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Abstract
Background
Long-term care insurance (LTCI) is essential to alleviate the challenges of rapid aging. Research on LTCI in developing countries is limited and conclusions remain controversial. This study aims to empirically evaluate how the LTCI pilot in selected cities influences healthcare utilization and expenditures among middle-aged and older Chinese adults.

Methods
Data was from 2013, 2015, and 2018 China Health and Retirement Longitudinal Study. 167 LTCI and 8225 non-LTCI group participants were identified. Propensity score matching difference-in-difference method was used to evaluate the net effect of LTCI. The robustness of the findings was tested using a placebo test.

Results
In the pilot cities, around 17.8% of the population had LTCI coverage, with approximately 59.9% participating in urban employee medical insurance and 81.4% being urban residents. LTCI significantly reduced the monthly out-of-pocket outpatient expenditure by 313.764 yuan (P < 0.05), but had no significant effects on the inpatient utilization and expenditure. Further analysis of vulnerable subgroup revealed that LTCI decreased monthly outpatient visits frequency, total outpatient expenditure, and out-of-pocket outpatient expenditure by 0.523 times, 643.500 yuan, and 302.367 yuan, respectively (P < 0.05). Robustness tests confirmed the stability of these results.

Conclusions
The LTCI coverage rate has remained low. While LTCI has contributed to reducing outpatient utilization and expenditure, its impact on controlling inpatient-related outcomes is limited. It is recommended to broaden LTCI coverage beyond existing participants to encompass more vulnerable populations, and improve awareness and quality of LTCI services to achieve a significant effect on inpatient care.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s12939-024-02297-y.
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Background
China is one of the countries aging most rapidly in the world, with a high annual growth rate [1]. By 2033, the country is poised to transform into a super-aged society, with individuals aged 65 and above constituting 20% of the total population [2]. Rapid aging presents many challenges. Regarding disease burden, ageing exacerbates the prevalence of non-communicable diseases and limitations in activities of daily living (ADLs) among the elderly [3]. As the nursing needs of older adults grow, family-based caring pattern proves insufficient [4]. Consequently, the elderly heavily rely on hospital services, straining healthcare resources. Furthermore, aging amplifies the economic burden on both governments and families. In China, between 2008 and 2017, the annual real total health expenditures surged by 12.2%, surpassing the annual real GDP growth rate [5]. Aging also results in a rapid rise in elderly population-to-working population ratio, in turn lead to an expanding deficit in social pension programs [6]. At the household level, this demographic shift heightens the risk of catastrophic health expenditures [7] and poverty [8, 9].
Drawing from experiences in other aging nations [10, 11], China launched a long-term care insurance (LTCI) trial program in 35 pilot cities in 2016. The program is a crucial attempt to address the challenges associated with aging. During the pilot phase, LTCI mandatorily covers individuals enrolled in the urban employee medical insurance (UEMI), a type of public basic medical insurance that can reimburse hospital costs. A few pilot cities have expanded coverage to include enrollees of the urban resident medical insurance (URMI) or the urban and rural resident medical insurance (URRMI), both of which are also types of the public basic medical insurance program. LTCI targets insured individuals with limitations in daily activities due to old age or illness, covering their costs of long-term care services at home or in specialized nursing facilities. The long-term care services include basic daily living care such as medication administration, assisted feeding, and supine care, as well as medical nursing services like oral care, balance training, and sputum suction, focusing on chronic condition rehabilitation. LTCI funds are primarily raised through public basic medical insurance pooled funds and individual contributions. In China, UEMI funds consist of pooled funds and medical savings account (MSA), while URMI and URRMI funds do not have an MSA. MSA of UEMI comprises contributions from individuals in full and approximately 30% from employers. For UEMI enrollees, LTCI individual contributions are annually transferred from their MSA of UEMI, totaling about 30 yuan (100 CNY = 13.89 USD), without requiring additional premiums. Enrollees of URMI or URRMI typically make personal payments for LTCI contributions, amounting to several dozen yuan annually. LTCI reimbursement for long-term care costs generally stands at around 70%, varying based on the city and care location (home or facility), with a maximum of 90%. Notably, LTCI funds are exclusively allocated for long-term care services and do not cover outpatient or inpatient services.
