
Citation: Chen, S.; Li, Y.; Zheng, Y.;

Wu, B.; Bardhan, R.; Wu, L. Technical

Efficiency Evaluation of Primary

Health Care Institutions in Shenzhen,

China, and Its Policy Implications

under the COVID-19 Pandemic. Int. J.

Environ. Res. Public Health 2023, 20,

4453. https://doi.org/10.3390/

ijerph20054453

Academic Editor: Paul B.

Tchounwou

Received: 31 January 2023

Revised: 23 February 2023

Accepted: 27 February 2023

Published: 2 March 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

International  Journal  of

Environmental Research

and Public Health

Article

Technical Efficiency Evaluation of Primary Health Care
Institutions in Shenzhen, China, and Its Policy Implications
under the COVID-19 Pandemic
Shujuan Chen 1,2,*,† , Yue Li 1,2,† , Yi Zheng 1, Binglun Wu 3, Ronita Bardhan 2 and Liqun Wu 1

1 Shenzhen Health Development Research and Data Management Center, Shenzhen 518028, China
2 Department of Architecture, University of Cambridge, Cambridge CB2 1PX, UK
3 Department of Structural Reform and Primary Health Care, Shenzhen Municipal Health Commission,

Shenzhen 518031, China
* Correspondence: sc2343@cam.ac.uk
† These authors contributed equally to this work.

Abstract: (1) Background: Primary health care institutions (PHCI) play an important role in reducing
health inequities and achieving universal health coverage. However, despite the increasing inputs
of healthcare resources in China, the proportion of patient visits in PHCI keeps declining. In 2020,
the advent of the COVID-19 pandemic further exerted a severe stress on the operation of PHCI due
to administrative orders. This study aims to evaluate the efficiency change in PHCI and provide
policy recommendations for the transformation of PHCI in the post-pandemic era. (2) Methods: Data
envelope analysis (DEA) and the Malmquist index model were applied to estimate the technical
efficiency of PHCI in Shenzhen, China, from 2016 to 2020. The Tobit regression model was then used
to analyze the influencing factors of efficiency of PHCI. (3) Results: The results of our analysis reflect
considerable low levels of technical efficiency, pure technical efficiency, and scale efficiency of PHCI in
Shenzhen, China, in 2017 and 2020. Compared to years before the epidemic, the productivity of PHCI
decreased by 24.6% in 2020, which reached the nadir, during the COVID-19 pandemic along with the
considerable reduction of technological efficiency, despite the significant inputs of health personnel
and volume of health services. The growth of technical efficiency of PHCI is significantly affected by
the revenue from operation, percentage of doctors and nurses in health technicians, ratio of doctors
and nurses, service population, proportion of children in the service population, and numbers of
PHCI within one kilometer. (4) Conclusion: The technical efficiency significantly declines along with
the COVID-19 outbreak in Shenzhen, China, with the deterioration of underlying technical efficiency
change and technological efficiency change, regardless of the immense inputs of health resources.
Transformation of PHCI such as adopting tele-health technologies to maximize primary care delivery
is needed to optimize utilization of health resource inputs. This study brings insights to improve
the performances of PHCI in China in response to the current epidemiologic transition and future
epidemic outbreaks more effectively, and to promote the national strategy of Healthy China 2030.

Keywords: primary health care; COVID-19; data envelopment analysis; Malmquist index model;
Tobit regression

1. Introduction

The Chinese government has committed to achieving the plan of “Healthy China
2030” with promoting universal health coverage as a major ambition in 2016 [1]. As part of
China’s health-care endeavor to increase health equity and coverage, primary health-care
institutions (PHCI) play an important role as the “gatekeeper” of Chinese residents’ health
level. PHCI in China were designated to undertake the responsibility of delivering general
medical services and basic public health services to residents at community level. These ser-
vices regularly include managing chronic diseases, reception of outpatients and emergency
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visits, providing home visits and educating services, children vaccinations, public health
issues reporting and physical examinations, and establishing resident health records [2].
Over the past 10 years, the health-reform launched by the Chinese government has made
substantial efforts in improving the PHCI, as the foundations of the integrated health
delivery system in China, to provide citizens with equitable routine health services [3,4].
What is more, the recent coronavirus disease 2019 (COVID-19) outbreak underlined the
essential role that PHCI could play in screening and monitoring the epidemic.

In the face of COVID-19, PHCI were designated responsible for control and prevention
of COVID-19 under the Chinese governments’ strict non-pharmacological interventions
characterized by strict community management. They were allocated duties for conducting
COVID-19 screening and referral, monitoring, education, and publicity by the National
Health Commission [5], which alleviated the pressure faced by general hospitals and the
whole health system. The fever patients or suspected COVID patients were transferred by
PHCI to the specialist fever clinics at the higher-level hospitals to receive treatment, based
on the government regulations, which promoted the effective control of the pandemic.
Over 90% of PHCI in China have carried out these new tasks and made positive impacts on
monitoring suspected COVID-19 cases and controlling the epidemic at community level [6].
However, these achievements could not be made without the considerable investments
and allocations of health professionals and financial resources. Although the application
of PHCI in the control of the unprecedented pandemic is relatively effective, some issues
have also been exposed.

