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Background: An increasing number of middle-aged and older adults are migrating from rural to urban areas for employment, to care for their younger generation and due to old age. As these age groups move into urban areas, their healthcare service utilization are directly related to their health status and basic rights to survival. It also places higher demands on China’s healthcare service provision.

Objectives: This study aims to examine effects of rural-to-urban migration on healthcare utilization among middle-aged and older adults in China.

Methods: Panel data from Waves 3, 4, and 5 of the China Health and Retirement Longitudinal Study were used. We included 318 participants in the exposure group and 7,525 participants in the control group. The study employed propensity score matching (PSM) and Difference in Difference (DID) analysis.

Results: Difference in difference regression results showed that middle-aged and older adults reduced number of hospitalizations when they moved to a city with DID values of −0.092 (p < 0.10) for the period 2015–2018 and − 0.135 (p < 0.05) for the period 2015–2020. No significant effects were observed regarding the number of outpatient visits (p > 0.05).

Conclusion: Middle-aged and older migrants who migrated to cities reduced inpatient healthcare utilization, possibly due to lower hospitalization reimbursement rates, financial burden, and lower social integration. Policies enhancing health insurance reimbursement rates for migrants, integrated community support programs, and strengthening health education to promote health equity may provide remedy.
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Introduction

In recent years, an increasing number of middle-aged and older adults have been migrating from rural to urban areas or from economically underdeveloped to economically developed areas (1). This trend is driven by various factors, including global industrialization and urbanization, better employment opportunities, expectations of higher income, and improved social services (2). Since 2015, the Chinese migrant population has stabilized at around 245 million, while the number of older migrants continues to rise (3). Compared to younger migrants, middle-aged and older adults are more likely to have diagnosed chronic diseases and higher healthcare utilization (4). Despite the potential for improved healthcare access in urban areas, many middle-aged and older migrants continue to face significant barriers. These include geographic distance from health insurance schemes, higher out-of-pocket medical expenses, and limited access to specialized medical services (5). These challenges highlight the urgent need to understand the healthcare utilization patterns of middle-aged and older migrants, particularly in the context of their migration from rural to urban areas.

To better understand these challenges, previous studies have explored various aspects of migrants’ health and healthcare access. Most existing research has focused on health status (6), health awareness (7), inequalities (8), and respective determinants in migrant populations. Corresponding evidence suggests that migrants’ health is shaped by individual characteristics such as age, gender, education, and marital status (9). Additionally, the timing and extent of migration significantly impact migrants’ health outcomes (10). A key structural barrier is China’s household registration system (hukou), which ties health insurance benefits to an individual’s registered residence, resulting in higher out-of-pocket costs and complex reimbursement procedures for rural-to-urban migrants (2). Research from Germany indicated, for instance, that immigrants utilize healthcare services less frequently and face greater inequalities than non-immigrants (11); and a study from Switzerland found that regularizing the status of undocumented migrants increased their utilization of health services (12). However, most previous studies have utilized cross-sectional data or compared migrant populations with residents (8, 13), leaving a significant gap in understanding how healthcare utilization changes before and after urban relocation among middle-aged and older migrants.

This study aims to close this gap by evaluating the effects of rural-to-urban migration on healthcare utilization among middle-aged and older adults using panel data from the China Health and Retirement Longitudinal Study (CHARLS) for the years 2015, 2018, and 2020. Specifically, we hypothesize that middle-aged and older migrants who move from rural to urban areas will experience a decrease in the number of outpatient visits (NOO) and hospitalizations (NOH). The findings will inform strategies to improve the health of middle-aged and older migrants and guide the development of health insurance policies, thereby promoting healthy aging and advancing health equity.



Methods


Data sources

CHARLS aims to collect high-quality microdata that are representative of Chinese households and adults aged 45 years and older. Being a nationally representative survey of the older population, it covers 150 district units, 450 village units, and approximately 17,000 adults in 10,000 households at baseline (14). Participants are followed up every 2–3 years. CHARLS collects data on consumption, work, income and assets, health status, health insurance, and information on type of residence and health services utilization. Overall, the CHARLS survey provides a comprehensive depiction of the older population in China. To enhance the representativeness of our findings, we applied longitudinal sampling weights from the CHARLS database, which account for non-response at both household and individual levels. Additionally, we used multiple imputation with chained equations and performed 5 imputations to address item-missing data.



