP, we employ a strategy analogous to Chen et al. (2020) and Braguinsky et al. (2021), wherein we integrate an interaction term into the benchmark regression. The resulting formulation is as follows:



where Mechanismit refers to the mechanism variables.






5 Results and discussion



5.1 Benchmark regression

Table 3 elucidates the influence of the BCP initiative on CREA within rural households, as specified by Model (1). The table comprises several columns, each illustrating a different model specification. From columns (1) to (4), control variables at the individual, familial, and macroeconomic levels are sequentially incorporated. In the scenario where province fixed effects are not accounted for [columns (1) to (4)], the coefficients of BCP are significantly positive, with a statistical significance at the 1% level (0.155, 0.153, 0.147, and 0.0873, respectively). These observations indicate that the BCP significantly fosters the promotion of CREA among rural households, aligning with the results from Wang et al. (2021), which evaluated the causal impact of digital transitions on the energy consumption structure at the macroeconomic level.


Table 3 | The effect of BCP on CREA in rural family.



In column (5), province-level fixed effects are introduced. Even with this additional layer of complexity, the coefficients of BCP retain their significantly positive status (0.0668, with statistical significance at the 5% level), albeit exhibiting a reduced magnitude compared to column (1). This pattern implies that the BCP continues to positively affect CREA in rural households, despite considering the inherent heterogeneity at the province level.

In column (6), which controls for both province-level and year-level fixed effects, the coefficient of BCP is significantly negative (−0.0764, with statistical significance at the 5% level). This outcome suggests that the influence of the BCP varies considerably across different regions within China. Notably, this finding deviates from existing well-regarded research, such as that conducted by Wang et al. (2022) and Ren et al. (2021). This discrepancy underlines the complex and dynamic nature of policy impact analysis, and may indicate unique regional factors at play in the context of this study.

From these findings, it becomes evident that the digital transition’s causal effects on energy consumption, particularly as observed through individual-level data, can vary significantly. Importantly, to gain a comprehensive understanding of the policy’s impacts, it is crucial to account for potential heterogeneity across both provinces and years in the estimation. This awareness of regional and temporal diversity facilitates a more nuanced interpretation of the policy’s effectiveness and can better inform future policy adjustments and implementations.

Table 4 showcases the results derived from partitioning the sample into three geographic divisions: middle, east, and west, based on the respective provinces, and subsequently incorporating interactive fixed effects for region and year, as specified by model (8). The table comprises different columns, each corresponding to a unique model specification.


Table 4 | The region heterogenous effect of BCP on CREA in rural family.



In column (1), the model used in column (6) of Table 3 is adjusted to introduce the interactive fixed effect of region and year. Notably, despite this adjustment, the coefficient of BCP continues to be significantly negative (−0.0804, with statistical significance at the 5% level). This result suggests that the BCP has a negative influence on CREA, a pattern that persists even when the interactive fixed effects of region and year are accounted for. This indicates that regional variations and time dynamics may not fully explain the observed negative impact of the BCP on CREA, pointing towards other potentially influential factors that warrant further investigation.

Upon examination of column (2), the interaction term BCP × Middle Region is introduced as an explanatory variable, while concurrently controlling for individual-level, family-level, and macroeconomic-level attributes. Furthermore, province fixed effects, year fixed effects, and the interactive fixed effect of region and year are accounted for. In this specific model specification, the coefficient of BCP × Middle Region is 0.0580, with statistical significance at the 1% level. This result demonstrates that the BCP exerts a significantly positive impact on CREA in the central region of China.

In contrast, columns (3) and (4) see the introduction of BCP × East Region and BCP × West Region as explanatory variables, respectively. In both scenarios, the coefficients are significantly negative, with statistical significance at the 1% level [−0.126 for column (3) and −0.135 for column (4)]. This indicates that the BCP contributes to a reduction in CREA in both the east and west regions of China. The results thus highlight a region-specific effect of the BCP on renewable energy adoption, underscoring the necessity of context-sensitive policy implementation and analysis.

The observed differences in the effects of BCP across regions can be attributed to various factors. In the economically developed east region, many rural young people migrate to work in coastal cities and do not reside in rural areas (Wang and Mesman, 2015). Moreover, the use of gas and natural gas as a living fuel is widespread among the elderly population (Zou et al., 2018). In the west region, the economy is less developed and rural residents often choose to work in the east region or middle region cities. Additionally, the availability of abundant natural gas resources in the west region leads to a preference for natural gas as living energy resource.

In contrast, the middle region exhibits a relatively homogeneous industry and is rich in natural resources such as biogas and solar energy. Rural residents in this region have access to various energy resources, including firewood, biogas, and solar energy (Wang et al., 2016; Wang et al., 2017). Some residents even generate electricity from solar panels and sell it to the local government.

Overall, these findings highlight the regional variations in the effects of the BCP on CREA in rural areas of China, with positive effects observed in the middle region and negative effects observed in the east and west regions.




5.2 Parallel trend test

The validation of the benchmark regression and the parallel trend assumption is crucial in assessing the reliability of the results. In addition to the baseline estimates, model (2) employs the event study approach to examine the parallel trend assumption and provide insights into the dynamic effects of the BCP on CREA in rural families.

The event study model allows for a more detailed analysis of the treatment effects over time, capturing the dynamic of the BCP’s impact on CREA. By examining the coefficients of the BCP variable across different periods relative to the policy implementation, we can assess whether the parallel trend assumption holds. Furthermore, the event study model provides valuable information on the dynamic effects of the BCP on CREA in rural families. It allows us to observe how the treatment effect evolves, providing insights into any lagged or cumulative effects of the policy. This helps us understand the long-term implications and sustainability of the BCP in promoting CREA. By incorporating the event study approach, the analysis goes beyond the average treatment effect captured by the baseline model. It provides a more nuanced understanding of the temporal patterns and dynamic effects of the BCP on CREA in rural families, allowing for a comprehensive assessment of the policy’s impact. Figure 3 presents the estimation results for the parallel trend assumption test, providing evidence to support the validity of the parallel trend assumption in our specification. The graph illustrates that the renewable energy adoption of rural families in the BCP pilot cities is not statistically different from that in the non-pilot cities before the implementation of the BCP. This indicates that the treatment and control groups had similar trends in renewable energy adoption before the policy intervention, validating the parallel trend assumption.




