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This study investigates the impact of digital literacy and social interaction on relative poverty among Chinese households, based on the 2020 and 2022 China Family Panel Studies (CFPS) data. Through robust econometric analysis, including quantile regression models and threshold quantile regression models, we examine the direct effects and threshold effects of digital literacy, social interaction on household relative poverty. Our research considers six dimensions, such as income, education, health, living conditions, social security and subjective evaluations, and constructs a household relative poverty index under both national and provincial poverty standards. Our findings indicate that improvements in digital literacy and social interaction contribute to alleviating relative poverty across different poverty lines and quantiles. The enhancement of digital literacy and social interaction significantly supports in improving their relative poverty status, but has a lesser effect on low-poverty-households. There exists a non-linear relationship, with a threshold, between digital literacy and social interaction on household relative poverty. The threshold effect of digital literacy shows a pattern of initial alleviation followed by an increase, while social interaction exhibits an initial increase followed by a decrease. Improvements in education level and marital status, or a reduction in the proportion of children and elderly in a household, can effectively alleviate relative poverty, with a stronger impact on high-poverty-households. These findings highlight the need for understanding of the role of digital literacy and social interaction in relative poverty study, providing empirical evidence for the formulation of more targeted poverty reduction strategies.
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1 Introduction

Poverty has long been a persistent challenge in human society, and its eradication remains a paramount aspiration. The United Nations Sustainable Development Goals (SDGs) prioritize the elimination of all forms of poverty worldwide as their foremost objective. China achieved a comprehensive victory in its fight against poverty in 2020, successfully eliminating absolute poverty (Chen and Ravallion, 2021). Relative poverty, as opposed to absolute poverty, poses a more formidable challenge tasks. Relative poverty is characterized by the deprivation that certain groups experience within the context of a society’s specific productive capacities and at various levels of economic development. It is largely a structural issue associated with regional development disparities, unequal access to public services, and constrained development opportunities for certain populations (Royce, 2009).

As digital technology continuous progresses, the extensive deployment of digital tools is assuming an increasingly vital role in dissolving spatial and temporal constraints, improving service accessibility, and fostering equitable access to development opportunities. For groups mired in relative poverty, the utilization of efficient interactive communication and rapid information technologies can diminish information uncertainty, enabling them to make pivotal decisions concerning household income and everyday life. Given the variations in information acquisition and processing capacities among diverse groups, one must ponder: Does this disparity influence the condition of relative poverty? Furthermore, in what ways does it impact relative poverty? This paper aims to explore these queries by investigating the effects of digital literacy—conceived as the internal household capacity for information processing—and social interaction—conceived as the external capacity for information acquisition—on relative poverty, through the lens of information uncertainty.

Handling uncertain information requires describing, characterizing, and measuring the information, as well as analyzing the changes in uncertain information. In this paper, we investigate the impact mechanisms of digital literacy and social interaction on relative poverty among rural households in China, with particular focus on their nonlinear threshold effects, spanning both the pre- and post-comprehensive poverty alleviation periods. This paper conducts an empirical analysis of relative poverty among Chinese households using the China Family Panel Studies (CFPS) data, within the context of information uncertainty. Digital literacy and social interaction are used as proxy variables for a family’s internal information processing capabilities and external information acquisition capabilities, respectively. The study employs quantile regression model and threshold quantile regression model to validate the mitigating effects of digital literacy and social interaction on relative poverty. It also explains the threshold effects of relative poverty in terms of digital literacy and social interaction from a dynamic perspective, providing theoretical support and practical guidance for alleviating relative poverty among Chinese households. The research indicates that improving external information acquisition and internal information processing capabilities can reduce information uncertainty, effectively mitigating relative poverty. Enhancements in digital literacy and social interaction both contribute to reducing relative poverty. The improvements have a greater impact on families with higher poverty levels and a lesser impact on those with lower poverty levels. There is a non-linear relationship between digital literacy, social interaction, and the levels of relative poverty, with a threshold point for different quantiles. The threshold effect of digital literacy shows a pattern of initially mitigating and then increasing relative poverty, while social interaction exhibits a trend of initially increasing and then mitigating poverty.



2 Background of relative poverty, digital literacy, and social interaction


2.1 Relative poverty

In addressing the conceptualization of relative poverty, Townsend (1979) posits that poverty is contextualized within the societal mean, suggesting that a group’s income is insufficient when it drops below a specific fraction of the societal average. This perspective emphasizes the significance of social comparison and the perception of relative deprivation in the conceptualization of poverty. Sen (1999) extends this view by asserting that poverty is multifaceted, involving not just a lack of adequate income but also constraints on individuals’ ability to achieve their full potential, thereby emphasizing the role of personal experiences and the development of capabilities. As China has successfully eliminated absolute poverty, the fundamental living needs of its households are generally met. Nevertheless, a household is deemed to be in relative poverty if it is unable to adhere to the prevailing social norms, traditions, and standards of living in its community (McLachlan, 2007).

In poverty measurement, Sen (1976) introduced a method for identifying the impoverished by establishing a poverty line and compiling the data on the poor into a comprehensive poverty index. Hagenaars (1987) advanced this approach by developing a multidimensional poverty index that incorporates both income and leisure dimensions. Tsui (2002) further delineated the characteristics of the multidimensional poverty index, including its stability. Bourguignon and Chakravarty (2003) suggested establishing distinct poverty thresholds for each sub-dimension, utilizing factors such as income and education to gauge multidimensional poverty. Alkire and Foster (2011) proposed the dual-cutoff method for identifying multidimensional relative poverty, and employing this A-F method, they assessed multidimensional relative poverty across 104 developing countries (Alkire and Santos, 2014). Scholars have initiated the use of the A-F method to identify and measure relative poverty across various dimensions, including income, education, and health (Shen and Li, 2022; Burchi et al., 2022). Empirical research into the determinants of relative poverty has seen scholars like Fritzell et al. (2015) and Wan et al. (2021) examine the primary factors influencing relative poverty and their impacts.



2.2 Digital literacy

The ability to collect, understand, and process digital resources is integral to the concept of digital literacy, which reflects an individual’s capacity to utilize digital technologies to extract clarity from information and derive benefits from it. Digital literacy has garnered growing recognition as a pivotal element in combating relative poverty. Research indicates that digital literacy can enhance individuals’ ability to access information, engage in the digital economy, and improve their economic welfare. For example, Zhou et al. (2024) discovered that digital literacy can reduce the risk of returning back to poverty, with particularly favorable outcomes for vulnerable groups. Wu (2024) illustrated that digital inequality poses a critical socioeconomic challenge in the reduction of relative poverty, with the digital divide substantially increasing the probability of experiencing relative poverty. Furthermore, the impact of digital literacy on alleviating relative poverty extends beyond economic outcomes. Yang et al. (2024) emphasized that digital literacy promotes the subjective well-being of low-income rural populations through increased income and consumption, significantly enhancing their happiness. Zhang et al. (2024) found that higher levels of digital literacy correlate with a decrease in relative poverty, contributing to greater household prosperity overall. Li and Huang (2025) highlighted that digital literacy actively reduces the incidence of relative poverty, with the poverty-alleviating effects being more pronounced for individuals with advanced digital skills, particularly for low-income families and varying across different regions. These insights suggest that digital literacy is a multifaceted instrument capable of addressing both the economic and social aspects of relative poverty.



2.3 Social interaction

Social interaction has been identified as a key factor in understanding and addressing relative poverty. Research indicates that social networks and community engagement can provide individuals with access to resources, information, and support systems that are crucial for escaping poverty. For example, Manski (2000) points out that individual decision-making can be influenced by the information or emotions conveyed by the behaviors of others in their social circles. Households can acquire external information through social interactions, thereby reducing information uncertainty. Li (2006) argues that social interaction is an externality in which individual choices are influenced by the behaviors or characteristics of their reference group members. Individuals acquire information through social interactions, which in turn affects their decision-making behaviors. Jackson (2008) uses social interaction as a proxy variable to measure the acquisition of external information. Zou and Deng (2019) highlights the importance of social interaction, suggesting that individuals may acquire useful information through social networks or be influenced by the behaviors of those around them. Social interaction affects household decision-making through information dissemination and peer effects. Caplin and Dean (2015) and Dewan and Neligh (2020) approach individual decision-making from the perspective of costs, highlighting that limited attention among individuals generates information costs during the acquisition and processing of information. These studies show that social interaction can effectively promote residents’ financial participation and entrepreneurial decision-making. However, there is a lack of research on the impact and underlying mechanisms between social interaction and household relative poverty. This paper, starting from the perspective of the ability to acquire external information, selects social interaction as a proxy variable to explore the relationship between social interaction and household relative poverty. This serves as a valuable supplement to previous studies on relative poverty issues.

