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The health status of low-income rural residents is intricately linked to social equity and justice and the realization of the goal of common prosperity. Based on the CFPS data from 2010 to 2020 and the list of “Broadband China” demonstration cities, this paper employs a multi-period Difference-in-Differences (DID) approach to empirically analyze the impact of digital infrastructure construction on the health of low-income rural residents and its mechanism. The results indicate that: (1) Digital infrastructure construction had a significant positive impact on the health of rural low-income residents. After adjusting the sample period, changing the policy implementation time point, excluding other policy interference, and Propensity Score Matching-Difference-in-Differences (PSM-DID), the model was still robust. (2) The mechanism test found that digital infrastructure would improves the health of rural low-income residents through three mechanisms: the adoption of new agricultural technology, land transfer, and leisure time. (3) In terms of heterogeneity analysis, based on region type, education level, marital status and public supporting system, digital infrastructure construction can enhance the health status of low-income rural residents in the western region, those with low education level, married people and those with more public supporting system. This study suggests the continued promotion of the construction of digital infrastructure, with a focus on the construction level of the western and western regions, narrow the “digital divide” between different groups, and improve public supporting facilities in backward rural areas, so as to further enhance the health status of low-income groups.
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1 Introduction

As a critical component of human capital, health is not only a requirement for individual holistic development but also a basic condition for economic and social development and an important symbol of national prosperity. China is predominantly an agricultural nation, with a rural population accounting for nearly 40% (1).

However, the long-term dual economic development structure has led to a significant disparity in health status between rural residents and urban residents in China (2). Compared with urban areas, low-income residents in rural areas suffer from inadequate infrastructure, poor living conditions, and insufficient access to medical services, and access to healthcare remains both challenging and costly (3). In addition, low-income residents in rural areas generally exhibit limited awareness of healthcare practices (4). These factors have significantly adversely affected the health of low-income rural residents (5). In addition, a survey of 100 villages by the Chinese Academy of Social Sciences found that 36.2% of rural households were impoverished by illness and 11.5% by disability, the first and fourth leading causes of poverty, respectively. Therefore, improving the health level of low-income rural residents is crucial for consolidate the achievements of poverty alleviation, promote the comprehensive revitalization of rural areas, and achieve common prosperity (6).

In recent years, China has been vigorously promoting the development of “Digital China” and “Cyber China.” In 2013, the State Council issued the “Broadband China Strategy and Implementation Plan,” and since 2014, it has progressively approved three batches of “Broadband China” pilot projects. As a key initiative to improve the quality and efficiency of digital infrastructure construction, many researchers have chosen to use the digital infrastructure upgrades under the “Broadband China” pilot policy as an exogenous policy shock to quantitatively analyze the effects of digital infrastructure development (7). According to a report released by the China Internet Information Center, as of the first half of 2022, China's rural digital infrastructure has been comprehensively improved, and the goal of “every village having broadband access” has been largely achieved (8). The rural Internet penetration rate increased by 1.2% compared with half a year ago and has now reached 58.8%, bringing the total number of rural internet users to 293 million. Digital infrastructure facilitates the digital transformation of rural agricultural production, residents' lives, rural governance, and other fields and has a profound impact on rural industrial transformation, farmers' employment, income generation, and other aspects (9). With the development of information technology and mass networking, the relationship between digital infrastructure and health has increasingly become a focus of traditional social science research. In foreign studies on digital infrastructure and health, research has identified a close relationship between digital inequality and population health disparities, and the digital divide is considered to be a new issue worthy of attention in health promotion and medical care. The “digital divide” refers to the inequality that exists between social groups in terms of access to, use of, and benefits from digital technologies, due to differences in the availability of information technology and internet access, as well as differences in digital literacy. Specifically, among low-income rural populations, this divide manifests as limited network coverage, imbalanced technological infrastructure, and a lack of digital skills (10). Compared with foreign research, this phenomenon has received insufficient attention in China, with research in this field emerging relatively late. Most of the relevant research in China focuses on the older adult population; the research perspective is mostly psychology, with limited consideration given to endogeneity in research methods (11, 12).