Figure 3 | Parallel test.



Moreover, Figure 3 also displays the dynamic effects of BCP on CREA over time. It demonstrates that the policy’s effect diminishes gradually as time progresses. Specifically, the estimated coefficient for the BCP variable is not statistically significant in the year preceding the policy implementation. However, in the year of implementation and the subsequent year, the coefficient becomes statistically significant, indicating a positive effect of the BCP on CREA during these periods. It is important to note that the magnitude of the coefficient decreases in the 2 years following the implementation, suggesting a diminishing effect of the policy over time.

These findings provide valuable insights into the temporal dynamics of the BCP’s impact on CREA in rural families. They suggest that the policy’s effect is most pronounced in the year of implementation and the immediate aftermath, highlighting the importance of early policy implementation for promoting CREA. However, the diminishing effect observed in the subsequent years highlights the need for continuous policy support and potential challenges in sustaining the initial positive impact over time.




5.3 Robustness test



5.3.1 Propensity score matching

While our benchmark regression aligns with the parallel trend assumption, it is important to acknowledge that the selection process for BCP may not be completely exogenous. The choice of pilot cities could be influenced by various external factors, including economic foundations, internet development, residents’ living conditions, and fiscal conditions. Consequently, disparities between pilot cities and non-pilot cities may result in divergent trends concerning the adoption of clean renewable energy over time. To alleviate the potential estimation bias caused by sample selection, we apply the propensity score matching (PSM) method to re-estimate the baseline staggered DID regression model. We first take the relevant characteristics, including GDP, family total income, the ratio of fiscal expense and income, family expense, internet adoption, family electric consumption, house value, health condition, and age, as covariate variables and use the logit model to calculate the propensity score of each city in our entire sample. Figure 4 illustrates the results of the PSM test. The analysis reveals that the treatment group and control group exhibit a comprehensive distribution, implying a reasonable comparison between the two groups.




Figure 4 | Propensity score balance test.



Subsequently, we utilize the weighted sample, samples with support, and the weighted average samples to re-estimate the staggered DID model. This approach allows us to account for the varying weights of the observations and focus on the samples that satisfy the common support condition. We aim to obtain more robust and reliable estimates for the staggered DID model with a PSM sample by employing these methods.

Table 5 presents the results of our analysis; we control for the control variables as in the benchmark regression, incorporating province fixed effects, year fixed effects, and region and year fixed effects. Additionally, we cluster the standard errors at the family level. The table includes several rows of interest; in the full sample row, we utilize BCP as the explanatory variable and CREA as the dependent variable, considering the entire sample. In the middle region row, we introduce the interaction term BCP × Middle Region as the explanatory variable, focusing specifically on the middle region. In the east region row, we employ the interaction term BCP × East Region as the explanatory variable, concentrating on the east region. In the west region row, we use the interaction term BCP × West Region as the explanatory variable, focusing on the west region. By analyzing the coefficients and statistical significance of these explanatory variables in each row, we can elevate the sample selection bias and gain insights into the impact of the BCP on CREA in different regions.


Table 5 | The effect of BCP on CREA using PSM-DID estimation.



The estimation results align with the benchmark regression, showing a marginal increase in the policy effect. This suggests that any underestimation of the effect due to potential sample selection bias is minimal. Overall, the analysis reveals heterogeneous effects of the BCP across regions. Specifically, in the middle region of China, the BCP significantly increases CREA in rural families. However, in the east and west regions of China, the BCP significantly reduces CREA in rural families.




5.3.2 Robust staggered DID estimator with multiple periods

Figure 5 presents the estimation results of the re-estimated staggered DID model using a doubly robust staggered DID estimator specified in Equation (6). As mentioned above, this estimator addresses the potential biases arising from residents migrating across regions, being treated multiple times, and transitioning between treatment and control groups. The results align with the benchmark regression, which suggests that the findings are robust and reliable. This consistency strengthens the validity of the estimated treatment effects of the BCP on CREA.




Figure 5 | Doubly robust staggered DID estimator.



It is worth noting that the impact of BCP on CREA demonstrates a greater magnitude within the full sample compared to the benchmark regression. Moreover, the adverse effect of BCP on CREA exhibits increased significance when considering two lagged periods. Notably, the reduction in CREA is particularly pronounced in the east region, characterized by a pre-existing high utilization of clean domestic energy before the implementation of the BCP. Subsequently, residents in this region displayed a decreased inclination toward employing clean renewable energy after the policy enactment. In the central region, BCP exerts a noteworthy driving force on CERA, albeit with a diminishing impact observed after a two-period lag. Conversely, the west region reveals a negative regression coefficient for BCP. However, BCP fosters an inclination among residents to embrace clean renewable energy.

There are four possible reasons. Firstly, the varying impacts of the BCP on CREA across different regions could be attributed to pre-existing economic disparities (Zhang and Bai, 2017). The east region, having a relatively high utilization of clean renewable energy before the policy implementation, might indicate greater availability of alternative energy sources or a stronger market for renewable energy. Consequently, residents in this region may have been less motivated to adopt clean renewable energy after the policy was enforced. In contrast, the central and west regions may have had lower levels of clean renewable energy usage initially, leading to different responses to the BCP. Secondly, the effectiveness of the BCP in driving CREA could be influenced by variations in infrastructure and accessibility across regions. The east region, with its established clean energy infrastructure (Liu et al., 2011), may have faced fewer barriers in utilizing alternative energy sources. In contrast, the central and west regions might have encountered challenges related to infrastructure development, making it more difficult for residents to adopt clean renewable energy, particularly after the initial period.

Thirdly, economic factors such as market incentives and cost considerations play a vital role in CREA. The higher prevalence of clean renewable energy usage in the east region before BCP implies that residents may have already taken advantage of existing incentives or enjoyed relatively lower costs associated with CREA (Schulte et al., 2016; Feng et al., 2017). Consequently, the policy implementation may have had a diminishing effect on CREA in this region, as residents may have perceived fewer economic benefits compared to other regions.