The suboptimal efficiency of PHCI was brought to the fore by the COVID-19 epidemic,
as a challenging test for the development of the integrative health systems advocated by
China in recent years. Due to substantial additional workload as part of the epidemic
control, PHCI experienced shut-down from their routine care on other health conditions.
The access to the routine functions of PHCI such as outpatient visits and emergency
visits were significantly affected. In addition, despite the health resources inputs have
increased in the past years especially during the pandemic, large quantities of PHCI have
been still confronting issues such as deficient manpower and skills, insufficient medical
supplies, flaws in public information systems, and decreased patient visits [7]. They are
basically not producing efficient and economical outputs compared to their corresponding
substantial inputs of resources. PHCI were facing the challenge of efficiently handling
the core responsibilities in managing emerging infectious diseases such as COVID-19
as well as maintaining the routine care on other health conditions such as hypertension
simultaneously. What is more, as there is the approach of an aging society in China by
2030, national burdens from chronic disease continues its relentless increase, which further
calls for effective PHCI. To improve the performances of PHCI as a decisive bedrock of the
integrated health system during events such as an epidemic and aging era, it is essential to
escalate the service efficiency of PHCI.

In the past decades, the Chinese government has made considerable efforts to advance
PHCI. For example, the funding allocated to PHCI has increased by more than ten times,
from 19 billion in 2008 to 197 billion in 2018, by the Chinese government [8]. The Healthy
China 2030 Plan announced in 2016 proposes the equalization of basic public health services
by emphasizing prevention and primary care, which further bolsters the role of PHCl [9].
In May 2021, the acceleration of the improvement of the basic infrastructure of community
health centers and township hospitals was issued by the State Council, as one of the
key tasks to deepening the reform of the health system [10]. In November 2022, the
Chinese government issued new guidelines easing some of its strict COVID policies,
including relaxation of testing requirements, travel restrictions, and quarantine for COVID
patients [11]. PHCI in a city such as Shenzhen shoulder the new tasks of diagnosis and
treatment of suspected COVID-19 patients by setting up over 2000 fever clinics within the
communities [12]. The fever patients no longer need to be transferred to the fever clinics at
the higher-level hospitals to receive treatment, which further mitigates the stress of residents
and hospitals and enhances the integrated health system. We can see that PHCI play a
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more and more imperative role in tackling the responsibility of routine basic health care as
well as controlling the epidemic in the post-epidemic era. However, these achievements
were achieved with the insurmountable inputs of medical and human resources, which,
on the other hand, might lead to the waste of excessive resources due to deficient service
efficiency. It is crucial to build strong PHCI’s optimal service efficiency to construct an
effective integrated health delivery system in China.

However, the status of PHCI’s technical efficiency and the underlying influencing
factors in the recent years are unclear. Some Chinese scholars evaluated the performances
of PHCI during the pandemic using only health resources inputs and service capaci-
ties without considering the outputs and subsequent efficiency [13,14]. Studies assess-
ing the impacts of COVID-19 on PHCI focused on the physical and mental health of
PHCI practitioners [15–17], and the roles and services of PHCI in response to the pan-
demic [14,18,19]. Most of them adopt qualitative methods rather than quantitative meth-
ods, and they merely measure changes in health resources of PHCI by several indicators,
without considering broad health resource inputs, outputs, and underlying influential
factors with service efficiency of PHCI. Efficiency studies are important for informed deci-
sion making to improve the performance of PHCI and reduce wastage, which invariably
results in better allocation of health resources. A comparative table of the literature review
from both aspects of theory and application is included to highlight the characteristics
of current research (see Appendix A, Table A2). Thus, based on the analysis of previous
studies, the research gaps comprise mainly three aspects: (1) the status of PHCI’s technical
efficiency and the underlying influencing factors in China in recent years (before and after
the pandemic) are still unclear; (2) previous research about the impact of COVID-19 on
PHCI did not consider general health resource inputs, their relationship with outputs and
underlying influencing factors of service efficiency of PHCI; (3) there is no study to date
that has evaluated the efficiency changes of PHCI over a period that covers the outbreak of
the COVID-19 pandemic to assess the impact of the COVID-19 pandemic using quantitative
approaches. Therefore, this paper comprehensively analyzes the service efficiency of PHCI
and identifies the influencing factors of improving the performance of PHCI before and
after the epidemic.

There are several methods to estimate the efficiency of PHCI. One of the methods
is data envelope analysis (DEA) which is a non-parametric approach first proposed by
Charnes, Cooper, and Rhodes (CCR) for measuring technical efficiency (TE) of a decision-
making unit (DMU) [20]. Compared to stochastic frontier analysis (SFA), DEA does not
assume a functional form between the inputs and outputs and can handle multiple inputs
and outputs [21]. The method of DEA has been widely used in production frontier analysis
of factories, hospitals, and schools [22,23]. The analysis of DEA is commonly followed by a
Malmquist index (MI) to measure the change of Total Factor Productivity (TFP) to indicate
changes in institutional service efficiency over different time periods [24,25]. In addition,
to study the changes in the technical efficiency of PHCI, this article also studied the key
factors influencing the changes in technical efficiency of PHCI. Tobit regression is usually
attached to DEA to identify the influencing factors that may contribute to the variation of
technical efficiency between DMUs, and it is applied to analyze the influencing factors of
the technical efficiency of PHCI before and after the pandemic.