Through a summary and analysis of the aforementioned literature, it can be found that scholars have formed a rich body of research on the definition, identification, measurement, and empirical analysis of multidimensional relative poverty, which provides valuable theoretical support for this paper. However, there are still areas in existing research that warrant further exploration and investigation. Firstly, it remains to be examined whether the poverty alleviation effects vary under different poverty lines and whether the impacts of digital literacy and social interaction on alleviating relative poverty differ among families with varying degrees of poverty. The specific extent of these alleviation effects deserves further study. Secondly, research on relative poverty from a single perspective, such as digital literacy or social interaction alone, lacks a scientifically comprehensive framework. By integrating social interaction, which facilitates external information acquisition, and digital literacy, which enhances internal information processing, from the perspective of information uncertainty, this study can more accurately reflect the extent of relative poverty’s impact. Thirdly, there is a lack of empirical evidence on whether the poverty alleviation effects of digital literacy and social interaction remain consistent across different conditions. The study based on the threshold quantile regression model dynamically and nonlinearly explains the threshold effects between digital literacy, social interaction, and relative poverty.

The marginal contributions of this study are mainly reflected in the following three aspects: (1) It compares the relative poverty levels of families with high, medium, and low poverty degrees under two poverty lines, verifying that digital literacy and social interaction are core factors in alleviating relative poverty. (2) It expands the research on household relative poverty from the perspective of information uncertainty, moving beyond the single-perspective studies on digital literacy and relative poverty. The findings based on the quantile regression model are more robust, revealing differences in the effects among families with varying poverty degrees. (3) It extends the static and linear mechanisms of relative poverty impact to dynamic and nonlinear research, identifying and explaining the threshold effects between digital literacy, social interaction, and household relative poverty.




3 Theoretical analysis and research hypothesis

As the focus of this paper lies in exploring the impact of digital literacy and social interaction on the alleviation of relative poverty, only the mechanism by which digital literacy and social interaction affect information processing and resource access is analyzed. Building on established findings that information acquisition (Feng et al., 2019; Wu et al., 2022) and processing efficiency (Caplin and Dean, 2015; Dewan and Neligh, 2020) are pivotal for uncertainty mitigation, the impact mechanism is shown in Figure 1.
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FIGURE 1
 The impact mechanisms of digital literacy and social interaction on relative poverty alleviation.


Digital literacy reduces the poverty level by simultaneously enhancing information acquisition efficiency and information processing capacity. The combined effect of the two can alleviate information uncertainty. This reduction in uncertainty can reduce decision making costs and ultimately promote the growth of property income, this mechanism is consistent with the conclusions of information economics literature (Feng et al., 2019; Caplin and Dean, 2015). Social interaction works through the following channels: (1) optimizing information quality to assist in reducing uncertainty; (2) accumulating social capital to directly expand resource access channels. Crucially, the expansion of access to premium resources creates a complementary effect with income growth, thereby accelerating the process of poverty alleviation. The following hypothesis is advanced in this study:


H1a: Digital literacy can reduce the level of household relative poverty.
H1b: Social interaction can reduce the level of household relative poverty.


Digital literacy and social interaction are important influencing factors in alleviating relative poverty. Digital literacy focuses on the information processing capacity empowered by technology, while social interaction emphasizes the social capital accumulation of interpersonal networks. There are certain differences in their indicator settings (see Section 4.2). Nevertheless, families with high digital literacy may indirectly facilitate the accumulation of social capital by expanding their online social networks. Conversely, high-quality social interactions can also accelerate the enhancement of digital literacy. This paper focuses on addressing the challenge of alleviating relative poverty among families in the post-comprehensive poverty alleviation era. It should be noted that the synergistic effect between digital literacy and social interaction is not the core research content of this paper, and the specific mechanisms through which these two factors influence each other remain to be verified by subsequent empirical studies.

Different families with varying levels of poverty have distinct abilities to acquire and process information, leading to differences in their investments in digital literacy and social interaction. Families with lower levels of relative poverty often have the energy and time to invest more in improving their digital literacy and social interaction, resulting in higher levels of digital literacy and social engagement, and consequently, lower levels of relative poverty, thereby entering a virtuous cycle. Conversely, families with higher levels of relative poverty may not be able or willing to invest more in digital literacy and social interaction, which could lead to even higher poverty levels. Previous research that included families with different poverty levels in the same study was unable to accurately define the differences in the impact of digital literacy and social interaction on relative poverty across different families. To deeply analyze the impact of digital literacy and social interaction on relative poverty for families with different poverty levels, this paper proposes the following hypotheses:


H2a: Digital literacy has a differential impact on families with different levels of household relative poverty.
H2b: Social interaction has a differential impact on families with different levels of household relative poverty.


Both digital literacy and social interaction entail certain costs in the processes of acquiring and processing information. As a household’s ability to acquire and process information improves, information uncertainty decreases, and the marginal benefits of acquiring information also diminish accordingly. Therefore, the impact of digital literacy and social interaction on household relative poverty may not always be alleviating; instead, it could exhibit a nonlinear trend. In other words, the poverty alleviation effects of digital literacy and social interaction may have threshold points. Based on this, the following hypotheses are proposed:


H3a: There exists a threshold between digital literacy and household relative poverty.
H3b: There exists a threshold between social interaction and household relative poverty.




4 Research design


4.1 Response

To examine the disparities before and after the comprehensive poverty alleviation, this study utilizes data from the China Family Panel Studies (CFPS) for the years 2020 and 2022. The CFPS dataset provides reliable and comparable micro-level household data for this study, featuring three distinctive strengths: (1) a nationally representative large sample, (2) a longitudinal panel design across multiple years, and (3) rigorously validated multidimensional variables. These characteristics ensure the data’s robustness for examining the research questions at hand. The research sample is drawn from both the household and individual databases. By horizontally merging data from the individual and household databases and eliminating samples with anomalies or missing values, a final effective sample of 12,080 households was obtained.

Considering that changes in farmers’ income, education, health, living standards, security conditions, and subjective evaluations may lead to situations of opportunity deprivation, capability exclusion, or relative deprivation, thereby altering their relative poverty status, our study constructs a multidimensional relative poverty index system. Since the income dimension is a crucial indicator affecting poverty, numerous scholars have extensively studied different poverty standards for income, such as 50% or 60% of the median household income (Zou et al., 2023), or 40 to 50% of the per capita income (Deininger and Olinto, 2001; Haggblade et al., 2010). Given that income follows a right-skewed distribution, using per capita income may overestimate the non-poor population, and the mean is susceptible to extreme values, leading to unstable results. Therefore, this study adopts 0.4 times the median income as the relative poverty standard for the income dimension. Recognizing that national and provincial standards can yield significant differences, this study establishes two poverty lines based on Decerf's (2021) research: Poverty Line I (0.4 times the national median disposable income for urban and rural households) and Poverty Line II (0.4 times the provincial median disposable income for urban and rural households). For education, adults (family members aged 16 and above) with fewer than 9 years of education are considered relatively poor and assigned a value of 1.

The methodology for constructing the household multidimensional relative poverty index is as follows. For n samples and selected m dimensional indicators, poverty thresholds are set for each dimension (specific thresholds are listed in Table 1), resulting in a household relative poverty matrix. The household relative poverty index is derived using the equal weighting method across dimensions (Alkire and Foster, 2011) and the entropy weight method for sub-dimensions (Njong and Ningaye, 2008). The poverty indicators and thresholds for each dimension are detailed in Table 1.


