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Abstract: China is the most populous nation and considerations of economic efficiency in the social
sectors is important for maintaining the wellbeing of such a large population. This is especially true
when gauging the performance of the healthcare sector treating the population. In this paper, we
examine the total factor productivity (TFP) growth in Chinese medical institutions during the period
2009–2018, which experienced a systemic healthcare reform. In order to identify the contribution
from each component of TFP indicators and from each provincial or regional medical institutions,
a generalized decomposition of productivity gains is applied to analyze hospital operations based
on an aggregate directional distance function (DDF). The results show that the annual average TFP
growth rate in Chinese medical institutions is 1.87% that is mainly driven by technological progress
(0.75%, per annum), while less contributed by technical efficiency change (0.65%, p.a.) and scale
efficiency change (0.47%, p.a.). Disparities of provincial hospital performances are observed that may
provide policy implications for decision makers.

Keywords: additive total factor productivity; healthcare performance; aggregate directional distance
function; Chinese medical institutions; data envelopment analysis

1. Introduction

Since the reform and opening in 1978 of markets and trade, the Chinese healthcare system
has experienced significant changes covering policy making, equipment replacement, organization
management, institution expansion, staff training, and so on [1]. The recent reform started from 2009
represents a new era in public health development. Yip and Hsiao [2] reviewed the reforms in the
Chinese healthcare system. Specifically, changes have focused on the increase in public financing for
hospitals. The impetus for this change was that the healthcare system was not functioning with low
quality and high costs. Government oversight is accomplished through regulations, laws, and direct
ownership of institutions providing healthcare and other social good services [2]. In 2002–2008, the
government implemented reforms of social insurance to pay for hospital care. After 2009, reforms
included increased public financing as well as promoting prevention to reach a “healthy China”
by 2020.

However, reforms require evaluation and one such evaluation tool is measuring total factor
productivity (TFP). This method has been applied to hospitals in many different nations, however, a
majority of these studies have focused on using data envelopment analysis (DEA) and the Malmquist
approach that decomposes overall technical efficiency into efficiency changes (moving closer to the
frontier) and technological changes (moving to a new frontier). The incomplete productivity indices,
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such as the popular Malmquist index, may not always be regarded as a TFP measure but shall be
called technology indices [3]. These biased productivity indices may also generate unclear economic
interpretation and even contradictory results for policy and decision makers [4].

This type of analysis is relevant because once hospitals select the quantity and quality of the care
provided, costs should still be minimized. What we address here is that once these decisions are made,
as reflected in the amount of outputs provided, we pursue the objective of which Regions/Provinces
have a medical sector that increases efficiency and productivity. This can also be further noted by the
presentation of the variability within each Region/Province to present if there is consistency in hospital
performance within each geographical unit. If there is a wide variability within each Region/Province,
a policy assessment can be made as to what is source of deviations of “best” practice as well as identify
in which Regions/Provinces need more government attention.

The objective of this paper is to estimate TFP growths for Chinese medical institutions and
expand on the existing literature in three different ways. First, we expand on estimating TFP using the
Luenberger–Hicks–Moorsteen (LHM) approach, which permits us to employ an additively complete
indicator. Further, by employing an aggregate directional distance function (DDF), we can capture
the contribution of each evaluated unit to the overall productivity gains. Second, in response to
reforms, we can evaluate the performance of medical institutions in Chinese provinces based on a
generalized decomposition of TFP indicator. Hence, technical efficiency change, scale efficiency change,
and technological progress in terms of output and input changes can be addressed. Third, we use
the sample that covers main provincial Chinese medical institutions during 2009–2018 and empirical
results may provide more recent information or policy implication for decision makers.

The rest of the paper is organized as follows: In Section 2, we review research on the productivity
of health and medical operating in China; we introduce the methodology applied in the estimation of
TFP of Chinese medical services in Section 3. We present the data and results in Section 4; Section 5
concludes the paper with a discussion of findings, applicability to policymakers, the role of this
approach in sustainability, as well as limitations in this study.

2. Literature Review

Since 2009, the Chinese government has started a novel healthcare reform covering construction of
the basic medical security and the basic national drug systems, promoting equalization of basic public
health services, and improving services of public hospitals, etc. In this paper, we mainly focus on
public hospitals’ reform starting from 2009. In Table 1, we illustrate the timeline of Chinese hospitals’
reforms during the period 1978–2018. One can notice that Chinese reforms on public hospitals can be
divided by three main stages: First, the marketization stage, which was focused on transformation of
public hospitals from fiscal appropriation to self-financing; after the transition stage, the novel medical
reform started from 2009, and has been improving the quality of medical and health services, especially
in hospitals by promoting organization optimization, staff training, recourses allocation, infrastructure
construction, and technological innovation, etc.