Therefore, to study the technical efficiency of PHCI before and during the COVID-19
epidemic, we used DEA and MI to analyze the technical efficiency of PHCI in Shenzhen,
China, from 2016 to 2020, treating each individual PHCI as a decision-making unit. Then,
the Tobit model was used to estimate the key factors that influence the efficiency of PHCI.
Since Shenzhen’s health policies were in line with those of China’s policies, the result of
this study could well reflect and generalize the situation of PHCI in cities with middle to
high level of economic development. We believe that the study of the technical efficiency
of PHCI under the epidemic is informative and insightful for the Chinese government, in
terms of developing superior policies for the advance of health resource allocation and
service efficiency of PHCI in the face of a future unknown outbreak. It is also beneficial
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to the primary health practitioners to enhance the vulnerable loopholes in the process
of general health services. What is more, this study puts forward practical insights for
other regions and the government to better develop primary health care systems which can
handle the core responsibility of managing the routine care of general health and emerging
infectious diseases.

2. Materials and Methods
2.1. The Data Envelope Analysis

DEA is widely applied in the estimation of the technical efficiency of a set of DMUs
because it is flexible when dealing with multiple inputs and outputs [26]. The efficiency
score is defined as a ratio of the weighted sum of the outputs to the weighted sum of the
inputs [27], which is derived from a non-parametric linear programming technique that
recognizes an efficiency frontier on which only the efficient DMUs are selected [28]. A
DMU is deemed to be technically efficient if it can produce maximum output from a given
set of inputs.

Regarding the estimation of the efficiency frontier, CCR assumed production as con-
stant returns to scale (CRS) which means any degree of increase in inputs will proportion-
ately increase the level of output [20]. While Banker, Charnes, and Cooper (BCC) proposed
another model which assumed the production as variable returns to scale (VRS), meaning
any increase in the level of input will either increase or decrease the level of output [29].
In this way, the efficiency yield from the VRS model is the pure technical efficiency (PTE)
that eliminated the scale effect. Scale efficiency (SE) is defined as the ratio of technical
efficiency estimated based on the CRS model and the technical efficiency yield from the
VRS model [29]. SE is represented as a measure of the extent to which a DMU deviates
from an optimal scale, which should not be greater than one.

This study applied an input-oriented DEA model due to its concentration on mini-
mizing the inputs for providing the given quantity of outputs. This model is suitable for
the situations of health systems in China, because government and hospital can control
the allocation of personnel and monetary inputs, rather than outputs such as the number
of outpatient visits. Thus, an input-oriented DEA model produces better interpretations
for policy making [30]. Other potential approaches such as Network DEA and Dynamic
DEA were also developed to evaluate more complex production processes in different in-
dustries [31,32]. However, this study chooses the classic DEA approach because it suits the
research questions better. Unlike studies that used Network DEA to evaluate efficiencies in
different stages of production [32], this study does not consider multiple stages but focuses
on the overall efficiency of PHCI since PHCI have simple and clear production processes.
In addition, Dynamic DEA was not applied in this study, since the inputs and outputs
of PHCI have clear temporal definitions and the production does not involve carry-over
activities, efficiencies were evaluated independently each year. Later studies have also
developed the bootstrap method to account for the influence of environmental and random
factors on TE [33,34]. As is stated in these studies, the bootstrap method is preferred only
when the number of DMU is limited. In this study, the number of DMU is large enough
so that the bootstrap method is not considered necessary [33,34]. Therefore, the one-stage
input-oriented DEA approach was adopted in this study based on the fact that it suits the
research questions well.

The input-oriented CRS model to estimate technical efficiency is specified in Equation (1),
and input-oriented VRS model to estimate PTE is specified in Equation (2).
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max

q
∑

r=1
µryrk

m
∑

i=1
νixik

s.t.



q
∑

r=1
µryrj

m
∑

i=1
νixij

≤ 1 (j = 1, 2, · · · , n)

νi ≥ 0 (i = 1, 2, · · · , m)

µr ≥ 0 (r = 1, 2, · · · , q)

(1)

max
s

∑
r=1

µryrk − µ0 s.t.



q
∑

r=1
µryrj −

m
∑

i=1
νixij − µ0 ≤ 0 (j = 1, 2, · · · , n)

m
∑

i=1
νixik = 1

νi ≥ 0 (i = 1, 2, · · · , m)

µr ≥ 0 (r = 1, 2, · · · , q)

(2)

Here, the subscript k indicates the DMU whose TE or PTE is being estimated. Then,
xik is the ith input of this DMU and yrk is the rth output of this DMU. For a given k, xij is
the ith input of the jth DMU, yrj is the rth output of the jth DMU. νi is the weight of the ith
input, µr is the weight of the rth output. µ0 is a free variable ranging in (−∞,+∞) [35].