Finally, regional differences in the composition of industries and economic activities can also influence the response to the BCP and CREA. For instance, if the east region had a greater concentration of industries or economic sectors that heavily relied on clean renewable energy, the impact of BCP on CREA might have been mitigated due to the existing utilization of renewable sources.




5.3.3 Clean energy in China: natural gas and coal gas

To address concerns surrounding regional heterogeneity and potential estimation bias caused by variations in energy consumption structure, a revised analysis is proposed. This re-estimation modifies the dependent variable to include the adoption of natural gas and coal gas, as suggested by Zou et al. (2018). Notably, while most existing studies focus on macro-level energy consumption, our emphasis is on the individual level, which we argue is crucial for sustainable development.

In China, natural gas is considered a clean energy source and its adoption has been actively promoted by the government in the east region over the past three decades. In contrast, gas and firewood are still the dominant sources of energy for rural families in the middle and west regions. By incorporating these variables, a staggered DID model can be utilized to study the impact of the BCP initiative on natural gas and coal gas adoption across different regions (Beck et al., 2010). This revised approach offers insights into how the policy influences the adoption of cleaner energy sources (natural gas) versus traditional energy sources (coal gas) in diverse geographical areas. Moreover, by comparing changes in natural gas and coal gas consumption, as well as CREA before and after the BCP implementation, within and across regions, it becomes possible to untangle the specific impact of the policy on each energy source. The regression results of this analysis are reported in Table 6.


Table 6 | The effect of BCP on natural gas and gas.



After including the control variables, province fixed effects, year effects, and the interactive fixed effect of region and year, the revised analysis reveals notable findings. The BCP appears to have a significant positive impact on clean energy adoption in the middle and east regions of China, as evidenced by coefficients of 0.0138 at the 1% significance level for the middle region and 0.0109 at the 10% significance level for the east region. Conversely, in the west region, the policy seems to hinder the adoption of natural gas (with a coefficient of −0.0327 at the 1% significance level) while significantly reducing coal gas adoption (with a coefficient of −0.0563 at the 1% significance level).

A potential explanation for the observed reduction in clean energy adoption in the west region may lie in the migration of rural residents to more developed regions in China, a phenomenon suggested by both Zou et al. (2018) and Wang et al. (2016). Rural residents, especially those with internet access, might be able to find online job opportunities and subsequently leave their hometowns. This migration could result in a decreased demand for clean energy adoption in the west region, as the population engaged in energy consumption declines due to outmigration. This finding underscores the importance of considering broader socioeconomic factors and regional dynamics when analyzing the impact of policies on energy adoption. In this case, employment opportunities, internet access, and rural–urban migration patterns seem to play a role in shaping energy consumption patterns and moderating the effectiveness of the BCP in promoting clean energy adoption in the west region.




5.3.4 Placebo test

To address concerns related to sample selection bias and potential estimation bias caused by unobservable confounders, a placebo test is conducted following a non-parametric permutation method similar to the approach used by Ferrara et al. (2012). The purpose of this test is to examine whether the baseline regression results are affected by unobservable variables.

The placebo test involves the random selection of 106 cities from the entire sample, designating them as the false treatment group, while the remaining cities serve as the false control group. For each city in the false treatment group, a random year between 2007 and 2016 is assigned as the false policy implementation year. This process is repeated 500 times, resulting in 500 sets of estimated coefficients obtained from the random assignments. Figure 6 illustrates the kernel density distributions of these 500 estimated coefficients. The distribution closely approximates a normal distribution, and the average value of the coefficients is close to zero. These findings indicate that the impact of the BCP on CREA is unlikely to be driven by omitted unobservable variables. Therefore, the robustness of the baseline estimates is supported.




Figure 6 | Placebo test.








6 Mechanism

In this section, we analyze the mechanism underlying the impact of Broadband China Policy (BCP) on the adoption of clean renewable energy (CREA) in rural households. As previously discussed, this impact is multifaceted and encompasses various dimensions of economic activities.

One of the primary objectives of the BCP initiative is to enhance broadband adoption. Through the implementation of BCP, rural residents have gained improved affordability and faster internet speeds, enabling them to access online resources more readily. This improved internet accessibility plays a crucial role in facilitating the dissemination of information and knowledge concerning clean energy technologies and practices. The internet serves as a valuable platform for educational resources, providing rural residents with access to relevant information (Zaharov et al., 2018; Jang and Song, 2022), case studies, and success stories related to clean renewable energy. By leveraging these resources, individuals can make informed decisions regarding the adoption of clean renewable energy (CREA). Consequently, internet accessibility serves as a vital channel connecting BCP to CREA, as it enhances awareness and understanding of the benefits and feasibility associated with CREA. Therefore, we propose three distinct avenues through which BCP can facilitate the promotion of CREA in rural families.



6.1 Governance participation and pollution

The accessibility of the internet not only empowers rural residents to voice their concerns, provide feedback, and actively participate in discussions related to pollution control and clean energy policies but also plays a crucial role in facilitating effective governance and policy reforms (Flew et al., 2019; Haggart, 2020). By harnessing the power of the internet, residents can engage in environmental issues, express their opinions, and advocate for sustainable practices, thereby exerting pressure on local governments to allocate more resources to pollution control efforts.

Moreover, the advent of new digital technologies has revolutionized environmental monitoring and management. Real-time monitoring systems, remote sensing technologies, and advanced data analysis tools have become invaluable assets in the identification and mitigation of pollution sources (Cheng et al., 2021; Chen et al., 2022b). These digital innovations enable authorities to promptly detect and address environmental hazards, leading to the implementation of more stringent regulations and the enhancement of enforcement mechanisms.

Furthermore, the internet acts as a catalyst for promoting clean renewable energy alternatives. Digital platforms provide a space for knowledge sharing, where information regarding the benefits and feasibility of clean energy technologies can be disseminated (Jang and Song, 2022). Online resources such as case studies, success stories, and educational materials are readily accessible, enabling rural residents to make informed decisions regarding clean energy adoption. The availability of such information not only raises awareness but also enhances the understanding of clean energy solutions, further driving the shift toward sustainable practices.