Table 1. The main objectives and actions in Chinese hospitals’ reforms (1978–2018).

Period Objectives Actions Achievements

1978–2004
Reform on medical
services from planned
system to marketization

Encouraging hospitals to operate
independently and self-financing
while reducing government
intervention.

Medical conditions have
been improved significantly
and health resources have
increased rapidly.

2004–2009 Transition stage Preparing for new reform.

2009–2018 Current medical reform

Accelerating the building of an
integrated medical and health
service system of good quality and
high efficiency, and improve the
medicine supply system.

Great improvement in the
quality of medical and
health services, more people
are satisfied with services
provided by public hospitals.

Source from: The State Council Information Office of the People’s Republic of China [5].
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The Chinese government have made moves boosting public health and medical services. Reforms
focused on developing the world’s largest basic medical insurance so that patients could receive
emergency care, treatment for serious illnesses, and increased service in urban and rural areas. Although
lofty goals, it is also important that these reforms and the medical services provided within these
reforms are efficient and productive in order to reduce wasted resources. These issues of efficiency
and productivity have been addressed in low- and middle-income countries worldwide including
Botswana [6], Vietnam [7], and Iran [8]), among others. These countries are similar to China in several
ways. First, there is a need for reform based on the need for an access to quality healthcare. Second,
Vietnam is similar to China as it has a growing economy and has a similar government structure. Even
though the countries cited above are not identical to China in terms of socio-economic status, size,
or geographical location, what is similar in all these studies is the use of TFP using DEA and the
Malmquist approach in addressing similar medical issues. To facilitate the following discussion, we
provide Table 2, which summarizes a brief explanation of each method, the pros and cons, and whether
the approach is parametric or non-parametric. For a complete review of the non-parametric methods,
see Fare et al. [9].

Table 2. Methods used for measuring efficiency/productivity.

Method Approach Measurement Pros/Cons

Data
Envelopment

Analysis
Non-Parametric

Technical Efficiency: How
well use resources;
Allocative Efficiency:
Efficient mix of
inputs/outputs;
Scale Efficiency: How far is
approaching to most
productive scale size.

Pros: Does not impose a
predetermined functional form
based on cost minimization or
profit maximization which may
not be applicable to non-markets
including hospitals. Prices are also
not required but based on
inputs/outputs in whole units.
Cons: Is data dependent therefore
efficiency may be
over/underestimated due to
external factors.

Malmquist
Measure

Non-
Parametric/Parametric

Efficiency change:
moving to the frontier;
Technological change:
moving to a new frontier.

See Above

Stochastic
Frontier
Analysis

Parametric
Explanation of costs given
input and environmental
factors.

Pros: Includes all factors of
production and environmental
variables to estimate costs.
Cons: Uses costs that may not be
market based.

Luenberger
productivity

indicator

Non-
Parametric/Parametric

Efficiency change,
Technology change in
addition to the ability to add
the scores across
observations under study.

Pros: Expands on the traditional
Malmquist approach with
directional distance functions
including additivity and
improved capacity for
comparability.
Cons: The same as for the
traditional Malmquist approach.

Olley-Pake Semi-Parametric Productivity

Pros: Provide consistent results.
Cons: Focuses on investment of
inputs which may be exogenously
determined—Medical services are
required as a social good.

There are two popular approaches to evaluate TFP growth: The first group, TFP change,
is computed by the Solow residuals; the second category, TFP gain, is represented by index or indicator.
Our paper is based on the LHM TFP indicator. Before proceeding to the literature review, we distinguish
between the concepts of efficiency and productivity. Efficiency refers to movement along the production
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isoquant and, in economics, relies on prices. By using the DEA framework, movement along the
isoquant is input based in units since in the healthcare and hospital services, prices are often missing
(see Table 2). Productivity refers to movement to a higher (or lower) isoquant reflecting improved or
diminished production. This movement is not reliant on prices.