This paper builds on the aforementioned foundation and utilizes data from the 2020 China Household Tracking Survey (CFPS). It considers the policy impact of “Broadband China” as a quasi-natural experiment and employs a multi-stage DID model to explore the impact and mechanisms of digital infrastructure construction on the health of rural low-income residents at the household micro level. It further examines the heterogeneity of these effects. This analysis not only contributes to promoting the development of digital villages but also offers valuable insights into efforts to construct digital infrastructure, particularly broadband network reform, aimed at improving the health of rural low-income residents and achieving common prosperity.

The potential contributions of this paper are as follows: From a research perspective, it investigates the impact of digital infrastructure construction on the health of low-income rural residents, thereby contributing to the expansion of research on the micro-level effects of digital infrastructure in rural areas and the health of low-income populations. From a methodological standpoint, this study employs various robustness checks, including the DID model, parallel trend tests, PSM-DID, and heterogeneity treatment effect analysis, to address endogeneity and identify the causal link between digital infrastructure and health outcomes. Regarding the content of the research, this paper explores the mechanisms through which digital infrastructure development impacts the health of low-income residents, from the perspectives of agricultural machinery adoption, household income, and leisure time. The study aims to provide in-depth insights into how to effectively improve the health of rural low-income residents in the context of the digital economy, and further offers corresponding policy recommendations and improvement measures.



2 Literature review

Digital infrastructure has increasingly become a fundamental driver of economic transformation in rural areas (13). The existing literature largely confirms its positive impact on agricultural production, farmers' income, employment, education, and other areas in rural regions at both macro and micro levels (14–17). At a macro level, studies have shown that rural digital infrastructure construction supports the agricultural economy and production by enhancing agricultural resilience, promoting industry integration, and improving agricultural technology (18). This leads to accelerated rural economic transformation, greater economic sustainability, and improved resilience against economic shocks (19). Moreover, it facilitates the integration of rural residents into the digital society and alleviates social isolation (20). Additionally, some literature suggests that rural digital infrastructure construction can gradually narrow the urban-rural income gap (21). At the micro level, digital infrastructure construction can foster inclusive income growth, reduce poverty, and mitigate vulnerability by increasing the added value of agricultural products, creating employment opportunities, and promoting rural entrepreneurship (22). Moreover, digital infrastructure can overcome educational resource constraints, enhance social capital, and improve the return on human capital investment for children in rural areas, thereby promoting upward intergenerational income mobility (23).

Compared to other cities, the pilot cities of the “Broadband China” strategy have greatly enhanced and improved the service capacity and coverage of digital infrastructure, playing a crucial role in various aspects such as the economy, society, and people's livelihoods. The digital infrastructure construction represented by the “Broadband China” pilot policy can significantly improve the level of digital economy development in cities by enhancing urban innovation and entrepreneurship, as well as raising the total factor productivity of enterprises (24). Additionally, some scholars have examined the impact of digital infrastructure, represented by the “Broadband China” pilot policy, from the perspective of social equity. Empirical research has found that the construction of digital infrastructure helps promote upward intergenerational income mobility for rural populations, having a positive impact on achieving common prosperity (25).

The influencing factors of health have always been the core research content of health economics. The existing literature mainly analyzes the individual characteristics, employment and environment, and income gap (26). First of all, individual characteristics are the most important factors affecting health. Among them, the basic characteristics of the individual include the individual's gender, age, educational attainment, marital status, household registration, etc., and the individual family characteristics include the family size, member structure, economic status, etc (27). Some researchers used panel data from China Family Tracking Survey (CFPS) and found that adult children's migrant work would have adverse effects on the health status of the older adult, and the main reason for the deterioration of the health status of older people was the reduction in care and emotional support due to family separation (28). Secondly, employment status and community environmental characteristics also influence health. In terms of employment status, some studies took retirement age as the breakpoint and found that retirement at a normal age would have a negative impact on men's health based on the breakpoint regression model (29). In terms of community environmental characteristics, Researchers in China used the survey data of farmers and found that the relative living standard, living environment and community environment all have a significant impact on health status, that is, in addition to individual characteristics, external environment also has an important impact on health (30).