The digital transition also brings about increased government investment and efficiency in addressing environmental challenges. With the aid of digital tools and technologies, governments can streamline administrative processes, facilitate data-driven decision-making, and improve resource allocation. This results in more effective and targeted interventions to combat pollution and promote clean energy. Additionally, the transparency and accountability enabled by digital platforms foster trust between governments and citizens, creating a conducive environment for collaboration and the implementation of sustainable policies.




6.2 Job opportunities and salary income

The accessibility of the internet opens up avenues for rural residents to access a wider range of job opportunities, fostering economic empowerment and financial stability (Stevenson, 2008; Maurer-Fazio, 2012; Suvankulov et al., 2012; Castellacci and Vinas-Bardolet, 2019). With the advent of digital platforms and online marketplaces, individuals residing in rural areas can engage in remote work or venture into entrepreneurship, regardless of their geographic location. This expanded economic activity not only provides individuals with additional sources of income but also enhances their financial capacity to invest in various aspects of their lives, including clean energy technology.

By leveraging digital platforms, rural residents can participate in remote work arrangements (Ghislieri et al., 2022), such as freelancing, consulting, or telecommuting. This flexibility allows individuals to harness their skills and expertise, serving clients and organizations worldwide (Sako, 2021). Additionally, online marketplaces offer opportunities for rural entrepreneurs to showcase and sell their products or services to a global customer base, transcending traditional geographical limitations. This newfound economic potential provides rural residents with a pathway toward financial independence and improved livelihoods.

The increased income and financial stability resulting from these digital opportunities can indirectly impact the adoption of clean renewable energy (CREA) in rural areas. As individuals’ economic circumstances improve, they gain the means to invest in clean energy technologies for their households or businesses. This could involve installing solar panels, purchasing energy-efficient appliances, or implementing sustainable farming practices. The availability of reliable and sustainable income sources enables individuals to allocate resources towards environmentally friendly solutions, gradually transitioning towards a cleaner and more sustainable energy future.

Moreover, the economic empowerment facilitated by internet accessibility can have wider community benefits. As rural residents engage in remote work or establish online businesses, they contribute to local economic development and job creation. This virtuous cycle stimulates economic growth within rural communities, fostering a supportive ecosystem for the adoption of clean energy. Local businesses, service providers, and community organizations may also respond to the growing demand for clean energy solutions, further promoting the uptake of CREA.

However, with the development of the internet and the increase in income, online platforms provide multiple products and delivery services with coupons (Duan et al., 2022). This convenience and attractive pricing often lure residents to order take-out meals instead of cooking at home (Jiang et al., 2021). Furthermore, residents may choose to purchase more advanced electrical equipment due to their increased purchasing power. While these trends may seem beneficial, they have the potential to reduce the utilization of renewable energy sources. To address this issue, it is crucial to examine the impact of these factors on the energy consumption patterns of residents. Firstly, the widespread adoption of online platforms for food delivery can lead to a higher demand for transportation and logistics services. The increased frequency of delivery vehicles on the roads can result in greater fuel consumption and emissions, indirectly contributing to environmental pollution. This aspect needs to be considered when evaluating the overall energy efficiency of the online food delivery system.

Secondly, the availability of coupons and discounts on online platforms can influence consumer behavior (Duan et al., 2022). By offering reduced prices for take-out meals, online platforms encourage residents to order food instead of cooking at home. This shift in behavior can lead to increased energy consumption, as households relying on take-out meals are likely to use more electricity for lighting, refrigeration, and other related purposes. Consequently, the energy demand may rise, potentially placing additional strain on non-renewable energy sources.

Furthermore, the affordability of advanced electrical equipment, made possible by increased income, can also impact energy consumption patterns. While these appliances may provide convenience and improved functionality, they often require substantial amounts of energy to operate. If the trend of purchasing such energy-intensive equipment continues, it could contribute to higher overall energy demand, possibly relying more heavily on non-renewable energy sources.




6.3 Industrial upgrading

The adoption of the internet and digital technologies, including IoT devices, smart systems, and data analytics, plays a pivotal role in optimizing energy usage, monitoring emissions, and integrating renewable energy sources across industrial and household sectors (Ishida, 2015; Lahouel et al., 2021; Chen et al., 2022b). This process of digital transition catalyzes industrial upgrading, leading to the adoption of cleaner production processes and promoting the adoption of clean renewable energy solutions in daily life.

By leveraging IoT devices and smart systems, industries and households can enhance their energy efficiency and reduce their environmental impact (Wang et al., 2021; Chen et al., 2022b). Smart grids enable real-time monitoring and control of energy consumption, allowing for more efficient allocation and utilization of resources. Industrial processes can be optimized through data analytics, identifying areas for improvement, and implementing energy-saving measures. This optimization not only reduces energy waste but also minimizes emissions and environmental pollutants. Furthermore, the integration of renewable energy sources is facilitated by digital technologies. IoT devices and data analytics enable the seamless integration of renewable energy systems, such as solar panels and wind turbines, into existing infrastructure. These technologies provide real-time monitoring and management of renewable energy generation, ensuring efficient utilization and grid integration. The intelligent control systems allow for dynamic load balancing, storage management, and demand response mechanisms, optimizing the overall energy mix and promoting the use of clean energy sources.

The impact of BCP is significant in this context as it accelerates the digital transition and promotes the widespread adoption of these technologies. Improved internet accessibility through BCP facilitates the dissemination of digital innovations, enabling industries and households to embrace energy-efficient practices and renewable energy solutions. By enhancing energy efficiency and reducing environmental impacts within industries and households, BCP contributes to the wider availability and adoption of clean energy sources.

In summary, the adoption of the internet and digital technologies empowers industries and households to optimize energy usage, monitor emissions, and integrate renewable energy sources. This digital transition, supported by initiatives like Broadband China, drives industrial upgrading and promotes the adoption of cleaner production processes and clean renewable energy solutions. Ultimately, it improves energy efficiency, reduces environmental impact, and paves the way for a more sustainable and clean energy future.