Developed countries introduced LTCI decades before China and have conducted extensive research on its impact. Existing studies on the pilot effect of LTCI policy have mainly focused on its economic and health effects. According to international experience, the implementation of LTCI may enhance the health status and quality of life of beneficiaries while lowering the utilization and cost of healthcare [12–14]. This may be due to beneficiaries receiving appropriate management at home or in long-term care facilities, thus avoiding hospital treatment [15, 16]. However, evidence from developed countries may not be applicable to developing countries due to variations in healthcare systems, income levels, LTCI policies, etc., among different countries or regions. Thus, it is imperative to evaluate LTCI’s effects in China, as it holds substantial implications for policy implementation not only within China but also for other developing countries grappling with similar challenges tied to population aging.
Empirical research on LTCI’s impact on healthcare utilization and expenditure in China is relatively insufficient compared to studies in developed countries, and conclusions drawn from existing studies remain controversial. Some studies indicate that LTCI policy reduce inpatient utilization and costs [17, 18], but others show no impact [19–21]. Similarly, findings on outpatient utilization and costs are inconsistent. Some studies report negative effects of LTCI [19, 22], while Chen et al. [23] found no impact. However, it is important to note that these studies were mainly conducted in a few selected cities and not across 35 pilot cities. Previous studies have the following limitations. On the policy aspects, some studies do not accurately reflect the reality of the policy due to their selection of study populations, locations, and outcomes. LTCI eligibility in China is contingent upon the type of public basic medical insurance. However, most studies [17, 22, 24, 25] categorize all people in the pilot city as exposed to the LTCI policy, irrespective of their public basic medical insurance type. Furthermore, although the LTCI pilot is implemented in 35 cities, most research focuses on only a few specific cities, primarily Qingdao [22, 26], Shanghai [27], and Jingmen [17], which may deviate from the original intent of the policy. Evidence from these few pilot cities lack national representativeness due to variations in aging levels and LTCI policies among them. Additionally, the LTCI policy aims to enhance the well-being of beneficiaries. Research should not only focus on the policy’s impact on total medical expenses but also on out-of-pocket (OOP) expenses. OOP expenses directly reflect the economic burden on beneficiaries and thus reflect the impact of LTCI on their well-being. Many studies have overlooked this aspect. On the methodological aspects, the statistical analysis methods used in many studies are not rigorous. Some studies [17, 18, 28] mistakenly used two-wave data for difference-in-difference (DID) analysis without verifying whether the data met the common trends assumption required for DID analysis, which may lead to biased results.
To sum up, this study aims to assess how LTCI implementation affects healthcare utilization and expenditures, particularly OOP costs, among middle-aged and older Chinese adults. First, we include as many pilot cities as possible to offer comprehensive insights beyond existing literature. Second, we identify LTCI groups based on the cities and the public basic medical insurance type. We next test the common trends assumption and evaluate the effect of LTCI using DID method. Finally, we conduct a discussion and make recommendations based on the findings.

Materials and methods
Study design
This study made use of the China Health and Retirement Longitudinal Study (CHARLS) [29] longitudinal data from 2013, 2015, and 2018. We applied DID with 2 periods and 2 groups framework to estimate the impact of LTCI policy by comparing average levels of healthcare utilization and healthcare expenditures between residents exposed and unexposed to the LTCI policy. China formally began to launch LTCI nationwide in 2016, therefore 2018 were the policy active period to estimate the effect of LTCI by comparing changes of outcome differences between residents exposed and unexposed to the LTCI policy before and after implementation. This DID estimation should be under the common trends assumption between two groups during the LTCI policy inactive period from 2013 to 2015.