Many scholars at home and abroad have discussed the relationship between the digital infrastructure construction and health in depth, and three representative views have emerged. The first theory is health promotion theory. The health promotion model consists of three main components: cognitive-perceptual factors, modifying factors, and health-promoting actions. This model suggests that an individual's correct understanding of health knowledge, as well as environmental factors, including social relationships, interact as important predictors of health-promoting behaviors and influence the final outcome of a health-promoting lifestyle. The model supports the hypothesis that individuals with high eHealth literacy improve their health cognition by accumulating quality health information resources, thereby promoting health behaviors (31). The second theory is technology pressure theory. Digital technology pressure refers to an individual's concerns, fears, unease, and anxiety experienced when directly or indirectly exposed to, learning about, or using digital technology. This reaction may lead to psychological and physiological resistance, hindering the learning and long-term use of digital technology (32). Internet addiction is an important manifestation of technology stress, and its key feature is that technology users tend to allocate a large amount of time to internet use. Existing research has found that both internet addiction and excessive internet use, as well as reliance on social media, can increase the risks associated with internet usage (33). The third theory is indirect relationship theory, which refers to the interdependent and mutually restrictive relationship between things and phenomena through many mediating factors and intermediaries. The indirect relationship theory argues that digital technology use reflects the effect of socioeconomic status on health, and that the use of digital technology itself does not have a direct impact on health (34).

At present, most of the views tend to the health promotion theory, while the technology pressure theory actually reflects the reflection on the health risks caused by excessive use of the digital technology (35). When exploring the relationship between digital technology use and health, it is necessary not only to consider the impact of digital technology access on health but also to examine the relationship between the intensity of digital technology use and health (36).

Improvements in digital infrastructure contribute to the health of low-income farmers in three main ways: the adoption of new agricultural technologies, land transfer, and increased leisure time. GPS-controlled tractors can work around the clock, plowing, sowing, and harvesting, while collecting continuous “mobile” geographic reference data. These autonomous vehicles can perform precise operations with the help of GPS, Geographic Information Systems (GIS), and Variable Rate Technology (VRT) (37). Digitalization enables farmers to remotely control their farms and manage agricultural activities more efficiently. The development of the digital economy has significantly increased the likelihood of land transfer among farmers. Specifically, for every unit increase in the digital economy index, the probability of a household transferring land increases by 3.39%. The digital economy promotes rural land transfer by facilitating non-farm employment and entrepreneurship for farmers, as well as strengthening online social interactions and information access (38). Advanced technologies and automation systems enhance rural residents' control and flexibility in daily work, reduce the physical labor involved, and provide more leisure time, thus alleviating work-related stress (39).

In conclusion, the previous studies on the relationship between digital infrastructure construction and health, whether it is health promotion theory, technology pressure theory, or indirect relationship theory, in fact, failed to fully clarify the relationship between health and digital infrastructure construction, and there are often endogenous problems between digital infrastructure construction and health that cannot be ignored (40–42). In the further exploration of the influence mechanism, the existing research mainly forms two paths of interpersonal emotion explanation and information acquisition explanation (43). However, previous studies tend to focus on mental health, ignoring the exploration of the explanatory mechanism of information acquisition, and few empirical studies have carried out further exploration when considering more comprehensive self-rated health (44). At the same time, when discussing the relationship between socioeconomic status and health inequality from the perspective of traditional social stratification theory, health choice theory and social causality theory were mainly formed (45). However, from the traditional industrial society to the network society, the structure of social power and the flow of information have changed (46). Social stratification research needs to concentrate on the impact of information technology progress on health inequalities in the context of social change (47).



3 Research design


3.1 Specification of model

With these considerations in mind, this paper focuses on the following questions: Does the construction of digital infrastructure affect the health status of low-income rural residents? If so, what are the principal mechanisms through which the construction of digital infrastructure affects the health status of low-income rural residents? Drawing on existing research findings, this paper employs the “Broadband China” strategy as a basis for an examination of the relationship between the construction of digital infrastructure and the health of low-income rural residents. The DID model estimates the specific impact of an intervention (or policy change) on the treatment group by comparing the differences before and after the intervention between the treatment group and the control group The multi-stage Difference-in-Differences (DID) model is specified as follows:
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βt: Represents the intervention effect at different time points. Broadbandi: Indicates whether an individual belongs to the intervention group. Postt: Indicates whether an individual is in the post-intervention period. γi:: Individual fixed effect. δt:: Time fixed effect, controlling for the influence at each time point. ϵit: Error term. In Equation (1) is the dependent variable, which denotes the health status of rural low-income residents in region i during year t. Represents the dummy variable for the “Broadband China” strategy, and a set of control variables are included to account for other factors that may influence the health status of rural low-income residents. It represents the region fixed action, the year fixed action, and the random disturbance term, respectively. Is the constant term and denotes the parameter to be estimated, where represents the net policy impact on the health of low-income rural residents, with its value indicating the magnitude of the policy impact.