6.4 Mechanism analysis

To test the mechanisms discussed above, we have introduced the interactive terms of BCP with pollution, industry structure, and family salary income in our baseline regression, as specified in model (9). The results of these regressions are presented in Table 7.


Table 7 | Mechanism analysis.



In column (1), the interaction term between BCP and pollution, represented as BCP × Pollution, is introduced. The coefficient corresponding to this interaction term is quantified as 0.0238, demonstrating statistical significance at the 10% level, and is decidedly positive. This empirical evidence suggests that the local district’s pollution levels modulate the relationship between BCP and CREA.

The positive coefficient affiliated with the BCP × Pollution interaction term is concordant with the hypothesis that BCP avails residents with expanded avenues for expressing their perspectives and concerns about pollution. Through the medium of online platforms, residents are empowered to articulate their sentiments and advocate for an enhanced environmental living standard.

The positive coefficient also denotes that as pollution escalates, the positive influence of BCP on CREA becomes increasingly discernible. This finding infers that the digital transition, embodied by online platforms, equips residents with the tools necessary to champion and strive for betterment in their living conditions, specifically regarding the reduction of pollution.

In column (2), we incorporate the interaction term between BCP and Industry Structure, denoted as BCP × Industry Structure. Relative to the baseline model, there are significant alterations in the coefficients and subsequent interpretations. Primarily, the coefficient associated with BCP becomes statistically significant and positive (0.043 at a 1% significance level), thereby signifying that BCP profoundly fosters CREA among rural families when industry structure is factored in. This indicates that the utilization of online platforms, including BCP, exerts a positive influence on the economic welfare of rural families, considering the distinct characteristics of the industry structure.

Contrastingly, the coefficient for the interaction term BCP × Industry Structure is statistically significant yet negative (−0.117 at a 1% significance level). This observation intimates that the relationship between BCP and CREA is shaped by the proportion of tertiary industry in the region. As the proportion of this industry, characterized by a dominance of service-oriented sectors such as hospitality and restaurants, swells, the effect of BCP on CREA appears to decline or even reverse, becoming negative.

This discovery is supported by the analysis delineated earlier, although it diverges from macro-level analyses, as cited in previous studies. When the tertiary industry dominates the local industrial structure, residents may prefer dining in restaurants as opposed to home cooking, thereby reducing both traditional and clean renewable energy usage. Simultaneously, this shift may incite an increase in electricity consumption due to the availability of more accessible and affordable electrical devices. Such a transition in consumption habits can potentially negate the positive effect of BCP on CREA.

In column (4), we incorporate the interaction term between BCP and family salary income, denoted as BCP × Family Salary Income. The coefficients corresponding to BCP and the interaction term yield significant insights into the tripartite relationship among digital transition, familial income, and consumption structure.

In a manner analogous to the preceding model, the coefficient associated with BCP is significantly positive (0.444 at a 1% level) in column (4). This implies that BCP has a beneficial influence on CREA in rural families when we account for family income. The digital transition facilitates economic activity, contributes to the economic wellbeing of households, and fosters CREA among rural families. Contrarily, the coefficient for the BCP × Family Salary Income term is significantly negative (−0.0508 at a 1% level). This indicates that as family salary income escalates, the relationship between BCP and CREA is negatively impacted.

Elevated income levels induce changes in consumption habits, such as a predilection for meal delivery services or restaurant dining, over home cooking. Specifically, the rise in family income may enable households to afford more convenient food options, instigating a departure from traditional home cooking. This shift in consumption behavior may precipitate a reduction in traditional energy costs but an uptick in electricity consumption due to the utilization of more contemporary, energy-demanding devices. Thus, the negative coefficient for the BCP × Family Salary Income interaction term underscores the importance of considering income’s role in understanding BCP’s impact on consumption patterns and energy usage. Heightened family income levels may attenuate the positive influence of BCP on CREA due to consumption behavior changes engendered by increased affordability and convenience.

These findings highlight the importance of various factors and the diverse effects of BCP on CREA. They imply that policymakers and stakeholders should be cognizant of the differing impacts of digital transition on various industries, household financial circumstances, and consumption behavior. This understanding is pivotal for nurturing sustainable economic growth and promoting energy efficiency in rural locales.





7 Heterogeneity and alternative interpretation



7.1 Heterogeneity

According to the analysis presented earlier, it is evident that the impact of BCP on CREA is influenced by multiple economic factors. Additionally, the considerable gap in economic development across different regions in China introduces significant heterogeneity in the causal inference between BCP and CREA. In this section, we delve further into this heterogeneity to gain a deeper understanding of the nuanced dynamic at play.



7.1.1 Heterogeneity of real estate district

Real estate holds significant importance for Chinese families, serving as both a living space and an investment asset (Ren et al., 2012). However, the high prices of real estate and the traditional cultural significance of owning a home create substantial financial burdens for families (Deng et al., 2012). Many Chinese families find themselves stretching their financial resources to meet the expenses associated with purchasing a house, often having to exhaust their savings and rely on various sources of funding.

It is worth noting that the heterogeneity in the types of housing available in China further contributes to the financial diversity across families. The CLDS survey includes a question that provides an opportunity to identify this heterogeneity by asking respondents about the type of district they reside in. The responses include non-reformed old districts, districts for workers in mining enterprises, districts for government officials and state-owned enterprise employees, social welfare housing communities, general commercial housing districts, upscale commercial housing communities, districts for rural-to-urban migrants, and shantytowns.

The majority of families residing in districts other than commercial housing districts and districts for government officials and employees of state-owned enterprises often face financial challenges, particularly those in rural areas. These families struggle with mandatory expenses such as food, education, and housing rent. Moreover, owing to the lack of comprehensive social security coverage, residents are often required to make upfront payments for medical treatment, and some may even find themselves unable to afford hospital bills. Consequently, the financial strain they face makes it difficult for them to afford the costs associated with adopting clean renewable energy sources. Moreover, the financial constraints experienced by families living in poverty or facing economic hardships underscore the challenges they encounter in adopting clean renewable energy technologies. Access to affordable and clean energy sources is crucial for sustainable development and environmental conservation. However, the financial limitations faced by these families restrict their ability to invest in renewable energy solutions, which often require upfront costs and infrastructure investments.

