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Background: The hierarchical medical system (HMS) refers to the classification of treatment according to disease priorities based on severity and difficulty to promote the fairness of medical services for residents, which is regarded as the key to the success of medical reform in China.

Methods: In the past decade of “New Medical Reform,” the efficiency of HMS, including secondary and tertiary hospitals and primary healthcare centers (PHCs), was measured horizontally and vertically by employing the combination of an output-oriented superefficiency slack-based model-data envelopment analysis (SE-SBM-DEA) model with the Malmquist total factor productivity index (MTFP). In the second stage, the overall technical efficiency (OTE) scores were regressed against a set of environmental characteristics and several managerial factors through bootstrapping truncated regression.

Results: On average, the OTE score in tertiary hospitals was 0.93, which was higher than that in secondary hospitals and PHCs (0.9 and 0.92, respectively). In terms of trend, the OTE of tertiary hospitals declined at first and then increased. The opposite was true of secondary hospitals, in which the APC of the OTE was 10.82 and −3.11% in early and late 2012, respectively. The PHCs generally showed a fluctuating downward trend. In the aspects of productivity, all institutions showed a downturn by an annual average rate of 2.73, 0.51, and 2.70%, respectively. There was a significant negative relationship between the ratio of outpatients to inpatients and tertiary hospitals. Additionally, the medical technical personnel per 1,000 population negatively affected PHCs. In contrast, the GDP per capita had a significantly positive effect on tertiary hospitals, and the number of beds per 1,000 population positively influenced PHCs.

Conclusion: The efficiency of medical institutions at various levels in HMS was unbalanced and took the form of an “inverted pyramid.” Multilateral factors influence the efficiency of HMS, and to address it, multi-intervention packages focusing on sinking high-quality medical resources and improving healthcare capacity, and guiding hierarchical medical practice should be adopted.
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Introduction

China has been dedicated to promoting a hierarchical medical system (HMS) to rationally modify the current healthcare structure with the goal to realize equal access to basic medical services for all, ultimately, achieving maximized use of medical resources. In the 1980s, the establishment of a three-level medical system composed of city, district, and street clinics was the prototype of HMS in China. In March 2009, the Chinese government formally launched a new round of healthcare reform, of which HMS was considered the “core” content (1, 2). In 2015, the State Council proposed a tiered healthcare delivery system toward an official implementation of HMS in China. By 2020, the HMS conforming to national conditions will be established (3). To achieve such a goal, a series of promotion strategies contributed to the implementation of HMS in hospitals nationwide, including training medical staff, doctors practicing in multiple locations, medical alliances (4), partner assistance, telemedicine (5), professional coalitions, family doctor contract services (6), and medical insurance (7).

Although the HMS in China has made some progress, there are still challenges, and more effective strategies are expected to be implemented in the future (8). For example, the structural questionnaire in Shandong found that self-initiated downward referral was less than one-third, and upward referral was easy but hard than downward referral (9). The nationally representative longitudinal data from 2012 to 2018 indicated that the residents' likelihood of choosing PHC services represented a decreasing trend (10). A practical survey in Jilin indicated that care users' first contact with PHCs flowed in an inverse U shape (11). In contrast, a study among patients showed that 2/5 patients bypassed PHCs to access care from higher-tier facilities (12). In fact, superior hospitals often form a certain degree of siphonic effect on subordinate hospitals due to the loose two-way referral and their technical advantages (13). An analysis of the hospital market in China after the 2009 healthcare reform showed that tertiary hospitals were still hard to access because of excessive patients and overlap in services with junior hospitals (14, 15), which usually indicated higher healthcare expenditures (16). The work-related accumulated fatigue among doctors in six provinces of China showed that high-level states were prevalent in tertiary hospitals (17), as well as idled medical resources in secondary hospitals and PHCs. To optimize the redistribution of medical resources and improve the efficiency of HMS, more needs to be done by the government (18).