3.2 Variable selection

Table 1 presents the descriptive statistics of the variables used in this study. These are as follows:

(1) Explained variables. The explained variable in this research is the health of low-income rural people. The question “How do you assess your health status?” Respondents rated their health on a scale of 1–5, corresponding to the categories: unhealthy, fair, relatively healthy, very healthy, and extremely healthy.

(2) Core explanatory variable. The “Broadband China” policy is used as the core explanatory variable and acts as a proxy for the digital infrastructure. The “Broadband China” policy is used as the core explanatory variable and acts as a proxy for the digital infrastructure. The choice of the “Broadband China” policy as a proxy variable is mainly because it is a clear and observable policy action that effectively represents changes in digital infrastructure development. Through this policy, we can clearly track the changes before and after its implementation and link them to health impacts. Between 2014 and 2016, the establishment of “Broadband China” demonstration cities expanded incrementally, encompassing provincial counties, urban agglomerations, and prefecture-level cities and above. In this study, the “Broadband China” demonstration city dummy variable was categorized into an experimental group (coded as 1) and a control group (coded as 0). The implementation timeline of the “Broadband China” policy is divided into two stages: the years prior to the policy's implementation are coded as 0, while the implementation year and subsequent years are coded as 1. Finally, the “Broadband China” policy is represented as an interaction term between the demonstration city dummy variable and the policy implementation timeline.

(3) Control variables. The data are sourced from the GFPS (Global Family Panel Survey) database. Age: Health and age are closely related; in general, the likelihood of physical complaints increases with age. Age is used to control for the effects of physiological changes on health. Gender: Health and gender are related to physiological differences and social roles. Gender differences in health are influenced by biological factors and societal expectations. Marital status: Health and marital status are connected, as marital status can affect an individual's social support, psychological state, and potential health behaviors. Generally, as age increases, the likelihood of physical ailments also increases. Party membership: Party members in villages often bear additional administrative responsibilities, which can influence their health. Educational attainment: Higher levels of education can enhance an individual's awareness and career opportunities, thereby affecting their health. Per capita income: Higher household income allows for greater expenditure on preventing potential health risks. Public facilities: Higher levels of education can enhance an individual's awareness and career opportunities, thereby affecting their health. Per capita farmland area: A larger farmland area per capita requires more labor input, which can significantly impact health. Medical insurance: Participation in medical insurance influences health-seeking behaviors, thereby affecting overall health. Government subsidies: These subsidies provide individuals with additional financial resources to spend on disease treatment, which positively impacts health. Geographical location: resource endowment and ecological environment vary in different regions, which affect individual health.


TABLE 1 Descriptive statistics of variables.
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3.3 Parallel trend tests and placebo tests

Figure 1 shows the results of the parallel trends tests for the model. The confidence interval for the coefficient estimate of the interaction term before 2014 includes zero, indicating no significant difference in the coefficients between the years before the policy was implemented. The results indicate that the impact of digital infrastructure construction on the health of lower-income rural dwellers has been negligible prior to the implementation of policies. The confidence intervals of the interaction term estimates are consistently above zero following the implementation of China's broadband policies. The coefficients for the health of rural low-income residents became significantly positive, with a slight upward trend in magnitude, indicating that the policy implementation indeed improved the health of these residents. Thus, these results not only confirm the hypothesis of a stable pre-treatment trend in the model but also show that policy implementation had a sustained positive effect on improving the health of low-income residents in rural areas.


[image: Figure 1]
FIGURE 1
 Parallel trend tests.