Data source
As a nationally representative investigation of the Chinese middle-aged and older population aged 45 and up, CHARLS investigated over 17,000 participants in roughly 10,000 households in 150 counties across 28 provinces using a multistage probability-proportional-to-size sampling method [30].
There were two steps to define the included participants for analysis. The first step is to define the included cities. 35 locations were selected as LTCI policy pilot cities in China starting from 2016, and 21 of which were covered by CHARLS. 4 out of 21 pilot cities that implemented LTCI after March 2018 (CHARLS 2018 survey was carried out from the end of September) were excluded since we assumed that only pilot cities that implemented LTCI more than six months preceding the survey were affected by the policy. Furthermore, 3 pilot cities that deployed LTCI before 2016 were excluded because they partially implemented LTCI prior to the nationwide rollout. Finally, 14 pilot cities and 109 non-pilot cities were included in the final analysis, and the distribution of 14 included pilot cities is shown in Fig. 1 (Anqing, Binzhou, Chengdu, Chengde, Dezhou, Guangzhou, Jinan, Ningbo, Qiqihar, Shangrao, Suzhou, Shanghai, Jingmen, and Jilin). The second step is to define the included participants, as depicted in Fig. 2. The LTCI policy exposed group (LTCI group) included LTCI enrollees in the pilot city, while the LTCI policy unexposed group (non-LTCI group) included non-LTCI enrollees in the pilot city (e.g., participants not enrolled in UEMI in Guangzhou) and non-pilot city participants. There were 8392 valid individuals left after filling in missing values for per capita household expenditure with multiple interpolation and eliminating samples with other missing covariates and dependent variables, including 167 LTCI group participants and 8225 non-LTCI group participants (772 of the non-LTCI group participants from pilot cities and 7453 participants from non-pilot cities). Table A in supplementary material lists the LTCI policy’s implementation time and coverage population for the 14 pilot cities.
[image: ]
Fig. 1Distribution of 14 pilot cities in China


[image: ]
Fig. 2Source and distribution of participants



Variable specifications
The following were the dependent variables: (1) healthcare utilization: inpatient visits frequency during last year and outpatient visits frequency during last month, and (2) healthcare expenditures: total and OOP inpatient expenditure during the last year and total and OOP outpatient expenditure during last month.

Covariates
Based on Andersen’s model, a typical model for evaluating health service utilization, we included a range of covariates [31]. Andersen’s model suggested that health service utilization was determined by predisposing factors, enabling factors, and need factors. Predisposing factors in this study included age, gender (male/ female), marital status (married/ others), and educational level (range from less than lower secondary education to tertiary education). Enabling factors included residents (urban/ rural residents), types of nursing (home and others/ aged care institutions), per capita household expenditure (quartile 1–4), area (east/ west/ central/ northeast), and types of public basic medical insurance (UEMI/ URMI/ URRMI/ New rural cooperative medical insurance (NCMI)/ Uninsured). Chinese residents were prohibited from having dual coverage in public basic medical insurance, therefore participants who self-reported having more than one type of basic medical insurance in a year were disqualified. Need factors included health status (the number of chronic diseases), self-reported health status (a 5-level options ranging from very good to very poor), and any difficulty in ADLs (yes/ no). ADLs difficulty indicated that the participants reported any difficulty with at least one activity or was unable to perform the activity. The ADLs included getting dressed, taking a bath or shower, getting in and out of bed, eating, using the toilet, and controlling urine and feces.

Statistical analysis
We conducted the analysis on both the entire participant pool and the vulnerable subgroup. We identified those most likely to need long-term care services as vulnerable subgroups (defined as participants aged ≥ 65 years, or those facing any difficulty in ADLs, or diagnosed with cancer, stroke, or memory-related diseases at the time of the 2015 wave survey).