Pang [10] evaluated the operation efficiency of 249 Chinese hospitals in 2005 based on DEA and
suggested that the valid methods to increase hospital’s operation efficiency were to adjust the operation
scale of hospital and increasing the validity of treatments. Gai et al. [11] assessed the efficiency score of
China’s county hospitals in 31 provinces from 1993–2005 by using DEA framework. They found that
even though the number of county hospitals and their inputs grew rapidly, the overall efficiency at the
national level decreased slightly and the eastern area have better overall, scale, and technical efficiency
in comparison to the inland and the western areas. Ng [12] used the Malmquist approach for hospitals
operating in Guangdong province in 2004–2008. He found that inefficiency among these hospitals was
due to pure technical inefficiency in the DEA framework, and that productivity growth was due to
technological change. Hu et al. [13] assessed health insurance reform on the New Rural Cooperative
Medical System’s efficiency using a series of DEA and Malmquist models from 2002 through 2008.
They found that hospital efficiency increased from an average of 0.68 to 0.81.

Along similar lines, Yang and Zeng [14] assessed private and public medical facilities operating
in Shenzhen province between 2006–2010. They found that there was a tradeoff between efficiency
and quality mostly among small- and medium-sized hospitals. Liu et al. [15] assessed 12 third
grade class-A hospitals in Beijing operating in 2006–2009. They reported average technological
growth among these hospitals of 28.3% but lower efficiency change of −1.3%. Li et al. [16] examined
the efficiency and productivity of 12 third-grade Class A general public hospitals in Beijing from
2006–2009. They noted that the sample hospitals in Beijing experienced substantial productivity
growth and technological change was the main contributor to the growth. Conversely, Cheng et al. [17]
studied 114 hospitals in Henan Province from 2010 through 2010. These authors reported that hospital
performance improvements were attributed to efficiency change (an improvement of 6.8%) as compared
to technological change (0.9%).

Chen et al. [18] analyzed 64 hospitals from Shenzhen Province between 2010–2015. They found
that 48% of first level hospitals and 46% of second level hospitals were inefficient and no third level
hospitals exhibited inefficiency. Similarly, 46% of first-level hospitals, 17% of second-level hospitals, and
13% of third-level hospitals exhibited negative technological changes. Li and He [19] also focused on
the impact of healthcare reforms and they found that a balance of market competition and government
intervention lead to improved quality and subsequently improved efficiency performance.

From these studies, it is apparent that there is an interest in measuring medical service performance
over time since healthcare reform in China. Whereas there is consistency among these findings, there
are some drawbacks. These authors focused on medical services applied to individual provinces,
which may or may not be generalizable. Because of the advantages of the approach we take here and
outlined in the introduction, we provide additional information helpful to policymakers. Specifically,
we can provide a direct comparison among regions and provinces as well as identify the source of
productivity gains—technical, scale, and mix. Even though these earlier studies focused on a variety of
regions/provinces throughout the country as well as demonstrate similarities, in their findings, we
expand on the earlier approaches by being able to directly compare across regions and provinces.
Because of these drawbacks, we propose a different approach and model. We address the questionable
generalizability by assessing one province by employing the LHM.

One of the benefits of the LHM approach as compared to traditional Malmquist measures is
that the former permits additivity so that productivity analysis can be combined at the firm and at
the industry level. Further, there can be more precise decomposition including efficiency change,
productivity change, technical efficiency, mix of services, and scale efficiency changes. This can be
done since the LHM approach uses an arithmetic means (t and t + 1) and by aggregating inputs
and outputs, a common direction can be derived by the efficiency scores. Boussemart et al. [20]used
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Luenberger approach to assess Chinese healthcare reforms at the provincial and regional levels in
2009–2014. They found that overall improvements were achieved by 0.73% at the central region, 0.53%
at the eastern region, and 0.14% at the western region. Using the decomposition of the overall measure,
these authors found that at the regional levels, improvements at different degrees of scale and mix
inefficiency should be pursued and that reallocations would lead to different approaches in reform.
Compared to the Luenberger indicator, the LHM approach has been regarded as a better total factor
productivity indicator [4]. Given the improvement in methodology, we expand on this to measure TFP
in Chinese medical services. We expand our discussion on the methodology we employ below.

3. Methodology

3.1. Definition of Production Technology

The Neo-Walrasian production theory initially was introduced by Koopmans [21], Debreu [22],
Shephard [23], and Farrell [24]. Based on their seminal works, the production technology could be
interpreted by production possibility sets, which has provided new measurement for performance
evaluation. The production technology of medical institutions is illustrated by the production set with
inputs and outputs. Assume that K number of decision-making units (DMUs), here represented as
provincial hospitals, can use multiple-inputs to produce multiple-outputs. Specifically, N number
of inputs (x) is able to produce M number of outputs (y) in the hospital production process. The
production possibility set T is defined in Equation (1).