TABLE 1 Multidimensional relative poverty indicator system.


	Dimension
	Sub-dimension
	Indicator threshold

 

 	Income level 	Household per capita income 	Poverty Line I: Below 0.4 times the provincial median per capita income, assign 1
 Poverty Line II: Below 0.4 times the national median per capita income, assign 1


 	Education status 	Education years 	Average education level of adults below 9 years, assign 1


 	Health status 	Self-rated health 	1–5 scale, 5 being the least healthy. Household with one member rating as unhealthy, assign 1


 	Medical expenditure ratio 	Household medical expenditure divided by non-food consumption greater than 40%, assign 1


 	Living standards 	Cooking fuel 	Use of non-clean energy, assign 1


 	Cooking water 	Inability to use tap water or purified water, assign 1


 	Housing area 	Per capita housing area less than or equal to 15 square meters or no property rights, assign 1


 	Durable consumer goods 	Value of durable consumer goods in the household below 1,000 yuan, assign 1


 	Basic security 	Medical insurance 	Household with adults not participating in rural cooperative medical insurance or any medical insurance, assign 1


 	Pension insurance 	Household with adults not participating in rural pension insurance or any pension insurance, assign 1


 	Subjective evaluation 	Life satisfaction 	0–10 scale, any family member scoring 0–4, assign 1


 	Social status 	1–5 scale, any family member scoring 1–2, assign 1




 



4.2 The core explanatory variable

Van Dijk's (2005) established a comprehensive framework for digital literacy, conceptualizing it as a multidimensional construct encompassing motivational factors, material access, skills development, and usage patterns. This foundational model has significantly influenced subsequent research in the field. Warschauer (2003) introduced a social inclusion lens, arguing that true digital literacy must empower individuals to actively participate in society through technology, warning that without such capacity, users may still face significant usage gaps. Further developing this theoretical foundation. Helsper's (2021) research provided critical insights into the intersection between digital and social inequalities, empirically demonstrating the correlation between digital literacy disparities and socioeconomic status. In this study, we operationalize digital literacy through three practical dimensions, digital learning, digital work, and digital life. These dimensions holistically capture the socio-technical aspects highlighted in prior literature: motivation (embedded in work/life dimensions), access (measured via internet connectivity through mobile/computer devices), and skills/usage (reflected in activities like e-learning, shopping, and information-seeking). While our measures are constrained by survey data limitations, they comprehensively address the core facets of digital literacy while ensuring empirical feasibility for rural populations. Our study decomposes digital literacy into three dimensions: digital learning literacy, digital work literacy, and digital life literacy, comprising a total of 12 indicators (Zhou et al., 2024).

The entropy weight method was employed to objectively determine the weights of each indicator, thereby deriving the digital literacy scores for each household. The results are presented in Table 2.


TABLE 2 Digital literacy indicator system and its weights.


	Dimension
	Definition
	Assignment
	Weights
 (2020)
	Weights
 (2022)

 

 	Digital learning literacy 	Access to the internet via mobile devices 	Yes = 1, No = 0 	0.001 	0.001


 	Access to the internet via computer 	Yes = 1, No = 0 	0.215 	0.224


 	Use of WeChat 	Yes = 1, No = 0 	0.008 	0.007


 	Use of the internet for learning purposes 	Yes = 1, No = 0 	0.252 	0.248


 	Digital work literacy 	Importance of the internet for work 	Yes = 1, No = 0 	0.039 	0.036


 	Importance of the internet for obtaining information 	1–5 scale, higher score indicates greater importance 	0.022 	0.023


 	Digital life literacy 	Engagement in online gaming 	Yes = 1, No = 0 	0.230 	0.255


 	Online shopping 	Yes = 1, No = 0 	0.120 	0.110


 	Watching short videos 	Yes = 1, No = 0 	0.040 	0.027


 	Importance of the internet for leisure and entertainment 	1–5 scale, higher score indicates greater importance 	0.026 	0.026


 	Importance of the internet for maintaining contact with family and friends 	1–5 scale, higher score indicates greater importance 	0.011 	0.010


 	Importance of the internet for daily life 	1–5 scale, higher score indicates greater importance 	0.035 	0.034




 

The calculation results indicate that the Cronbach’s alpha of the digital literacy indicator system in 2020 and 2022 are 0.704 and 0.727, respectively, suggesting good reliability. After removing the leisure heavy items, namely the indicators in rows 7–9 of Table 2 (Engagement in online gaming, Online shopping, Watching short videos), the Cronbach’s alpha become 0.708 (in 2020) and 0.731 (in 2022). This shows that the leisure heavy items have little impact on the digital literacy indicators, and the alpha coefficients remain greater than 0.7. From the results of factor loading stability, the maximum differences in the digital literacy indicators before and after removing the leisure heavy items in 2020 and 2022 are 0.057 (in 2020) and 0.108 (in 2022) respectively, both of which are less than 0.15. Moreover, all the loadings are greater than 0.5, indicating that the factor structure is relatively stable.

The essence of social interaction lies in the transmission of information. Previous research has identified key indicators for measuring information transmission, such as communication expenditure, which gauges the extent of social interaction, and gift-giving expenditure, which measures the intensity of social interaction (Zou and Deng, 2019; Dewan and Neligh, 2020; Caplin and Dean, 2015). An increase in communication and gift-giving expenditures typically signifies more active social interactions within households, enabling them to access richer social information. Drawing on the study by Wu et al. (2022), this paper selects communication expenditure as the primary indicator to assess the intensity of household social interaction. For endogeneity testing, gift-giving expenditure is used as an alternative indicator.



4.3 Control variables

Other control variables include years of education, health status of the household head, family size, child ratio, elderly ratio, year, and marital status. The descriptive statistics are presented in Table 3.


TABLE 3 Definitions and descriptive statistics of explanatory variables.


	
	Variable
	Description
	Mean
	Std. dev.
	Median
	Min
	Max

 

 	Core explanatory variables 	Digital literacy 	See Table 2 	0.718 	0.248 	0.700 	0.095 	1.533


 	Social interaction 	Communication expenditure (log) 	5.327 	0.764 	5.347 	2.197 	8.519


 	Control variables 	Education years 	Years of education 	9.821 	4.383 	9 	0 	22


 	Health status of household head 	1–5 scale, 5 being the least healthy 	2.905 	1.128 	3 	1 	5


 	Family size 	Number of family members 	3.944 	1.887 	4 	1 	16


 	Proportion of children 	Ratio of population under 16 to family size 	0.054 	0.112 	0 	0 	1


 	Proportion of elderly 	Ratio of population over 60 to family size 	0.097 	0.179 	0 	0 	1


 	Year 	“2022” = 1, “2020” = 0 	0.512 	0.500 	1 	0 	1


 	Marital status 	Married = 1, Others = 0 	0.832 	0.374 	1 	0 	1





There are 5,890 samples for 2020 and 6,190 samples for 2022. There are 2,029 samples with marital status 0 and 10,051 samples with marital status 1. Marital status information pertains exclusively to household heads.
 




5 Empirical analysis


5.1 Baseline regression analysis

To examine the mechanisms by which digital literacy and social interaction alleviate relative poverty (H1a, H1b) and their differential effects across poverty levels (H2a, H2b), this study employs a quantile regression model. Existing research has primarily used the multidimensional relative poverty index as the response variable and relied on pooled cross-sectional regression models under different poverty standards to verify these mechanisms, but these approaches have limitations. First, mean regression models only reflect average effects, and outliers in the data may lead to unstable results, thereby undermining the reliability of verifying H1a and H1b. Second, such models fail to capture effect heterogeneity across the poverty distribution, making it difficult to determine the validity of H2a and H2b. In contrast, the quantile regression model offers distinct advantages: it accounts for the tail characteristics of relative poverty, facilitating accurate estimation of impact mechanisms across households with varying poverty levels, and it relaxes the strict normality assumption for error terms, enabling robust parameter estimates even in the presence of outliers. Therefore, this study adopts the quantile regression framework proposed by Koenker and Bassett (1978) to address these issues while testing the four hypotheses (H1a, H1b, H2a, and H2b). The specification of the quantile regression model is as follows:
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where Povit represents the multidimensional relative poverty index for the i-th household in year t, with DLit and SIit denoting the respective values for digital literacy and social interaction, and Controlsit representing other control variables.

