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Abstract

Background China started a pilot public hospital reform in 2012 to improve governance and efficiency in healthcare
services delivery among county-level hospitals. This study aims to investigate the impact of the pilot reform on hospi-
tal efficiency and productivity by using a unique dataset of county hospitals in East China during 2009-2015.

Methods A three-stage approach is used. First, this study uses the output-oriented data envelopment analysis (DEA)
to estimate hospital efficiency with variable returns to scale. Second, propensity score matching is used to address
potential biases associated with the selection of counties for the pilot program. In the third stage, we assess

the impact of the pilot reform on efficiency by using a Tobit Difference-in-Differences approach.

Results The average level of hospital efficiency for the whole sample experienced a rapid drop in 2013, then
returned to a peak in 2014. Except in the reform year (2012), the overall hospital efficiency for the post-reform period
is higher than that for the pre-reform period. The baseline model results show that the pilot reform is associated
with a 3% decline in pure technical efficiency and a 2.3% increase in hospital scale efficiency, respectively. Our find-
ings are robust when we apply bootstrapped DEA efficiency scores and use different specifications.

Conclusion The findings of this study suggest no improvements in overall hospital efficiency associated

with the pilot reform, possibly due to the combined effects of inefficient governance and hospital scale expansion.
This study suggests that further efforts are needed to increase county hospital performance by strengthening man-
agement and optimizing resource utiliziation.
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of China’s health system through the zero-markup drug
policy and hospital governance. Previous studies show
that the health reform has promoted health technol-
ogy adoption and reduced inpatient spending but led
to overtreatment in some settings [6—8]. However, few
empirical studies investigate the policy effect on hospi-
tal performance and operational management, i.e., how
public hospital utilizes limited healthcare resources, an
important policy objective of China’s health reform.

This paper focuses on the change in hospital perfor-
mance from the perspective of efficiency measures.
Early research used efficiency as a comprehensive and
encompassing indicator for evaluating the performance
of health systems. Efficiency was defined as the attain-
able level of a health system to what it could achieve
[9]. The farther from the ideal health attainment, the
lower the efficiency ratio. Under this context, the World
Health Organization (WHO) analyzed the comparative
efficiency of health system performance in 191 mem-
ber states [10]. As for methods of efficiency measures,
parametric and non-parametric methods are the main
approaches to efficiency measurement in health care [11,
12]. Giuffrida and Gravelle used two parametric esti-
mators, corrected ordinary least squares (COLS) and
stochastic frontier approach (SFA), to evaluate the per-
formance of 90 family health service authorities in the
UK [13]. Hollingsworth and Wildman used Data Envel-
opment Analysis (DEA) for efficiency measurement
with data from the WHO study [10, 14]. Hunt and Link
conducted a bootstrapped DEA approach to measure
the technical efficiency of local hospitals in the US [15].
In this study, we use DEA to measure the efficiency of
county-level hospitals in East China.

There is an extensive research body using DEA to
measure efficiency and analyze determinants of effi-
ciency in China’s health system. Jiang et al. analyzed the
efficiency of a large sample of county hospitals in China
from 2008 to 2012 [16]. They found decreasing hospital
efficiency after the 2009 health reform and geographic
disparities in technical efficiency between the east-
ern and western regions. Current studies adopted the
Malmquist DEA efficiency index to analyze the efficiency
change in provincial and county-level hospitals [17, 18].
Through the decomposition of productivity, the research-
ers attributed the improvement of hospital efficiency
to technological progress after the 2009 health reform.
Social health insurance and personal health expenditures
may have unintended effects on local healthcare systems.
A recent study reported an inverse relationship between
personal health expenditure and the performance of pro-
vincial health systems [19].

Few studies explore the change in hospital efficiency
when specific policies are implemented in the health
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system. Taking hospital privatization in Germany as
an example, hospitals in Germany experienced a set of
reforms over the last decades. Many public hospitals in
Germany converted to private hospitals and started to
implement the Diagnosis-related Group (DRG) financing
scheme between 1997 and 2007. Tiemann and Schrey-
ogg found that hospitals converted from public to private
performed better in hospital operations and obtained
higher quality of care [20]. Specifically, privatized hospi-
tals were more likely to improve quality under the DRGs
scheme [21]. Another study in Japan showed that hospi-
tal efficiency was not significantly affected by the change
in regulation and improvement in financial conditions
[22]. During hospital reform, local public hospitals in
Japan recruited more healthcare staff while the number
of beds was constrained, which caused a misallocation of
medical resources on health services provision and qual-
ity of care. Besides, the regulatory costs imposed on the
pharmaceutical and medical device industries slowed
down the technological progress of healthcare system
[22]. However, limited research detected the association
between policies’ impacts and hospital efficiency changes
in China, especially concerning the public hospital
reform in county hospitals.

Using county-level hospital data across six provinces
and one metropolitan area in East China, this study
investigates the impacts of pilot reform on hospital effi-
ciency. Hospital efficiency scores are measured by using
DEA. The result shows that all county hospitals expe-
rienced a short-term decline in hospital efficiency in
2013. We use propensity score matching to address the
selection biases of counties associated with the inclu-
sion in the pilot reform. Then, a difference-in-differences
approach is applied to estimate the impact of the pilot
reform on hospital efficiency. The result indicates that
public hospital reform is associated with a reduction of
3% in pure technical efficiency scores. However, hospitals
in the pilot counties are more efficient than those that
are not. For robustness analysis, we use semi-parametric
bootstrapping to address the potential bias in efficiency
estimation. The estimates from different methods are
robust in terms of magnitude.

Our research has three key contributions to existing lit-
erature. First, this study is the first to explore the impact
of pilot public hospital reform on hospital efficiency. Few
studies conducted policy evaluation studies on a large
sample of county hospitals and assessed the reform’s
impacts on healthcare services delivery [16, 17]. Our
findings reveal that the difference in efficiency between
the pilot and non-pilot hospitals has unexpectedly nar-
rowed after the pilot public hospital reform. Second, this
research extends current studies on the potential mech-
anism behind the efficiency changes by decomposing
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efficiency. The insignificance of the pilot reform is driven
by the mixed impact of the decline in pure technical effi-
ciency and hospital scale expansion. Third, this study fills
the gap in policy heterogeneity in terms of hospital types.
Our findings provide evidence that the pilot reform has a
limited effect on the efficiency decline of traditional Chi-
nese medicine hospitals.

Literature review

Healthcare system and county hospitals in China

In expanding healthcare accessibility to the popula-
tion, the main concerns are the heavy burden of health-
care expenditures and inefficient utilization of medical
resources [23—-25]. China’s health reform has achieved
universal health insurance coverage by the end of 2012.
More than 90% of Chinese citizens are covered by one
of the three major health insurance schemes', but with
expanding healthcare costs over the past decades [26].
Government health expenditure reached 1.74 trillion
Chinese Yuan in 2019, around three times that of 2009
(National Health Commission, 2020). The annual growth
rate of total health expenditure was 14.98% from 2009
to 2019, which was 3.77% points higher than the annual
growth rate of GDP. However, the health system in rural
area still faces challenges from limited resource alloca-
tion, the lack of healthcare workforce, and diagnostic
inaccuracies [26—28]. The dramatic growth of public
spending and severe urban-rural disparity in healthcare
utilization alarmed policymakers, who prioritized con-
trolling the growth of healthcare costs and improving the
capacity building of healthcare systems.