T =
{
(x, y) ∈ RN+M

+ : x can produce y
}

(1)

The technology T is required to satisfy some standard economic assumptions in Equation (2).
For instance, A1 assumption implies it is always feasible to produce zero output and that there is
no free lunch, namely i.e., outputs cannot be produced without inputs. A2 and A3 guarantee that
unlimited outputs cannot be produced by given inputs and that efficient production is on the frontier.
In addition, other assumptions (free disposability of inputs and outputs, convexity, and returns to
scale) are usually imposed on production sets. In this paper, the assumption of variable returns to scale
(VRS) is introduced to characterize various hospital sizes across provinces. A detailed interpretation of
economic axioms is available from Hackman [25] and Shen [26].

A1 : (0, 0) ∈ T and if (y, 0) ∈ T then y = 0′
A2 : T is closed.
A3 : For each input x ∈ RN

+, T is bounded.
(2)

3.2. Aggregate Directional Distance Function

As a usual measure of production sets, the distance function is an equivalent representation
of production technology. Unlike the Shephard distance function, the DDF proposed by
Chambers et al. [27] can expand outputs and reduce inputs simultaneously in a linear programming
framework. Further, by providing flexibility to approximate hospital production technology [20],
a generalized DDF can be defined as the difference as seen in Equation (3).

D(x, y; gx, gy) = max
{
δ,θ ∈ R+ : (x− δgx, y + θgy) ∈ T

}
(3)

where δ and θ are inefficiency scores for inputs and outputs. In other words, these parameters measure
the potential decrease in inputs (by a given level of outputs), or possible increase in outputs by a
given level of inputs, respectively. Given this, (gx, gy) ≥ 0 are non-negative with the minimum
inputs and maximum outputs, which are projected onto the hospital production frontier. In order to
capture the contributions of each provincial performance to the overall productivity gains, we follow
Shen et al. [28] by employing an aggregate directional distance function to measure the inefficiency
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scores. The direction vector is defined as the aggregated value of inputs and outputs in Equation (4),
and using China’s performance as a whole as the benchmark. The benefit of this directional distance
approach over traditional DEA is that inefficiency scores can be directly compared across all hospitals
interpreted as the possible decrease of inputs or potential improvement of outputs in terms of inputs
and outputs for all hospitals operating in China [29].

(gx, gy) = (
K∑

k=1

gx,
K∑

k=1

gy) (4)

Thanks to the aggregate DDF, all provinces are evaluated using a common direction vector
allowing the summation of each individual hospital’s productivity [30]. Therefore, the TFP indicator is
additive and the whole TFP growth is the sum of provincial productivity changes. Please see the detail
illustration in the next section.

3.3. TFP Indicator and Its Decomposition

Compared to static efficiency scores, productivity indicators or indices are constructed on a
combination of distance functions over time that provides more information for decision or policymakers.
For instance, the productivity measures not only contain efficiency changes, but also technological
progress (shift to a higher frontier) is included in productivity decomposition [31].

Some technical productivity measures have been widely used in literature, such as Malmquist
index and Luenberger indicator. Such productivity index and indicator may bias TFP measures as
they are incomplete and could not be regarded as a well approximation of TFP [3] [4]. In this paper,
we employed the LHM indicator introduced by Briec and Kerstens [32] as the TFP measure, which
satisfies the conditions for completeness defined as: the distances between the evaluated DMU and its
benchmark on the frontiers across time. Specifically, this indicator contains 12 different directional
distance functions over periods t and t+1 where both input- and output-oriented are considered as the
elements in LHM-TFP indicator that three times of the distance functions comparing with Malmquist
index and Luenberger indicator. Hence, the LHM-TFP measure is more complete than either the
Malmquist or the Luenberger indicators. To facilitate the text, we present the detailed equations
in Appendix A.

Like other productivity measures, the LHM-TFP indicator could be decomposed into terms of
efficiency change and technological progress. Following Ang and Kerstens [33] and Shen et al. [34],
specifically, productivity gains (TFP) is decomposed into technical efficiency change (TEC), scale
efficiency change (SEC)and technological progress (TP). See Equation (5) for the formal decomposition.

TFP = TEC + SEC + TP
where TEC = 1

2 (TECoutput + TECinput)

SEC = 1
2 (SECoutput + SECinput)

TP = 1
2 (TPoutput + TPinput)

(5)

TEC measures the distances to the production frontiers across time, where a positive score indicates
improvement of TFP is driven by using resource efficiently, while a negative change means the hospitals
are using resources inefficiently; SEC denotes the distances to the most productive scale sizes (MPSS)
over period t and t + 1, where a positive change implies the productivity growth is motivated by
approaching to optimal production scale, while a negative score suggests the size of the hospital is
farther away from optimal size. Finally, TP measures the changes in productivity resulting from shifts
of the hospital production frontier. Productivity changes may be attributed to technological innovation
in hospital equipment or improvement in organizational structure. See details in Appendix B.