Considering that the sample sizes in the CFPS dataset for the year 2020 and 2022 are inconsistent in this paper, to ensure consistency, a benchmark regression was conducted based on the quantile regression model for the years 2020 and 2022, under different poverty lines and different quantiles, respectively. The regression results are presented in Table 4. The values of τ at 0.25, 0.5, and 0.75 correspond to the low, medium, and high levels of multidimensional relative poverty for households (hereinafter referred to as low-poverty, medium-poverty, and high-poverty households, respectively).


TABLE 4 Estimation results of quantile regression models at different quantiles under two poverty lines in 2020 and 2022.


	
	Poverty Line I
	Poverty Line II



	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75


	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75



 

 	2020


 	Intercept 	0.231***
 (0.014) 	0.372***
 (0.016) 	0.460***
 (0.021) 	0.243***
 (0.013) 	0.377***
 (0.017) 	0.478***
 (0.023)


 	Digital literacy 	−0.014**
 (0.007) 	−0.040***
 (0.008) 	−0.056***
 (0.011) 	−0.017***
 (0.007) 	−0.043***
 (0.009) 	−0.066***
 (0.012)


 	Social interaction 	−0.010***
 (0.002) 	−0.016***
 (0.003) 	−0.016***
 (0.004) 	−0.012***
 (0.002) 	−0.017***
 (0.003) 	−0.017***
 (0.004)


 	Education years 	−0.013***
 (0.000) 	−0.017***
 (0.001) 	−0.018***
 (0.001) 	−0.014***
 (0.000) 	−0.017***
 (0.001) 	−0.018***
 (0.001)


 	Health status of household head 	0.014***
 (0.001) 	0.013***
 (0.002) 	0.014***
 (0.002) 	0.013***
 (0.001) 	0.014***
 (0.002) 	0.014***
 (0.002)


 	Family size 	0.012***
 (0.001) 	0.015***
 (0.001) 	0.022***
 (0.002) 	0.013***
 (0.001) 	0.017***
 (0.001) 	0.022***
 (0.002)


 	Proportion of children 	0.019
 (0.016) 	0.067***
 (0.021) 	0.063***
 (0.024) 	0.025***
 (0.017) 	0.064***
 (0.020) 	0.067***
 (0.025)


 	Proportion of elderly 	0.109***
 (0.012) 	0.142***
 (0.015) 	0.180***
 (0.014) 	0.104***
 (0.012) 	0.145***
 (0.014) 	0.179***
 (0.018)


 	Marital status: 1 	−0.029***
 (0.004) 	−0.022***
 (0.006) 	−0.041***
 (0.007) 	−0.031***
 (0.004) 	−0.025***
 (0.006) 	−0.039***
 (0.008)


 	2022


 	Intercept 	0.213***
 (0.010) 	0.342***
 (0.014) 	0.499***
 (0.021) 	0.220***
 (0.008) 	0.355***
 (0.014) 	0.516***
 (0.021)


 	Digital literacy 	−0.008*
 (0.004) 	−0.045***
 (0.007) 	−0.081***
 (0.011) 	−0.009***
 (0.004) 	−0.044***
 (0.007) 	−0.085***
 (0.011)


 	Social interaction 	−0.011***
 (0.001) 	−0.013***
 (0.002) 	−0.022***
 (0.003) 	−0.012***
 (0.001) 	−0.015***
 (0.002) 	−0.023***
 (0.003)


 	Education years 	−0.012***
 (0.000) 	−0.016***
 (0.000) 	−0.018***
 (0.001) 	−0.012***
 (0.000) 	−0.016***
 (0.000) 	−0.018***
 (0.001)


 	Health status of household head 	0.013***
 (0.001) 	0.012***
 (0.002) 	0.015***
 (0.002) 	0.014***
 (0.001) 	0.013***
 (0.002) 	0.014***
 (0.002)


 	Family size 	0.010***
 (0.001) 	0.017***
 (0.001) 	0.024***
 (0.002) 	0.011***
 (0.001) 	0.018***
 (0.001) 	0.025***
 (0.002)


 	Proportion of children 	0.029**
 (0.014) 	0.043**
 (0.017) 	0.042**
 (0.019) 	0.036**
 (0.016) 	0.048***
 (0.018) 	0.045***
 (0.022)


 	Proportion of elderly 	0.100***
 (0.012) 	0.144***
 (0.012) 	0.167***
 (0.017) 	0.104***
 (0.013) 	0.144***
 (0.012) 	0.165***
 (0.015)


 	Marital status: 1 	−0.025***
 (0.003) 	−0.036***
 (0.004) 	−0.061***
 (0.008) 	−0.028***
 (0.002) 	−0.040***
 (0.004) 	−0.062***
 (0.008)





The values in parentheses are standard errors. *, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
 

In Table 4, the estimated result of “Proportion of Children” at the 0.25 quantile is not significant. “Digital Literacy” is significant at the 0.05 significance level, and all other estimates are significant at the 0.01 level. The following conclusions can be drawn from Table 4. (1) Across different poverty lines, quantile levels, and years, the marginal effect of digital literacy is significantly negative at the 0.01 confidence level, indicating that an improvement in digital literacy can effectively reduce the relative poverty level of households. Digital literacy has the best poverty—reduction effect on high - poverty households, followed by medium—poverty households, and the lowest effect on low—poverty households. Specifically, for high—poverty households (τ = 0.75), when digital literacy increases by one unit, the relative poverty level decreases by 0.056 units under Poverty Line I and 0.066 units under Poverty Line II in 2020, and by 0.081 and 0.085 units, respectively, in 2022. This also confirms that the poverty—reduction effect for high—poverty households in 2022 is better than that in 2020. The reason why the improvement of digital literacy has the highest mitigating effect on high—poverty households may be that the enhancement of digital literacy strengthens the ability of high—poverty households to process information, reduces uncertainty, and thus helps high—poverty households alleviate their poverty situation through the digital economy. (2) To verify the family’s ability to reduce information uncertainty through external channels, we also considered the mitigating effect of social interaction on the poverty level of households. The study finds that increased social interaction can also effectively reduce the relative poverty level of households, and it has a stronger poverty—reduction effect on high—poverty households. However, different from the mitigating effect of digital literacy on households with different poverty levels, the mitigating effect of social interaction on relative poverty is not strong and ranges from 0.010 to 0.023, indicating that the poverty—reduction effect of social interaction is relatively stable across different poverty levels. From the perspective of different years, the poverty—reduction effect for high—poverty households in 2022 is the best, and that for low—poverty households is slightly lower. From the perspective of different poverty lines, the poverty—reduction effect under Poverty Line II is slightly higher than that under Poverty Line I. (3) Regardless of which poverty line is used, improving educational levels and maintaining a stable marital status can effectively alleviate the relative poverty of these three types of households. Higher educational levels and stable marital status have a stronger mitigating effect on high—poverty households, which is consistent with previous research findings. Compared with 2020, the contribution of educational levels to poverty reduction in 2022 is the same as that in 2020, but the poverty—reduction effect of a stable marital status in 2022 is slightly higher than that in 2020. (4) The health status of the household head, family size, proportion of children, and proportion of elderly members all have a negative impact on poverty alleviation. Taking high—poverty households as an example, regardless of which poverty line is used, the marginal effect of the health indicator of the household head is stable at around 0.014 and is significant at the 0.01 level. This means that the worse the health status of the household head (the higher the indicator value), the higher the relative poverty level of the family. Whether it is different poverty lines or different years, the impact of an increase in family size on low -, medium—and high—poverty households increases in turn. For medium—and high—poverty households, an increase in the proportion of children raises the poverty level, and the impact on low—poverty households is relatively small. The marginal effect of the proportion of elderly members is weaker than that of the proportion of children. With the passage of time, the poverty—reduction effect for medium—and high—poverty households with a high proportion of children in 2022 is better than that in 2020. This indicates that China’s poverty—alleviation policies cover households with a high proportion of children, so households with a high proportion of children do not fall into a deeper poverty situation.