In China, public hospitals follow a three-tier health-
care services delivery system: tertiary hospitals, second-
ary hospitals, and primary healthcare facilities. Most
tertiary and secondary hospitals are located in metro-
politan areas and prefecture cities with adequate or bet-
ter resources. As part of the public healthcare system,
county-level hospitals delivered services to 900 million
people, covering 70% of county residents’ medical service
needs [29]. However, most health resources were concen-
trated among tertiary hospitals, while resources available
to the secondary and primary care facilities were around
40% [4]. The imbalanced resource distribution intensi-
fied the inequality of healthcare services and quality of
care provided by county-level hospitals. Outpatient visits
in tertiary hospitals experienced an 8% annual increase
from 2009 to 2015 [27]. In contrast, a research based on
the China Family Panel Studies survey pointed out that

! Three health insurance schemes: Urban Employee Basic Medical Insur-
ance (UEBMI). Urban Resident Basic Medical Insurance (URBMI). New
Cooperative Medical Scheme (NCMS).
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less than 60% of rural residents selected county hospi-
tals or primary care facilities for health services [30]. To
achieve a better quality of care and reduce inequality,
public county hospitals need to improve operational effi-
ciency through resource optimization and professional
management. Hence, our study focuses on the change in
hospital performance, and try to investigate the impact of
pilot reform on county-level hospital efficiency.

The pilot public hospitals reform

China launched a systematic health reform in 2009 with
the overarching goal of expanding insurance coverage
and ensuring accessible and affordable services for the
population. The reform has three planned phases [25].
The first phase was from 2009 to 2012. The goals of the
health reform in this period were to meet the priorities
of infrastructure building and strengthen the capac-
ity of primary healthcare facilities. The second phase of
the health reform was from 2012 to 2015. Recognizing
the ballooning healthcare costs and inequalities in the
delivery system, China has focused on improving the
governance of public hospitals. The last phase of health
reform is from 2017 to 2020, aiming to establish an inte-
grated health system for both medical and public health
services.

As an important component of the health reform, a
multi-stage pilot reform in county-level hospitals was
implemented from 2012 to 2015. The main elements of
the reform included strategic planning, financing policy
reform, department reorganization, and performance
assessment. In June 2012, China’s central government
kickstarted the pilot reform in 311 counties. The pilot
reform is planned to cover the entire counties in main-
land China at the end of 2015. To keep most medical
services provision within the county, the county govern-
ments integrated resources to operate at least one general
or traditional Chinese medicine hospital for residents.
The pilot design of county hospital reform consists of
three components: first, the zero-markup drug policy
(ZMDP) to remove the 15% markup on drug prices sold
at public hospitals; second, restructuring hospital gov-
ernance and managerial compensation; third, promote
cooperation and partnership between major hospitals
and community health centers, i.e., tertiary hospitals
support county hospitals through medical training and
paired assistance in labor resources. According to the
National Health Commission guidelines®, hospitals in
pilot counties will receive government subsidies and have

2 Weblink:
2500611 .htm.
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more autonomy on hospital expansion, human resources,
and payment incentives.

Methods

Data sources

Our study combines three separate datasets. The first
dataset is the National Health Statistical Information
Report System, which provides the financial statements
and information on facilities and staff of hospitals from
2009 to 2015. We extract hospital data from this dataset
to measure the efficiency of county hospitals. This study
only includes general and traditional Chinese medi-
cine hospitals to ensure the comparability of healthcare
services delivery. Mental health hospitals, long-term
care facilities, and dental clinics are excluded. We also
reviewed the data with specific hospital grades and fis-
cal budgets to ensure the hospital received financial sup-
port and administration from the corresponding county
government.

The second dataset is the official documents issued by
the National Health Commission®, which contains infor-
mation on public hospital reform and the list of pilot
counties. Due to the data availability, we restrict our sam-
ple to 205 hospitals in the treated group from 93 pilot
counties, which represents 29% of all pilot counties in
China during the first batch county-level public hospital
reform. As for the regional distribution, our study focuses
on the healthcare system in Eastern China. County public
hospitals from Shanghai, Anhui, Fujian, Jiangsu, Jiangxi,
Shandong, and Zhejiang are included in our sample.

This study specifies two inputs and two outputs in the
DEA process for measuring hospital efficiency scores.
The inputs considered serve as proxies for delivering daily
medical services to patients. Following previous studies,
we use the number of full-time equivalency health care
professionals (physicians, nurses, medical technicians,
and other health professionals) and the number of hospi-
tal beds [20, 22, 31, 32]. In China, providing fundamental
medical services to the residents is one of the key objec-
tives of county hospitals in the new healthcare reform
phase. Following previous studies, we use emergency
visits and inpatient days as the output indicators [16, 21].
Outpatient and emergency visits represent the number of
patients from outpatient and emergency visits per year.
Inpatient days is the total number of occupied bed days
for patients.

Aside from efficiency measurement, our study also uses
the average length of stay and bed use rate as the indica-
tor of healthcare utilization. Table 1 presents summary
statistics for the hospital variables. Most county hospitals

3 http://www.nhc.gov.cn/tigs/s3581/201307/582017786d09475491c405c4f
ec5ad91.shtml.
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in this study are secondary hospitals (88%). As for hos-
pital type, approximately 60% of hospitals are general
hospitals, while the rest of them are traditional Chinese
Medicine hospitals.

The main covariates used in PSM specification and DID
analysis are demographical and socioeconomic informa-
tion collected from the third dataset, the China Statistical
Yearbook (County-level) and the National Economic and
Social Development Statistical Bulletin (County-level).
Our study matches individual hospitals with the socioec-
onomic information of the counties where the hospitals
are located. Those variables include socioeconomic status
indexes, demographic indicators, governmental expendi-
ture, and local healthcare infrastructure. We also provide
a comparative summary of the counties’ characteristics of
pilot and non-pilot hospitals in Table 1. The average pop-
ulation of pilot and non-pilot counties is about 643,700
persons. Gross Domestic Product per capita (GDPPC)
is calculated as the value of county-level GDP divided
by the population of this county. The number is close to
40,000 RMB in our study.

The original dataset contains 749 county-level hospitals
from 366 counties. Observations with missing values and
outliers are excluded from the requirement of efficiency
measures. We construct a 7-year balanced panel data to
assess the policy impact of the first-batch public hospital
reform before and after 2012, the year of the pilot reform.
Hospitals are divided into pilot and non-pilot groups
based on the list of the first-batch pilot counties in public
hospital reform. After PSM matching, 190 pilot and 175
non-pilot hospitals from 172 counties (85 pilot and 87
non-pilot counties) are selected as the final sample.

We use a three-stage strategy to estimate the impact
of the pilot reform on hospital efficiency. First, hospital
yearly efficiency scores are analyzed using the output-
oriented DEA approach. Second, we use propensity score
matching to pair pilot counties with those counties with
similar group characteristics. Third, the impact of the
pilot reform is assessed by using a difference-in-differ-
ences (DID) specification of the Tobit regression model.
Efficiency scores calculated in the first stage were used as
the dependent variable in the DID analysis.

Data envelopment analysis

Data envelopment analysis is a classical non-paramet-
ric method for measuring the efficiency and produc-
tivity of a decision-making unit (DMU) [33]. Over the
past decades, DEA has been widely applied to assess
efficiency and performance in healthcare, education,
operational research, and transport industries [34].
We use the DEA approach to measure county hospi-
tals’ efficiency for the following reasons. First, DEA
approach has its advantages in handling multiple
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Table 1 Summary of Hospital and County characteristics (before Propensity score matching specification)
Variable (Observations=5243) Mean S.D. Median Min Max
Input and Output in Efficiency Measurement
The number of health care professionals 43448 33227 340 10 2895
The number of beds 37587 304.59 290 0 2600
The number of outpatient visits 275.06 268.21 195 0.33 2876.23
The number of inpatient days 12547 112.49 90.37 0 948.87
Health care utilization
Average length of stay 8.16 264 7.88 51.18
Bed use rate 0.88 0.23 0.93 0 291
Hospital characteristics
Type (Dummy, general hospital or not) (%) 0.58
Tertiary hospital (%) 0.05
Secondary hospital (%) 0.88
Primary healthcare facilities (%) 0.07
County characteristics
GDP 264.61 294.55 173.79 1091 3080.02
Population 64.37 37.46 57.42 44 198.64
GDP per capita 393 2.57 3.31 045 18.57
Government revenue 18.8 23.01 11.04 0 284.76
Government expenditure 30.16 23.39 23.88 2.71 255.36
Services industry proportion (%) 034 0.07 034 012 061
The number of beds in healthcare institution 31.7 12.89 29.37 6.91 130.53
Share of Education Enrollment in Population (Yeeo) 8.03 5.08 6.71 0.28 32.15

