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Background: The efficiency of primary health care services is drawing increased attention worldwide, especially in developing countries. Health care reform in China has moved into the ‘deep water zone’ phase and is facing the dilemma of inefficiency in primary health care services, which is a critical challenge for universal health coverage.

Methods: In this study, we estimate the efficiency of primary health care services in China and its determinants. A combination of a super-SBM (Slack-Based Measure) model, a Malmquist productivity index model and a Tobit model is used to study provincial panel data, and the results demonstrate the inefficiency of primary health care services in China and the variations in efficiency values between regions.

Results: Over time, the productivity of primary health care services shows a decreasing trend, mainly due to slowing technology change. Financial support is needed to improve the efficiency of primary health care services, but it is worth noting that existing social health insurance coverage decreases efficiency, while economic development, urbanization and education also have a significant impact.

Conclusion: The findings suggest that increasing financial support should remain a priority in developing countries but that reasonable reimbursement design, appropriate payment methods and comprehensive supporting social health insurance policies are key to the next step of reform.
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1. Introduction

According to the World Health Organization, the fundamental goal of global health system reform is to achieve universal health coverage, and countries around the world continue to reform their health care systems with the aim of improving service structures, processes and outcomes (1). Primary health care (PHC) is widely seen as the backbone of a national health care system that provides comprehensive services to the population, but both developed and developing countries have been caught in the dilemma of inefficiency in PHC services. Efficiency improvements are critical for reducing wasted resources and achieving sustainable health outcomes (2), especially in developing nations.

Efficiency is a measure of the amount of output in relation to a given level of input (3), and technical efficiency (TE) is often used to represent the efficiency of health care services. Whether greater input improves efficiency is unclear; although some studies have noted that insufficient input can limit efficiency (4), increased input does not itself necessarily lead to increased efficiency. An estimation is therefore beneficial, especially for developing countries, when PHC reform reaches the point at which the impact of increased input becomes unclear and governments begin looking for solid evidence to improve their existing reform agenda. Existing research has mostly focused on developed countries at the institutional (5–7) and system levels (8–10), but much less attention has been paid specifically to PHC services (11, 12), and more empirical research is needed to support the estimation of PHC service efficiency in developing countries in particular.

The next most pressing question is that of which determinants are associated with efficiency, which this study also aims to answer. Recent studies have found that socio-economic factors, including population, urbanization, GDP per capita and education, have an effect on the efficiency of health care systems (13–15). Two policy tools—increased financial support and social health insurance coverage—are also often used in an attempt to reform health and primary care, but whether they improve the efficiency of PHC services is unclear. A study of 165 countries, for example, found a positive correlation between the share of health expenditure in the public budget and the performance of the health system (16), but evidence from emerging and developing economies shows that simply increasing public spending can reduce efficiency if done so without sufficient supervision (17). Findings from 21 OECD countries indicate that offering insurance coverage to a larger percentage of the population can facilitate health system efficiency (18), but reforms in the United States have shown that increased insurance coverage can also decrease the TE of health care delivery (19). However, as previously noted, while there is a wealth of research on developed countries, detailed evidence in developing countries is still limited, especially for PHC services, and this study seeks to narrow this knowledge gap.

As the largest developing country in the world, China was praised between the 1950s and 1970s as a successful example of a nation addressing its health care issues. The foundation of the PHC system was laid by a community-based rural health insurance programme (Cooperative Medical System; CMS), ‘barefoot doctors’ and a three-tier delivery system (county hospitals, township health centers and village clinics). Three social insurance schemes—the Government Insurance Scheme, Labor Insurance Scheme and CMS—covered almost the entire population, and health reform initiatives that started in 1978 have since gone through three phases (20). During the first stage, China transitioned from a planned economy to a socialist market economy, and the government adopted a laissez-faire market for health care to fund and deliver health services. PHC become the least developed and most vulnerable part of the health care system (21), and the health insurance system began to collapse with the decrease in public provision and the dissolution of the CMS. The beginning of the second stage of health care reform was marked by the introduction of the Urban Employees’ Basic Medical Insurance (UEBMI) for formally employed workers in 1998, which was followed by the New Rural Cooperative Medical Scheme (NRCMS) for rural residents in 2003 and the Urban Residents’ Basic Medical Insurance (URBMI) for unemployed urban residents in 2007. In 2009, the third stage of health system reform was launched, which, in terms of scale and scope, is one of the largest health policy interventions in modern history. The plan specifically identifies five targets, one of which is restoring China’s once enviable PHC system, which will lead to the rebuilding of a well-structured delivery system.