Sample selection

This longitudinal study used data from the third (2015), fourth (2018), and fifth (2020) waves of CHARLS. The data were matched by respondent ID to include participants surveyed in all three waves. Next, we excluded participants who lived in towns, moved from urban to rural areas, or lived in combined townships in 2015, were younger than 45 years old, or had missing data regarding date of birth. Additionally, participants with non-agricultural hukou (household registration), those who did not live in the same rural area all the time, those who returned to rural areas after migrating to cities, and those who migrated to cities after 2015, that is during 2018–2020, were also excluded. This process resulted in 23,529 observations for 7,843 adults, divided into the rural-to-urban group (exposure group, 954 observations for 318 adults) and the group that remained in rural areas (control group, 22,575 observations for 7,525 adults). Figure 1 illustrates the data selection process.
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FIGURE 1
 Flowchart of the data selection process (China, 2015 to 2020).




Variables

Outcomes of this study were NOO in the previous month and NOH in the last year. NOO represents the total number of outpatient visits to various medical institutions over the last month, while NOH represents the total number of inpatient visits over the past year.

Region was set as an independent variable based on two questions from CHARLS’ basic information section: ‘What is your current address?’, and ‘Is it a village or a city/town?’. Participants who lived in towns in 2015 were excluded, ensuring that all participants lived in villages at the present study’s baseline.

For control variables, the Anderson model of healthcare utilization was consulted. This model includes predisposing, enabling, and need factors and is a well-established framework for analyzing healthcare service use with a behavioral measurement model (15, 16). This study began by selecting covariates that may influence rural-to-urban migration and healthcare utilization, guided by the Anderson service model and relevant literature (17, 18). Predisposing factors included age, gender (male = 1, female = 0), education (illiterate = 1, primary = 2, junior high school = 3, senior high school = 4, bachelor’s degree and above = 5), and marital status (divorced, widowed, and never married = 0, married or cohabitation = 1). Enabling factors consisted of economic status (measured by per capita household expenditure, which is logarithmic to reduce the effect of outliers and make the results more stable) and health insurance (no = 1, employee health insurance = 2, urban and rural resident health insurance = 3, others = 4), social activities (participating in social activities = 1, none = 0), household size (number of people living in the household). Need factors included self-assessed health (very good and good = 1, fair, poor, and very poor = 0), chronic disease prevalence (with chronic disease = 1, without = 0), smoking (current or previous smoker = 1, never smoked = 0), and alcohol consumption (consumes alcohol = 1, abstinent = 0), activities of daily living (ADL) included dressing, bathing, eating, getting into or out of bed, using the bathroom, controlling urination and defecation (having no difficulty = 0, having difficulty but still able to perform independently =1, having difficulty and needing help = 2, unable to perform activity = 3, with a total score ranging from 0 to 18), and instrumental activities of daily living (IADL) included doing household chores, cooking, shopping, making phone calls, taking medication, managing money (scales as for ADL, with a total score also ranging from 0 to 18). Table 1 presents variables categorized and described.



TABLE 1 Descriptive statistics results (China, 2015).
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Statistical analysis

We used the PSM-DID method to assess the effect of migration to cities on the NOO and NOH among middle-aged and older adults in the sample. The PSM method effectively addresses issues of endogeneity and self-selection within samples (19–21) and is widely used to evaluate the impacts of health and other policies (22, 23). The PSM-DID can address selection bias by matching treated and control groups on observed covariates, thereby ensuring baseline comparability. Moreover, it relaxes the assumption of parallel trends, which extends the traditional DID framework and makes it more suitable for real-world applications. Additionally, PSM-DID is particularly robust in non-experimental settings, as it provides transparent treatment effect estimates by attributing outcome differences to the treatment rather than pre-existing confounders.

First, propensity scores were calculated. The propensity score is a balancing score: conditional on the propensity score, the distribution of measured baseline covariates is similar between treated and untreated adults. Common support refers to the overlapping region in the propensity score distribution between the exposure and control groups. A balancing test was conducted to detect an equilibrium of covariates for the exposure and control group and to confirm the reduction of sampling bias through matching. Nearest neighbor matching with caliper was employed for our primary analysis, each treated adult was matched with three untreated adults, as frequently mentioned in the literature (24, 25). After matching, the deviation should be less than or equal to 5 percent, or p > 0.10, to confirm proper matching. The adequacy of the matching was evaluated based on the mean reduction in bias for each covariate and the overall mean reduction in bias. Samples outside the common support were excluded.