Notes: 1) Input and Output in Efficiency Measurement: The number of health care professionals stands for the proxy of full-time equivalents, including physicians,
nurses, medical technicians, and other health care professionals. The number of Outpatient visits is the number of emergency and outpatient visits (1,000 people). The
number of inpatient days is the total number of days during which patients receive medical services at the hospital.2) County characteristics include GDP per capita
(0.1 billion RMB units); Population, regional permanent population (10,000 people); GDPPC, GDP per capita (10,000 RMB); Government revenue and expenditure

(0.1 billion RMB); The output in the services industry as a share of GDP; The number of beds in healthcare institutions in population (10, 000); The share of Secondary

school and primary school enroliment in regional permanent population (10, 000)

outputs compared with other parametric efficiency
measures. Second, DEA is more flexible in model set-
ting than other parametric methods (such as SFA or
COLS) because no assumptions are needed on the
functional form of the production frontier [35].
Through linear programming, DEA generates a ratio
that reflects the distance of each DMU to the efficient
frontier. The efficient frontier is based on the best esti-
mated input-output relationship under a certain assump-
tion and framework [34]. The DEA approach could be
fitted with different frameworks in its production fron-
tier. In the output-oriented DEA model, the efficient
frontier is derived from those units that achieved maxi-
mum outputs under given inputs. The efficient frontier in
the input-oriented model is the best practice for accom-
plishing the minimum inputs in production for given out-
puts [36]. In this study, we concentrate on the efficiency
of county-level hospitals in China and assess the impact
of public hospital reform on efficiency. We use the out-
put-oriented DEA model for analysis because it fits the
context that county hospitals exploited given inputs to
get maximum outputs. On the one hand, limited medical

resources are allocated to county hospitals in China.
County Hospital leaders had no control over inputs (like
human resources) in the short run [37-39]. On the other
hand, the main target for county hospitals over the obser-
vation period was enhancing the capacity building of pri-
mary healthcare facilities and providing most medical
services to rural residents [4].

Farrell is among the first to apply the basic DEA
approach with one input and one output for the DMU
[40]. Charnes et al. extended Farrell's work and pro-
posed the DEA approach with a constant return to scale
assumption, CRS Model [41]. Banker et al. extended
it into a variable return to scale (VRS) model [42]. The
main difference between CRS and VRS model is whether
a unit increase (decrease) in the input will contribute
to a proportional increase (decrease) in the output. The
constant return to scale model is more appropriate when
the DMUs operate at the optimal scale, reflecting the
perfect competition in the market. When DMUs faces
incomplete competition, the VRS Model is used to alter
the efficiency scores from CRS model by considering
the scale of each DMU. In this study, public hospitals in
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China operate under budget constraints, regulations, and
imperfect competition [43—45]. Thus, we adopt a variable
return-to-scale model to calculate the efficiency scores
of county-level hospitals [14]. The model is denoted as
follows:

,
- *
max 0 o(w, 1) = M )
im1 Wk Xp
r k
s.t. Zu *Yr—Zw*Xk < 0, because < 1
i=1 i=1
N
S =
i=1
w1, Wa, 1WkZ 0
Wiy oy oes by, =0

Efficiency score 0 ¢ is the estimated efficiency of DMU
for N decision DMU with K inputs and R outputs. Where
Y(r x n) and X(k x n) are the matrices for hospitals
with k inputs and r outputs, respectively. Hospitals maxi-
mized the efficiency ratio under the constraints of given
inputs. w and u are vectors for the weight of inputs and
outputs. The weights of the input-output combination are
obtained by dual programming. The efficiency scores cal-
culated by DEA model denote the overall efficiency (hos-
pital efficiency in this study), which measures how health
resources are transformed into the production process of
each county hospital in healthcare services delivery. Overall
technical efficiency could be decomposed into pure techni-
cal efficiency and scale efficiency. Pure technical efficiency
denotes the efficiency under a variable return of scale
related to management and technology innovations. Scale
efficiency is the gap between the actual and optimal scales,
measuring whether a hospital operates at the optimal scale.

Propensity score matching

We aim to investigate the policy impact on hospital effi-
ciency among county-level hospitals. However, the coun-
ties selected for the pilot reform are more likely to be
distinct in terms of access to healthcare and economic
resources. We use county-level covariates in a propen-
sity score matching to address the potential selection bias
to construct a counterfactual. We include county-level
covariates because the pilot reform was implemented at
the county level rather than for specific hospitals. Coun-
ties were enrolled in the pilot program, and hospitals
in pilot counties were included in the pilot reform. This
study used propensity score matching to balance the
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treatment and control groups and to match pilot counties
with other counties that are similar to the pilot counties
but not enrolled in the pilot program.

Propensity score matching results in a balanced com-
parison to create a “quasi-random experiment. This
approach assigns treatment and control groups in terms of
the conditional probability given by the observed covari-
ates [46]. To adjust multivariate sampling to the control
group, we use a logit regression model to estimate the pro-
pensity scores [47]. We set 2011 (one year before the pilot
reform) as the base year. To find appropriate covariates
that determine the pilot grouping, we select socioeconom-
ics and health system covariates based on previous stud-
ies [20, 43]. The county-level covariates in the logit model
include GDP per capita, government revenue, government
expenditure, the number of beds in healthcare institutions,
the output in the services industry as a share of GDP, and
the share of education enrollment in the population. We
minimize the distance of propensity scores of the nearest
neighbor to reduce the disparity between pilot and non-
pilot counties. We used one-to-one matching without
replacement to match each county in the treatment group
to at least one non-pilot county in the control group. After
propensity score matching, counties under common sup-
port remain in the final sample. We examine standardized
differences of the covariates to evaluate the balance of the
two sub-samples. The result of the balanced test of covari-
ates is shown in Table 8 in Appendix 1.

Difference-in-differences

This study uses a standard difference-in-differences spec-
ification to assess the impact of pilot reform on hospital
efficiency. The dependent variables are the estimated
scores of hospital efficiency, pure technical efficiency,
and scale efficiency of hospitals by DEA measures. Our
study applies the Tobit regression model because of two-
side truncated efficiency scores computed by DEA as
dependent variables. Specifically, we conduct a 7-year
panel Tobit model with hospital individual fixed and year
fixed effects as our main DID specification. The reasons
for using two-way fixed effects DID model are as follows.
First, adding individual fixed effects could deal with the
unobserved factors and time-invariant characteristics
of hospitals, affecting hospital efficiency. Second, we
use year effects to control the common policy impacts
on all hospitals after the nationwide healthcare reform
launched in 2009. Aside from the pilot hospital reform,
a set of healthcare policies and guidelines were released
from 2009 to 2015. The year-fixed effects address the
time-specific effects on all county hospitals. The DID
model can be specified as follows:

0t = A (Posty, * Pilot;) + B Zet +ai +v s +€icr (2)
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Where 0 ;; denotes the efficiency scores of hospital i
in year ¢. 1 is the coefficient of the interaction term, cap-
turing the impacts of the pilot reform on county hospi-
tals in different groups. Post;; is the time dummy, which
equals 1 in the years after pilot reform was implemented
for hospital i in 2012, and 0 otherwise. As for the treated
dummy, Pilot;, equals 1 if the hospital i was in the pilot
reform counties from 2009 to 2015 and zero otherwise. a;
and y , represent hospital individual fixed effects and year
fixed effects, respectively. € ;; denotes the error term.

We control the county-level characteristics that have
potential confounding effects on hospital efficiency.
Z represents a set of control variables of socioeco-
nomic status, health system, and demographic informa-
tion on county ¢ where hospital i located. Specifically,
we included GDP per capita, local government revenue,
local government expenditure, the proportion of services
industry to GDP, the number of beds in healthcare insti-
tutions, and the share of education enrollment® in the
regression model [17, 21, 24]. GDP per capita, govern-
ment revenue, government expenditure, and the number
of beds in healthcare institutions were log-transformed
following prior studies and for easy interpretation.