2.2. Malmquist Index

DEA estimates technical efficiency for a given year but is not applicable for comparing
service efficiencies between different years or dealing with panel data. When technology
evolution is the major facilitator of the improvement of the productivity, only measuring
technical efficiency is insufficient. This factor is taken into account by the Malmquist index
(MI) first proposed by Fare [36] who also used it as an efficiency index in the field of
productivity analysis. Thus, the MI is applied to measure the change in TFP of DMUs
over time in this study. In the model, an input-oriented distance function is defined as
the difference between the actual outputs and the efficient outputs given the same set of
inputs, i.e., the distance of a given DMU to the efficient production frontier [36]. MI is
consequently the ratio of the distances using the set of inputs and outputs in year t and
year t− 1 compared to the same efficient production frontier. This efficient production
frontier could be either that of year t or year t− 1, so MI could be expressed as in either
Formula (3) or (4). R. Färe et al. (1992) defined the distance function form of MI using the
geometric mean of the two MI to calculate the productivity change (shown as Formulas (5)
and (6)) based on the method proposed by Caves [37].

TFP could be decomposed into technical efficiency change (EC) and technological
change (TC) through a mathematical transformation as shown in Formulas (7) and (8) [37].
Technical efficiency change can be further decomposed into pure technical efficiency change
(PEC), which denotes the institutional management level, and scale efficiency change (SEC)
as Formula (9) [38]. A TFP value > 1 indicates that productivity has increased in year t
compared to year t− 1. PEC value > 1 means that the management level has improved.
If TC value > 1, the PHCI’s technology has improved. If SEC > 1, it signifies that, as the
increase of the input factor, the production efficiency of PHCI has been escalated, and
economies of scale have been achieved. Contrarily, if these indexes are smaller than 1, the
corresponding efficiency is declining.

MIt−1
(t−1,t) =

Dt−1(xt, yt)

Dt−1(xt−1, yt−1)
(3)
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MIt
(t−1,t) =

Dt(xt, yt)

Dt(xt−1, yt−1)
(4)

MI(t− 1, t) =
√

MIt−1
(t−1,t) ×MIt

(t−1,t) (5)

=

√
Dt−1(xt, yt)

Dt−1(xt−1, yt−1)
× Dt(xt, yt)

Dt(xt−1, yt−1)
(6)

=
Dt(xt, yt)

Dt−1(xt−1, yt−1)
×

√
Dt−1(xt−1, yt−1)

Dt(xt−1, yt−1)
× Dt−1(xt, yt)

Dt(xt, yt)
(7)

= EC(t− 1, t)× TC(t− 1, t) (8)

= PEC(t− 1, t)× SEC(t− 1, t)× TC(t− 1, t) (9)

2.3. Tobit Regression

Tobit regression was applied to analyze the influencing factors of PHCI’s TE during
2016 to 2020. Due to the fact that values of technical efficiency are censored at 1 and 0,
using traditional regression models with the ordinary least square method is biased. Thus,
this study followed the method of using the Tobit regression model adopted in previous
technical efficiency analysis, which was first introduced by Tobin [39]. In addition, panel
data were utilized in this model; thus, the mathematical formula for the Tobit regression
model is written in Formula (10) as below:

yit
∗ = xit

′
β + εit = xit

′
β + µi + νit

yit =


0 yit

∗ ≤ 0
yit
∗ 0 < yit

∗ < 1
1 yit

∗ ≥ 1

(10)

Here, the subscript i indicates each unique PHCI across the five years, subscript t
indicates the time period, yit is the value of TE for the ith PHCI in year t, yit

∗ is the latent
unobserved TE value had the value not been censored theoretically, xit is the vector of
explanatory variables, β is the vector of coefficients of the explanatory variables which is
to be estimated, εit is the disturbance term which could be further divided into µi (Mu),
a time-invariant PHCI-specific effect, and νit (Nu) the remaining disturbance [39]. In the
results of Tobit regression, Ln(SigmaMu) and Ln(SigmaNu) which stand for the natural
logarithm of the standard deviation of Mu and Nu, respectively, are presented. These two
terms are estimated simultaneously with the rest of the coefficients in Tobit regression. The
dependent variable is censored at 0 and 1 in this model.

2.4. Data and Variable Selection

For the DEA and the Malmquist index, data were extracted from the Shenzhen Health
Statistical Information Report System during the period 2016–2020, and the Shenzhen
Health Statistics Yearbook. The selection of input and output variables were based on the
attributes of Chinese data and the requirements of the DEA and MI.

For input variables, a general consideration is to include material, personnel, and
financial resources. However, previous studies argued that it is improper to include
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monetary variables such as expenditure to the input since it leads to the confusion of
technical efficiency and allocation efficiency [34,40,41]. The inputs in this study are the
number of licensed (assistant) doctors, the number of registered nurses, the number of other
health technicians, and the number of equipment valued at more than RMB 10,000. Number
of beds was not considered as an input because PHCI in Shenzhen are not designed to
handle inpatient visits. Number of health technicians was further divided into doctors
or assistant doctors, nurses, and other health technicians. An advantage of separating
personnel based on their categories is to allow adjustment of weights while calculating the
efficiency of each PHCI. Merging all categories of personnel added an improper hypothesis
that the functions of different categories of personnel are identical. This is especially
inappropriate for PHCI compared to hospitals because each PHCI may have goals of
emphasis and would thus be disadvantaged in the DEA if PHCI were not allowed to adjust
their weights of inputs.