Given the critical role that efficiency plays in improving the use of medical resources, understanding the level of efficiency and associated factors in HMS is an important research and policy question. Wang analyzed the efficiency of China's medical service resources under the background of HMS and found a large gap between provinces (19). At the provincial level, Wu examined the unbalanced implementation efficiency of PHCs in Fujian (20). According to the practical survey of Chongqing, Yang found that there were still significant spatial disparities in spatial accessibility to medical services by adopting HMS (21). Wang built a discrete choice model, which indicates that HMS led to an increase in patient satisfaction (22). Niu (23) and Li (24) systematically found that the HMS could gradually increase the total medical profit. However, there is no research evidence available to compare the efficiency of the three-level medical system in China. In this article, we focused on the comparison of effectiveness between secondary and tertiary hospitals and PHCs in HMS. Superefficiency slack-based model-data envelopment analysis (SE-SBM-DEA) and the DEA-based Malmquist total factor productivity index (MTFP, TFP) were combined to evaluate the static and dynamic efficiency of resource allocation in medical institutions at various levels from 2010 to 2019. A bootstrapping truncated regression model was used to perform a regression analysis on the influencing factors on technical effectiveness. In addition, the analytical framework has several technical advantages: first, the input and output of healthcare include multiple aspects, which is exactly the advantage of DEA for calculating the efficiency of HMS; second, DEA can effectively avoid the problem of model setting error because of non-parametric estimation; finally, the combination of DEA and bootstrapping truncated regression can overcome the interception problem of efficiency distribution and determine the interactions to improve HMS efficiency (25). Integrating the above analysis, we aimed to put forward scientific suggestions for promoting the high-quality development of HMS in China.



Materials and methods


Superefficiency slack-based model-data envelopment analysis

Data envelopment analysis (DEA) is a powerful non-parametric comprehensive evaluation method created by Charnes in 1978 (26). DEA accommodates multiple inputs and outputs in a single measure of efficiency and has become the dominant approach to measuring efficiency in healthcare (27). Additionally, researchers have improved the model in various fields. However, these models have a commonly fatal weakness in that measures are still radial and angular. To solve the effect of slackness caused by input and output, Tone proposed a non-radial slack-based measure of efficiency in data envelopment analysis (SBM-DEA) (28), which was more suitable for evaluating samples with fuzzy interconnect inputs, and further provided target improvement values for the input and output of each inefficient decision-making unit (DMU) (29). Moreover, the traditional DEA model fails to distinguish the DMUs with an efficiency value equal to the highest value “1” (30). As a solution, Xue proposed the superefficiency DEA (SE-DEA) mode in 2002 (31), in which the basic idea was to remove the effective evaluation unit from the set and reevaluate for further evaluation and ranking of multiple DMUs more accurately (32). SE-SBM-DEA is a combination of superefficiency DEA and the SBM model, which addresses excessive input as well as a shortage in output and uses additive models to provide a scalar measure of all inefficiencies (33). Therefore, it has superiority over the traditional DEA model. We used the following description.
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In formula (1), ρ * is the super efficiency value of DMU, [image: image] represents the input–output value of the production unit during the period, and [image: image] represents the relaxation vector of the input–output. This shows that the input is excessive, and the expected output is insufficient when [image: image]0.



DEA-based malmquist total factor productivity index

In terms of efficiency evaluation, SE-SBM-DEA is mainly used to evaluate the relative performance of medical institutions at all levels in a certain period of time, which cannot continuously compare different periods (34, 35). It is also important to investigate the dynamic development of efficiency for medical institutions at all levels over a while. MTFP can be used in DEA theory to observe the TFP between two periods, objectively reflecting the changes in productivity (36). Caves DW first introduced the MTFP based on Malmquist (37), which has been frequently applied to measure the dynamic efficiency change of DMUs in different periods (38). Färe further decomposed the MTFP into efficiency change (EFFCH), pure efficiency improvement (PECH), technological progress change (TECHCH), and scale efficiency improvement (SECH) as follows, which developed it into a production technology index using a distance function to describe multiple input and output variables (39, 40). The expression of the Malmquist index is expressed using the following formula:
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In formula (2), MTFPi (TFP) measures the productivity change of the ith DMU between the two periods t and t+1, and D represents the Shephard distance functions. xt and xt+1 denote the input vector in period t, and t+1, yt, and yt+1 denote the output vector.