Secondly, to examine whether the estimation results are biased due to omitted variables, this paper conducts a placebo test. A placebo experiment refers to an experimental design method in which the “placebo group” does not actually receive any intervention or treatment. Instead, a hypothetical intervention scenario is simulated to test a causal relationship or validate the effectiveness of the experimental results, ensuring that potential factors or biases not considered in the experiment do not affect the outcome. Specifically, 100 counties were randomly selected from the sample and designated as a “sham” experimental group (with the distribution of selected demonstration cities consistent with the actual situation each year), while the remaining samples served as the control group. An interaction term between the placebo test dummy variable and the time variable was then constructed for regression with the estimated results shown in Figure 2. Figure 2 shows that the regression coefficient of the interaction term is close to zero, while the actual estimate of the coefficient is (0.094), represented by the vertical bar, which is clearly an outlier in the coefficient distribution of the placebo test. Therefore, there is no significant omitted variable bias in the estimated results.


[image: Figure 2]
FIGURE 2
 Placebo tests.




3.4 Robustness test (adjusting the sample period, policy implementation timeline, etc.)

To test the robustness of the model estimation, different model forms or estimation methods are typically employed for verification. This paper tests robustness by adjusting the sample period, altering the policy implementation timeline, excluding other policy interferences, and employing PSM-DID. The results of the estimation process are shown in Table 2.

1. Adjustment of the sample period. The benchmark regression uses a sample period from 2010 to 2020. To assess the model's robustness, the sample period is adjusted, and regressions are conducted using two alternative sample periods: 2010 to 2018 and 2012 to 2020. If the regression results remain significant and the coefficient signs are positive, the robustness test is considered successful. The results of the model estimation are presented in columns (1) and (2) of Table 2. The estimation results for the 2010 to 2018 period indicate that the impact of digital infrastructure construction on the health of rural low-income residents is positive and significant at the 1% level. The results of the model estimation are presented in columns (1) and (2) of Table 2. Although the estimated coefficients from these two regressions slightly differ from the benchmark regression, the direction and significance remain consistent, thereby confirming the reliability of the benchmark model.

2. Adjustment for the timing of policy implementation. The dummy variable for policy timing in this study is based on that year, as the Broadband China policy was implemented in 2014. The previous analysis confirmed that the policy implementation positively affects the health of rural low-income residents. However, factors other than digital infrastructure construction could have contributed to health improvements before 2014, or these improvements might not be directly attributable to the policy. To address this, the study uses 2012 as the new reference year for the policy timing dummy variable. If the estimation results still show a significant improvement effect, it would suggest that the observed health benefits are not attributable to digital infrastructure construction. As shown in column (3) of Table 2, the estimation of the interaction term is insignificant, indicating that there is no arbitrariness in the timing of policy implementation.

3. Exclusion of other policies. Given that the Top 100 Counties policy could influence local economic development and, in turn, affect the health of low-income rural residents, there is a possibility that the observed health improvements might primarily result from this policy rather than from digital infrastructure construction. Therefore, this study incorporates the Top 100 Counties policy into the original model to assess its impact. The aim is to determine whether the effect of the model's policy implementation remains significant. The estimation results show that when the Top 100 Counties policy is included in the model, the estimated coefficient for the demonstration policy remains significant, with its magnitude not differing significantly from the baseline regression. The coefficients for the Top 100 County policies are insignificant, indicating that these policies are not responsible for the health improvements observed among lower-income rural residents. This finding underscores the importance of the demonstration policy.

4. PSM-DID analysis. Although the previous tests addressed the assumptions of the DID method and validated the model's regression results, there may still be a self-selection bias in the experimental group. Specifically, higher-level policymakers, such as those from provincial commercial authorities, might prefer selecting cities with better development conditions as policy test points, potentially leading to biased estimation results. To address this, the PSM-DID method was reapplied to ensure robust estimation results. Following logit regression, propensity scores were obtained, and sample matching was performed accordingly. Nearest neighbor, kernel, and radius matching are common matching methods. However, a balance test must be passed to ensure the quality of matching when using PSM-DID. In this study, three matching methods—nearest neighbor, kernel, and radius—were used. The deviation between the experimental group and the control group was significantly reduced after the matching, and the samples were largely in accordance with the assumption of common support. For the sake of brevity, only the results of the balance test for the nearest neighbor matching are presented, as shown in Figure 3. The subsequent estimation of the DID after the matching produced the results shown in columns (1)–(3) of Table 3. The estimation results indicate that, regardless of the matching method used, the estimated coefficient of the model's policy interaction term remains positive and significant at the 1% level, with the coefficient size closely aligning with the benchmark regression results. This further confirms that the model estimation results in this study are robust.