This study does not use hospital-level characteristics as
the control variables. The reasons are as follows. As men-
tioned in the data sector, our study only includes general
and traditional Chinese medicine hospitals associated
with local governmental financial support. Those inclu-
sion criteria control the variation of hospital type and
subsidy. Besides, the efficiency indicator in our study rep-
resents how county hospitals utilize medical resources to
deliver healthcare services. Compared with the hospital
characteristics, this indicator is more relevant to local
demographic information and health infrastructure.

The key assumption in DID identification strategy is
the change in dependent variables for the treatment and
control group should share identical trends before the
policy implementation. In this study, we use a more flex-
ible form of DID specification to test the parallel trend
assumption (PTA) and capture the dynamic effects of the
pilot reform. The event study method is as follows:

3
Oi= Y Jk*Dii+BZa+ai+y,+€x  (3)
k=-3

Where Dy; denotes the interactive term of the treat-
ment dummy and period dummy. Our study contains
7-year observation periods, which could be divided into
3-year pre-intervention period, policy implementation

* Education enrollment: Student enrollment in regular secondary and pri-
mary school per 10, 000 persons. This variable reflects the age structure
for county-level population. The share of aging population in county is not
applied due to data availability.
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time, and 3-year post-intervention period. K is the
footprint of periods. We drop one year before the pilot
reform (k = —1) to avoid multicollinearity. 4  is the coef-
ficient indicating dynamic policy effects.

Robustness check

This study transforms hospital efficiency scores from
conventional DEA estimates to Bias-corrected estimates.
Conventional DEA estimates would be biased because of
the unknown efficient frontier and exogenous affecting
efficiency measures. First, the efficiency score generated
by DEA is the deviation from the estimated efficient fron-
tier (a set of observed units) to each DMUSs, rather than
the distance of true full-efficiency units to other DMUs.
However, the true possible full-efficiency frontier could
not be illustrated due to the finite sample in DEA frame-
work [44]. Second, the inefficiency of hospitals could not
be entirely explained by resource misallocation or scale
inefficiency. Hospital efficiency is also affected by exter-
nal factors and organizational characteristics [20, 48].
Conventional DEA may overestimate the inefficiency of
hospital governance. Simar and Wilson proposed a bias-
corrected efficiency estimator based on the two-stage
bootstrapped process to address the potential bias in effi-
ciency measures [49]. The details of bootstrapped DEA
procedure are in Appendix 2.

This study uses bias-corrected estimates in hospital
technical efficiency measurement based on Simar and
Wilson’s approach. Specifically, we implemented 1000
times bootstraps to produce bias-corrected estimates
and 500 bias-corrected bootstraps to construct confi-
dence intervals of bootstrapped estimates [50]. The bias-
corrected estimates are obtained using simarwilson, and
implemented using Stata 18.0 (Stata Corp, College Sta-
tion, TX).

Aside from the robustness check in replacing efficiency
scores, we conduct a set of estimations of the policy
impact. The original estimation of the panel data model
with two-way fixed effects is Least Squares Dummy
Variable (LSDV) or Within-Group estimation. However,
those estimators would be consistent and unbiased under
the assumption that the error terms are independent and
asymptotically normally distributed. Due to the trimmed
distribution of the error term in censored regression
models (Tobit model), Least Squares Dummy Variable
and other estimation methods will be inconsistent in this
sense. Honore applied a trimmed least absolute devia-
tions estimator to construct the moment conditions for
one-sided censoring data with fixed effects [51]. By using
this method, Honore maintained assumptions on con-
sistency and asymptotically normal distribution. Alan
et al. extended this method in two-sided censoring panel
data regression [52]. In our study, we follow Alan et al.
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Table 2 Descriptive Statistics of Socioeconomics for Pilot and Non-pilot hospitals during 2009-2015 (after propensity score matching

specification)

Variables Pilot Hospitals (N=190) Non-Pilot Hospitals (N=175)

Mean S.D. Mean S.D.
GDP 356.0 246.1 2684 3442
Population 733 313 67.0 44.2
GDP per capita 49 27 39 2.8
Government revenue 26.7 204 187 280
Government expenditure 37.1 225 313 27.6
Services industry proportion (%) 35.0 78 355 6.9
The number of beds in healthcare  32.3 12.2 313 11.3
institution
Share of Education Enroliment 8.7 44 84 6.0

in Population (%ooo)

Notes: Pilot hospitals are defined as hospitals located in the counties where the first phase of pilot reform was implemented in 2012. Socioeconomic status variables
include GDP per capita (0.1 billion RMB units); Population, regional permanent population (10, 000 people); GDPPC, GDP per capita (10, 000 RMB units); Government
revenue and expenditure (0.1 billion RMB units); The output in the services industry as a share of GDP; The number of beds in healthcare institutions in population (10,

000); The share of Secondary school and primary school enroliment in regional permanent population (10, 000)

method and use two_side command to conduct the main
estimation. In contrast, we also applied Tobit panel data
model with LSDV, and Tobit model with random effects
as the robustness check.

Results

Descriptive statistics

Table 8 in Appendix 1 reports the result of propensity
score matching specification. Our study uses data from
2011 for the matching. Column (3) of Table 8 in Appen-
dix 1 shows the difference in most county-level char-
acteristics between pilot and non-pilot counties before
matching. Only the proportion of the services industry
in GDP demonstrates insignificant differences before
matching. Column (6) of Table 8 in Appendix 1 shows the
matching result, which suggests no significant difference in
county characteristics between the treatment and control
groups after a one-to-one matching. Therefore, the match-
ing helped to reduce the bias associated with the selection
into the pilot program.

Table 2 presents the descriptive statistics of control
variables after matching. Those variables included socio-
economic status indexes, demographic indicators, and
information on healthcare conditions. Hospitals located
in pilot counties are usually with better economic infra-
structure. The pilot counties’ GDP per capita, govern-
ment revenue, and government expenditure were higher
than those of the non-pilot counties over the research
period. There is no significant difference between pilot
and non-pilot counties regarding average education.

The summary statistics of the inputs and outputs used
in hospital efficiency measures are shown in Table 3. The
average number of health care professionals and hospital
beds in pilot hospitals is larger than in non-pilot hospitals.

The input variables in DEA estimates experienced steady
growth from 2009 to 2015 in both pilot and non-pilot hos-
pitals. The number of health care professionals in pilot hos-
pitals increased annually by 6.4%, from 390 in 2009 to 567
in 2015. At the same time, the number of healthcare profes-
sionals in non-pilot hospitals shows a 6.7% annual increase.
As for the number of hospital beds, the difference between
pilot and non-pilot hospitals has been narrowed from 38 in
2009 to 29 in 2015.

As for the outputs, the number of outpatient visits in
pilot hospitals increased from 273.7 thousand visits per
year in 2009 to 430.6 thousand visits per year in 2015,
representing a 7.8% annual growth. Non-pilot hospitals
demonstrate a similar trend, with a 7.9% annual growth
rate. The average number of inpatient days in pilot hospi-
tals increased slightly lower than that of non-pilot hospi-
tals from 2009 to 2015. In conclusion, pilot hospitals and
non-pilot hospitals experience similar increases in trends
in outputs and inputs for efficiency measures. The dis-
parity in healthcare services delivery between pilot and
non-pilot hospitals widened after the pilot reform.