These results indicate that as the core explanatory variables of digital literacy and social interaction increase, they enhance the family’s ability to handle uncertain information from both internal and external channels, effectively mitigating the relative poverty level and validating Hypotheses 1a and 1b. Other control variables also affect the poverty level of households, with improvements in educational levels, marital status, and year values contributing to poverty reduction. In particular, a stable marital status has the most significant impact on improving the poverty level of high-poverty households. The health of the household head, family size, proportion of children, and proportion of elderly members can increase the poverty level. Notably, for medium- and high-poverty households, a higher proportion of children significantly increases their relative poverty level, suggesting that it is necessary to enhance policy support for families with a higher proportion of children, providing them with preferential assistance.



5.2 Endogeneity analysis

By setting multiple control variables and employing quantile regression models for estimation, we can address the endogeneity issues arising from omitted variables to some extent. However, it is still necessary to address potential issues such as reverse causality or measurement errors. Firstly, the digital literacy and social interaction of households may also be influenced by their poverty level; that is, in areas with higher poverty levels, digital literacy and social interaction may be lower. Additionally, low-poverty households may expand their social interaction and networking or engage in more digital literacy training and enhancement programs to improve their digital skills, leading to broader information exchange circles and stronger capabilities in processing uncertain information. Therefore, when considering the impact of relative poverty levels, it is necessary to address the endogeneity caused by reverse causality. Secondly, measurement errors in the digital literacy or social interaction variables can also lead to endogeneity issues. This paper selects digital literacy and social interaction as measures of household relative poverty, but there may be some measurement error in the alternative indicators used for constructing the core explanatory variables.

Considering the close relationship between household digital literacy and their living environment, the digital literacy of the surveyed household is likely to be correlated with that of other similar households in the same province and county. However, the digital literacy of other households has almost no impact on the relative poverty level of the surveyed household. Therefore, we constructed “the average digital literacy of other households in the same province and county after excluding the surveyed household (denoted as: IVDL)” as an instrumental variable for digital literacy. For social interaction, referring to the study by Wu et al. (2022), we constructed “the average expenditure on social gifts and donations of other households in the same province and county after excluding the surveyed household (denoted as: IVSI)” as an instrumental variable for social interaction. Since social gift giving is an important social interaction activity in the same province and county, there is a strong correlation between the two, but the gift giving expenditure of other households has little impact on the relative poverty level of the surveyed household.

Table 5 presents the instrumental variable regression results under two poverty lines and different quantiles (the estimation results of the intercept term and control variables are not shown due to space limitations).


TABLE 5 Endogeneity estimation under two poverty lines and different quantiles in 2020 and 2022.


	
	

τ
=
0.25


	

τ
=
0.5


	

τ
=
0.75





	DL
	SI
	Pov
	DL
	SI
	Pov
	DL
	SI
	Pov

 

 	2020 	Poverty Line I


 	DL 	 	 	−0.077***
 (0.008) 	 	 	−0.259***
 (0.016) 	 	 	−0.314***
 (0.018)


 	SI 	 	 	0.001***
 (0.000) 	 	 	0.010***
 (0.003) 	 	 	0.010***
 (0.002)


 	IVDL 	0.752***
 (0.027) 	 	 	0.979***
 (0.019) 	 	 	0.843***
 (0.033) 	 	


 	IVSI 	 	0.811***
 (0.043) 	 	 	0.737***
 (0.009) 	 	 	0.730***
 (0.027) 	


 	F 	14.702*** 	 	 	36.894*** 	 	 	19.692*** 	 	


 	Sargan 	 	0.897***
 (0.657) 	 	 	0.142***
 (0.293) 	 	 	1.534***
 (0.785) 	


 	LM 	 	226.882*** 	 	 	383.692*** 	 	 	365.574*** 	


 	Wald 	 	 	51.860*** 	 	 	138.819*** 	 	 	140.387***


 	Loss 	 	 	240.983 	 	 	336.001 	 	 	579.617


 	2020 	Poverty Line II


 	DL 	 	 	−0.087***
 (0.008) 	 	 	−0.269***
 (0.016) 	 	 	−0.365***
 (0.020)


 	SI 	 	 	0.002***
 (0.000) 	 	 	0.008***
 (0.003) 	 	 	0.009***
 (0.003)


 	IVDL 	0.752***
 (0.027) 	 	 	0.979***
 (0.019) 	 	 	0.843***
 (0.033) 	 	


 	IVSI 	 	0.811***
 (0.043) 	 	 	0.737***
 (0.009) 	 	 	0.730***
 (0.027) 	


 	F 	16.543*** 	 	 	37.902*** 	 	 	19.115*** 	 	


 	Sargan 	 	1.180***
 (0.723) 	 	 	0.140***
 (0.291) 	 	 	1.706***
 (0.809) 	


 	LM 	 	117.565 	 	 	0.000 	 	 	27.832 	


 	Wald 	 	 	50.173*** 	 	 	147.498*** 	 	 	184.805***


 	Loss 	 	 	246.169 	 	 	342.837 	 	 	594.077


 	2022 	Poverty Line I


 	DL 	 	 	−0.077***
 (0.008) 	 	 	−0.259***
 (0.016) 	 	 	−0.314***
 (0.018)


 	SI 	 	 	0.001***
 (0.000) 	 	 	0.010***
 (0.003) 	 	 	0.010***
 (0.002)


 	IVDL 	0.746***
 (0.028) 	 	 	0.985***
 (0.019) 	 	 	0.783***
 (0.027) 	 	


 	IVSI 	 	0.808***
 (0.052) 	 	 	0.814***
 (0.021) 	 	 	0.773***
 (0.026) 	


 	F 	17.046*** 	 	 	29.307*** 	 	 	24.780*** 	 	


 	Sargan 	 	1.266***
 (0.740) 	 	 	0.115***
 (0.265) 	 	 	1.589***
 (0.793) 	


 	LM 	 	295.218 	 	 	580.707 	 	 	591.459 	


 	Wald 	 	 	51.861*** 	 	 	144.322*** 	 	 	123.212***


 	Loss 	 	 	260.858 	 	 	365.354 	 	 	624.789


 	2022 	Poverty Line II


 	DL 	 	 	−0.087***
 (0.008) 	 	 	−0.269***
 (0.016) 	 	 	−0.365***
 (0.020)


 	SI 	 	 	0.002***
 (0.000) 	 	 	0.008***
 (0.003) 	 	 	0.009***
 (0.003)


 	IVDL 	0.746***
 (0.028) 	 	 	0.985***
 (0.019) 	 	 	0.783***
 (0.027) 	 	


 	IVSI 	 	0.808***
 (0.052) 	 	 	0.814***
 (0.021) 	 	 	0.773***
 (0.026) 	


 	F 	14.335*** 	 	 	31.488*** 	 	 	26.734*** 	 	


 	Sargan 	 	1.462***
 (0.773) 	 	 	0.121***
 (0.272) 	 	 	1.867***
 (0.828) 	


 	LM 	 	71.878 	 	 	0.000 	 	 	24.236 	


 	Wald 	 	 	92.320*** 	 	 	160.801*** 	 	 	143.846***


 	Loss 	 	 	266.775 	 	 	369.716 	 	 	639.701





The numbers in the parentheses below the Sargan statistic are p-values.
 

The results indicate that under different quantiles, the first-stage regression of the instrumental variables IVDL and IVSI on DL (digital literacy) and SI (social interaction) (columns 2, 3, 5, 6, 8, and 9) are all significant at the 0.01 level, satisfying the relevance requirement. The second-stage regression results show that the effect of digital literacy and social interaction on reducing household relative poverty remains significant. The regression equations pass the Wald exogeneity test, satisfying the assumption that the instrumental variables are exogenous, indicating that the two instrumental variables have effectively addressed the endogeneity issues. The F-test statistic in the first stage is greater than 10, which rejects the null hypothesis of weak instrumental variables. Secondly, the Sargan test results indicate that at least one instrumental variable is endogenous, and the results of the LM test statistic also suggest that instrumental variables need to be used except for two relatively small LM statistics at the quantiles of 0.5 and 0.75 below the poverty line II.