TABLE 2 Baseline regression results.
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FIGURE 3
 Balance tests.



TABLE 3 Robustness test.
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3.5 Robustness test (PSM-DID analysis)

Digital infrastructure construction has been shown to significantly improve the health of low-income rural residents in the previous analysis. However, it is crucial to identify the specific channels or mechanisms through which this improvement occurs. Understanding these mechanisms is essential for guiding the formulation of effective policies to improve the health of low-income people living in rural areas. In general, there are three main channels through which the development of digital infrastructure can improve the health of low-income rural populations: the adoption of new agricultural technologies, land transfer, and increased leisure time. This study tests the following hypothesis. Given the limitations of the conventional three-step mediation method, this study adopts a two-step approach. The traditional three-step method separately tests the effects of the independent variable on the mediator, the mediator on the dependent variable, and the direct effect of the independent variable on the dependent variable. In contrast, the two-step method simplifies this by testing the interaction between the independent variable and the mediator, and its effect on the dependent variable, reducing redundant steps. It does not rely on the traditional sequential path order, making it more suitable for handling complex data and reducing model bias. This method tests only the relationship between the policy interaction term and the mechanism variables. Columns (1)–(3) of Table 4 show the results of these tests.


TABLE 4 Mechanism of action analysis.
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Column (1) shows that the demonstration policy has a significant positive effect on the adoption of new agricultural technology. The policy has reduced the heavy physical labor by increasing farmers' adoption of technology, thereby lowering health issues caused by excessive labor. Specifically, the application of advanced technologies not only improved production efficiency but also reduced the health risks farmers are exposed to during agricultural activities, particularly in high-intensity physical labor processes such as planting and tilling. Column (2) indicates that the policy significantly positively affects land transfer among rural low-income residents, suggesting that digital infrastructure construction encourages land transfers, thereby reducing the health risks associated with farming. Through digital platforms, farmers can access detailed information about land transfer at any time, including market prices, transfer conditions, and the credibility of the transfer parties. This not only reduces the risks associated with land transfer but also enhances farmers' enthusiasm for participating in it. Farmers can subcontract or sell part of their land, thereby reducing their farming burden, which in turn alleviates the intensity of physical labor and lowers the related health risks. Column (3) shows that the policy significantly increases leisure time for rural low-income residents, thereby contributing to improved health. The development of digital infrastructure has not only improved agricultural productivity but also enabled rural residents to reduce their working hours, allowing them more time for rest and relaxation, thereby enhancing their overall health. The increased leisure time gives farmers the opportunity to engage in more health-promoting activities, such as exercise, socializing, and relaxation, which in turn reduces health risks associated with overwork.

In summary, the empirical results confirm that the policy promotes the health of rural low-income residents through three key pathways: the adoption of new agricultural technology, land transfer, and increased leisure time.



3.6 Analysis of heterogeneity

Given that economic and social conditions vary across regions, this study conducted a heterogeneity analysis. Table 5 presents the analysis from two dimensions: regional economic development and education level. Developed regions typically have better infrastructure and healthcare resources, while underdeveloped regions face greater health challenges. Education level influences health awareness, health behaviors, and the adoption of digital health tools. Additionally, we considered the interaction between these two variables; for example, in developed regions, even residents with lower education levels may benefit from better infrastructure and resources. To capture this effect, we introduced interaction terms into the regression model and conducted an analysis. Columns (1)–(3) of Table 5 present the heterogeneity analysis based on regional economic development. The regions are categorized into eastern, central, and western areas, with economic development levels ranging from high to low. Columns (4) and (5) represent the heterogeneity analysis based on education level. Based on the average education level, individuals are divided into two groups: high-educated (above average) and low-educated (below average).


TABLE 5 Heterogeneity analysis: region type and educational attainment.
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The first three columns indicate that the policy improved the health of lower-income people in the east, center, and west. However, the effect is not significant in the eastern region, while it is significant at the 1% level in the central and western regions. The heterogeneity estimates suggest that the health improvement effects of building digital infrastructure are greatest in the western area, followed by the central area, and lowest in the eastern area. This may be because the eastern region already had relatively advanced digital infrastructure, limiting the policy's additional impact. This viewpoint is supported by relevant literature. For example, some studies show that the eastern region has already taken the lead in digital transformation, with significant investments from both the government and enterprises, and the results of digital infrastructure development have already become evident. Therefore, although the policy has had a positive impact on the health of low-income populations in the eastern region, its effects are relatively limited compared to those in the central and western regions.