Bootstrapping truncated regression

The DEA model measured relative efficiency by comparing and evaluating multi-input and multioutput DMUs, but it did not capture the key factors affecting efficiency. Thus, having calculated the efficiency score, we regressed environmental and managerial factors as the explanatory variables on the OTE to investigate the reasons for inefficiencies in medical institutions at various levels (41). In our study, we took into account the independence, availability, and comprehensiveness of data with the research focus. Therefore, the environmental factors that we considered were based on the literature and included the urbanization rate (UR) and GDP per capita (GDB). Medical technical personnel and beds per 1,000 population (MTPP and BP), the ratio of outpatients to inpatients (OI), the average length of stay (ALoS), and the ratio of doctors to nurses (DN) were determined to be the major managerial factors affecting service efficiency (42). Based on the imbalance in the allocation of healthcare resources existed between urban and rural areas in China (43), the population urbanization reflecting the transition of rural population to urban population might influence residents' decision to seek medical treatment. Like the UR, the GDB could well reflect the local economic development and residents' living standards, which could encourage the choice of high-quality healthcare. The ALoS was a comprehensive index for estimating hospital efficiency, medical quality, and technical level (44). Reducing it can not only minimize the cost of medical resources but also save the cost of medical treatment for patients and increase health production efficiency. The MTPP and BP showed the annual allocation of medical resources in China. At the same time, the DN was an important indicator of the quality of medical institutions, which related to health-related sustainable development. The number of outpatients to the inpatients in the same period represented the functional orientation of disease diagnosis and treatment in medical institutions at various levels and also a strategy to promote public hospitals' participation in HMS.

As the dependent variable, the OTE obtained from SE-SBM-DEA was non-negative; if traditional regression methods such as the ordinary least squares or typical Tobit regression were used directly (45), it would bring serious bias and inconsistency to the parameter estimation due to the existence of a correlation between the measures of efficiency and the error terms (46, 47). To avoid the dependency problem, following Simar and Wilson (48), we adopted bootstrapping truncated regression to explore the factors affecting the OTE of HMS (49) as follows:
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Among them, yit stands for the comprehensive technical efficiency of ith DMU in period t (OTEit), Zj is the set of explanatory variables for j = 1, …, 5, and εj is the error term.



Variables and data

From 2010 to 2019, we used panel data from secondary and tertiary hospitals and PHCs, including community healthcare centers/stations, township hospitals, and village clinics. Affected by the epidemic situation of COVID-19 in 2020, the efficiency of medical institutions at various levels decreased so significantly that the data were not included in the study. The variables selected for this study, summarized in Table 1, were informed by evidence from similar studies and the availability of data. The correlation for input–output variables was tested by IBM SPSS Statistics 20 and is shown in Table 2. The efficiency results were obtained on a Maxdea ultra 8. Annual percent change (APC) and average annual percent change (AAPC) were used to represent the trend change of the rate. APC = (eρ−1) × 100%, ρ was the regression coefficient obtained using the Joinpoint Version 4.9.0.1. STATA 16 was used to perform the bootstrapping truncated regression analysis.


TABLE 1 Study variables and data.

[image: Table 1]


TABLE 2 Correlation coefficient analysis of variables.
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Results


Static technical efficiency

From the descriptive statistics trend from 2010 to 2019 (Table 3), we revealed that both input and output in HMS were enhanced annually. Additionally, superior hospitals were more obvious. On average, the results in Table 4, Figure 1 show that the overall technical efficiency (OTE) of tertiary hospitals was 0.93, and it first decreased (APC = −4.46%, P < 0.05, in 2010–2015) and then increased acceleratingly (APC = 4.13%, P < 0.05, in 2015–2019). The secondary hospitals' OTE was 0.90; however, it first increased (APC = 10.82%, P < 0.05, in 2010–2012) and then decreased (APC = −3.11%, P < 0.05, in 2012–2019), which was in line with Jiang's results that there was a relatively low OTE of the postreform significantly less than that of the prereform for public county hospitals mainly belonging to secondary hospitals (88). The PHCs generally showed a fluctuating downward trend (APC = −3.73%, P < 0.05, in 2013–2019; AAPC = −2.50%, P < 0.05, mean equals 0.92 in 2010–2019), a conclusion consistent with previous findings in PHCs (89, 90). Although the “New Medical Reform” began in 2009, the secondary hospitals and PHCs were technically inefficient after the official implementation of the HMS.


TABLE 3 Descriptive statistics of inputs, outputs, and quality attributes, 2010–2019.
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TABLE 4 The overall efficiency scores of medical institutions at various levels.
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[image: Figure 1]
FIGURE 1
 The technical efficiency of tertiary hospitals (A), secondary hospitals (B), and PHCs (C).