Secondly, DID model was constructed after PSM matching while controlling for individual and time effects. As expressed in Equation 1, the model is specified as follows:

[image: image]

Where[image: image] represents an individual i’s healthcare utilization in year t. [image: image] is a dummy variable for grouping. It is defined as exposure group = 1 and control group = 0. In the current study, 1 denotes migrating to a city (exposure group), and 0 denotes always living in a rural area (control group). [image: image] is a time dummy variable that defines 2015 = 0, 2018 = 1, and 2020 = 1. [image: image]is the coefficient of the core explanatory variable in this study, which is the net effect of middle-aged and older adults migrating to the city on the utilization of healthcare services. It reflects the change in the difference between the exposure group (those who migrated to urban areas) and the control group (those who remained in rural areas). [image: image] represent the effect of time-varying covariates on the outcome [image: image]. [image: image]is the error term, and [image: image] is a constant term. [image: image] is an individual fixed effect, and [image: image] is a time-fixed effect. Statistical analyses were conducted using Stata 16.0. To validate the robustness of the DID results after PSM, we conducted a comparative analysis using the radius matching method and performed placebo tests. Furthermore, we conducted heterogeneity analyses to examine the differential impacts of rural-to-urban migration on healthcare utilization across different demographic groups. Chronic diseases, self-assessed health, and marital status were selected for heterogeneity analyses because chronic diseases influence healthcare needs, self-assessed health is a key predictor of healthcare utilization, and marital status affects social support and access to resources. These variables were chosen to provide a comprehensive understanding of the differences in healthcare utilization among rural-to-urban migrants, while also considering data availability and study scope constraints.




Results

Table 1 presents descriptive statistics for main study variables at the 2015 baseline, prior to rural to urban migration of the exposure group. Exposure and control group exhibited differences in age, education, social activities, per capita household expenditure, health insurance, IADL, and household size. Specifically, the mean age of the exposure group was approximately 2.8 years younger than that of the control group. The exposure group further had a higher average education level, engaged in more social activities, had higher per capita household expenditure, and reported better ability to perform instrumental activities of daily living. Moreover, more people in the exposure group were enrolled in employee health insurance and other insurance schemes than in the control group. In contrast, the exposure group’s average household size was smaller than that of the control group. Although there were no significant differences in self-assessed health between exposure and control groups initially, further analysis (see Table 2) revealed that by 2020, middle-aged adults in the exposure group reported poorer self-assessed health compared to the control group. In addition, the exposure group showed reduced participation in social activities after a period of migration to urban areas compared to the control group. In 2018, the exposure group exhibited slightly better ADL than the control group, while by 2020, there were no significant differences between the two groups. Similarly, the exposure group performed better in IADL in 2018; by 2020, the gap between the two groups gradually narrowed, with the exposure group showing a slight advantage in IADL.



TABLE 2 Comparison of self-assessed health, social activities, ADL, and IADL between the exposure and control group (China, 2018 and 2020).
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PSM results

Table 3 displays the results of the balance test using 1:3 nearest neighbor matching with a caliper. We performed caliper nearest-neighbor matching on the sample from the baseline of 2015 (i.e., before migration). As shown in Table 3, the standard error for each control variable was less than 10% after matching, and no significant differences were found at the 5% level between the means of the variables for the two samples. Additionally, the likelihood ratio chi-square test results using PSM were significantly smaller than those of the original outcomes, further indicating that PSM enhanced overall balance after matching. The matched samples were then aligned with 2018 and 2020 data using respondents’ IDs. Consequently, the final sample included 954 observations in the exposure group and 2,661 observations in the control group.



TABLE 3 Results of balance test after matching (China, 2015).
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Parallel trend test

A fundamental assumption of the DID approach is that the exposure and control groups follow parallel trends in the outcome variable prior to the intervention. This requires at least two pre-treatment periods for a formal parallel trend test. However, as this study only includes one pre-treatment period, we follow the approach used in previous research (26), which considers the absence of a significant difference in the outcome variable between the exposure and control groups, after controlling for other factors, as indicative of parallel trends. As shown in Table 4, after adjusting for potential confounders, there is no statistically significant difference in outpatient visits and hospitalizations between the exposure and control groups before migration, suggesting that the parallel trend assumption holds. Therefore, the DID model is appropriate for this analysis.



TABLE 4 Results of parallel trend test (China, 2015).
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DID results

First, the DID method was applied to analyze NOO and NOH using the 2015 and 2018 data. The results revealed no significant negative effect on NOO and NOH for middle-aged and older adults migrating to cities (see Table 5). Second, NOO and NOH were analyzed using DID for the 2015 and 2020 data. The DID coefficient for NOH was −0.135, with a p-value<0.05, indicating that compared to the control group, middle-aged and older adults in the exposure group had 0.135 fewer hospitalizations after migrating to an urban area. In contrast, the DID coefficient for NOO was −0.032 with a p-value > 0.05 for 2015–2020. These findings suggest that migration to cities did not significantly affect NOO for middle-aged and older adults.