To examine the impact of low-income districts on the relationship between BCP and CREA, we introduce a dummy variable called “Low Income District”, which takes a value of 1 if residents live in a low-income district, and 0 otherwise. Additionally, we incorporate the interaction term between BCP and Low-Income District, denoted as BCP × Low Income District, into the baseline model. To capture the heterogeneity across different regions, we divide the sample into the middle region, east region, and west region.

The results presented in Table 8 demonstrate that all of the coefficients of the interaction term, BCP × Low Income District, are statistically significant and negative. This indicates that rural families residing in low-income districts across China are likely to experience a reduction in CREA. These findings highlight the adverse impact of living in low-income districts on the relationship between BCP and CREA, regardless of the geographical region. The negative coefficients suggest that the combination of BCP usage and residing in a low-income district has an amplifying effect on the reduction of CREA. This outcome is noteworthy as it indicates that the potential benefits of BCP adoption in promoting CREA are diminished in low-income districts. The financial constraints and challenges faced by families in these districts hinder their ability to invest in clean and renewable energy technologies, ultimately impacting their CREA levels. Furthermore, the results indicate that the heterogeneity across different regions does not significantly alter the causal inference of BCP on CREA in low-income districts. Regardless of whether the sample consists of the middle region, east region, or west region, the coefficients of the interaction term remain consistently negative and statistically significant. This suggests that the detrimental impact of low-income districts on the relationship between BCP and CREA extends throughout China.


Table 8 | Heterogeneity of Real Estate District.



The findings underscore the need for targeted interventions and policy measures to address the challenges faced by rural families living in low-income districts. Such measures should aim to alleviate financial constraints, improve access to affordable clean energy solutions, and promote sustainable development in these areas. By implementing policies that specifically target low-income districts, policymakers can help bridge the gap and ensure that the benefits of BCP and clean renewable energy are accessible to all, irrespective of their income levels or geographical location. In conclusion, the inclusion of a dummy variable for low-income districts and the corresponding interaction term in the analysis reveals that rural families living in low-income districts experience a reduction in CREA across China. This highlights the importance of addressing the financial constraints and challenges faced by these families in adopting clean and renewable energy technologies. The consistent findings across different regions emphasize the need for targeted policies to promote sustainable energy practices and mitigate the adverse effects of low-income districts on CREA.




7.1.2 Heterogeneity of population size

Population size plays a significant role in determining the level of public infrastructure, public services, and economic foundation in Chinese cities. Larger population centers tend to have more extensive public facilities and services to cater to the needs of a larger number of residents. Moreover, the larger population base offers attractive investment opportunities and a target market for both the government and enterprises. As a result, these areas are more likely to attract investments in green technology research and development, clean technology applications, and clean renewable energy infrastructure.

The heterogeneity arising from population size has several implications. Firstly, cities with larger populations often have a higher demand for energy and resources. This increased demand necessitates the development of robust and sustainable energy systems to meet the needs of the population. Consequently, policymakers and stakeholders are more inclined to invest in clean and renewable energy infrastructure in these areas to ensure a reliable and environmentally friendly energy supply.

Secondly, the availability of a large population provides a more significant market for clean technology products and services. With a large group, companies and entrepreneurs are motivated to develop and commercialize clean technologies to cater to the needs and preferences of a diverse consumer base. This, in turn, drives innovation and fosters the growth of the clean technology sector in these populous areas.

Furthermore, the concentration of the population in larger cities facilitates knowledge exchange, collaboration, and the sharing of best practices. These cities often serve as hubs for research and development, attracting skilled professionals and experts in the field of clean renewable energy. The presence of a knowledgeable workforce and a vibrant intellectual environment accelerates technological advancements and the adoption of clean renewable energy solutions.

However, it is crucial to consider the potential drawbacks and challenges associated with large population centers. Rapid urbanization and population growth can strain existing infrastructure and resources, leading to increased energy consumption and environmental pressures. Managing the energy demands of a large population requires careful planning efficient resource allocation, and sustainable urban development strategies.

To investigate the impact of population size on the relationship between BCP and CREA, we introduce a dummy variable called “Mean Popu”. This variable takes a value of 1 if the population of the city is larger than the mean population across China, and 0 otherwise. Additionally, we divide the sample into the middle region, east region, and west region to capture the regional heterogeneity. Incorporating the interaction term between BCP and Mean Popu, denoted as BCP × Mean Popu, into the baseline model, we present the results in Table 9. The coefficients of BCP × Mean Popu are found to be statistically significant and positive. This indicates that in cities with larger populations, the presence of BCP significantly promotes CREA.


Table 9 | Heterogeneity of population size.



Comparing these results to the baseline model, it becomes evident that population size introduces significant heterogeneity across China. Larger cities not only attract migration but also attract technological advancements and investment. The concentration of population in these cities creates an environment that fosters the adoption and utilization of BCP, leading to a positive impact on CREA. On the other hand, smaller cities may face challenges associated with a declining population and limited investment opportunities. These factors may hinder the adoption of BCP and limit the potential benefits for CREA in these areas.

The findings highlight the importance of considering population size and its impact on the effectiveness of BCP in promoting CREA. Policy interventions and strategies should take into account the varying dynamics across cities of different sizes. It is crucial to support smaller cities in overcoming barriers and creating an enabling environment for the adoption of BCP and clean renewable energy technologies. Furthermore, the regional heterogeneity observed in the results emphasizes the need for tailored approaches in different regions. Middle, east, and west regions may have unique characteristics and specific challenges that require region-specific policies and initiatives to enhance CREA. By understanding and addressing the specific needs of each region, policymakers can foster sustainable economic growth, encourage investment in clean energy technologies, and promote energy efficiency.