Additionally, the results suggest that an increase in digital literacy can reduce the level of relative poverty in households, while the impact of social interaction is smaller, showing a slightly positive driving effect. This implies that digital literacy has a more pronounced impact on poverty alleviation compared to social interaction, according to the findings of this study. The use of instrumental variables has helped to provide more robust and reliable estimates of the effects of digital literacy and social interaction on relative poverty, controlling for the potential endogeneity of these variables.



5.3 Robustness analysis


5.3.1 Replacement of key variables

We recalculated the family’s multidimensional relative poverty level by replacing the entropy weight method for sub-dimensions with an equal-weight method for sub-dimensions. The impact of digital literacy and social interaction on the level of relative poverty was assessed under Poverty Line I and II, and at different quantiles. The results are presented in Table 6.


TABLE 6 Estimation of quantile regression models under two poverty lines and different quantiles (equal weights).


	
	Poverty Line I
	Poverty Line II



	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75


	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75



 

 	Digital literacy 	−0.032***
 (0.006) 	−0.046***
 (0.007) 	−0.073***
 (0.008) 	−0.032***
 (0.006) 	−0.051***
 (0.007) 	−0.082***
 (0.008)


 	Social interaction 	−0.014***
 (0.002) 	−0.017***
 (0.002) 	−0.021***
 (0.002) 	−0.016***
 (0.002) 	−0.018***
 (0.002) 	−0.021***
 (0.002)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes





*, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
 

From Table 6, it can be observed that:


	(1) Regardless of whether it is Poverty Line I or Poverty Line II, the improvement of digital literacy and social interaction at different quantiles contributes to the reduction of relative poverty levels, thus revalidating Hypotheses 1a and 1b.

	(2) Both digital literacy and social interaction show a higher reduction in high-poverty families compared to middle-poverty families under different poverty lines, with the lowest reduction observed in low-poverty families. This indicates that the mitigating effect of digital literacy and social interaction on families with different poverty levels is indeed different, confirming Hypotheses 2a and 2b. Therefore, diverse family circumstances should be considered when implementing poverty reduction measures.

	(3) Across all quantiles and different poverty lines, the poverty reduction effect of digital literacy is higher than that of social interaction. This suggests that the enhancement of digital literacy plays a more significant role in reducing poverty levels.





5.3.2 Changing the measurement model

To control for biased estimates caused by data interference and considering that the multidimensional relative poverty indicators range from 0 to 1, a Tobit regression model was used for robustness testing. Additionally, the A-F double threshold method was used to select the critical value k = 1/3. This means that if 1/3 of the 12 multidimensional relative poverty sub-indicators exceed the critical value, the family is considered to be in a state of relative poverty, assigned a value of 1. A Logit regression model was used for robustness testing. The estimation results are presented in Table 7.


TABLE 7 Model estimation results under two poverty lines and different quantiles.


	
	Poverty Line I
	Poverty Line II



	Tobit
	Logit
	Tobit
	Logit

 

 	Digital literacy 	−0.049***
 (0.005) 	−0.937***
 (0.127) 	−0.055***
 (0.005) 	−1.040***
 (0.126)


 	Social interaction 	−0.014***
 (0.002) 	−0.182***
 (0.034) 	−0.016***
 (0.002) 	−0.229***
 (0.034)


 	Controls 	Yes 	Yes 	Yes 	Yes





*, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
 

Based on Table 7, it can be concluded that under different poverty lines, the mitigating effect of digital literacy and social interaction on relative poverty levels remains significant and exhibits a negative correlation. The impact of digital literacy on relative poverty levels is slightly greater than that of social interaction. The response variable in the Logit regression is a binary variable with values of only 0 or 1. Compared to the Tobit model, which allows for a continuous dependent variable that is censored at some value, the Logit regression contains less information, which can lead to more extreme estimation results. This is because the Logit model is more sensitive to the presence of extreme values in the data, as it is designed to model the probability of a binary outcome, and thus it may exaggerate the effects of the explanatory variables.




5.4 Heterogeneity analysis

The results from the benchmark regression, endogeneity tests, and robustness checks indicate that digital literacy and social interaction can mitigate relative poverty. This section further investigates whether this mitigating effect is heterogeneous across different regions, urban–rural differences, and the gender of the household head, primarily for the following methodological justifications: First, China’s vast territory exhibits unbalanced regional development. Significant disparities exist between the Eastern, Central, Northwestern, and Northeastern areas in terms of economic development, industrial structure, and social security, leading to distinct regional heterogeneity in relative poverty. Consequently, regional differences must be incorporated into the analytical framework. Second, the urban–rural dual structure is one of the most prominent features of China’s economic and social development. Differences in resource allocation and public services have resulted in fundamental distinctions between urban and rural residents in terms of digital literacy and social interaction, making urban–rural heterogeneity analysis particularly valuable. Finally, gender differences among household heads are particularly pronounced in rural areas, stemming primarily from traditional gender role divisions and gender asymmetry in social resource access. Thus, gender differences hold unique value for understanding the mechanisms of relative poverty. The selection of these three dimensions reflects China’s specific national context and enables a systematic exploration of the heterogeneity in rural households’ relative poverty. Our paper categorizes the regions into the eastern, central, western, and northeastern areas. The analysis is conducted under two poverty lines and across three quantiles to examine the impact of digital literacy and social interaction on relative poverty in each region. The regression results are presented in Table 8.


TABLE 8 Heterogeneity analysis by region.


	
	Poverty Line I
	Poverty Line II



	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75


	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75



 

 	Eastern areas 	Digital literacy 	−0.014***
 (0.004) 	−0.030***
 (0.009) 	−0.062***
 (0.012) 	−0.014***
 (0.004) 	−0.032***
 (0.009) 	−0.060***
 (0.012)


 	Social interaction 	−0.006***
 (0.001) 	−0.010***
 (0.003) 	−0.011***
 (0.004) 	−0.007***
 (0.001) 	−0.010***
 (0.003) 	−0.011***
 (0.004)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	Central areas 	Digital literacy 	−0.004
 (0.007) 	−0.028**
 (0.011) 	−0.032*
 (0.016) 	−0.009
 (0.008) 	−0.029***
 (0.011) 	−0.049***
 (0.016)


 	Social interaction 	−0.014***
 (0.003) 	−0.022***
 (0.003) 	−0.025***
 (0.005) 	−0.013***
 (0.003) 	−0.021***
 (0.003) 	−0.028***
 (0.005)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	Western areas 	Digital literacy 	−0.022***
 (0.008) 	−0.060***
 (0.011) 	−0.085***
 (0.016) 	−0.031***
 (0.009) 	−0.070***
 (0.011) 	−0.103***
 (0.017)


 	Social interaction 	−0.009***
 (0.003) 	−0.012***
 (0.004) 	−0.022***
 (0.005) 	−0.013***
 (0.003) 	−0.019***
 (0.004) 	−0.028***
 (0.006)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	Northeastern areas 	Digital literacy 	−0.015
 (0.009) 	−0.039***
 (0.014) 	−0.065***
 (0.023) 	−0.015*
 (0.009) 	−0.039***
 (0.014) 	−0.062***
 (0.024)


 	Social interaction 	−0.013***
 (0.003) 	−0.017***
 (0.005) 	−0.022***
 (0.007) 	−0.013***
 (0.003) 	−0.016***
 (0.005) 	−0.023***
 (0.007)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes





*, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
 

From Table 8, it can be observed that when τ = 0.25, the estimate of digital literacy in the central region is not significant, and when the poverty line is II and τ = 0.25, the estimate of digital literacy in the northeastern region is not significant; all other estimates are significant. Specifically, under different poverty lines and different quantiles, digital literacy and social interaction in the four regions all have a significant mitigating effect on relative poverty. This indicates that families in different regions will benefit from the increase in digital literacy and social interaction, and this effect has a greater impact on high-poverty families than on medium-poverty families, with the lowest effect on low-poverty families. This further demonstrates that increasing the digital literacy and social interaction of high-poverty families can effectively mitigate the level of relative poverty. In addition, looking at the mitigating effects of the two core explanatory variables, digital literacy still has a stronger poverty reduction effect than social interaction, which is consistent with the conclusions drawn in the previous three sections. Regionally, under different poverty lines and different quantiles, digital literacy has the strongest poverty reduction effect in the western region, followed by the northeastern, eastern, and then the western regions, indicating that increasing digital literacy in the western region can more effectively mitigate relative poverty among families. The poverty reduction effect of social interaction is different, with the strongest effect in the central region, the weakest in the eastern region, and the western and northeastern regions being in the middle, indicating that increasing social interaction has the best poverty reduction effect in the central region, but the effect is weaker in the western and northeastern regions.