Moreover, Shen et al. [34] argue that a generalize decomposition of TFP indicator should
be considered to integrate input- and output-oriented contributions in estimation. Therefore,
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each component of TFP indicator could be decomposed into sub-indicators by using input- and
output-oriented distance functions. The detailed decomposition of input- and output-oriented changes
for TEC, SEC, and TP is displayed in Appendix A.

Based on the common direction vector, this additively complete TFP indicator allows one to
take the summation of individual productivity changes. In this case, the overall productivity gains
in Chinese medical institutions could be computed by cumulating provincial performances [30].
This additive TFP is given as:

TFPChina =
K∑

k=1

TFPk (6)

3.4. Estimation Strategy

The distance functions can be estimated both by parametric and nonparametric models and the
main difference between them is whether the functional forms of production sets are predefined. In
this paper, we applied a nonparametric approach as it is more flexible and does not require a specific
functional form. A piecewise linear production frontier was constructed on combinations of efficient
DMUs using linear programs. All linear programs were modelled in a special VBA program in Excel
developed by authors. We now turn to the specification of linear programs applied in this paper.
Two examples on estimating output/input directional distance functions are given in Equations (7)
and (8). Firstly, the output directional distance function D(x, y; 0, gy) can be solved by the following
linear program:

D(x, y; 0, gy) = max
θ,λk

θ

s.t.
K∑

k=1
λkym

k ≥ym + θgm
y ,∀m = 1, . . . , M;

K∑
k=1

λkxn
k ≤ xn,∀n = 1, . . . , N;

K∑
k=1

λk = 1;

λk ≥ 0,∀k = 1, . . . , K

(7)

where λ and θ are the activity variable and inefficiency score, respectively. A positive value of λ
implies the corresponding DMU is taking as reference on the frontier, and θ denotes the maximum

potential expansion of outputs. The assumption of VRS is defined by the constraint of
K∑

k=1
λk = 1.

Secondly, the input directional distance function D(x, y; gx, 0) can be obtained by solving the following
linear program:

D(x, y; gx, 0) = max
δ,λk

δ

s.t.
K∑

k=1
λkym

k ≥ym,∀m = 1, . . . , M;

K∑
k=1

λkxn
k ≤ xn

− δgn
x ,∀n = 1, . . . , N;

K∑
k=1

λk = 1;

λk ≥ 0,∀k = 1, . . . , K

(8)

where δ is inefficiency score representing the maximum possible reduction in inputs. Note that the
direction vector is defined as aggregate output/input values of Chinese medical institutions.
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4. Data and Empirical Results

4.1. Data

For estimating productivity growth in Chinese medical institutions, we used the provincial
public health dataset from National Bureau of Statistics of China (2009–2018). Following Shen and
Valdmanis [30], and Boussemart et al. [20], we used the following inputs and outputs. Specifically, the
inputs of medical institutions included inputs of medical institutions (measured in 10,000 s), including
number of beds, number of licensed doctors, number of registered nurses, and other technical staff.
The outputs (measured in millions) included the number of outpatient visits, the number of inpatients
visits, the number of inpatient surgeries, and emergency room visits. Due to data availability, balanced
provincial data were selected for 31 main provinces (municipalities) during the period over 2009–2018.
The recent reform of Chinese medical and health system was covered in the sample period. All data
were from National Bureau of Statistics of China (2009–2018).

The statistical description of sample data is given in Table 3. Note the significant variation in
sample according to values of the standard deviation (S.D.) implying different development levels
among provincial medical institutions over 2009–2018. The annual growth rates of inputs and outputs
are denoted as the trend that suggest the fastest expansion of outputs is number of surgery while
the lowest growth is in number of outpatient visits. In addition, the increase of outputs is mainly
motivated by inputs expansion, especially in utilizing more nurses and beds in healthcare institutions.

Table 3. Statistical description of variables (2009–2018).

Indicator Mean Max Min S.D. Trend

Inputs

Beds 20.53 60.85 0.84 13.64 7.16%
Doctors 9.27 29.04 0.40 6.04 4.90%
Nurses 9.38 33.46 0.17 6.50 8.83%

Other staffs 5.21 14.43 0.35 3.24 3.32%

Outputs

Outpatients 10.71 42.29 0.36 9.17 0.61%
Inpatients 6.26 19.16 0.15 4.45 7.41%
Surgery 1.36 7.35 0.02 1.09 9.20%

Treatment 219.98 825.89 9.23 174.69 4.83%

Note: The trend is annual growth rate computed by ordinary least square.