Hospital efficiency measurement

Table 4 illustrates the efficiency scores of both pilot and
non-pilot hospitals during 2009-2015. We estimate hospi-
tal efficiency, pure technical efficiency, and scale efficiency
by using DEA in an output-oriented setting. The average
level of hospital efficiency for the whole sample experienced
a rapid drop in 2013, then returned to the peak in 2014.
Except in the reform year (2012), the overall hospital effi-
ciency for the post-reform period is higher than that for the
pre-reform period. In addition, the efficiency gap between
pilot and non-pilot hospitals has narrowed from 0.083 in
2010 to 0.061 in 2015.
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Table 3 Summary statistics of the inputs and outputs in Efficiency Measurement (after propensity score matching specification)

Variables Health care professionals Beds Outpatient visits Inpatient days
Pilot (N=190) Non-pilot Pilot (N=190) Non-pilot Pilot (N=190) Non-pilot Pilot (N=190) Non-pilot
(N=175) (N=175) (N=175) (N=175)

2009

Mean 390 347 317 279 273.7 198.2 105.6 89.4

S.D. (271) (243) (246) (224) (226) (178.6) (90.9) (80.6)
2010

Mean 421 370 346 301 294 2094 121 97

S.D. (304) (269) (279) (246) (233.9) (191) (109.3) (88.8)
2011

Mean 456 392 369 333 3435 241.2 1324 111.9

S.D. (334) (306) (289) (267) (283.3) (220.3) (114.1) (99.3)
2012

Mean 485 429 435 377 3794 2734 150.6 1253

SD. (343) (331) (357) (303) (308.9) (241.8) (132.7) (109.5)
2013

Mean 514 461 460 430 396.4 2916 1559 139.8

SD. (374) (348) (350) (348) (331.7) (254.7) (128.5) (121.7)
2014

Mean 536 480 477 456 424.9 316.1 162.3 147.9

S.D. (392) (353) (346) (358) (352) (280.1) (125) (124.4)
2015

Mean 567 511 500 471 430.6 3134 165 146.3

S.D. (407) (372) (359) (380) (355.7) (283.1) (128) (124.5)

Notes: Pilot hospitals are defined as hospitals located in the counties that were included in the list of the first phase of pilot reform in 2012. Outpatient visits is the
number of emergency and outpatient visits (1, 000 people). The number of inpatient days is the total number of days during which patients received medical services

at the hospital

Table 4 Efficiency of pilot and non-pilot hospitals in 2009-2015

Year  Hospital efficiency Pure technical efficiency Scale efficiency
Pilot (N=190) Non-pilot Difference  Pilot(N=190) Non-pilot Difference  Pilot (N=190) Non-pilot Difference
(N=175) (N=175) (N=175)

2009 0671 0.620 0.051 0.695 0.639 0.056 0.968 0973 —0.005
2010 0.613 0.530 0.083 0.662 0.567 0.095 0.932 0.943 -0.011
2011 0.640 0.579 0.061 0.684 0614 0.07 0.942 0.950 -0.008
2012 0.676 0.627 0.049 0.708 0.659 0.049 0.957 0.955 0.002

2013 0455 0411 0.044 0.556 0.506 0.05 0.844 0.845 —-0.001
2014 0742 0.690 0.052 0.758 0.710 0.048 0.980 0.976 0.004

2015 0.727 0.666 0.061 0.752 0.695 0.057 0.968 0.963 0.005

Notes: Hospital efficiency, the efficiency of the hospital in producing outputs for given inputs in healthcare services delivery. Pure technical efficiency, the efficiency
of the hospital in producing outputs for given inputs in healthcare services delivery under a variable return of scale. Scale efficiency, the ratio of the efficiency under
constant return of scale to the efficiency under variable return of scale, evaluates the gap between the actual scale to the optimal scale. Difference, the gap of

efficiency between pilot and non-pilot hospitals

The change in pure technical efficiency shows the
same trend as hospital efficiency. Both pilot and non-
pilot hospitals have increased efficiency scores after
the pilot reform. Pure technical efficiency reached to
peak in 2014. The average pure technical efficiency
of pilot hospitals and non-pilot are 0.758 and 0.710,

respectively. The difference in the pure technical effi-
ciency is slightly smaller than the hospital efficiency.
Given these trends, the results suggest county hospi-
tals have improved efficiency after pilot reform. The gap
between pilot and non-pilot hospitals has been gradu-
ally narrowing since 2013.
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Although most county hospitals are not fully scale
efficient (scale efficiency=1), the average scale effi-
ciency achieves a high interval over the observation
period. Hospitals have experienced a steady improve-
ment in scale efficiency since 2009. The average scale
efficiencies of pilot and non-pilot hospitals were 0.968
and 0.963 in 2015, respectively. Scale efficiency peaked
in 2012 and slightly declined from 2013 to 2015. The
inverse U-shaped curve of scale efficiency indicates that
county hospitals fail to allocate resources efficiently when
resources are beyond the optimal scale. Besides, non-
pilot hospitals’ scale efficiency is better than pilot hospi-
tals, with a relatively small gap for the most time.

Baseline results

Table 5 shows the results of DID specification with two-
way fixed effects after the propensity score matching
process. We use hospital efficiency, pure technical effi-
ciency, and scale efficiency as the dependent variables in
the regression model. The interaction term between the
pilot reform dummy and post-reform indicator meas-
ures the differential policy effects on hospitals. As shown
in Column (1) of Table 5, the pilot reform has a negative
effect on hospital efficiency when we control the year-
fixed effects and hospital-fixed effects. In Column (2), the

Table 5 Impact of pilot reform on hospital efficiency

Variables (1) (2) (3)
Hospital Pure Scale
Efficiency Technical Efficiency Efficiency
Post*Pilot Reform -0.019 -0.030" 0.023"
(0.012) (0.012) (0.010)
Log GDP per capita —-0.050 —-0.068 0.019
(0.054) (0.055) (0.034)
Log Government 0.008 —0.003 0.007
Revenue (0019 (0.018) (0.021)
Log Government —-0050°  -0.037 -0.015
Expenditure (0028)  (0.025) (0.037)
Services Industry Propor-  0.232 0.300" —-0.061
tion 0.156)  (0.161) (0.140)
Log Healthcare Institu- ~ —0.034 -0.022 —-0.040™
tion Bed (0.021) (0.021) (0.015)
Share of Education 0.002 —0.000 0.004
Enroliment (0.004)  (0.004) (0.003)
Year Effects Yes Yes Yes
Individual Effects Yes Yes Yes
N 2555 2555 2555

Note: The numbers in parentheses are standard errors. Significant levels are
denoted as "p < 0.1, “p<0.05,""p <0.01. Control variables include GDP per
capita, government revenue per capita, government expenditure per capita,
the output in the services industry as a share of GDP, the number of beds in
healthcare institutions in population (10,000), and the share of education
enrollment in the regional permanent population
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results indicate that pilot hospitals have a decrease of 3%
((p-value <0.05) in pure technical efficiency from the pilot
reform. Compared with overall hospital efficiency, the
result of pure technical efficiency shares a similar mag-
nitude but is highly significant. In contrast, the result in
Column (3) suggests that the pilot reform leads to a sig-
nificant 2.3% improvement in scale efficiency.

Regarding socioeconomic factors, the GDP per capita
of the county is negatively related to hospital efficiency
and pure technical efficiency of the local county hos-
pitals. In contrast, hospitals in better-off counties are
more likely to be scale-efficient. We fail to find statisti-
cal evidence that government revenue affects any kind
of efficiency. As for the industrial structure and health
system infrastructure, we also find that hospitals in
counties with a high proportion of services industry
obtained higher hospital efficiency and pure technical
efficiency. In contrast, the services industry proportion
has a negative coefficient to scale efficiency. It is worth
noting that the number of beds in local healthcare insti-
tutions is negatively related to scale efficiency. This neg-
ative impact on scale efficiency might be attributed to
the substitution effect between local healthcare facilities
and county hospitals.

Results of the robustness check

We apply a bias-corrected efficiency estimate as a robust-
ness check for hospital efficiency. The new efficiency
scores are generated using 1000 replications in Sima-
rwilson’s bootstrapping procedure. The result of bias-
corrected efficiency estimates is shown in Column (4)
of Table 9 in Appendix 1. The pilot reform is negatively
associated with bias-corrected efficiency. The coefficient
of the bias-corrected efficiency score is identical to the
original hospital efficiency score. The difference in signif-
icance level might be attributed to the different settings
in standard error calculation.