Propensity score matching difference-in-difference method (PSM-DID)
This study used the propensity score matching difference-in-difference approach (PSM-DID) to quantitatively assess if and how significantly the LTCI affected health service utilization and healthcare expenditures among adults in their middle and late years in China. Since enrollment in LTCI was not random, there may be heterogeneity between LTCI and non-LTCI groups. Firstly, this paper used the PSM method to control the heterogeneity of LTCI and non-LTCI groups. Secondly, DID was used on matched participants to estimate the effect caused by LTCI. All analyses were performed in R.
The PSM method was employed to generate new datasets in 2013, 2015, and 2018, ensuring comparability of multiple covariates between LTCI and non-LTCI groups using propensity scores (PS). PS is the conditional probability that a participant will be randomly assigned to the LTCI group based on observed covariates [32]. In this study, we calculated the PS using a logistic model as follows:
[image: $$\:{PS}_{it}=\frac{\text{exp}\left({\delta\:}_{0}+\delta\:{x}_{it}\right)}{1+\text{exp}\left({\delta\:}_{0}+{\delta\:x}_{it}\right)}$$]
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where [image: $$\:{x}_{it}$$] were a set of covariables matched; [image: $$\:\delta\:\:$$]represented the logistic regression coefficients of the corresponding covariables; t could be 2013, 2015, or 2018.
To identify the participants in the non-LTCI group that shared the most PS with the LTCI group, nearest neighbor matching was used. We used 1:4 nearest neighbor matching to reduce the variance due to a large number of comparable non-LTCI participants [33]. Besides, to reduce matching bias, we set a caliper value equal to 0.2 times the standard deviation of the PS value [34]. The matched covariates included age, gender, marital status, educational level, residents, types of nursing, per capita household expenditure, area, types of basic medical insurance, number of chronic diseases, self-reported health status, and any difficulty in ADLs. The matched covariates should not differ significantly between the LTCI and non-LTCI groups if participants that failed the matching process were excluded. We checked the comparability of the covariates by comparing Standardized mean differences (SMD) [35] of covariates before and after matching, which were not influenced by data types and units of measure. Covariates were considered balanced when the absolute SMD was less than 0.25 [36], while Nguyen [37] proposed that the mean squared error was minimized when it was less than 0.10. Therefore this paper used 0.10 as the threshold for SMD.
Then, the DID regression would be done with the matched participants. The DID model is a quasi-experimental research design often used to study the effects of public health policy [38]. The form of the DID design in this study was two-group two-period. Participants in both groups were not exposed to LTCI in period 1, and LTCI policy only cover participants in the LTCI group but not the non-LTCI group in period 2. Differences for each group in the frequency and expenditure of inpatient and outpatient before and after the implementation of the LTCI were then calculated. The difference in aforementioned differences represented the net effect of the LTCI’s implementation. The design and illustration of DID model is shown in Fig. 3. The regression model built in this paper was as follows.
[image: ]
Fig. 3Two-group, two-period DID design
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where [image: $$\:{y}_{it}$$] represent the six dependent variables including the annual inpatient visits frequency, annual total inpatient expenditure, annual OOP inpatient expenditure, monthly outpatient visits frequency, monthly total outpatient expenditure, and monthly OOP outpatient expenditure. LTCI represents a grouping dummy variable. If a participant belongs to the LTCI group, LTCI = 1; otherwise, LTCI = 0. [image: $$\:Time$$] is a time dummy variable. As the LTCI policy was implemented after the 2015 wave, time is set as 1 for 2018 and 0 for 2013 and 2015. The interaction term LTCI∗time is the key explanatory variable of the model, which coefficient shows the effect of the LTCI. [image: $$\:{x}_{it}$$] denote the covariables matched mentioned above and [image: $$\:\epsilon\:$$] was the error term.
The premise of applying the DID model is that, in the absence of the LTCI policy, both the LTCI and non-LTCI groups would have followed the same trend in the dependent variables (as shown in period 1 of Fig. 3), thereby meeting the common trends assumption. The coefficients of the interaction term LTCI∗time reflect the changes in the differences of the dependent variables between the LTCI and non-LTCI groups before and after LTCI pilot, eliminating the influence of time and other confounders on the results. If the common trends assumption was not met, we introduced the extended difference-in-difference-in-difference (DDD) model [38].
[image: $$\begin{aligned}{y}_{it}=&amp;{\beta\:}_{0}+{\beta\:}_{1}*LTCI{+\beta\:}_{2}*time+{\beta\:}_{3}*city\\&amp;+{\beta\:}_{4}*LTCI*time+{\beta\:}_{5}*time*city\\&amp;+{\beta\:}_{6}*LTCI*city+{\beta\:}_{7}*LTCI*time*city+\delta\:{x}_{it}+\epsilon\end{aligned}$$]
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For pilot cities, city = 1; for non-pilot cities, city = 0. In the pilot cities, LTCI is set as 1 for the LTCI group and 0 for non-LTCI group; in the non-pilot cities, LTCI = 1 presents those with the UEMI; otherwise, LTCI = 0. Whether the participant belongs to the pilot city is indicated by the city dummy variable city. The coefficients of the interaction term [image: $$\:LTCI\text{*}time\text{*}city$$] represents the effect of the LTCI. The coefficients reflect the differences in changes of dependent variables differences between LTCI-eligible and non-eligible persons before and after the LTCI pilot, across pilot and non-pilot cities.