The provinces are grouped into six geographical zones for performance analysis except Hong
Kong, Macao, and Taiwan in China. These regions include: North China (Beijing, Tianjin, Hebei,
Shanxi, Inner Mongolia), Northeastern (Liaoning, Jilin, Heilongjiang), East China (Shanghai, Jiangsu,
Zhejiang, Anhui, Fujian, Jiangxi, Shandong), Central China (Henan, Hubei, Hunan, Guangdong,
Guangxi, Hainan), Southwest (Chongqing, Sichuan, Guizhou, Yunnan, Tibet), Northwest (Shaanxi,
Gansu, Qinghai, Ningxia, Xinjiang).

4.2. Results and Discussion

Based on the proposed approach, the contribution of individual DMU is additive thanks to
the application of aggregate DDF. We begin to illustrate results from annual average growth rates
of TFP measurement for total China. In Table 4, the second column presents TFP indicator and its
decomposition at aggregate level. The trend of TFP growth in Chinese medical institutions was
around 1.87% per annum that is mostly driven by the component of TP (0.75%, p.a.), which implies
technological innovation or managerial measure in medical institutions is improving during the sample
period. As the health financing structure continuously increased from 2009–2012, the total healthcare
expenditure on GDP grew from 4% to 5% [35]. Chinese national level medical spending significantly
exceeded that of all G7 members except the US in 2013 [36], and according to Jakovljevic et al. [37], most
of BRICS’ growing share of global medical spending was heavily attributable to the overachievement
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of China. This provides evidence for the progress of Chinese healthcare reform started from 2009.
Besides technological progress, TEC (0.65%, p.a.) and SEC (0.47%, p.a.) also contribute to Chinese
medical productivity gains. The former one suggests the utilization of resources is improving while
the latter indicates the size of provincial hospitals is approaching to the MPSS.

Table 4. Annual average regional growth rates of total factor productivity (TFP) indicator and its
decomposition (2009–2018).

Variable China North China Northeastern East China Central China Southwest Northwest

TFP 1.87% 0.26% 0.41% 0.46% 0.42% 0.08% 0.24%
TEC 0.65% 0.18% 0.18% 0.05% 0.11% 0.01% 0.13%

-output 0.73% 0.22% 0.20% 0.05% 0.11% 0.01% 0.14%
-input 0.57% 0.14% 0.16% 0.05% 0.10% 0.01% 0.11%

SEC 0.47% 0.27% 0.17% −0.08% −0.19% 0.17% 0.14%
-output 0.19% 0.44% 0.13% −0.16% −0.39% 0.06% 0.12%
-input 0.75% 0.10% 0.20% 0.01% 0.01% 0.27% 0.15%

TP 0.75% −0.19% 0.06% 0.48% 0.51% −0.09% −0.02%
-output 0.95% −0.40% 0.08% 0.57% 0.71% 0.01% −0.02%
-input 0.55% 0.02% 0.04% 0.40% 0.30% −0.20% −0.01%

Note: Reported results are computed by Equations (A1)–(A4).

Moreover, this finding is an additively complete productivity indicator by accounting input and
output changes into performance evaluation. As shown in Table 4, there is a difference between the
decomposition of output- and input-oriented changes. For instance, the productivity components of TP
and TEC are enhanced by the output-based impact, which suggests the frontier shift and the distance
to the benchmark are significantly improving when output directional distance function is applied.
Conversely, when SEC is affected by the input-based shock, that implies the scale enhancement benefits
from input expansion.

The evolution of cumulative TFP components is shown in Figure 1; the main productivity progress
appeared in the first three years of sample (2009–2012), which covers the initial period of medical
system reforms. This phenomenon is confirmed by the TFP changes shown in Figure 2. The fast
growth in this period might be motivated by expanding governmental investments and expenditure in
the healthcare sector [38]. The medium values of the boxplot increased in 2010–2012, then a downward
trend appeared until it reached the bottom in 2015, and the TFP changes became stable in the last
three years. This may reveal that hospital performance is influenced by the corresponding healthcare
reform [30].Sustainability 2020, 12, 3080 10 of 18 
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Disparities of regional hospital performances can be observed in Table 2 and Figure 3. Three
regions dominate total Chinese productivity growth of medical institutions, namely East China (0.46%,
p.a.), Central China (0.42%, p.a.), and Northeastern region (0.41%, p.a.). Other regions have lower
contributions due to their negative growth of TP. For instance, the annual trends of TP in North
China, Southwest, and Northwest regions are −0.19%, −0.09%, and −0.02%, respectively. This result
suggests the decision makers might invest more in medical equipment, healthcare training, and staff