Primary care facilities are a crucial component in the system of health services and health care provision. China’s PHC system consists of community health service centers (stations), sub-district health centers, township health centers, village clinics, outpatient departments and infirmaries, which serve as the first line of defense against health inequities. From 2012 to 2020, the financial subsidy income of primary health care institutions (PHCIs) increased by 176% in absolute terms and had grown to 33.1% of the total income of PHCIs by 2020. Meanwhile, a huge amount of money was invested to bring more facilities, equipment and human resources to the PHC system (see Figure 1), and continuous growth was observed in PHCIs, beds and especially health technicians, which increased by a total of 52.2%. Great efforts have also been made to implement health care alliances, and a series of policy measures have been introduced to improve the quality of services in order to encourage residents to use PHC facilities. Although the number of visits to PHCIs is increasing, the ratio of PHC visits to the total number of medical visits has remained between 50 and 60%, and the efficiency of PHC services in China still faces serious challenges.
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FIGURE 1
 Number of PHCIs, beds and health technicians in PHCIs, 2012–2020.Source: China Health Statistical Yearbook (2013–2021).


The main goals of the study were to (1) estimate the efficiency of PHC services in China and their productivity changes; (2) analyze the determinants of the efficiency of PHC services in mainland China; and (3) provide policy implications for developing countries and for improving the efficiency of PHC services.



2. Materials and methods

We used a super-SBM model to measure TE, a Malmquist index model to measure productivity changes and a Tobit model to analyze the determinants of efficiency. These methods have been widely used to estimate the efficiency of health performance in both developed (22) and developing (23, 24) countries.


2.1. Measuring technical efficiency


2.1.1. Super-SBM model

TE reflects the capacity to provide health care services by combining and utilizing the available production factors (25). Tone (26) proposed a non-radial, non-angular SBM model that includes slack variables; since a single SBM model has an optimal efficiency evaluation of 1, there are often multiple decision-making units (DMU) with an efficiency value of 1, making it impossible to perform a comparative ranking. Tone (27) therefore proposed the super-SBM model, which derives efficiency values that can be greater than or equal to 1, effectively solving the problem of the relative efficiency ranking of DMUs. The specific formula is
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which is subject to
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where σ is the TE value; x and y are the observed values of DMU inputs and outputs, respectively; s− and s+ represent the input and output slacks, respectively, for the DMU under evaluation; and λ is the weight coefficient of the reference DMU. The super-SBM model assumes a constant return to scale (CRS). This study extends the super-SBM models to the variable return to scale (VRS) case by limiting
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for Eq. 5.




2.2. Measuring the productivity change


2.2.1. Malmquist productivity index model

The Malmquist productivity index (MPI) model is used to measure the dynamic changes in total factor productivity (TFP) in DMUs over time. TFP is divided into technology change (TC), which reflects the movement of the production frontier surface from period t to period t + 1, and technical efficiency change (TEC), which represents the rate at which the DMU catches up with the production possibility frontier from period t to period t + 1 and which can be further decomposed into pure technical efficiency change (PEC) and scale efficiency change (SEC). The formula is
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We can see the TFP from year t to year t + 1 in Eq. 7:
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where xt and yt represent the input and output indicators, respectively, in period t; xt + 1 and yt + 1 represent the input and output indicators, respectively, in period t + 1; and Dt and Dt + 1 represent the relative efficiency of DMU in periods t and t + 1, respectively. As the technical efficiency change tends toward 1 (TEC > 1), the DMU approaches the production frontier and the improvement of TE increases, and vice versa; as the technology change tends toward 1 (TC > 1), the production frontier moves forward with technology progress or innovation, and vice versa; and as the TFP tends toward 1, the DMU’s dynamic efficiency in a certain period increases, and vice versa.