Output variables were selected based on the functions and orientations of PHCI in
China, as defined in the Guidelines for Service Capacity Evaluation of PHCI according to
the National Health commission [42]. Meanwhile, another principle is that the outputs
need to be comprehensive yet as independent to each other as possible to avoid collinearity.
Thus, this study included the number of outpatients and emergency visits, number of
home visits, the number of people received consulting or educating services, the number
of children vaccinated, the number of public health issues reporting, and the number of
physical examinations. Also based on the selection principle, the number of patients within
management is better to be treated as an intermediate rather than output because it overlaps
with some of the outputs. Similar to inputs, monetary output such as revenue was excluded.
Outpatient and emergency visits were combined to one output as a common practice
because the amount of emergency visits is very small and is not a major responsibility of
PHCI [30]. Surgeries, discharged patients, and beds related outputs were not applicable
in this study [43]. Table 1 lists all input and output variables with their definitions, as
defined in the Statistical Survey System of Health Resources and Medical Services in
Shenzhen (2020).

Inclusion criteria of PHCI with a specific year are located in Shenzhen city (including
those newly established within the study period), submitted yearly report to the system.
Data of PHCI with a specific year were excluded from the study if they meet one of the
following criteria: number of health technicians was zero; numbers of all of the six output
variables were zero. As a result, 37 PHCI-year data were excluded, leaving data of 3099
PHCI-years from 734 PHCI with at least one year of record ready to be analyzed in the
next procedure.

The data uncertainty is negligible in this study. For each PHCI, the data for input
and output variables were collected automatically through the system and were manually
confirmed and signed by the manager in charge. Therefore, the measurement errors are low.
The missing data due to certain variables not being reported were smaller than 2%, and the
PHCI which had not been established in early years made the panel data to be unbalanced.
For DEA and Tobit regression, this study evaluated the efficiencies for all PHCI whose data
are available without missing variables. For the Malmquist index, this study calculated the
indexes for all PHCI whose efficiencies for t and t− 1 are both available. Therefore, the
bias caused by missing data is negligible and there was no sampling variability since the
data of all PHCI were used. In addition, since the number of DMUs in this study is as large
as 734, the number is sufficiently large to generate an accurate evaluation of efficiencies
and the Malmquist index.
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Table 1. Definitions of input, output, and influencing factors.

Category Variable Definition Unit

Input Number of licensed (assis-
tant) doctors

The number of people who have obtained the practicing
certificates of doctors and are actually engaged in clinical
or supervision work.

person

Number of registered nurses
The number of people who have obtained the practicing
certificates of nurses and are actually engaged in clinical
or supervision work.

person

Number of other health tech-
nicians

Including health professionals such as pharmacists, inspec-
tion technicians, imaging technicians, health supervisors,
and intern doctors.

person

Number of equipment val-
ued at more than RMB 10,000

The number of all equipment (with their auxiliaries) above
RMB 10,000, including medical equipment and logistics
equipment.

set

Output Number of outpatients The number of people with outpatient registration and
have received actual diagnosis and treatment. person

Number of home visits
The number of people with a family hospital bed and
received door-to-door health services such as diagnosis,
treatment and nursing.

person

Number of people received
consulting or educating ser-
vices

The number of people received health education or bene-
fited from public health consultation activities during the
year

person

Number of children vacci-
nated

The number of children vaccinated according to the Na-
tional Immunization Program for children aged 0–6 years. person

Number of public health is-
sues reporting

The number of reports of cases of infectious diseases and
public health emergencies in the year as well as number of
reports of health supervision and co-management in the
year.

case

Number of physical examina-
tions

The number of general physical examinations and single-
item physical examination. person

Independent Established years The number of years from the establishment to the year of
reporting. year

Area
The area of the PHCI, including building area and rental
area that are occupied for operation but excluding residen-
tial area for personnel.

100 m2

Total asset The original value of total asset that the PHCI possesses at
the end of the fiscal year. RMB 1,000,000

Revenue from operation
Including medical service revenue, medicine revenue and
public health revenue. Also equals to total revenue minus
revenue from financial subsidy.

RMB 1,000,000

Proportion of revenue from
financial subsidy

The proportion of revenue from financial subsidy in the
total revenue. -

Proportion of personnel
salary in total expenditure

The proportion of personnel basic salary, performance-
related salary, allowance, social insurance in total expendi-
ture.

-

Proportion of doctors and
nurses in health technicians

The proportion of licensed doctors, assistant doctors and
nurses in all health technicians. -

Ratio of doctors and nurses
The ratio of the number of licensed doctors and assistant
doctors over the number of nurses. (Ratios that were infi-
nite were coerced to the maximum ratio 11.)

-

Average cost per outpatient
or emergency visit

The revenue from outpatient and emergency visits divided
by the number of outpatient and emergency visits. RMB 10

Service population The number of permanent residents that are covered by
the service of the PHCI at the end of the year. person

Proportion of children in the
service population

The proportion of children aged 0–6 in the service popula-
tion. -
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Table 1. Cont.

Category Variable Definition Unit

Proportion of old people in
the service population

The proportion of people aged above 65 years old in the
service population. -

Number of PHCI within
1 km

The number of PHCI that locate within 1 km to the PHCI
in straight line distance. number

Number of hospitals within
2 km

The number of hospitals that locate within 2 km to the
PHCI in straight line distance. number

Per capita GDP The annual per capita GDP of the district where the PHCI
locate. RMB

For the Tobit regression model, data sources were the Shenzhen Health Statistical
Information Report System and Shenzhen Health Statistics Yearbook (2016–2020). GPS
coordinates of hospitals and PHCI in Shenzhen were acquired using Baidu Geocoding API.