The results of the event study are in Fig. 1 in Appen-
dix 1. This study estimates the dynamic policy effects on
hospital efficiency, pure technical efficiency, scale effi-
ciency, and bias-corrected efficiency. The omitted period
is one year before the implementation of pilot reform. We
report both coefficients and 95% confidence intervals for
policy impact by year. From the trends of the pre-stage,
we fail to reject that the treatment group and the control
group had the same trend of efficiency changes before the
intervention of the pilot reform. Notably, pure techni-
cal efficiency significantly increased two years before the
policy implementation. Hospital efficiency, pure techni-
cal efficiency, and bias-corrected efficiency have identi-
cal time trends over the whole observation period, which
presents a negative impact after the pilot reform. As
for scale efficiency, we find a perfect parallel time trend
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before the treatment. The impact of pilot reform materi-
alizes quickly in the change of scale efficiency. The mag-
nitude of the coefficient demonstrates a positive effect
immediately when the pilot reform was launched.

This study conducts different estimation methods as
the robustness check to the baseline results. Tobit model
with Least Squares Dummy Variable (LSDV) and random
effects settings are introduced to estimate policy impact.
Table 10 in Appendix 1 reports the results of robust-
ness in hospital efficiency. As for the policy impact, the
magnitude of the LSDV method estimate is identical
to the baseline estimates. The results of control vari-
ables are also robust compared with the baseline model.
However, the estimates of policy impact in the random
effects model demonstrate a slightly lower magnitude,
comparing the estimates of the baseline model and LSDV
model. The difference in estimation could be attributed
to the misspecification without addressing year and indi-
vidual fixed effects. Table 11 in Appendix 1 and Table 12
in Appendix 1 clearly demonstrate similar patterns as
Table 10 in Appendix 1 in robustness checking. Overall,
the magnitude and significance of estimates in pure tech-
nical efficiency and scale efficiency are robust between
the baseline model and Tobit model with LSDV setting.

Heterogeneous treatment effect
We also investigate the impact of the pilot reform on
healthcare utilization and the heterogenous treatment
effects in terms of hospital types. As mentioned in the
background section, the zero-markup drug policy shares
the overlapping pilot list with county hospital pilot
reform. Previous studies on zero-markup drug policy
found that the average length of stay in primary care
facilities expanded due to the compensation of profit loss
[53]. Fu et al. found a negative and insignificant impact
on average stay length and inpatient admissions [24]. In
our study, pilot hospital reform is negatively associated
with county hospitals’ average length of stay and bed
use rate (Table 6). The average length of stay in the pilot
hospitals reduces to around 0.31 days after the policy
implementation. This result could be explained by the
constraints from the demand side. County hospitals expe-
rienced scale expansion in labor and capital resources
(supply side). However, the demand side of health seeking
may not consistently increase as the supply side.
Furthermore, the impact of the pilot reform on effi-
ciency is heterogeneous in terms of hospital type. We
conducted a subgroup analysis by separating the sample
into general hospitals and traditional Chinese medicine
hospitals (TCM hospitals). Overall, general hospitals
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experience a larger decline in efficiency after the policy
implementation. Table 7 shows that general hospitals
have a 2.8% decrease in overall hospital efficiency and a
3.7% decrease in pure technical efficiency. In contrast,
the coefficients for TCM hospitals suggest that the pilot
reform has a lower and insignificant effect on efficiency
for TCM hospitals.

As shown in Table 4, we observed a drop in aver-
age hospital efficiency in 2013. One of the potential
mechanisms is that the shift of an efficient frontier will
widen the gap between the most efficient hospitals and
other hospitals. The change of the efficient frontier may
result in relatively lower efficiency scores for hospitals
that experienced the adjustment from the pilot reform.
Hence, we provide further analysis of the distribution of
hospitals in terms of different efficiency categories. As
Table 13 in Appendix 1 presented, we observe a rapid
decline in the number of second-tier efficient hospi-
tals in 2013. Additionally, the trend of efficiency decline
reversed in 2014, consistent with the hospital average
efficiency scores findings.

Table 6 Impact of pilot reform on health care utilization

Variables (1) (2)
Average Length  Bed Use Rate
of Stay

Post*Pilot Reform -0314" -0.030”
(0.109) (0.012)

Log GDP per capita -0.804 -0.043
(0.820) (0.047)

Log Government Revenue 0.993™ 0.007
(0.208) (0.020)

Log Government Expenditure -0.328 -0.041
(0.259) (0.032)

Services Industry Proportion 0.698 0.135
(2.074) (0.165)

Log Healthcare Institution Bed 0.095 -0.096""
(0.207) (0.028)

Share of Education Enrollment —-0.011 0011"
(0.031) (0.005)

Year Effects Yes Yes

Individual Effects Yes Yes

N 2555 2555

Adj-R? 0814 0.574

Note: The numbers in parentheses are standard errors. Significant levels are
denoted as ‘p<0.1, “p<0.05, ""p <0.01. Control variables include GDP per
capita, government revenue per capita, government expenditure per capita,
the output in the services industry as a share of GDP, the number of beds in
healthcare institutions in population (10,000), and the share of education
enrollment in the regional permanent population
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Table 7 Heterogenous treatment effects: impact of pilot reform on hospital efficiency (by hospital types)

Variables General Hospitals Traditional Chinese Medicine Hospitals
Hospital Pure Scale Hospital Pure Scale
Efficiency Technical Efficiency Efficiency Efficiency Technical Efficiency
Efficiency
Post*Pilot Reform -0.028" -0.037" 0.015 -0.007 -0.023 0.042
(0.014) (0.015) (0.010) (0.020) (0.019) (0.030)
Log GDP per capita —-0.064 —0.062 -0.032 -0.016 -0.065 0.205
(0.068) (0.069) (0.028) (0.079) (0.079) (0.173)
Log Government Revenue -0.013 -0.010 —-0.021 0.030 —0.003 0.043
(0.020) (0.022) (0.017) (0.038) (0.030) (0.041)
Log Government Expenditure —0.046" ~0.050" 0.009 —-0.052 —-0.009 —-0.068
(0.028) (0.030) (0.022) (0.056) (0.037) (0.121)
Services Industry Proportion 0329 0.349" 0.057 0.114 0233 -0.316
(0.186) (0.196) 0.172) (0.282) (0.284) (0.324)
Log Healthcare Institution Bed —-0.021 -0.002 -0.038™ —-0.051 -0.050 -0.049"
(0.024) (0.025) (0.013) (0.039) (0.038) (0.028)
Share of Education Enroliment —-0.003 —0.005 0.003 0.008 0.007 0.008
(0.005) (0.006) (0.004) (0.006) (0.006) (0.005)
Year Effects Yes Yes Yes Yes Yes Yes
Individual Effects Yes Yes Yes Yes Yes Yes
N 1538 1538 1538 1017 1017 1017

Note: The numbers in parentheses are standard errors. Significant levels are denoted as ‘p<0.1, “p <0.05, *"p < 0.01. Control variables include GDP per capita,
government revenue per capita, government expenditure per capita, the output in the services industry as a share of GDP, the number of beds in healthcare
institutions in the population (10, 000), the share of education enrollment in population

Discussion

This study aims to measure the efficiency changes of
county-level hospitals and investigate the impact of pilot
reform on hospital efficiency. Using data envelopment
analysis, we conducted the efficiency measurement of
county-level hospitals in East China from 2009 to 2015.
Our results suggest that hospitals in pilot counties are
6.1% (percentage point) more efficient than those in
non-pilot counties. County hospitals’ overall efficiency
and pure technical efficiency declined one year after the
policy was implemented, then experienced a dramatic
increase in 2014. Results of DID specification point to a
mixed effect on hospital efficiency. On the one hand, the
pilot reform is negatively associated with the pure techni-
cal efficiency of county hospitals. On the other hand, the
scale efficiency of hospitals in pilot counties increases by
2.3% after policy implementation.