2.3. Measuring the technical efficiency determinants


2.3.1. Tobit model

Along with the effects produced by the input and output indicators, other factors can impact the efficiency of PHC services. Using the TE value calculated by the super-SBM model above as the dependent variable and the influencing factors as the independent variables, a regression model can be created that uses the coefficients of the independent variables to determine the direction and intensity of the determinants of efficiency. Tobit regression analysis is a dependent variable constrained model, and the regression model form can be written as
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where Yi is the TE value, Xi is the independent variable, βi is the coefficient to be estimated and ε is the random perturbation term.




2.4. Data

Data for the indicators in this study were obtained from the China Health Statistical Yearbook (2013–2021) and China Statistical Yearbook (2013–2021), covering the study period from 2012 to 2020. The research subjects were 31 provincial units in mainland China: the eastern region, comprising Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong and Hainan; the central region, comprising Shanxi, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei and Hunan; and the western region, comprising Inner Mongolia, Chongqing, Guangxi, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, Tibet and Xinjiang.


2.4.1. Inputs and outputs

In previous studies, input indicators have usually been classified into three categories—capacity-related, labor-related and expense-related—while outputs have usually been classified into activity-related and quality-related, although most studies have used the former rather than the latter (28). In China, input indicators are generally operationalized as the numbers of institutions, beds, health technicians and units of equipment and output indicators as the numbers of visits and inpatient admissions and the bed occupancy rate (29–31). In addition to these direct indicators, some scholars have also used indirect indicators, such as mortality rate and life expectancy (32), but these apply to the national health system rather than to the PHC system specifically and are not direct outcomes of health care, being influenced by other factors, such as ethnicity and diet. Given that the focus of this study is the PHC system and considering data availability, we prefer to use direct indicators: the numbers of PHCIs, beds in PHCIs and health technicians in PHCIs as inputs and the numbers of visits to PHCIs and inpatient admissions to PHCIs as outputs (see Table 1).



TABLE 1 Definitions of inputs and outputs.
[image: Table1]



2.4.2. Determinants of technical efficiency

According to some studies, insufficient government investment and a lack of health insurance coverage are the main causes of extreme inefficiency in China’s health care system (33, 34), and we therefore use financial support and social health insurance coverage as independent variables and estimate their relationship with PHC services efficiency. Financial support represents the national financial investment in the health sector, which reflects the importance given to the health care system, and social health insurance coverage reflects the financial protection of the population. We also control for other factors that may influence TE: population density, urbanization, education and GDP per capita. The operationalization of the determinants and the hypotheses made regarding the directions of the effects are presented in Table 2.



TABLE 2 Determinants and hypotheses.
[image: Table2]





3. Results


3.1. Descriptive statistics

As shown in Table 3, for inputs, there have been continuous increases in institutions, beds and health technicians, with the largest percentage increase from 2012 to 2020 being health technicians, at 52.3%. For outputs, however, the visits and inpatient admissions grew unsteadily from 2012 to 2019, with a significant decrease in 2020. Overall, the growth in outputs was modest, lagging far behind the increase in inputs. It is worth noting that the significant reduction in the number of visits and inpatient admissions was at the start of the COVID-19 pandemic and may be a short-term phenomenon that will reverse as the prevention and control situation improves.