In conclusion, the inclusion of the dummy variable “Mean Popu” and the corresponding interaction term BCP ×Mean Popu provides insights into the relationship between population size and the impact of BCP on CREA. The positive and statistically significant coefficients suggest that in cities with larger populations, BCP has a significant positive effect on CREA. This underscores the importance of considering population size and its associated heterogeneity when designing policies and interventions to promote sustainable energy practices and enhance CREA in different regions of China.




7.1.3 Economic size

The gaps in economic development across regions pose another important consideration in understanding the impact of BCP on CREA. In China, the east region holds a pivotal role in the country’s economy, fiscal income, foreign communication, and technology innovation. On the other hand, the middle region and the west region are still in the process of development. To explore the potential heterogeneity resulting from economic size, we calculate the mean total GDP to be 3,617.536 billion. Furthermore, the mean GDP in the east region is 5,424.964 billion, that in the middle region is 2355.583 billion, and that in the west region is 1900.047 billion. These figures indicate substantial disparities in economic size across the regions.

Given these disparities, it is reasonable to expect that the impact of BCP on CREA may vary significantly across regions. The larger economic size of the east region, coupled with its advanced technological capabilities and greater investment opportunities, may create a more conducive environment for the adoption and utilization of BCP. The positive impact of BCP on CREA in the east region is likely to be more pronounced compared to the middle and west regions. However, as discussed above, the residents living in the east region will change their consumption structure due to the developed economic and digital transition; as a result, the BCP shows a lower impact on CREA in rural families residing in the east region.

Conversely, the middle and west regions, characterized by lower economic sizes and relatively less developed infrastructure, may face challenges in realizing the full potential of BCP for promoting CREA. The limited resources and investment in these regions could hinder the adoption and utilization of BCP, leading to a relatively weaker impact on CREA. To comprehensively understand the heterogeneity resulting from economic development gaps, it is crucial to conduct further analysis and regression models that explicitly account for regional economic factors. This would enable a more nuanced examination of the relationship between BCP and CREA, considering the varying economic sizes across regions and their impact on the adoption and effectiveness of BCP.

To further investigate the heterogeneity related to economic size, we introduce a dummy variable called “GDP Mean Group”. This variable takes a value of 1 if the GDP of a region is larger than the mean GDP across all regions, and 0 otherwise. Additionally, we introduce the dummy variables “Mid GDP Mean Group”, “East GDP Mean Group”, and “West GDP Mean Group” based on the means of GDP in the middle, east, and west regions, respectively. Table 10 presents the results of the regression analysis. We find that GDP plays a significant role in determining the impact of BCP on CREA across China. The coefficients of the interaction term between the BCP and GDP Mean Group are statistically significant and positive in the full sample. Comparing these results to the baseline model, it becomes evident that economic development amplifies the impact of BCP on CREA. Regions with higher levels of economic development tend to experience a stronger positive effect of BCP on CREA.


Table 10 | Heterogeneity of economic size.



Furthermore, when we examine the results for specific regions, we observe some interesting findings. In the middle and west regions, the coefficients of the interaction term are statistically significant and positive, indicating that the impact of BCP on CREA is amplified in these regions. This aligns with our previous analysis, highlighting the challenges faced by less-developed regions and their potential to benefit from BCP adoption. Surprisingly, in the east region, the coefficient of the interaction term is not statistically significant. This suggests that the relationship between BCP and CREA may be influenced by other factors in the east region, such as advanced technological infrastructure and higher levels of investment. These factors may overshadow the specific impact of BCP on CREA in the east region.

Furthermore, when we examine the results for specific regions, we observe some interesting findings. In the middle and west regions, the coefficients of the interaction term are statistically significant and positive, indicating that the impact of BCP on CREA is amplified in these regions. This aligns with our previous analysis, highlighting the challenges faced by less-developed regions and their potential to benefit from BCP adoption. Surprisingly, in the east region, the coefficient of the interaction term is not statistically significant. This suggests that the relationship between BCP and CREA may be influenced by other factors in the east region, such as advanced technological infrastructure and higher levels of investment. These factors may overshadow the specific impact of BCP on CREA in the east region.





7.2 Alternative interpretation



7.2.1 Social study

In order to examine the potential influence of social study on the impact of BCP on CREA, we introduce the interaction term BCP × Social Study into the analysis. The frequency of social study activities, as reported by the respondents in the CLDS survey, serves as a proxy for their engagement in acquiring knowledge, training, and technical support related to clean renewable energy technologies. Additionally, we consider the role of natural gas, another important source of energy in China, to test whether social study has a greater impact on promoting CREA compared to BCP. This allows us to assess whether social study activities have a specific influence on the adoption of clean renewable energy technologies, independent of the overall impact of BCP and other energy sources.

In columns (1) and (2) of Table 11, we observe that the coefficients of the interaction terms between BCP and Social Study are statistically insignificant and positive. This implies that the frequency of social study activities, as reported by the respondents, does not appear to have a significant influence on the relationship between BCP and CREA. These results suggest that while social study activities may provide channels for rural residents to access clean renewable energy knowledge and training, it does not significantly enhance the impact of BCP on the adoption of clean renewable energy technologies in rural areas. Other factors or mechanisms might be more influential in driving the adoption of CREA.


Table 11 | Alternative interpretation.



It is important to interpret these findings cautiously and consider the potential limitations of the analysis. Other factors not captured in the model or variations in the sample characteristics could also contribute to the insignificant relationship between BCP, social study, and CREA. Further research and analysis may be required to explore additional factors or alternative explanations for the observed results.

Overall, the analysis suggests that social study activities alone may not be a significant determinant of the impact of BCP on CREA. Policymakers and stakeholders should consider other strategies and interventions to promote CREA in rural areas, taking into account the specific context and characteristics of the target population.