Although surprising at first glance, our findings on
efficiency estimates are consistent with recent studies
on China’s health system and county hospital efficiency
measures. While some researchers reported that most
county hospitals performed better in hospital efficiency
after public hospital reform [16, 17]. Technological diffu-
sion theory explain the decline in hospital efficiency and

pure technical efficiency [54]. After the national health-
care reform, hospitals were encouraged to introduce
modern technologies to increase revenue. However, tech-
nological diffusion is driven by hospitals and healthcare
staff. It takes time for county hospitals to achieve tech-
nical progress after systematic reform. We also need to
be cautious about the disparity of technology diffusion
in different regions. Chai et al. observed heterogeneities
in health system productivity in different provinces [23].
They found some less well-off counties experienced a
shock of declining productivity after 2009. Policy-makers
need to pay more attention to the regional heterogene-
ity of healthcare infrastructure, which may lead to the
negative impact of the pilot reform and exacerbate the
inequality of healthcare services.

Another possible reason for the inconclusive associa-
tion between the pilot reform and hospital efficiency is
the outward movement of the efficiency frontier. We
examined this hypothesis by illustrating the distribution
of hospitals in different efficiency categories. It is noted
that many hospitals experienced downshifts in efficiency
in 2013. In contrast, the number of most efficient hospi-
tals remains stable over the observation period. During
the pilot reform, few highly efficient hospitals quickly
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adjusted to the change and pushed the frontier up, even-
tually resulting in relatively lower efficiency measures for
other hospitals.

Our study complements existing research on hos-
pital efficiency measurement from a policy evalua-
tion perspective. The results of DID approach showed
that most pilot county hospitals experience a decline
in hospital efficiency and pure technical efficiency,
indicating inefficient resource utilization during the
first phase of pilot reform. This phenomenon might
be attributed to inadequate hospital management [35].
County hospitals in China are under the auspices of
the local government and health bureau. The principal
managers are often appointed by government bodies.
Most county hospital managers are medical special-
ists but lack managerial experience running a hospital.
Once the pilot hospitals receive government support,
hospital managers invest the resources in scale expan-
sion (such as adding more beds or hiring staff). The
findings of a positive association in scale efficiency
partially verified the hypothesis of scale expansion in
pilot hospitals. Previous studies on government subsi-
dies also revealed that hospitals with more local gov-
ernment support are more likely to face difficulties
in resource utilization [16, 17]. Challenges in hospital
leadership and management practice call for further
reforms to improve hospital governance, enhance reg-
ulation, and promote a comprehensive assessments of
hospital performance [55].

Aside from hospital governance, balancing the mul-
tiple objectives of a hospital may also be relevant to the
reduction in hospital efficiency associated with the pilot
reform. Findings in Japan’s health system show that hos-
pitals would experience a short-term efficiency decline
when faced with the trade-off between medical service
provision and quality of care [22]. The public hospital
reform in China has multiple mandates for county hos-
pitals, including reducing the reliance on medical sales,
controlling the cost of medical treatment, establishing
the role of gatekeeper of family physicians for healthcare
utilization, etc. The main objectives of the pilot reform
at that period were to maintain social welfare, enhance
healthcare capacity, and provide accessible healthcare
services for the population [56]. Devoting resources
to those objectives may lead to better accessibility and
equity but with short-term reductions in technical effi-
ciency among county hospitals.

The sensitivity analysis explores the policy impact het-
erogeneity in terms of hospital types. The results of het-
erogenous treatment effects suggest that the pilot reform
has limited effects on Traditional Chinese Medicine
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hospitals to improve efficiency and achieve scale effi-
ciency. The role in healthcare service delivery could be
one possible explanation. Compared with general hospi-
tals, TCM hospitals mainly provide herbal medicine and
minority general medical services to county residents
[57]. Besides, the difference in resource allocation strate-
gies could result in inconsequential impacts among TCM
hospitals. The Zero-markup Drug Policy was imple-
mented in the pilot county hospitals after 2012, which
strongly reduced the cost of medicine in medical treat-
ment. However, the cost of Traditional Chinese Medicine
is not controlled by the ZMDP. Even if they received gov-
ernmental subsidies and medical resources, TCM hospi-
tals might be less motivated to expand scale or purchase
high-value devices to compensate for reduced drug sales
than general hospitals.

Conclusion

This study examines the association between the pilot
public hospital reform and county hospital efficiency.
We find an unintended consequence of the reform: no
improvement in hospital efficiency in healthcare ser-
vices delivery was found after the pilot reform in county
hospitals. The findings imply inefficient utilization of
medical resources and shed light on scientific manage-
ment, which helps to address the potential conflict on a
multitude of policy objectives for public hospitals.

Our research also extends current studies in hos-
pital efficiency by investigating the impact of the pilot
reform and provides valuable policy implications to
county hospitals and the health system. County-level
hospital leaders must improve their internal manage-
ment and hospital operations competency. Then, county
hospitals would be more likely to achieve optimal scale
efficiency. Policymakers could regard efficiency scores
as one of the monitoring indices in assessing the per-
formance of hospitals in certain periods and guiding
decision-making.

Our study has at least three limitations. First, the
sample of county hospitals is selected from six prov-
inces in East China. The impacts of the pilot reform may
differ in the central and western areas; thus, we need to
use caution in extrapolating our results to other regions
of China. Second, we analyze the policy effects shortly
after the reform. It may take longer for the pilot hospi-
tals to materialize the efficiency gains. Last, we could
not assess the change in the quality of care due to the
data limitations. Further studies are needed to investi-
gate the quality performance by adding health outcomes
indicators.
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Appendix 1

Table 8 Covariates before and after propensity score matching specification (Match year: 2011)

Covariates Before matching After matching

(1) (2) (3) (4) (5) (6)

Pilot Non-pilot (N=543) difference Pilot Non-pilot difference

(N=206) (N=190) (N=175)
GDP per capita 4483 3.194 1.289%** 4.293 4493 -0.2
Government Revenue 21815 12132 9.683%** 19.933 23.246 -3.313
Government Expenditure 31.553 22.301 9.252%** 29.750 34.760 -5.01
Healthcare Institution Bed 30.731 27.079 3.652%** 29.201 29.501 -03
Services Industry Proportion 0.329 0325 0.004 0327 0319 0.008
Education Enrollment 8615 7472 1.143* 8.347 9.956 —1.609

Note: Statistical significance: ***p < 0.01, **p < 0.05, *p < 0.1. One-to-one matching without replacement and repeated counties. Covariates include GDP per capita,
government revenue per capita, government expenditure per capita, the output in the services industry as a share of GDP, the number of beds in healthcare
institutions in the population (10, 000), the share of education enrollment in population

Table 9 Impact of Pilot Reform on Hospital Efficiency (with Bias-  Table 10 Robustness: impact of Pilot Reform on Hospital

corrected efficiency) Efficiency (different estimation methods)
Variables (1) (2) (3) (4) Variables (1) (2) (3)
Hospital Pure Scale Bias- (Y=Hospital Baseline Model Tobit Tobit Model
Efficiency Technical  Efficiency Corrected efficiency) Model with with Random
Efficiency Efficiency LSDV Effects
Post*Pilot Reform  —0.019 -0.030" 0.023" -0019" Post*Pilot Reform ~ —0.019 -0.019" -0015"
0012) 0.012) (0.010) (0.010) (0012) (0.007) (0.008)
Log GDP —0050  —0.068 0019 ~0.052 Log GDP per capita  —0.050 -0.049" 0.030
per capita (0.054) (0.030) 0.019)
0.054) (0055 (0.034)  (0044) Log Government  0.008 0008 0046~
Log Government  0.008 —0.003 0.007 0.007 Revenue
Revenue (0019) (0013) 0017)
©019) — (0.018) ©021) (0.023) Log Government ~ ~0.050" 0046 0032
Log Government  —0.050" —-0.037 —-0.015 -0.016 Expenditure
Expenditure 0.028) (0.020) (0018)
(0.028)  (0.025) 0037)  (0025) Services Industry  0.232 0226 0.555™
Services Industry  0.232 0.300" -0.061 0.299" Proportion
Proportion (0.156) (0.099) (0.095)
©156)  (0161) 0.140)  (0.143) Log Healthcare Insti- —0.034 —0029"  —00417
Log Healthcare —-0.034 —-0.022 —-0.040 -0.027 tution Bed
Institution Bed (0.021) (0012) (0016)
©021) - (©.021) 0015 (0.016) Share of Education ~ 0.002 0001 0.002
Share of Educa-  0.002 —0.000 0.004 —0.003 Enrollment
tion Enroliment (0.004) (0.002) (0.002)
(0.004) (0.004) (0.003) (0.003) Year Effects Ves Yes NO
Year Effects Yes ves Yes ves Individual Effects  Yes Yes NO
Individual Yes Yes Yes Yes Rho 0417
Effects )
Log likelihood 224298 109147
N 2555 2555 2555 2555
N 2555 2555 2555