Explanatory variables used for the Tobit regression were selected either based on
previous studies that have been included to test the potential influence, or of special interest
in this study [30,44,45]. Factors that influence the efficiency of PHCI were divided into
two layers, the internal environmental factors and the external environmental factors [45].
Before fitting the data to the final model, a correlation analysis was performed to check
collinearity between variables. In addition, the model was fitted through a stepwise
manner from both directions using AIC of each model to remove variables that were
neither contributing to the explanation of the data nor intriguing from the perspective of
policy making. The independent variables included in the final model are listed in Table 1.
MaxDEA 8.0 software (Beijing Realworld Software Company Ltd., Beijing, China) was used
to obtain the result of DEA and Malmquist Index. Tobit regression and all other statistical
analysis were performed on R 4.1.0 software (R Foundation for statistical computing,
Vienna, Austria) [46]. R package censReg was used to conduct the Tobit regression [39].

3. Results
3.1. Descriptive Statistics of Inputs and Outputs

Tables 2 and 3 list the descriptive statistics of inputs and outputs of the DEA model,
respectively. From 2016 to 2020, the mean and the sum of all four inputs increased steadily.
Among the outputs, the number of home visits maintained a steady increase, and the annual
variations of the number of children vaccinated and the number of physical examinations
were relatively small. However, the number of outpatient and emergency visits and the
number of public health reporting decreased significantly in 2020. The number of people
received consulting or educating services decreased year by year.

Figure 1 depicts the percentage of volume of inputs and outputs of PHCI in the whole
medical and public health system consisting of PHCI and hospitals, demonstrating the
portions of health resources and outputs taken up by PHCI in Shenzhen. The allocation
of input resources within the medical and public health service system reflects the gov-
ernmental strategy in combating the COVID-19 pandemic. The percentage of inputs of
PHCI fluctuated within a small range from 2016 to 2019 without distinctive increase until
a moderate increase happened in 2020. These input increases include the percentage of
licensed (assistant) doctors, registered nurses, other health technicians, and equipment
valued at more than RMB 10,000. Among them, the percentage of licensed (assistant)
doctors has a significant escalation. Meanwhile, the proportion of outputs reflects the
shouldered responsibility of demand as well as the impact of COVID-19 exerting to PHCI.
Compared to the discernible increase of inputs in 2020, the increases of outputs of PHCI in
2020 are relatively small. A steady increase was observed in the percentage of home visits
from 88.4% in 2019 to 94.6% in 2020. Meanwhile, the percentage of outpatients and emer-
gency visits and the percentage of physical examinations remained constant throughout
the observed time frame.
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Table 2. Descriptive statistics of inputs of the DEA model.

Year Measure

Number of
Licensed
(Assistant)
Doctors

Number of
Registered
Nurses

Number of Other
Health Techni-
cians

Number of Equip-
ment Valued at
More Than RMB
10,000

2016 Median 5 4 1 9
Mean 5.67 4.77 1.75 11.44
SD 3.86 3.10 2.80 11.14
Sum 3308 2780 1023 6668

2017 Median 5 4.5 1 10
Mean 5.95 4.88 1.77 13.42
SD 4.00 3.10 2.64 13.10
Sum 3570 2929 1060 8050

2018 Median 6 5 1 11
Mean 6.89 5.46 2.02 14.19
SD 4.59 3.41 3.15 14.12
Sum 4224 3348 1237 8700

2019 Median 6 5 1 12
Mean 7.04 5.55 2.09 15.34
SD 4.86 3.45 2.89 15.47
Sum 4556 3592 1349 9928

2020 Median 7 5 1 14
Mean 7.89 5.68 2.10 18.22
SD 5.26 3.38 2.67 17.17
Sum 5256 3786 1397 12,135

Table 3. Descriptive statistics of outputs of the DEA model.

Year Measure
Number of Out-
patients and
Emergency Visits

Number of
Home Visits

Number of People
Received Consult-
ing or Educating
Services

Number of Chil-
dren Vaccinated

Number of Physi-
cal Examinations

Number of Public
Health Issues Report-
ing and Surveillance

2016 Median 38,975 0 6484 7668 75 6
Mean 45,330.50 1905.96 27,468.42 8898.34 1442.47 35.81
SD 35,793.93 5649.98 43,495.73 8367.27 4361.42 122.86
Sum 26,427,684 1,111,177 16,014,086 5,187,733 840,959 20,875

2017 Median 39,541.5 30 2851 9320.5 0 18
Mean 46,150.03 3434.13 15,925.67 11,182.82 1050.27 114.67
SD 34,891.95 8165.93 33,282.11 12,025.18 3236.32 289.39
Sum 27,690,017 2,060,476 9,555,404 6,709,692 630,161 68,804

2018 Median 41,934 68 1696 9216 21 31
Mean 48,169.27 3773.03 10,919.86 10,600.84 1559.09 156.24
SD 35,769.13 8353.40 28,233.14 11,936.76 7232.63 382.85
Sum 29,527,760 2,312,869 6,693,874 6,498,316 955,724 95,773

2019 Median 46,489 45 1538 8627 190 70
Mean 52,144.95 4006.52 7499.91 10,009.79 1784.23 211.11
SD 38,638.56 8817.18 21,154.83 10,976.57 5789.74 349.63
Sum 33,737,784 2,592,217 4,852,442 6,476,333 1,154,399 136,585

2020 Median 34,537.5 55 1314 8277 413 43
Mean 39,796.34 4176.89 6889.90 9534.68 1602.97 102.65
SD 28,303.55 8994.06 20,058.79 9447.83 3155.56 163.49
Sum 26,504,364 2,781,812 4,588,676 6,350,100 1,067,575 68,367
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Figure 1. The percentage of volume of comparable input and output variables contributed by PHCI
in Shenzhen from 2016 to 2020. (a) Percentages of input variables. (b) Percentages of output variables.