TABLE 3 Descriptive statistics for inputs and outputs.
[image: Table3]



3.2. Technical efficiency

As shown in Table 4, from 2012 to 2020, the average TE of all 31 provincial units was 0.813 (less than 1), demonstrating the overall inefficiency of PHC services. Based on international studies (35, 36), we divided the efficiency value (EV) into three grades to reflect the spatial distribution characteristics of the efficiency more clearly and intuitively: high-efficiency (EV ≥ 1.0), medium-efficiency (0.8 ≤ EV < 1.0) and low-efficiency (EV < 0.8). ArcGIS10.2 software was used to draw a spatial distribution map (see Figure 2), which shows that half of the high-efficiency provinces are in the eastern region, with the most efficient being Shanghai. The low-efficiency provinces are primarily concentrated in the western region, of which Shanxi has the lowest efficiency.



TABLE 4 Technical efficiency values.
[image: Table4]
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FIGURE 2
 Spatial distribution of primary health care service efficiency.




3.3. Productivity changes


3.3.1. Productivity change across provinces

Table 5 displays the average TFP in the 31 provinces from 2012 to 2020. Only the values in Beijing and Zhejiang were greater than 1, while the remainder showed different degrees of decline, suggesting that efficiency decreased broadly during this time. Significant differences were observed between provinces, with Zhejiang experiencing the most growth and Guizhou the largest decline, of 10.5%. As Zhejiang and Beijing attract competent health technicians by offering competitive salaries and supplying advanced equipment, patients are likely inclined to prefer facilities in these two cities, further improving their competence in treatment and management.



TABLE 5 Malmquist index and decomposition indexes by province.
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3.3.2. Productivity change across regions

As can be seen from Table 6, the efficiency in the eastern region declined the least, mainly due to having the smallest decline in TC, and the central region declined the most, by 5.2%, which is contrary to the findings of Chen et al. that TFP growth was higher in the interior provinces than in the western region (37). Despite slower economic development, a level of medical resource reserves has been accumulated in recent years in the western region from perennial national counterpart assistance and policy preferences. However, the central region has neither developed to the same economic level as the eastern region nor received the strong policy and counterpart support of the western region, and due to the proximity of the eastern region, where health technicians are paid more, the central region suffers from a greater loss of skilled health technicians than the western region. Consequently, the central region’s Malmquist index is lower than that of the western region.



TABLE 6 Malmquist index and decomposition indexes by region.
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3.3.3. Productivity change over time

Table 7 shows the annual average TFP and its components from 2012 to 2020. Despite fluctuations in some years, there is an overall downward trend. The average TFP from 2012 to 2020 was 0.955, and apart from 2012 to 2013, all the other years displayed a downward trend, indicating that PHC services at the provincial level declined in productivity over time. TFP in 2019–2020 had the largest decline, of 17%, which was mainly due to the decline in TC of 12.4%. The decomposition index shows a downward trend for PEC, SEC, TC and TEC, suggesting the level of technology and management of PHCIs is still limited, producing a decline in efficiency.



TABLE 7 Malmquist index and decomposition indexes by year.
[image: Table7]

Combined with Figure 3, it can be seen that the TC trend essentially tracks that of TFP. Pearson’s correlation coefficient for TC and TFP over time is 0.889 (p = 0.003), indicating that there is a significant and strong correlation between TC and TFP, which further illustrates that TC is the main factor affecting the productivity change. This is consistent with other studies that have found similar patterns in TFP. For instance, health system productivity in China was compared before and after the 2009 health care reforms, and the results showed that the observed decline was mostly attributable to the deceleration in TC (32). Similarly, Ng (38) found that China’s health care systems were experiencing productivity decline, which was linked to technological regression.

[image: Figure 3]

FIGURE 3
 TC, TEC and TFP averages of the Malmquist Index by year.





3.4. Determinants of technical efficiency

While an estimation of efficiency is an examination of the effectiveness of past reforms, an exploration of the determinants of efficiency is even more important for the government to adjust the future direction of health care reform and to develop effective policies. As shown in Table 8, economic development affects the efficiency of PHC services, which can explain the distribution in Figure 2. Urbanization and education also have an impact on efficiency, which is consistent with previous studies (39).