Columns (4) and (5) show that digital infrastructure construction positively impacts the health of low-income residents, both for those with low and high education levels, with significance at the 1% and 10% levels, respectively. The estimated coefficients for educational heterogeneity suggest that the policy's impact on health is greater for low-income residents with lower education levels. This may be because less-educated individuals have limited ability to access digital information on their own, and the policy helps to compensate for this deficiency.

Table 6 presents the analysis from the perspectives of marital status and family size. Columns (1) and (2) of Table 6 analyze heterogeneity based on marital status, dividing the sample into unmarried and married individuals. Columns (3) and (4) represent heterogeneity based on the availability of public facilities. The sample is divided into areas with more or fewer public facilities, according to whether the number of public facilities is above or below the average value.


TABLE 6 Heterogeneity analysis: marital status and public matching.
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Columns (1) and (2) show that the policy has improved the health of both married and unmarried low-income residents, both of which are significant at 1% levels. The estimated coefficients for marital status suggest that the health effects of digital infrastructure are greater for married low-income residents. This may be because married individuals often spend more time and energy caring for the older adult and children in addition to working, resulting in generally poorer health compared to unmarried individuals. The communication capabilities of digital infrastructure can help reduce the time married individuals need to care for the older adult and children, thereby alleviating their stress more effectively.

Columns (3) and (4) show that the construction of digital infrastructure has a positive effect on the health of low-income residents in both areas with more public facilities and areas with fewer public facilities, and both effects are significant at the 1% level. The estimated coefficients for public facilities suggest that the health improvement effect of digital infrastructure construction is greater in areas with more public support, possibly because greater access to public facilities provides more opportunities for residents to relax and exercise, which benefits their health.




4 Discussion and conclusions

Using CFPS data from 2010 to 2020 and the list of “Broadband China” demonstration cities, this study selected low-income rural residents with a per capita household income of < 2,300 yuan in 2010 as the sample and empirically analyzed the impact of digital infrastructure construction on their health and its underlying mechanisms. The results showed that:

(1) Construction of digital infrastructure had a significant positive effect on the health of low-income people living in rural areas, with significance at the 1% level. Specifically, for every unit increase in digital infrastructure construction, there was a 0.0964 unit improvement in the health of low-income rural residents. Parallel trend and placebo tests confirmed the model's validity. Further robustness tests—adjusting the sample period, altering the policy implementation timeline, excluding other policy interferences, and employing PSM-DID—demonstrated that the results remained robust, confirming the reliability of the benchmark regression estimates.

(2) Regarding mechanism testing, the two-step method was used to identify the mechanisms at play. Construction of digital infrastructure was found to improve the health of low-income residents in rural areas through three main channels: the adoption of new agricultural technology, land transfer, and increased leisure time. This improvement is primarily due to the construction of digital infrastructure, which facilitates access to relevant policy information for rural residents. Furthermore, the development of information technology can improve the health of low-income populations by promoting the dissemination of modern medical knowledge and improving access to health information. This, in turn, increases the adoption of new agricultural technologies, encourages land transfer, and extends leisure time. The construction of digital infrastructure has improved the health of low-income rural residents across multiple dimensions, primarily in physical health, mental health, and health behaviors. Through the adoption of new agricultural technologies, farmers have reduced the intensity of physical labor, thereby lowering the health risks associated with agricultural activities. Digital infrastructure has also increased the possibilities for information access and social interaction, enhancing rural residents' social connections and mental health. With the increase in leisure time, rural residents have more opportunities to engage in health-promoting activities such as exercise, rest, and recreation, thereby improving health behaviors. These conclusions are based on empirical analysis using CFPS data (2010–2020) and the “Broadband China” policy, derived through a two-step mechanism test and multidimensional regression analysis. The construction of digital infrastructure has not only improved farmers' work efficiency but also enhanced their quality of life, thus having a positive impact on their health.