Robustness test
This study employed a placebo test [39] to assess the robustness of the DID and DDD results in the baseline analysis. The core idea of the placebo test involves creating fictitious exposure group to LTCI policy (fake LTCI group) and non-exposure group (fake non-LTCI group). If the coefficient of the interaction term remains statistically significant under the fictitious scenario, it suggests that the baseline estimation results are not robust and changes in the dependent variables may not be attributable to the impact of LTCI. Initially, participants from both LTCI and non-LTCI groups were pooled into an allocation pool, from which they were then randomly assigned to fake LTCI group or fake non-LTCI group. Subsequently, 500 regressions identical to those in the baseline analysis were conducted to observe the distribution of coefficients of the interaction term and their statistical significance under the fictitious scenario.


Results
The coverage of LTCI
In the CHARLS pilot city participants, 167 people were covered by LTCI and 772 were not. The coverage rate was about 17.8% in pilot cites. Of the LTCI enrollees, approximately 59.9% (100/167 in 2015) were UEMI participants and 81.4% (136/167) were urban residents.

Propensity score matching results
Before matching, the LTCI and non-LTCI participants differed significantly in 2013, 2015, and 2018 in terms of gender, education level, residents, per capita household expenditure, area, types of basic medical insurance, self-reported health status, and any difficulty in ADL (Table B in supplementary materials). After matching, there were no significant differences in all of the covariates in the matched participants between the LTCI and non-LTCI groups (Table C in supplementary materials). While not everyone in the LTCI group could match 4 non-LTCI group participants, the sample size varied from year to year, with sample sizes of 775, 759, and 741 in 2013, 2015, and 2018, respectively. Figure S1 in supplementary materials shows the visualization of SMD of covariates before and after nearest neighbor matching. All covariates in the three years met the condition that the SMD was less than 0.1. The above results showed that the two groups were balanced. The covariates in both groups of the vulnerable subgroup were also evenly matched.

Common trends test results
Figure 4 shows the results of the common trends test of the six dependent variables of entire population. All dependent variables meet the common trends assumption except for monthly outpatient visits frequency. Therefore, the DDD model was used to evaluate the effect of LTCI on monthly outpatient visits frequency, while the DID model was used to measure its effect on the other dependent variables. All dependent variables in vulnerable subgroup met the common trends assumption and DID model was used for analysis.
[image: ]
Fig. 4Results of common trends test. Notes A, common trends test result of annual inpatient visits frequency; B, common trends test result of annual total inpatient expenditure; C, common trends test result of annual OOP inpatient expenditure; D, common trends test result of monthly outpatient visits frequency; E, common trends test result of monthly total outpatient expenditure; F, common trends test result of monthly OOP outpatient expenditure. pre_2, 2013; post_1, 2018. Abbreviations OOP Out-of-pocket



PSM-DID/DDD results of entire participants and vulnerable subgroup
Table 1, Column 2 (full table with covariates is in supplemental Table D) presents estimated coefficients of interaction term (LTCI*time for the DID model and LTCI*time*city for the DDD model) in the baseline model applied to all matched participants. These coefficients represent the net effect of LTCI on healthcare utilization and expenditures. The results indicate that the introduction of LTCI did not lead to a substantial alteration in inpatient utilization and expenditure. This includes annual inpatient visits frequency, annual total inpatient expenditure, and annual OOP inpatient expenditure. Regarding outpatient outcomes, LTCI demonstrated a significant reduction in monthly OOP outpatient expenditure by 313.764 yuan. However, there was no statistically significant impact on monthly outpatient visits frequency and monthly total outpatient expenditure.
Table 1, Column 3 shows the estimated coefficients for DID model applied to vulnerable matched participants. The DID results demonstrated that the implementation of LTCI significantly decreased outpatient utilization and expenditure for the vulnerable population. The reduction included a 0.523 decrease in monthly outpatient visits frequency, a decrease of 643.500 yuan in monthly total outpatient expenditure, and a decrease of 302.367 yuan in monthly OOP outpatient expenditure.
Table 1The effects of LTCI on health care utilization and expenditures