TABLE 8 Tobit regression results.
[image: Table8]

As shown in Model 1, financial support significantly improves the efficiency of PHC services, which supports our hypothesis. This observation is consistent with Evans et al. (4), who found that efficiency is positively associated with health expenditure per capita. Similarly, a study conducted in Shandong province found that basic public health services operated more effectively once the proportion of total public expenditures spent on health was increased (40), which is not surprising because a proper expenditure arrangement entails increased access to and use of health resources by the public. Currently, most patients still view PHCIs as locations for dispensing and refilling prescriptions rather than for treatment and consultation, and most patients still favor secondary or tertiary facilities when seeking care due to a lack of skilled health technicians and equipment (41). An increased share of public budgets allocated to health can help to improve the technical conditions and personnel quality of health services, which would improve the operating conditions and service levels of PHCIs, making it easier to retain experienced health technicians and improving technology, which would together contribute to increased efficiency and attract more patients.

As noted in Model 2, social health insurance is negatively correlated with the efficiency of PHC services, which contradicts our hypothesis. Several studies confirmed our findings. The increase in social health insurance coverage may not have a major impact on the efficiency for the reason of market power and moral hazard effect (42). Meanwhile, it will promote the use of high quality of health care services, which affected the utilization of PHC, resulting in inefficiencies. From a practical point of view in China, it may be a consequence of three different factors. First is poor reimbursement structures (43): social health insurance, especially the NRCMS, does little to address the issues of unaffordable access to health care due to high deductibles and co-payments, poor reimbursement rates and convoluted reimbursement procedures (44), and low reimbursement caps substantially increase patients’ financial risk and restrict their service options. After annual caps are met, patients with minor health conditions will seek outpatient care at secondary and tertiary hospitals, especially if the reimbursement caps in hospitals are higher than those in PHCIs (45), which lead to the low utilization of facilities in PHC. Meanwhile, NRCMS prioritizes inpatient treatments above outpatient services, and outpatient service reimbursement is low (46). Expensive outpatient services therefore remain a heavy financial burden for many patients, such that outpatient utilization has barely increased, which is detrimental to efficiency.

The second factor may be inappropriate payment methods (47): at present, the dominant health insurance payment method in China is fee-for-service, which, as a type of retrospective payment system, is considered harmful to efficiency, causing health care providers to work inefficiently or seek to induce demand (48). Fee-for-service also leads to a pattern of competition for patients at all levels of health care in order to increase the volume of visits. PHCIs are clearly unable to compete with secondary and tertiary hospitals in terms of technology and resources, so more patients are absorbed by public hospitals, resulting in low utilization of PHC services, which hinders efficiency improvements.

The third factor may be incomplete support policies: the National Essential Medicines System (NEMS), which mandates that only essential medicines can be used by PHCIs, is closely related to the social health insurance policy, according to which the breadth and capacity of PHCIs to make diagnoses and provide medical care is constrained, which in turn hampers the growth of medical specialties and competencies. A shortage of medicines would also force people to seek care at public hospitals, which would further hinder efforts to improve the efficiency of PHC services. In Model 3, we combined financial support with social health insurance coverage, and they both remained significant, confirming their effects on efficiency.




4. Discussion and conclusion

Improving healthcare efficiency has drawn significant attention for many years, especially in developing countries. By estimating efficiency, health planners and decision-makers can identify bottlenecks and adopt solutions in line with national health goals, and given the many similarities among developing countries, the findings of this China-focused study may serve as a reference. The results demonstrate the inefficiency of PHC services in China and show obvious regional differences, with the highest efficiency in the east. Productivity also shows a downward trend over time, mainly due to a decline in TC. Financial support can improve the efficiency of PHC services, but social health insurance coverage—at least, as it is currently implemented in China—decreases efficiency.