Let us look at the heterogeneity of the urban–rural differences in mitigating relative poverty, as shown in Table 9.


TABLE 9 Heterogeneity analysis of urban and rural areas.


	
	Poverty Line I
	Poverty Line II



	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75


	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75



 

 	Urban areas 	Digital literacy 	−0.009***
 (0.003) 	−0.032***
 (0.006) 	−0.056***
 (0.010) 	−0.011***
 (0.003) 	−0.038***
 (0.006) 	−0.078***
 (0.010)


 	Social interaction 	−0.010
 (0.001) 	−0.017***
 (0.002) 	−0.023***
 (0.003) 	−0.012***
 (0.001) 	−0.019***
 (0.002) 	−0.027***
 (0.003)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	Rural areas 	Digital literacy 	−0.031***
 (0.010) 	−0.049***
 (0.009) 	−0.056***
 (0.012) 	−0.034***
 (0.010) 	−0.050***
 (0.010) 	−0.055***
 (0.013)


 	Social interaction 	−0.005
 (0.003) 	−0.008***
 (0.003) 	−0.013***
 (0.004) 	−0.005***
 (0.003) 	−0.008***
 (0.003) 	−0.013***
 (0.004)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes





*, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
 

From Table 9, it can be observed that except for the case where the poverty line is I and τ = 0.25, in which the estimate of social interaction in rural areas is not significant, all other estimates are significant. It is not difficult to find that the poverty reduction effect of digital literacy and social interaction remains significant, but the mitigating effects of the two core explanatory variables are not entirely the same. Improving digital literacy has a consistently better poverty reduction effect in rural areas than in urban areas (except for high-poverty families under Poverty Line II). When increasing social interaction, the mitigating effect on relative poverty for urban families is higher than that for rural families. Under different urban–rural differences, the poverty reduction effect of digital literacy and social interaction is greatest for high-poverty families, followed by medium-poverty families, and least for low-poverty families.

Next, let us examine the heterogeneity analysis of the impact of household head gender on relative poverty, as shown in Table 10.


TABLE 10 Heterogeneity analysis of household head gender.


	
	Poverty Line I
	Poverty Line II



	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75


	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75



 

 	Male 	Digital literacy 	−0.010**
 (0.004) 	−0.039***
 (0.008) 	−0.070***
 (0.011) 	−0.012***
 (0.004) 	−0.045***
 (0.008) 	−0.078***
 (0.011)


 	Social interaction 	−0.008***
 (0.001) 	−0.014***
 (0.003) 	−0.014***
 (0.003) 	−0.009***
 (0.001) 	−0.014***
 (0.003) 	−0.017***
 (0.004)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	Female 	Digital literacy 	−0.012**
 (0.005) 	−0.043***
 (0.007) 	−0.059***
 (0.010) 	−0.015***
 (0.005) 	−0.043***
 (0.007) 	−0.068***
 (0.010)


 	Social interaction 	−0.012***
 (0.002) 	−0.016***
 (0.002) 	−0.022***
 (0.003) 	−0.013***
 (0.002) 	−0.018***
 (0.002) 	−0.023***
 (0.003)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes





*, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
 

From Table 10, it can be observed that under different household head genders, both digital literacy and social interaction have a significant mitigating effect on relative poverty within families, with the strongest effect observed in high-poverty families, followed by medium- and low-poverty families. Looking at digital literacy, the increase in digital literacy among male household heads in high-poverty families has a higher mitigating effect on relative poverty than females, whereas for medium- and low-poverty families, the opposite is true—the increase in digital literacy among female household heads has a higher mitigating effect than males. The increase in social interaction among female household heads has a higher mitigating effect on relative poverty than males, which may be due to the fact that the increase in social interaction for females leads to more opportunities to participate in social work and life activities, thereby resulting in a higher mitigating effect.




6 Threshold effect

Based on the previous estimation results, it is known that both digital literacy and social interaction have significant negative effects on the multidimensional relative poverty level of families. However, considering that the impact of digital literacy and social interaction on relative poverty may not always be linear, and that it may show dynamic and nonlinear characteristics at different levels of digital literacy and social interaction, this section aims to deeply analyze whether there exists a nonlinear relationship between the core explanatory variables and multidimensional relative poverty. To do this, the threshold quantile regression model proposed by Zhou and Zhang (2020) is used to estimate the aforementioned nonlinear relationship.

As a widely used nonlinear econometric model, the threshold regression model delves deeper into the dynamic and nonlinear relationships between the dependent variable and some explanatory variables. It measures the dynamic characteristics of the model by examining the different trends before and after the threshold. Quantile regression with a threshold can measure the tail characteristics of the model’s dependent variable, leading to more robust estimation results.

Let 
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Where 

β
0

 is the intercept at quantile 
τ
, 

β
1

 and 

β
2

are the coefficients for the core explanatory variable W (Digital Literacy: DL or Social Interaction: SI) before and after the threshold, respectively. 
γ
 is the coefficient for the other control variables, 
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. Table 11 presents the estimates from the threshold quantile regression model.


TABLE 11 Estimation of threshold quantile regression model under two poverty lines and different quantiles in 2020 and 2022.


	
	Digital literacy
	Social interaction



	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75


	

τ
=
0.25


	

τ
=
0.50


	

τ
=
0.75



 

 	2020


 	Poverty Line I 	


β
1


 	−0.207***
 (0.031) 	−0.126**
 (0.051) 	−0.302**
 (0.149) 	−0.033***
 (0.009) 	−0.022***
 (0.007) 	−0.047***
 (0.005)


 	


β
2


 	0.158***
 (0.033) 	−0.129**
 (0.054) 	0.076
 (0.150) 	0.030***
 (0.009) 	0.009***
 (0.013) 	0.043***
 (0.012)


 	

ψ

 	0.848***
 (0.042) 	0.747**
 (0.078) 	0.432*
 (0.143) 	5.808***
 (0.267) 	8.484*
 (1.059) 	5.773***
 (0.254)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	p-value 	0.000 	0.000 	0.012 	0.000 	0.034 	0.000


 	Poverty Line II 	


β
1


 	−0.245***
 (0.030) 	−0.130***
 (0.030) 	−0.105*
 (0.057) 	−0.040***
 (0.009) 	−0.023**
 (0.009) 	−0.054***
 (0.005)


 	


β
2


 	0.183***
 (0.032) 	−0.115***
 (0.037) 	−0.163***
 (0.061) 	0.040***
 (0.009) 	0.014
 (0.015) 	0.123***
 (0.029)


 	

ψ

 	0.810***
 (0.034) 	0.633**
 (0.077) 	0.668**
 (0.077) 	5.414***
 (0.076) 	7.417**
 (0.751) 	6.107***
 (0.142)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	p-value 	0.000 	0.000 	0.000 	0.000 	0.024 	0.000


 	2022


 	Poverty Line I 	


β
1


 	−0.205***
 (0.045) 	−0.193***
 (0.028) 	−0.285***
 (0.018) 	−0.015***
 (0.004) 	−0.06***
 (0.005) 	−0.069***
 (0.012)