(3) In terms of heterogeneity analysis, digital infrastructure construction was found to improve the health of low-income rural residents across various dimensions, including region type, education level, marital status, and access to public support systems. The effects were particularly pronounced in the western region, among those with lower education levels, married individuals, and those with greater access to public support systems.

This paper has tentatively explored the mechanisms and effects of the construction of digital infrastructure on the self-rated health of residents under the condition of limited data, but there are still some shortcomings. The “Broadband China” policy, while significant as an information channel, may not be the most direct variable for exploring the underlying mechanisms. Thus, in the absence of more detailed variables related to health information use, the surrogate explanatory variables used in this study may introduce some bias into the mechanism estimation. Additionally, social classes may differ in their ability to process information, and the quality of online health information can have varying impacts on users' health. However, as an exploratory study of the relationship between building digital infrastructure and health in the context of the information society, this paper retains theoretical value and offers important insights. With more comprehensive survey data, future research can provide more detailed discussions and analyses.

This study has not sufficiently considered the different stages of the digital infrastructure construction lifecycle. Future research can further explore the varying impacts of each stage on the health of low-income rural residents, and provide more detailed policy recommendations based on the characteristics of each stage. For example, in the planning and construction phase, the government should conduct targeted planning based on regional characteristics, focusing on the quality and balance of network coverage, to ensure equal access to information and health management opportunities for rural residents, especially in the western and central regions. In the operational phase, attention should be given to the maintenance and upgrading of facilities to ensure long-term sustainability. In the upgrading phase, the synchronization of technological updates should be prioritized to enhance the accessibility and quality of health services. In conjunction with education system reforms, particularly targeting low-education groups, digital literacy training should be implemented to help them better use information technology to improve personal health.
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region region region qualification qualifications
(1) (2) (3) 4 (5)
Policy; x I 0.0083 00805+ 01345 0.1168*** 0.0475*
(0.0360) (0.0290) (0.0180) (0.0340) (0.0270)
Age —0.0128 —0.0098 —0.0094 —0.0657* —0.0888"*
(0.0280) (0.0300) (0.0260) (0.0390) (0.0230)
Gender 0.0085 0.0135 0.0148* 0.0205** 0.0091%**
(0.0090) (0.0110) (0.0090) (0.0030) (0.0020)
Marital status 0.0129 0.1901 0.0143 0012 0.1130"**
(0.0260) (0.2040) (0.0210) (0.0190) (0.0220)
Party membership 0.0265 0.0696 01357 0.0648 00218
(0.0500) (0.0520) (0.0410) (0.0490) (0.0330)
Educational attainment 0.0096 0.0221** 0.0139* - -
(0.0100) (0.0110) (0.0080) — —
Per capita income 0.0113* 0.0052 0.0078 00272 0.0215"*
(0.0060) (0.0070) (0.0060) (0.0070) (0.0060)
Public facilities 0.1066"* 0.0952* 0.0496* 0.5142"** 0.7270"**
(0.0300) (0.0430) (0.0240) (0.0130) (0.0150)
Per capita farmland 0.0846** 0.0908** 0.0902+* 0.0839** 0.0827++*
area
(0.0090) (0.0120) (0.0090) (0.0080) (0.0080)
Medical insurance 01035+ 0.0489 0.029 03820 03350
(0.0300) (0.0400) (0.0340) (0.0280) (0.0280)
Whether to work 0.6580"** 0.4163" 0.4066™** 06168 1.2299%%
(0.1290) (0.1710) (0.1390) (0.1900) (0.0870)
Government subsidies —0.0042 —0.0456™ —0.0102 —0.5497"* —0.2860"*
(0.0190) (0.0220) (0.0150) (0.0190) (0.0120)
Terrain: Hilly - - - —0.1423 —0.3553"*
- - = (0.3000) (0.1490)
Mountain land - - - —0.5929 —0.5218***
= = - (0.7330) (0.1830)
Constant 9.2995"* 10.0099*+* 84704+ 10.2439*+* 104071
(0.3630) (0.4420) (0.3470) (0.3800) (0.1080)
R-squared 0.953 0915 0912 0934 0928

#% %% and * indicate significance at the 1%, 5%, and 10% levels, respectively, and the numbers in parentheses are standard errors.
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