The decomposition of the Malmquist Index shows that the common factor in the decline in productivity in the three regions is the deterioration in TC, which implies that progress and technological innovation are key factors for efficiency that help to attract patients to visit PHCIs by improving service capacity. Although medical resource reserves have been accumulated in recent years from perennial national investment and policies, it is also critical to improve the quality of such resources, especially medical technology, health technicians and management support. More competent general practitioners should be trained, and the salaries and welfare benefits of health technicians should be improved (49). However, this would entail a long and gradual process to achieve productivity improvement, especially for the central and western regions.

Our findings confirm that efficiency in China varies between the three regions, which correlates with socio-economic factors, including economic development, urbanization and education. Higher economic development is more likely to lead to the adoption of a range of innovative measures, including comprehensive infrastructure, and a population with more education will tend to be knowledgeable and make better health choices. A higher level of urbanization also makes medical institutions more concentrated and thus makes it easier to exploit economies of scale and to improve technical and service efficiency through competition, technology spill-over and diffusion. In a word, higher level of urbanization and economic development means higher income, better infrastructure and better supply of health care services, which contribute to the promotion of the efficiency (50). In contrast, low economic development, education and urbanization in the central and western regions hinder efficiency, but policy alone cannot easily act upon these determinants of efficiency. Nevertheless, our findings suggest that, as there are such major differences between the regions, the design and execution of measures should be tailored to each and more resource, and subsidy support should be provided to the central and western regions to narrow the gap with the economically developed east.

Financial support is also beneficial for efficiency, suggesting that developing countries may need to increase the share of the public budget devoted to health care because there remains a large gap between developing and developed countries in terms of financial support for their health care systems. Low expenditure results in the under-provision of public services and a high private share of total health expenditure, which increases costs to patients due to problems of geographic access, availability and financial accessibility (51); conversely, increasing expenditure would enable PHCIs to purchase advanced equipment and hire experienced health technicians, improving the quality of PHCIs and attracting patients for treatment. Nevertheless, we cannot ignore that limitations on public funds make it difficult to achieve sustained increases in health expenditure, and it is therefore equally important to improve productivity and efficiency in the health systems of developing countries (52).

To achieve universal coverage, many developing countries are considering increased investment in their national insurance programmes. We cannot discount the advantages of social health insurance for ensuring access to health care services and for protecting households from financial risk caused by the cost of health care services, but the success of social health insurance may be limited. The multiple regression results indicate that insurance coverage generates inefficiency. Reasonable reimbursement design, appropriate payment methods and comprehensive support policies are a key step to achieving universal coverage, not merely investing more in national insurance schemes. As Bloom (53) said, any health care reform programme eventually needs to address the underlying institutional arrangements inherent in the system, and a crucial issue is how to better implement a policy of differential payment of medical insurance for different levels of health care institutions and thus raise the proportion of medical insurance payments for PHCIs. The public is increasingly concerned about the quality of health care services, but financial protection also remains a concern, especially among those with low incomes. In terms of payment methods, the Chinese government should consider a more varied approach than payment by service item, such as diagnosis-related groups (DRGs), capitation, case-mix or global budgets. NEMS support policies should also be improved, and increasing reimbursement rates for—and expanding the range of—essential medicines should be considered.

Compared to the studies on health care efficiency, increasing financial support and enhancing the relative attention of the government remains an important policy tool for efficiency improvement, which is consistent with most findings. In the case of health care insurance, however, it is noted that there is no impact on improvement of PHC efficiency, which has significant implications for policy makers in the future. For developing countries, PHC reform is moving into the ‘deep water zone’ phase and is still a long way from achieving universal health coverage. Restoring and improving PHC efficiency will be an incremental process, and COVID-19 placed the PHC system under tremendous pressure in terms of performance, sustainability and quality. It is therefore crucial for developing countries to explore new methods to improve productivity and efficiency in their health systems. We plan to continue our focus on the efficiency of PHC services, and we encourage other researchers to engage in empirical research on this topic in developing countries in order to extend our analysis.
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