7.2.2 Energy conservation and emission reduction pilot city

To address concerns regarding potential confounding factors, we examine the impact of other policies related to clean energy adoption, such as the Energy Conservation and Emission Reduction Pilot City (ECERP) program. The ECERP program aims to enhance energy conservation and emission reduction efforts in selected cities, integrating various fiscal policies to achieve China’s targets in these areas. The program was initiated in 2011, with additional cities being promoted in 2013 and 2014, totaling 28 cities. To eliminate the potential influence of ECERP on our baseline estimation, we exclude the ECERP cities from the total sample and re-estimate the baseline model. Columns (3) to (6) in the analysis report the results. By excluding the ECERP cities, we can isolate the specific impact of the BCP on CREA, independent of any potential effects resulting from the ECERP program. This allows us to examine the true relationship between BCP and CREA, without the confounding influence of this particular policy intervention. The coefficients of BCP and the interaction terms are statistically significant. Compared to the baseline model, the coefficient is smaller, which suggests that the ECERP has affected the adoption of renewable energy in rural family, and it also supports the idea that the BCP has a significant impact on CREA, and it shows heterogeneity across regions.

The results of the analysis in columns (3) to (6) indicate that the coefficients of BCP and the interaction terms remain statistically significant, even after excluding the ECERP cities from the sample. However, it is observed that the magnitude of the coefficients is smaller compared to the baseline model. This finding suggests that the presence of the ECERP program has affected the adoption of renewable energy in rural families. The program may have influenced the overall energy conservation and emission reduction efforts in the ECERP cities, which could have indirectly affected the adoption of clean renewable energy technologies in these areas. Nonetheless, the significance of the coefficients of BCP and the interaction terms, even in the absence of the ECERP cities, supports the idea that BCP has a significant impact on CREA. It further reinforces the notion that BCP plays a vital role in promoting the adoption of clean renewable energy technologies in rural areas.

Additionally, the presence of heterogeneity across regions is observed, indicating that the impact of BCP on CREA varies across different parts of China. This regional variation suggests that factors such as economic development, policy environment, and infrastructure may influence the effectiveness of BCP in promoting CREA.

Overall, by excluding the ECERP cities and observing the significance of the coefficients in the remaining sample, we can conclude that the BCP has a significant impact on CREA, even after accounting for the potential influence of the ECERP program. The presence of heterogeneity across regions underscores the need for tailored policies and strategies to effectively promote CREA in rural areas across different parts of China.






8 Conclusion

The ongoing digital transition and the urgent need to address global warming have brought attention to the energy consumption patterns in rural families. However, there is currently a lack of theoretical frameworks and empirical research focusing on this specific context. Furthermore, the impact of digital transition on the adoption of clean renewable energy in rural families remains understudied. This paper aims to fill these research gaps by utilizing Broadband China Policy (BCP) as a quasi-natural experiment and analyzing data from the CLDS spanning the years 2012 to 2016. To assess the impact of digital transition on CREA in rural families, the study employs a staggered DID approach and the Doubly Robust Staggered DID estimator. The use of a traditional staggered DID estimator allows for a rigorous examination of the causal relationship between digital transition and CREA, by analyzing the CLDS datasets, which provide valuable insights into the energy consumption patterns of rural families, and the study aims to shed light on the potential effects of digital transition on CREA in this specific context. By applying a robust statistical method, the study seeks to provide reliable and accurate estimates of the impact of digital transition on CREA; moreover, it also provides the chance to analyze its dynamic effects. This rigorous analysis contributes to the existing literature on energy consumption patterns and the role of digital technology in promoting sustainable energy practices.

Our findings demonstrate that the digital transition has a significant impact on the adoption of clean renewable energy in rural families, with notable heterogeneity across regions. Specifically, the implementation of the BCP resulted in a significant increase in CREA in the middle region, with a 5.8% increase compared to non-pilot cities. However, in the east and west regions, the BCP led to a reduction in CREA, with a 12.6% decrease in the east region and a 13.5% decrease in the west region. Furthermore, our dynamic effect analysis reveals interesting patterns in the causal relationship between the BCP and CREA. In the east region, we observe that CREA was already high before the implementation of the BCP, suggesting that other factors may have played a significant role in driving adoption in this region. In contrast, in the west region, the BCP had a positive impact on the intention to adopt clean renewable energy after its implementation, indicating the potential for the BCP to facilitate adoption in this region.

Additionally, considering natural gas as a clean energy source in China, we find that the BCP led to a 1.38% increase in natural gas usage in the east region. This suggests that the BCP may have influenced the choice of clean energy sources, with a shift towards natural gas in this particular region. Furthermore, our analysis reveals that the impact of the BCP on CREA operates through three channels: population size, economic size, and income level. Cities with larger populations and greater economic size experience a more significant impact of the BCP on CREA in rural families. However, low-income families tend to prefer using fossil energy rather than clean renewable energy following the implementation of the BCP.

These findings provide empirical evidence for countries, particularly developing nations, that aim to leverage digital development for technological progress and industrial upgrading to reduce carbon emissions, increase CREA, and improve the welfare of residents. By understanding the heterogeneity of the effects and the underlying channels through which digital transition impacts CREA, policymakers can design targeted interventions and policies to promote sustainable energy practices and enhance overall societal wellbeing.




9 Further research direction

Building upon the findings of this study, future research should aim to further delineate the nuanced relationships between BCP and consumer behavior. The digital transition’s varied impact on different industries and diverse household income levels, as well as consumption behaviors, warrants further exploration. Specifically, a deeper understanding of how digital tools like BCP can be optimized to stimulate CREA in different socioeconomic and industrial contexts is imperative.

Furthermore, it would be beneficial to expand the scope of this research to a broader geographical context. This study predominantly focused on rural families; however, the impacts of BCP and digital transitions might differ in urban settings due to contrasting living conditions, industry structures, and income levels. Cross-regional comparisons would provide comprehensive insights into the generalizability of the current findings.

In addition, the role of government policy in influencing and possibly amplifying the positive effects of BCP on CREA should not be overlooked. Policymakers should consider incentives to encourage the use of online platforms to promote energy efficiency and sustainable practices among citizens. Therefore, future research could examine how different policy interventions affect the relationship between BCP and CREA.

Lastly, it would be intriguing to examine the long-term impacts of changes in consumer behavior on energy consumption patterns. As income levels rise and consumption habits shift, what are the long-term implications for traditional and renewable energy usage? Unraveling the potential impacts of these dynamics could provide valuable insights into sustainable economic growth strategies and the promotion of energy efficiency in both rural and urban areas.
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