	Variables
	Entire participants
	Vulnerable participants

	Annual inpatient visits frequency
	-0.029 (0.059)
	-0.163 (0.124)

	Annual total inpatient expenditure
	-4200.206 (4019.114)
	-2275.684 (2090.300)

	Annual OOP inpatient expenditure
	-2105.069 (2493.747)
	-1514.678 (1133.278)

	Monthly outpatient visits frequency
	-0.489 (0.314)
	-0.523*(0.264)

	Monthly total outpatient expenditure
	-343.087 (214.589)
	-643.500*(321.799)

	Monthly OOP outpatient expenditure
	-313.764*(144.168)
	-302.367*(120.900)


Notes *p < 0.05. Statistically significant results were bolded. Standard errors were in parentheses. The PSM-DDD method was used to measure the effect of long-term care insurance on monthly outpatient visits frequency among entire participants, as it did not meet the common trends test. The PSM-DID method was used for the remaining outcome variables. All expenditures are measured in Chinese CNY. 100 CNY = 13.89 USD
Abbreviations OOP Out-of-pocket




Robustness test results
We conducted placebo tests on both the full population and the vulnerable subgroup. The results show that, across the 500 regressions for all dependent variables, the average estimated coefficients are not statistically significant, meaning the effects of the fake LTCI policy are close to zero. Figure 5 presents the placebo test results for the four dependent variables that had statistically significant coefficients in the baseline regression. This indicates that the baseline analysis results are robust, and the changes in the differences of the dependent variables between the LTCI and non-LTCI groups was indeed caused by the LTCI policy.
[image: ]
Fig. 5Results of placebo tests. Notes A, Kernel density and P-values of simulated coefficients for monthly OOP outpatient expenditure (entire participants); B, Kernel density and P-values of simulated coefficients for monthly outpatient visits frequency (vulnerable subgroup); C, Kernel density and P-values of simulated coefficients for monthly total outpatient expenditure (vulnerable subgroup); D, Kernel density and P-values of simulated coefficients for monthly OOP outpatient expenditure (vulnerable subgroup). Red vertical dashed line, The estimated coefficients (standard errors) in the baseline analysis. Black vertical dashed line, The mean estimated coefficients (standard errors) in the 500 times simulation. Statistically significant coefficients were marked with * Abbreviation: OOP Out-of-pocket