organization for these regions. Furthermore, the component of SEC shows negative trends in East and
Central China, which implies the policymakers might optimize the scale size of medical institutions in
these regions as their scale of is getting far away from the MPSS. This backward efficiency might be
due to changes of public subsidies and medical insurance reform ([39].
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Via the additive TFP indicator and aggregate DDF, productivity gain (loss) can be derived by
cumulating individual changes, and the detailed regional and component contributions are illustrated
in Figure 4. For example, at regional level, East China, Central China. and Northeastern contribute
approximately one-quarter of contributions for total productivity growth respectively; at component
level, TP accounts for 40% contributions, which is consistent with Li et al. [16], while TEC and SEC
account for 35% and 25% contributions, respectively.
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Figure 4. Decomposition of TFP contributions at regional and component levels. TFP contributions are
allocated by Equations (5) and (6).

As shown in Table 5, the growth rate of TFP indicator can be further allocated at provincial
level. One can note that productivity losses appear in Hebei, Fujian, Shandong, Henan, Guangxi, and
Guizhou provinces. Most productivity losses are in less developed provinces, which is consistent with
the findings of Audibert et al. [40]. This result suggests more attention on these areas is required by
policymakers. Furthermore, technological regress appears in almost half provinces that requires more
concerns on innovations, such as improvement of hospital equipment or staff training.

Table 5. Annual average provincial growth rates of TFP indicator and its decomposition (2009–2018).

Province TFP TEC SEC TP

North China 0.26% 0.18% 0.27% −0.19%
Beijing 0.13% 0.06% 0.07% 0.00%
Tianjin 0.02% 0.01% 0.02% −0.01%
Hebei −0.15% 0.00% 0.03% −0.18%
Shanxi 0.21% 0.09% 0.08% 0.04%

Inner Mongolia 0.05% 0.02% 0.07% −0.04%

Northeastern 0.41% 0.18% 0.17% 0.06%
Liaoning 0.22% 0.06% 0.06% 0.09%

Jilin 0.12% 0.08% 0.05% −0.01%
Heilongjiang 0.07% 0.04% 0.05% −0.02%

East China 0.46% 0.05% −0.08% 0.48%
Shanghai 0.16% 0.00% 0.02% 0.14%
Jiangsu 0.21% 0.05% 0.00% 0.15%

Zhejiang 0.08% 0.00% 0.11% −0.02%
Anhui 0.15% 0.03% 0.03% 0.09%
Fujian −0.02% −0.03% 0.04% −0.03%
Jiangxi 0.00% 0.00% 0.00% −0.01%

Shandong −0.13% 0.00% −0.28% 0.16%

Central China 0.42% 0.11% −0.19% 0.51%
Henan −0.09% 0.00% −0.18% 0.09%
Hubei 0.25% 0.08% −0.02% 0.19%
Hunan 0.13% 0.02% −0.07% 0.18%

Guangdong 0.14% 0.00% 0.05% 0.09%
Guangxi −0.01% 0.00% 0.01% −0.02%
Hainan 0.01% 0.00% 0.01% −0.01%
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Table 5. Cont.

Province TFP TEC SEC TP

Southwest 0.08% 0.01% 0.17% −0.09%
Chongqing 0.04% 0.01% 0.02% 0.01%

Sichuan 0.04% 0.00% 0.08% −0.04%
Guizhou −0.02% 0.00% 0.02% −0.04%
Yunnan 0.03% 0.00% 0.04% −0.02%

Tibet 0.00% 0.00% 0.00% 0.00%

Northwest 0.24% 0.13% 0.14% −0.02%
Shaanxi 0.14% 0.05% 0.06% 0.03%
Gansu 0.01% 0.02% 0.02% −0.03%

Qinghai 0.00% 0.00% 0.01% 0.00%
Ningxia 0.01% 0.00% 0.01% 0.00%
Xinjiang 0.08% 0.06% 0.04% −0.01%

China 1.87% 0.65% 0.47% 0.75%

Note: Reported results are computed by Equations (1)–(4) in Appendix A.

5. Discussion

In this paper, we analyzed TFP growth in Chinese medical institutions over 2009-2018 based on a
novel approach using additive productivity indicator and aggregate DDF. The proposed model allows
one to identify the contribution from each productivity component and individual DMU. We also
apply a generalized decomposition of productivity gains to analyze hospital performance. The result
shows that the annual average TFP growth rate in Chinese medical institutions is around 1.87% and
technological progress is the main driving force. We also find disparities of hospital performance
across regions and provinces.