TABLE 5 Difference-in-differences estimate results (China, 2015–2018 and 2015–2020).
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Sensitivity analyses


Replacement of the matching method

To ensure the robustness of the PSM-DID results, an alternative matching method, specifically radius matching, was employed. The DID regressions were re-estimated using this different matching method, as presented in Table 6. The results remained consistent with the initial findings, suggesting that the empirical analyses demonstrate strong reliability.



TABLE 6 Difference-in-differences estimation results after changing the matching method (China, 2015 -2020).
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Placebo testing

To control for the potential bias arising from omitted variables in the above results, referring to a previous study (27), a placebo test was performed. The placebo test is a regression in which any of the dummy exposure groups in the sample are randomly selected and the process is repeated 500 times. The results of the placebo test for 2015–2020 are shown in Figure 2. Figure 2a displays the estimated coefficients for the number of hospitalizations, which are centered around zero and follow a normal distribution, indicating a robust model. The dotted lines represent the true estimated coefficients, which are far from these virtual estimates, indicating that the result is not sensitive to unobserved factors or the effects of random interventions. Figure 2b displays the estimated coefficients for the number of outpatient visits. The dotted line remains insignificant within the normal value range, demonstrating the robustness of the study’s results.

[image: Figure 2]

FIGURE 2
 Placebo test results for the coefficient on the number of hospitalizations (a) and outpatient visits (b) (China, 2015–2020).




Winsorization

To enhance the robustness of the results, we used the Winsorization process. The sample values for the lowest and highest 1% of each of the number of hospitalizations and outpatient visits were replaced with 1st percentile and 99th percentile values. Through this process, we aim to minimize the impact of outliers, resulting in more robust results. This method helps to ensure that estimates of NOO and NOH more accurately reflect respondents’ healthcare attendance and avoid bias in the results due to extreme observations. As shown in Table 7, the results are consistent with the previous findings.



TABLE 7 The results of winsorization (China, 2015–2020).
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Excluding the impact of the COVID-19 pandemic

The global spread of the COVID-19 pandemic in 2020 impacted the utilization of medical services. To account for this, we excluded responses to the survey question, “During the pandemic, were there any medical services or treatments you needed, such as hospitalization for major surgeries or outpatient care, that were delayed or canceled?” Specifically, we removed samples indicating the need for “major surgeries requiring hospitalization” and “outpatient services” affected by delays or cancelations. After excluding these cases, the results remained consistent with the above findings (Table 8).



TABLE 8 Results after excluding samples affected by the COVID-19 pandemic (China, 2015–2020).
[image: Table8]




Heterogeneity analyses

Heterogeneity analyses indicated that healthcare utilization varied among different subgroups of middle-aged and older migrants. These analyses revealed how rural-to-urban migration affected healthcare service utilization across various self-assessed health conditions, age, and chronic disease groups, providing valuable insights for policymakers to formulate more targeted recommendations. Table 9 showed a significant reduction in NOH for migrants with chronic diseases who moved to cities. Additionally, the same table highlighted a significant reduction in NOH for migrants who self-assessed their health as fair, poor, or very poor following their migration to urban areas. Furthermore, Table 9 indicated that 60–74-year-olds who moved to cities had fewer hospitalizations.



TABLE 9 Results of the test for heterogeneity in the number of hospitalizations (China, 2015–2020).
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Discussion

At present, few studies have used longitudinal data to examine healthcare utilization among middle-aged and older rural-to-urban migrants in China. While previous research has primarily relied on cross-sectional data or compared migrants with residents (8, 13), this study provides novel insights by tracking changes in healthcare utilization before and after migration. Consistent with previous studies (28, 29), our research demonstrated that rural middle-aged and older migrants who moved to urban areas experienced a reduction in hospitalization services utilization. However, our study found that this effect becomes more pronounced with longer durations of urban residence and further extended this understanding by revealing nuanced heterogeneity effects based on individual characteristics. Specifically, we found that migration to urban areas has a more pronounced impact on healthcare utilization among adults with chronic diseases, those with fair or poor self-assessed health, and those aged 60–74. However, contrary to the findings of the previous study (30), the change in residence did not significantly affect the number of outpatient visits, which remains stable. These findings highlight the importance of considering demographic and health status variations when designing policies for migrant populations, a point that has been largely overlooked in prior research.