Discussion
This study found that LTCI’s coverage remains low in pilot cities. This study discovered that LTCI reduced monthly OOP outpatient expenditure for middle-aged and older Chinese adults. However, it didn’t significantly affect outpatient visits frequency, total outpatient expenditure and inpatient outcomes. In the vulnerable subgroup, LTCI decreased three outpatient outcomes but did not affect inpatient results.
Unlike other aging countries like Japan, China had a low LTCI coverage rate. LTCI is mandatory for all Japanese citizens aged 40 and above, whereas China differs in this regard. LTCI was piloted in only 35 cities in China, predominantly covering UEMI enrollees across all pilot cities and including URMI or URRMI enrollees in only a few cities.
Similar to previous research in China [22], this study found that LTCI significantly reduced monthly OOP outpatient expenditure for middle-aged and elderly adults. LTCI also reduced outpatient visits frequency and total outpatient expenditure, though not statistically significant [17]. Similarly to the situation in South Korea, studies have shown that LTCI has no impact on outpatient visit frequency [40] but reduces the medical expenses per visit [41]. In the vulnerable subgroup, reductions were significant for all there outpatient outcomes. One potential mechanism is that LTCI reimburses for daily living care and medical nursing services, which partially substitute for outpatient services. Since services used by insured individuals cannot be covered by different social insurance plans simultaneously, and because LTCI offers a high reimbursement rate and greater convenience compared to outpatient services, participants prefer to seek for long-term care services [42]. Besides, LTCI policies may reduce beneficiaries’ risk of disease [43, 44] and outpatient emergencies [45, 46] by offering care services, indirectly lowering outpatient expenses. These findings indicate that LTCI could assist in easing the financial burden of outpatient for beneficiaries. However, there are also studies with different results. Chen et al. [23] found that LTCI had no impact on OOP outpatient expenditure, while Hou et al. [19] found that LTCI improved outpatient utilization and cost. The heterogeneity in the results may be due to differences in the cities analyzed and the definition of the LTCI group. Chen et al. covered only two pilot cities and did not exclude Qingdao from their analysis—where LTCI was implemented partially before LTCI’s nationwide launch in 2016—when using the DID method. The partial implementation in Qingdao may have confounded the assessment of the national implementation effects. Hou et al. did not assess the covariate balance between the LTCI and non-LTCI groups, which could lead to confounding effects.
This study found no significant impact of LTCI on inpatient utilization and expenditure, both in the overall population and in the vulnerable subgroup. These findings align with investigations conducted in China [19–21]. The possible reasons are as follows. Firstly, LTCI doesn’t reimburse hospitalization expenses like medical insurance does. Instead, it can only indirectly reduce inpatient visits frequency and costs by offering healthcare services to improve the health status of beneficiaries. The too short duration of the LTCI pilot in China to achieve notable improvements in health levels might explain why there wasn’t a significant effect [18]. Secondly, participants requiring hospitalization typically have more severe illnesses, leading them to be cautious in selecting medical facilities. Due to the traditional trust in hospitals and the limited quality assurance of LTCI services [47], people prefer to choose hospital services rather than LTCI services. Thirdly, LTCI service providers might identify health issues needing hospitalization and offer health education to the disabled and their families [48]. This can raise their awareness of health management, leading to increased demand for hospitalization [49, 50]. As a result, the inpatient utilization and expenditure did not significantly decrease. Some studies had findings that differed from this one. Deng et al. [17] and Yang et al. [28] found that LTCI reduced the frequency and expenditure of inpatient. These studies analyzed data from the 2015 and 2018 waves of CHARLS. Since there is only one wave of data available before the implementation of LTCI, and the common trends test requires data from at least two waves prior to policy implementation, these studies did not perform this test. This omission may lead to improper use of DID analysis and potentially biased outcomes.
Based on the previous description of the coverage rate and the results of the LTCI’s impact, this study makes some recommendations. Firstly, expand LTCI’s coverage to ensure equity in policy. Presently, most LTCI participants in China are urban residents and those from higher socio-economic backgrounds, like UEMI participants. However, rural populations experience more aging, severe health issues, and face higher risks of poverty due to illness compared to urban areas [51]. It’s vital to broaden policy coverage beyond current pilot participants and prioritize rural areas with weaker healthcare infrastructure. Secondly, summarize the pilot experience and establish a referral mechanism between hospitals and LTCI nursing facilities for necessary patient transfers. This initiative may raise awareness of LTCI services and decrease unnecessary hospitalizations.
Limitations
Our study had two limitations. Firstly, we employed self-reported survey data, which may be prone to recall bias. In the survey, CHARLS also investigated the respondent’s spouse. If the respondent was unable to answer, CHARLS designated the spouse or adult children as proxy respondent, reducing bias to some extent. Secondly, as a quasi-experiment, this study may involve confounding effects in causal inference. Similar to other studies [18, 23, 28], we matched and corrected for covariates that likely influenced the outcomes.


Conclusions
The empirical results of this study suggested that the introduction of LTCI reduced the OOP outpatient expenditure but did not affect other outcomes among Chinese middle-aged and elderly people. Similarly, LTCI reduced outpatient but not inpatient outcomes in vulnerable population. Based on our findings, improvements in LTCI policy are needed.
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