3.2. Results of DEA Model

Table 4 presents the results of TE, PTE and SE of PHCI in Shenzhen from 2016 to
2020. The mean of the TE, PTE, and SE of PHCI over the 5 years are 0.437, 0.542, and 0.809.
This implies if the PHCI were running efficiently, an 45.8% of the inputs should have been
decreased on average. Efficiency was the lowest in 2017 and the highest in 2018. Compared
to other years, 2020 had a lower TE which is mainly due to the decrease in SE rather than
PTE. Overall, the variation of PTEs across the five years is lower than that of SE. This could
be interpreted as that larger PHCI are proportionally more vulnerable when the industry
encounters a general recession, which is mainly reflected by a decrease in SEs.

Table 4. The efficiency of Primary Health Care Institutions (PHCI) in Shenzhen, China, from 2016
to 2020.

Year
TE 1 PTE 2 SE 3

Mean Number of Efficient PHCI 4 Mean Number of Efficient PHCI 5 Mean Number of Efficient PHCI 6

2016 0.470 45 (7.72%) 0.554 85 (14.58%) 0.845 45 (7.72%)
2017 0.328 28 (4.67%) 0.466 71 (11.83%) 0.726 28 (4.67%)
2018 0.545 48 (7.83%) 0.599 90 (14.68%) 0.903 48 (7.83%)
2019 0.452 35 (5.41%) 0.547 86 (13.29%) 0.829 35 (5.41%)
2020 0.392 37 (5.56%) 0.541 104 (15.62%) 0.746 40 (6.01%)

1 TE: Technical efficiency; 2 PTE: Pure technical efficiency; 3 SE: Scale efficiency; 4 “efficient” means TE is equal to
1; 5 “efficient” means PTE is equal to 1; 6 “efficient” means SE is equal to 1.

3.3. Results of Malmquist Index

Tables 5 and 6 present the Malmquist index results of annual geometric means and
distribution of MI, EC, TC, PEC, and SEC of PHCI from 2017 to 2020. During the period
from 2016 to 2019, the TFP and EC values of PHCI showed an upward trend, and TC
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showed a downward trend. Among them, TFP and TC are the maximum in 2019. However,
from 2019 to 2020, the growth in TFP and the underlying TC values displayed a sharp
decline, and the change of EC value was not obvious. Compared to TFP equal to 1.165
and TC equal to 1.304 in 2019, TFP in 2020 decreased considerably to 0.754, which means a
24.6% of productivity loss; the underlying TC in 2020 also decreased to 0.827, in comparison
with the positive growth in TC (1.304) in 2019. In the epidemic year 2020, the values of
EC and TC were both smaller than 1, among which deterioration in TC was larger. This
indicates that the TFP in the epidemic year 2020 has a huge decline under the COVID-19
compared to the previous years. From a comprehensive perspective, the productivity loss
in 2020 was attributable to both the decrease of EC and TC, and mainly due to the extensive
degradation of TC. PEC and SEC seem to be highly correlated throughout the study period
and they almost evenly decomposed EC. This indicates that the changes in pure technical
efficiency and scale efficiency equally explain EC.

This result is in line with the frequency distribution of TFP from 2017 to 2020 (shown
in Table 6). Over the period of 2017 to 2019, respectively, 48.2%, 38.8%, and 61.7% of
PHCI in Shenzhen have TFP greater than one, indicating the growth in productivity; while
compared to 2019, the TFP decreased sharply from 61.7% to 21.9% in 2020, which means
only 21.9% of PHCI have TFP greater than one and 78.0% of the PHCI suffered from a
regression of productivity.

Table 5. Annual geometric means of the Malmquist index of PHCI in Shenzhen from 2017 to 2020.

Year(t) TFP(t−1,t) 1 EC(t−1,t) 2 TC(t−1,t) 3 PEC(t−1,t) 4 SEC(t−1,t) 5

2017 1.040 0.655 1.587 0.776 0.845
2018 0.913 2.065 0.442 1.466 1.409
2019 1.165 0.893 1.304 0.943 0.946
2020 0.754 0.913 0.827 1.000 0.913

2017-2020 0.968 1.131 1.040 1.046 1.028
1 TFP: Total factor productivity change; 2 EC: Technical efficiency change; 3 TC: Technological efficiency change; 4

PEC: Pure technical efficiency change; 5 SEC: Scale efficiency change.

Table 6. Frequency distribution of the Malmquist index of PHCI in Shenzhen from 2017 to 2020.