Assessing performance at the provincial and regional levels, we find that Northeastern, Central
China, and Eastern regions exhibited the best performance overall ranging from 0.41% to 0.46%,
respectively. However, rather than just assessing performance only this level, we also assessed
performance at the provincial level. By breaking down performance, decision makers at the regional
level can focus policy remedies at the provincial level. For example, even though East China appeared to
have the best performance at the regional level, performance needed to be improved at medical services
operating in Fujian and Shandong. Interestingly, at Fujian, technological and technical efficiency was
the main culprit for inefficiency whereas in Shandong region, scale inefficiency was the leading cause
of overall inefficiency. By decomposing the measures at the regional level, more precise information
can be gleaned that was lacking in earlier studies that used only traditional Malmquist approaches.
With the ability to further breakdown performance, policymakers can focus on inefficient medical
services at the provincial level and further compare why performance may be better (or worse) at
neighboring provinces within the region. This latter point is relevant as reforms are changed, including
reallocation of resources (inputs from one province to another as needed) and improvements, given
any policy changes can be evaluated. We add to the literature on TFP in medical services operating in
China in three different ways. First, we use more recent data enabling the analysis to reflect changes
encompassing reforms. Second, the use of more rigorous methods provides an ability to extend the
analysis beyond radial comparison. Third, the regional productivity gains are obtained by cumulating
provincial contributions with well-defined groups. Given the focus of China’s health reform focusing
on rural and urban distinctions and medical service ownership, detailed examination enhances the
probability of a successful reform. Therefore, decision-makers at all levels of government can have
comparable information. As demonstrated by the findings in Table 5, there is a wide variability within
each region/province. Hence, a policy assessment can be made as to what is source of deviations of
“best” practice as well as identifying which region/province needs more government attention. From
our findings, we show which region deserves provincial government attention. In general, our results
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suggest that the provinces in Southwest may require further assessment by the government in order to
provide incentives to improve this Province’s medical services’ productivity.

Our findings do support previous findings in that there are possible productivity gains to be
made. Further, earlier studies demonstrated that TFP differences arose because of inefficiency and less
so to technological changes. Rather than assessing individual studies, we provide a more global view
of all the regions/provinces together, which has the benefit of consistency.

For the sustainability of medical services in China, it is very important to evaluate effectiveness,
which includes efficiency, productivity, and the individual factors (purely technical and scale efficiency).
From a policy perspective aimed at sustainable medical services, this evaluation needs to be followed
by corrective action by policymakers at the provincial, regional, and national level.

The further works could be to examine the relation between productivity growths and policy
implementations in the sample period. This may provide evidence to demonstrate if reform measures
and new management tools have effective impact on hospital operation. Furthermore, as the
technological progress contributes most productivity gains, and the innovation might be driven by
governmental preferential policy mix, the investigation of beneficiaries and losers in the reform will
help to assess unbalanced development in regional healthcare performance. It has also been argued
that there exist several different approaches that can be used to address the same issue of TFP. These
approaches include the stochastic frontier analysis, and the semi-parametric Olley–Pakes method.
Choosing one method over another is a legitimate concern, however it is also worthwhile to study the
same issue using different approaches and after all these studies are completed, can a determination
be made as to which approach is most beneficial. Again, this is a call for future research using this
rich dataset.
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where TECoutput and TECintput represent output- and input-based decompositions using two types
of distance functions, respectively. For a given level of inputs, TECoutput measures the possible
improvement of outputs during the period t and t + 1. Alternatively, TECintput presents the potential
reduction of inputs for a given level of outputs over time.

Similarly, TPoutput and TPintput capture the shift of frontiers in terms of output- and input-based
changes by considering the distances of output/input combinations, respectively.
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As the VRS assumption is imposed on the provincial hospital production technologies, the terms
of SECoutput and SECintput could be defined as the difference between TFP and other components,
namely as residuals in Equation (A4). The detail transformation is available from Shen et al. [34].

SECoutput = TFP− TECoutput − TPoutput

= 1
2
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Appendix B

Table A1. Illustration of productivity indicator and its decompositions.

Indicator Interpretation Example

TFP Ratio of aggregate outputs change
on inputs change All below

TEC How well use resources efficiently More efficiently utilization of medical resources

TP Contribution of technological
innovations New equipment or medical skills

SEC
How far is the distance between

the evaluated scale and most
productive scale size

Approaching to most productive scale size by
controlling hospitals’ size
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