 	


β
2


 	0.120***
 (0.045) 	0.053*
 (0.029) 	0.068
 (0.115) 	0.015***
 (0.004) 	0.056***
 (0.013) 	0.069***
 (0.015)


 	

ψ

 	0.592***
 (0.056) 	0.643*
 (0.143) 	0.892*
 (0.336) 	5.347***
 (0.039) 	5.346***
 (0.212) 	5.075***
 (0.136)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	p-value 	0.000 	0.010 	0.010 	0.000 	0.000 	0.002


 	Poverty Line II 	


β
1


 	−0.202***
 (0.038) 	−0.138***
 (0.028) 	3.418*
 (1.771) 	−0.016***
 (0.005) 	−0.061***
 (0.006) 	−0.071***
 (0.013)


 	


β
2


 	0.114***
 (0.038) 	−0.007
 (0.029) 	−3.713**
 (1.771) 	0.016***
 (0.005) 	0.050***
 (0.013) 	0.069***
 (0.014)


 	

ψ

 	0.608***
 (0.051) 	0.643*
 (0.143) 	0.154***
 (0.020) 	5.347***
 (0.044) 	5.231***
 (0.241) 	5.068***
 (0.144)


 	Controls 	Yes 	Yes 	Yes 	Yes 	Yes 	Yes


 	p-value 	0.004 	0.026 	0.000 	0.000 	0.002 	0.000





*, **, and *** indicate significance at the 0.1, 0.05, and 0.01 levels, respectively.
 

Based on Table 11, the following conclusions can be drawn:


	(1) The QLR test results demonstrate statistically significant threshold effects across all quantiles, with all p-values being below the 0.05 significance level. This provides robust evidence for the existence of distinct regimes in the relationship between digital literacy, social interaction and relative poverty throughout the conditional distribution. The null hypothesis is H0: 

β
2

=
0
 for any 
ψ
, the alternative hypothesis is H0: 

β
2

≠
0
, for some 

ψ
0

. Therefore, the null hypothesis of no threshold is rejected, indicating the rationality of using the threshold quantile regression model in this section. Under different poverty lines and quantiles, there is a threshold for both digital literacy and social interaction. The threshold for digital literacy ranges between 0.726 and 0.883, while the threshold for social interaction ranges between 2.359 and 3.348, confirming the validity of hypotheses 3a and 3b.

	(2) Taking Poverty Line I as an example, the poverty reduction effect of digital literacy is significantly negatively correlated before the threshold (at τ = 0.50, the threshold is at 0.720. Since digital literacy is an index from Table 2, the threshold value of 0.720 means that the model structure changes when the value of the index is below or exceeds 0.720.) as indicated in columns 3, 4, and 5. The poverty reduction effect increases with the severity of family poverty, with reductions of 0.049, 0.090, and 0.092, respectively. However, after digital literacy exceeds 0.720, the increase in digital literacy does not reduce poverty levels but shows a trend of increase, with increments of 0.060, 0.073, and 0.053, respectively. This suggests that the poverty reduction effect of digital literacy is not always effective and only works before the threshold. The conclusions for Poverty Line II are similar and are not repeated here.

	(3) Looking at social interaction, still using Poverty Line I as an example, the poverty reduction effect of social interaction is significantly positively correlated before the threshold (at τ = 0.50, the threshold is at 2.359, which means that the model structure changes when the communication expenditure is around 10.58 yuan.) as indicated in columns 6, 7, and 8. Only when social interaction exceeds 2.359 does the increase in social interaction effectively reduce relative poverty levels, meaning the poverty reduction effect of social interaction is only effective after the threshold. The strongest poverty reduction effect of social interaction is on middle-poverty families, reaching 0.477 after the threshold, followed by low-poverty families at 0.079, and the weakest effect is on high-poverty families at 0.039. This indicates that while an increase in social interaction can produce a poverty reduction effect after a certain point, the effect is not strong. This also explains the phenomenon from another perspective where the estimation results of social interaction in the baseline regression and robustness regression are significant but close across different quantiles, and the second-stage regression results of the endogeneity test are also close.





7 Conclusions and recommendations

This study investigates the issue of relative poverty among urban and rural households in China before and after the comprehensive poverty alleviation campaign, based on data from the China Family Panel Studies (CFPS) in 2020 and 2022. The study comprehensively considers six dimensions—income, education, health, living conditions, social security, and subjective evaluations—to construct a household relative poverty index under both national and provincial poverty standards. The results from the quantile regression model indicate that improvements in digital literacy and social interaction help alleviate household relative poverty across different quantiles. Enhancing external information access and internal information processing capabilities can reduce information uncertainty, thereby effectively mitigating relative poverty. The improvement of digital literacy and social interaction has a more significant impact on reducing relative poverty for high-poverty households but a lesser effect on low-poverty households. The results are further supported by endogeneity, robustness, and heterogeneity tests. Under different poverty lines, the effects of digital literacy and social interaction on alleviating relative poverty are similar but show minor differences.

The findings from the threshold quantile regression model reveal a nonlinear relationship between digital literacy, social interaction, and household relative poverty. Both factors exhibit a threshold: for digital literacy, the effect shifts from alleviating poverty before the threshold to exacerbating it afterward, while for social interaction, the effect initially increases and then decreases around the threshold. Improvements in education level and marital status effectively reduce relative poverty, with a stronger impact on high-poverty households. In contrast, factors such as a higher proportion of children and elderly in the household exacerbate relative poverty, particularly for high-poverty households.

The policy insights derived from our paper offer far-reaching reference value for developing countries. When it comes to establishing poverty lines, it is highly recommended to institute a multi-dimensional poverty evaluation system that integrates a unified national standard with complementary local standards. This system comprehensively appraises indicators spanning multiple dimensions, including income, education, and health, and incorporates a dynamic adjustment mechanism. Such an approach not only secures the accuracy of poverty identification but also caters to the developmental disparities across different regions, thus presenting a practical way for countries to craft localized poverty criteria.

In view of the variations in family poverty levels, this research introduces an innovative approach of hierarchical intervention. For families mired in high-poverty-households, a comprehensive strategy involving the enhancement of digital literacy and social interaction should be implemented to primarily tackle the issue of inadequate basic development capabilities. For low-poverty-households, the emphasis should pivot towards support such as entrepreneurial facilitation to avoid the diminishing marginal returns of resource allocation. This precisely-targeted intervention methodology can substantially boost the efficiency of poverty alleviation resource utilization, which is of great significance for developing countries with scarce resources.

Regarding the improvement of digital literacy, this research advocates for the execution of a promotion strategy featuring infrastructure universal access and stratified capacity training. Specifically, it is crucial to guarantee the accessibility of network connectivity and terminal devices and offer customized training based on the digital proficiency levels of households to lower the usage cost. The cultivation of social interaction should follow a step-by-step path of expanding its breadth. In the initial stage, the focus should be on nurturing community mutual-assistance and e-commerce platforms. In the subsequent stage, it should shift to skill training and resource matching to establish a self-sustaining social capital accumulation mechanism.

Notably, both digital literacy and social interaction display pronounced threshold effects, which carry profound implications for policy design. The poverty alleviation efficacy of digital literacy will taper off after reaching the threshold value, indicating the necessity of establishing a dynamic evaluation mechanism to promptly modify the training content and support methods. The benefit curve of social interaction takes on an inverted U-shape, demanding a timely realignment of policy priorities at specific junctures. This evidence based non-linear policy mindset can assist countries in steering clear of the “one-size-fits-all” intervention approach and enhancing the precision and effectiveness of poverty alleviation measures.

The policy framework of our paper not only offers novel perspectives for China’s relative poverty governance but also contributes Chinese acumen to surmounting the poverty alleviation challenges faced by developing countries. Especially against the backdrop of the rapid development of the digital economy, the poverty alleviation path that combines digital empowerment and social capital provides a valuable reference for countries to innovate poverty alleviation models. Future research can further explore the combination patterns and implementation prerequisites of policy tools under diverse national contexts to drive high quality development in the global poverty alleviation efforts.
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