For any DMU, the technical efficiency was effective if pure technical efficiency (PTE) was more than 1. The results showed that secondary hospitals increased at first (APC = 9.66%, P < 0.05, in 2010–2012) and then decreased (APC = −1.48%, P < 0.05 in 2012–2019) annually. Additionally, 80% of it was always < 1. The opposite was true of tertiary hospitals, and PHCs fluctuated. Scale efficiency (SE) reflects the increase or decrease in returns to scale, which is affected by input (91). The tertiary hospitals decreased first (APC = −3.21%, P < 0.05, in 2010–2015), then increased (APC = 2.20%, P < 0.05, in 2015–2019), and showed overall downward trends (AAPC = −0.84%, P < 0.05, in 2010–2019). Comparatively speaking, the secondary hospitals (APC = −2.15%, P < 0.05, in 2014–2019; AAPC = −1.21%, P < 0.05, in 2010–2019) and PHCs (APC = −3.74%, P < 0.05, in 2013–2019; AAPC = −1.74, P < 0.05, in 2010–2019) exhibited a more pronounced downward trend. Generally speaking, 77% of years of all institutions decreased returns to scale.



Dynamic efficiency evaluation

TFP>1 indicated that the total factor productivity of DMUs showed an increasing trend from t to t-1. In contrast, TFP < 1 indicated downward and TFP = 1 did not change (92). Between 2010 and 2019, the results revealed a negative trend in productivity, with yearly average Rates of 2.73% (tertiary hospitals), 0.51% (secondary hospitals), and 2.70% (PHCs) (Table 5).


TABLE 5 The overall MTFP of health institutions at various levels.

[image: Table 5]

During this time period, the EFFCH indicated a reduced trend at an annual rate of 0.58% (tertiary hospitals) and 0.23% (secondary hospitals), with those in 2009 and 2019 being mainly due to the increasing PECH while pronounced decreasing SECH. Furthermore, PHCs showed an upturn by an annual average rate of 0.31% in SECH, but their PECH declined; finally, the EFFCH experienced an average decrease of 0.82%. The results also revealed technology declines, with 81.48% of the TECHCH < 1, and less than one-fifth of the TFP > 1. Therefore, technological progress and innovation were the main contributing factors for improving productivity.

Consistent with the negative changes in SECH for tertiary and secondary hospitals, a gain in OTE could be achieved through downsizing the scale of operation, including equipment, beds, and medical personnel, especially after 2013. Meanwhile, the findings further confirmed that scale inefficiency was the primary cause of inefficiency in Chinese hospitals (93). Moreover, PTE was the key factor that promoted or restricted the improvement of the OTE of medical institutions at various levels. Thus, similar to tertiary hospitals, continuous technology, and quality improvement were foundational approaches to improving the OTE for PHCs and secondary hospitals.



The relationship between OTE and external and internal factors

The bootstrapping truncated regression of efficiency on medical institutions at various levels was carried out. The results in Tables 6–13 show that the environmental and managerial factors had different significant effects on the OTE of various institutions. As a robustness check of our results, we estimated the verification model, where the OTE remained as the dependent variable, and the explanatory variables were the residuals obtained from OLS regressions of significant affecting factors on each of the indexes, respectively. In tertiary hospitals, the GDB (β = 1.61E-5; P < 0.05) was positively correlated. However, OI had a negative association (β = −0.155; P < 0.01). In line with previous studies, the economic level affected patients' medical choice preferences (94, 95). However, the most significant negative impact of OI implied that they should provide high-level specialized inpatient services and treat serious or difficult diseases (96). Similarly, OI had a significant negative effect on secondary hospitals (β = −0.127; P < 0.05) but failed to pass the robustness test significantly. On the contrary, MTPP negatively affected PHCs (β = −0.238; P < 0.01), while BP had a positive influence (β = 0.53; P < 0.01). This analysis might suggest that PHCs failed to attract more patients or give full play to the role of “healthy gatekeepers,” and widespread gaps in the quality of PHCs still exist (97), which were limited by the lack of qualified health service providers (98).