Note: The numbers in parentheses are standard errors. Significant levels are
denoted as p < 0.1, “p < 0.05,"“p < 0.01. Bias-corrected Efficiency is the DEA Note: The nijbers ig parenthgfﬁs are standard errors. Significant levels are
estimates after 1000 times Simarwilson’s bootstrapped-DEA approach. Control denotedas p<0.1, p<0.05, p<0.01.Control variables include GDP per
variables include GDP per capita, government revenue per capita, government capita, government revenue per capita, government expenditure per capita,
expenditure per capita, the output in the services industry as a share of GDP, the the output in the services industry as a share of GDP, the number of beds in
number of beds in healthcare institutions in the population (10, 000), the share healthcare institutions in the population (10, 000), the share of education

of education enrollment in population enrollment in population
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Table 11 Robustness: impact of pilot reform on pure technical efficiency (different estimation methods)

Variables (Y = Pure technical efficiency) (1) (2) (3)
Baseline Model Tobit Model with LSDV Tobit Model with
Random Effects
Post*Pilot Reform -0.030" -0.029™" -0.024™"
(0.012) (0.008) (0.008)
Log GDP per capita -0.068 -0.063" 0.054"
(0.055) (0.030) (0.024)
Log Government Revenue -0.003 -0.003 0.033"
(0.018) (0.014) (0.017)
Log Government Expenditure -0.037 -0.038" -0.023
(0.025) (0.021) (0.016)
Services Industry Proportion 0.300" 0279 0635
(0.161) (0.102) (0.096)
Log Healthcare Institution Bed —-0.022 -0.017 -0.032"
(0.021) (0.013) (0.018)
Share of Education Enrollment -0.000 —0.001 0.004"
(0.004) (0.002) (0.002)
Year Effects Yes Yes NO
Individual Effects Yes Yes NO
Rho 0578
Log likelihood 2291.96 1193.35
N 2555 2555 2555

Note: The numbers in parentheses are standard errors. Significant levels are denoted as “p < 0.1, p < 0.05, *"p < 0.01. Control variables include GDP per capita,
government revenue per capita, government expenditure per capita, the output in the services industry as a share of GDP, the number of beds in healthcare
institutions in the population (10, 000), the share of education enrollment in population

Table 12 Robustness: impact of Pilot Reform on Scale Efficiency (different estimation methods)

Variables (Y =Scale efficiency) (1) (2) (3)
Baseline Model Tobit Model with LSDV Tobit Model with Random Effects
Post*Pilot Reform 0.023" 0011" 0.003
(0.010) (0.005) (0.004)
Log GDP per capita 0.019 0.019 —-0.007
(0.034) (0.019) (0.018)
Log Government Revenue 0.007 0.005 —-0.003
(0.021) (0.008) (0.017)
Log Government Expenditure —-0.015 —0.009 —0.005
(0.037) (0.012) (0.012)
Services Industry Proportion —-0.061 -0.067 0.060"
(0.140) (0.063) (0.034)
Log Healthcare Institution Bed -0.040™ -0.026™ -0.028""
(0.015) (0.008) (0.008)
Share of Education Enrollment 0.004 0.004" -0.002"
(0.003) (0.001) (0.001)
Year Effects Yes Yes NO
Individual Effects Yes Yes NO
Rho 0326
Log likelihood 3395.14 234991
N 2555 2555 2555

Note: The numbers in parentheses are standard errors. Significant levels are denoted as "p < 0.1, “p < 0.05, "p < 0.01. Control variables include GDP per capita,
government revenue per capita, government expenditure per capita, the output in the services industry as a share of GDP, the number of beds in healthcare
institutions in the population (10, 000), the share of education enrollment in the population
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Table 13 The distribution of hospitals by different efficiency categories

Efficiency Categories 2009 2010 2011 2012 2013 2014 2015

1 7 7 7 8 6 1 7

0.8-0.99 47 25 37 40 6 92 90

0.5-0.79 247 227 243 276 84 232 231

0.2-0.49 60 102 75 39 258 29 34

<0.2 4 4 3 2 Il 1 3

Notes: Table 13 in Appendix 1 presents the distribution of hospitals’numbers in different efficiency categories. Hospitals in this study were divided into five groups
based on efficiency from highest to lowest. The number displayed in each cell is the number of hospitals within that efficiency interval. For example, there were 47
hospitals with efficiency values between 0.8 and 0.99
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Fig. 1 The event study results in Hospital efficiency, Pure technical efficiency, Scale efficiency, and Bias-corrected efficiency

Appendix 2

The Procedure of Bias-corrected Efficiency Scores

Simar and Wilson first focused on the data-generating
process of estimated efficiency. A truncated regression®
model illustrated the relationship between efficiency and
exogenous factors

5 Efficiency scores estimated by DEA are bounded to the (0, 1], or [1, o]
interval based on the different specifications. Efficiency with the [1, oo]
interval is applied for one-sided truncated regression model. Any efficiency
score > 1 represents inefficiency. Efficiency with the (0, 1] interval is the reg-
ular case in two-sided truncated model.

0i=2Zp +e;

In this data-generating process, 6 ; is the technical effi-
ciency and Z; denotes the exogenous factors influencing
hospital efficiency. € is the error item following a trun-
cated distribution with zero mean and constant variance.

The main steps of bias-corrected efficiency estimates
are as follows. Step 1-4 generate the bias-corrected effi-
ciency scores. Step 5-7 expand the confidence intervals
of bias-corrected efficiency to all DMUs.

1. Estimate efficiency scores by using conventional
DEA.
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2. For 8 ;> 1, use maximum likelihood to obtain 6 and €
in the truncated regression of 0 ;.

3. Loop step 3.1 to 3.4 By times and generate estimates
of 6 ; for DMU;, i=1-N.

3.1 For each DMU* draw an artificial €, ; from N
(0,2 at1 — Z;B.

3.2 Compute artificial efficiency scores based on the
B ande ;.

3.3 Generate artificial x and y of each DMU with

yi= (OA i/ 9i>%
3.4 Replace DMU with artificial one generated in

step 3.3, let them be the sample to draw the bias-
corrected efficiency score for each DMU.

4. For DMU;, i=1-N, calculated the bias-corrected effi-
ciency score ¢ o,
5. Use maximum likelihood to estimate new B and new
€. ~
6. Loop step 6.1 to 6.3B; times to obtain 6 ;.
6.1 For each DMU, draw an artificial €, ; from N
(067 at1-zp.
6.2 Compute artificial efficiency scores based on the
B and € ; for each DMU.
6.3 Use maximum likelihood to estimate 6 on Z; to
obtain bootstrapped p S and ¢
7. Use bootstrapped E and €; to construct the confi-
dence interval for p and € ;.

Abbreviations

DEA Data envelopment analysis
DID Difference-in-differences
DMUs  Decision making units

LSDV  Least Squares Dummy Variable
PSM Propensity score matching
PTA Parallel trend assumption

™M Traditional Chinese medicine
ZMDP  The Zero-markup Drug Policy
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