First, the reduction of hospitalizations may be attributed to healthcare policies related to reimbursement for medical treatment outside one’s registered area (8, 29, 31). Despite ongoing improvements in China’s reimbursement policies, the rates for medical treatment outside one’s enrolment area remain lower than those for local treatment (32). For example, in Qingyuan City, Guangdong Province, the reimbursement rates for hospitalization are 90% for level 1 hospitals, 75% for level 2, and 65% for level 3 if the treatment is received within the enrolment area. In contrast, when treatment is sought outside the enrolment area, the reimbursement rates drop to 70% for level 1, 60% for level 2, and 50% for level 3 (33). Consequently, the reimbursement rates for equivalent medical services are reduced by 15–20 percentage points when treatment is provided elsewhere. Furthermore, before the implementation of direct remote settlement of medical expenses, China’s reimbursement process was complex, requiring upfront payment and subsequent reimbursement at the enrolment location. Similarly, a study conducted in Kenya found that despite national treaties advocating for equal healthcare rights, immigrants often face higher healthcare costs than local residents (34). In the Greater Mekong Subregion, migrants encounter elevated health risks but are inadequately covered, leading to high out-of-pocket payments for health services (35). When designing a high-quality universal health coverage system, it is essential to enable middle-aged and older migrants to enroll in insurance at their place of migration, expand the level and scope of reimbursement for medical treatment in other locations, and reduce the disparity between treatments received within and outside the insured area.

Second, according to Anderson’s model, enabling factors such as financial resources and social capital influence healthcare utilization. Relevant studies indicate that most rural-to-urban migrants forego hospitalization because of poor affordability (36, 37). This is particularly true for the middle-older age group (60–74 years), who may be between retirement and intergenerational care. Compared to their rural counterparts, this group is more susceptible to chronic diseases (38), they tend to prioritize financial stability over personal health to avoid burdening their children, often choosing to overlook their illnesses (13, 39). Although their presence in urban areas increases demand for healthcare services, these adults often underutilize healthcare services due to financial difficulties and restrictive insurance policies (40). Furthermore, lower levels of social integration among middle-aged and older migrants may lead to negative attitudes toward healthcare and inadequate access to preventive and primary public health services (41, 42). To alleviate the financial burden associated with hospitalization, policymakers should consider modest improvements in healthcare treatment for vulnerable migrants. Addressing these challenges also requires fostering a supportive environment at both community and household levels to facilitate the integration of middle-aged and older migrants into urban communities (43, 44).

Third, the effect of moving to an urban area on hospitalization among middle-aged and older adults may take time to become significant. This delay could be attributed to the fact that some adults in these groups have recently migrated and may still be adapting to the new living environment and healthcare system. As a result, they may continue to rely on their established habits for seeking medical care. Steventon similarly observed that hospital admission rates among migrants remained low for several years following their arrival in the UK (45). However, contrary to the findings of the previous study (30), migration to cities did not significantly affect the NOO among these age groups. This may be due to the low reimbursement rates and limited caps on outpatient service reimbursements under many Chinese insurance schemes, which lead to high out-of-pocket costs for middle-aged and older adults. Policymakers should consider enhancing the medical insurance system for treatments received in other locations, integrating community support programs, and promoting health literacy to improve health outcomes for migrant populations (46, 47).

Several limitations should be acknowledged. Firstly, the implementation of PSM-DID relies on the assumption that all relevant covariates are included in the model. Any unobserved covariates can introduce bias by causing different trends between the treatment and control groups. Future research should consider using alternative methods to mitigate the risk of bias. Additionally, the limitations of the CHARLS database restrict our ability to perform in-depth analyses of migration destinations. Adults are nested within provinces, and the development of healthcare services varies significantly across different regions of China, complicating the analysis of healthcare utilization patterns. Future research should employ alternative methods and utilize more detailed datasets that incorporate a broader range of health assessments and regional characteristics to enhance our understanding of healthcare utilization among rural-to-urban migrants.



Conclusion

This study demonstrates that migration from rural to urban areas significantly reduces hospital admissions among middle-aged and older migrants. However, utilization of outpatient services remains unchanged. These findings highlight the need for policymakers to address the specific healthcare challenges faced by this demographic group. In China, where rapid urbanization and economic transformation have led to substantial internal migration, policymakers should enhance the medical insurance system for treatment outside the registered area, develop community support programs, and strengthen health education to improve the well-being of middle-aged and older migrants while ensuring equitable access to care.
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