TABLE 6 Results of bootstrapping truncated regression for tertiary hospitals.
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TABLE 7 Results of bootstrapping truncated regression for tertiary hospitals: estimations of the residuals from GBD.
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TABLE 8 Results of bootstrapping truncated regression for tertiary hospitals: estimations of the residuals from OI.
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TABLE 9 Results of bootstrapping truncated regression for secondary hospitals.
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TABLE 10 Results of bootstrapping truncated regression for secondary hospitals: estimations of the residuals from OI.
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TABLE 11 Results of bootstrapping truncated regression for PHCs.
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TABLE 12 Results of bootstrapping truncated regression for PHCs: estimations of the residuals from MTTP.
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TABLE 13 Results of bootstrapping truncated regression for PHCs: estimations of the residuals from BP.
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Discussion

The “inverted triangle” of health resource allocation in China has been the usual course of medical care-seeking behavior (99–101). By comparing medical institutions at various levels in HMS, we further found that the levels of efficiency presented the same form of an “inverted pyramid.” The regional differences in the allocation efficiency of public health resources (102), coupled with hierarchical heterogeneity in HMS, are of particular concern in China.

To obtain the expected medical model, improving the efficiency of subordinate medical institutions is an issue of paramount importance for health policy to ensure the ability to attract and retain patients, especially for PHCs. Evidence indicates that service capability is the primary factor limiting patients' trust and choice of healthcare (103). To improve the effectiveness of HMS, a more practical health policy on improving the professional level of health technicians and the ability of medical service should be formulated.

Considering patients' freedom to choose any medical institution, the mismatching patient flow in the HMS is the main reason for the low efficiency of subordinate medical institutions, on the contrary, overcrowding in high-level general hospitals. Hence, the HMS would not be successful if the voices of the patients were ignored. To address this complicated problem, it is necessary to guide patients to seek medical treatment based on patient-perceived value for service quality and form a reasonable medical order adapting to HMS.


Implications for hospital managers and policymakers

In promoting the high-quality development of public hospitals in China, managers should take into account not only the balanced allocation of medical resources but also the efficiency. It is imperative to reasonably adjust the scale and service of tertiary hospitals, further motivating the flow of medical talent and service cooperation between tertiary hospitals and low-level hospitals. In addition, the reform of the profit-making mechanism of public hospitals would contribute to improving an active two-way referral in HMS.

Managers should continue to enhance the capacity of medical services through medical alliances, partner assistance, telemedicine, professional coalitions, and so on for secondary hospitals. Moreover, to improve the service capacity of PHCs, training, retaining, and evaluating capable people; improving mechanisms and working conditions; ensuring salary and benefits (104, 105); strengthening the ranks of general practitioners; establishing performance accountability; and optimizing continuing education and professional development are worth considering (106, 107). In addition, policies to strengthen all medicines supply and family doctor contract services would further ensure the primary diagnosis at PHCs (108).

Furthermore, public education and guidance for HMS should be strengthened to change patient care-seeking behavior to hierarchical medical practice. Where the conditions were available, as a pilot, the government should take a powerful way to promote the HMS that patients seek healthcare according to their disease rather than subjectively. On the contrary, it might help achieve HMS to set different reimbursement strategies for different diseases and medical institutions at various levels.




Conclusion

The inverted pyramid-like effectiveness of the three-level medical system may seriously aggravate the unbalanced development of HMS in China, which was mainly restricted by the medical service capacity and mismatching patient flow. To improve the imbalance, multi-intervention packages focusing on optimizing the allocation of high-quality medical resources, improving the healthcare quality of subordinate medical institutions, and guiding patients to hierarchical diagnosis and treatment should be developed.



Strength limitation and future research

This study might have several limitations. First, the indicators of efficiency in medical institutions at various levels were mainly considered a quantity metric rather than a quality indicator. Therefore, the research results cannot fully reflect the efficiency level of medical quality. Second, the PHCs include township health centers and village clinics in rural areas, and community health centers (stations) and subdistrict health centers in urban areas. Strictly speaking, the environmental effects on various institutions should be different. Nevertheless, to the best of our knowledge, this study is the first to present levels, trends, and determinants of the effectiveness of the HMS in the past 10 years of China's new medical reform, especially during the phase of the official implementation of HMS since 2015, and then, we put forward targeted countermeasures and suggestions on promoting the high-quality development of HMS.
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