Year Range TFP(t−1,t) 1 EC(t−1,t) 2 TC(t−1,t) 3 PEC(t−1,t) 4 SEC(t−1,t) 5

2017 >1 273 (48.2%) 128 (22.6%) 512 (90.3%) 163 (28.8%) 165 (29.1%)
=1 0 (0.0%) 14 (2.5%) 0 (0.0%) 35 (6.2%) 14 (2.5%)
<1 294 (51.9%) 425 (75.0%) 55 (9.7%) 369 (65.1%) 388 (68.4%)

2018 >1 223 (38.8%) 492 (85.6%) 14 (2.4%) 413 (71.8%) 454 (79.0%)
=1 0 (0.0%) 10 (1.7%) 0 (0.0%) 39 (6.8%) 10 (1.7%)
<1 352 (61.2%) 73 (12.7%) 561 (97.6%) 123 (21.4%) 111 (19.3%)

2019 >1 364 (61.7%) 179 (30.3%) 561 (95.1%) 214 (36.3%) 173 (29.3%)
=1 0 (0.0%) 16 (2.7%) 0 (0.0%) 47 (8.0%) 16 (2.7%)
<1 226 (38.3%) 395 (67.0%) 29 (4.9%) 329 (55.8%) 401 (68.0%)

2020 >1 137 (21.9%) 211 (33.6%) 87 (13.9%) 276 (43.9%) 199 (31.6%)
=1 1 (0.2%) 10 (1.6%) 1 (0.2%) 38 (6.0%) 10 (1.6%)
<1 489 (78.0%) 408 (64.9%) 539 (86.0%) 315 (50.1%) 420 (66.8%)

1 TFP: Total factor productivity change; 2 EC: Technical efficiency change; 3 TC: Technological efficiency change; 4

PEC: Pure technical efficiency change; 5 SEC: Scale efficiency change.

3.4. Results of Tobit Regression

According to the preliminary results of stepwise analysis, registration type, revenue
from financial subsidy, annual average increase of total asset, annual profit, ratio of nurses
among health technicians were not significant contributors to the model and were thus
removed from the final model. Ratio of nurses is also positively correlated with ratio of
doctors, so the two variables were merge to one variable that is the ratio of doctors and
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nurses. The correlation analysis showed the risk of collinearity between the remaining
variables is low. The descriptive statistics of variables as well as the Pearson correlation
matrix for the final model of Tobit regression are included in Appendix A, Table A1.

Through the analysis of the Tobit model of the TE value (see Table 7), we found that
the significant factors influencing the TE value of PHCI were revenue from operation, per-
centage of doctors and nurses in health technicians, ratio of doctors and nurses, Ln(service
population), proportion of children in the service population, and numbers of PHCI within
1 kilometer. These factors are positively associated with the technical efficiency of PHCI.
On the other hand, area, total asset, percentage of personnel salary in total expenditure,
and average cost per outpatient or emergency visit were significant influencing factors
of technical efficiency of PHCI, which are negatively associated with TE. The effects of
established years, proportion of old people in the service population and per capita GDP,
the effects of proportion of revenue from financial subsidy, and number of hospitals within
2 km were not statistically significant.

Table 7. Result of Tobit regression (N = 2944).

Variable Coefficient SE 1 p-Value 2 95% CI 3

Intercept −0.105 0.199 0.597 (−0.496, 0.285)
Established years 0.001 0.001 0.201 (−0.001, 0.003)
Area −0.005 0.001 <0.001 *** (−0.006, −0.003)
Total asset −0.002 0.000 <0.001 *** (−0.003, −0.001)
Revenue from operation 0.014 0.002 <0.001 *** (0.010, 0.017)
Percentage of revenue from financial subsidy −0.023 0.024 0.339 (−0.070, 0.024)
Percentage of personnel salary in total expenditure −0.163 0.025 <0.001 *** (−0.213, −0.114)
Percentage of doctors and nurses in health technicians 0.202 0.050 <0.001 *** (0.104, 0.299)
Ratio of doctors and nurses 0.033 0.003 <0.001 *** (0.028, 0.039)
Average cost per outpatient or emergency visit −0.005 0.001 <0.001 *** (−0.006, −0.003)
Ln(Service population) 0.036 0.007 <0.001 *** (0.023, 0.049)
Percentage of children in the service population 0.264 0.052 <0.001 *** (0.161, 0.367)
Percentage of old people in the service population 0.123 0.088 0.165 (−0.051, 0.296)
Number of PHCI within 1 km 0.004 0.002 0.039 * (0.000, 0.008)
Number of hospitals within 2 km −0.002 0.002 0.207 (−0.005, 0.001)
Ln(Per capita GDP) 0.001 0.015 0.926 (−0.027, 0.030)
Ln(SigmaMu) −2.035 0.044 <0.001 *** (−2.122, −1.949)
Ln(SigmaNu) −1.558 0.014 <0.001 *** (−1.585, −1.530)

1 SE: Scale efficiency; 2 p-Value: *** p < 0.001, * p < 0.05; 3 95% CI: 95% Confidence interval.

4. Discussion

The results of our analysis reflect considerable low levels of technical efficiency, pure
technical efficiency, and scale efficiency of PHCI in Shenzhen, China, in 2017 and 2020.
Compared to years before the epidemic, the productivity of PHCI reached the nadir during
the COVID-19 pandemic along with the considerable technological efficiency change,
despite the considerable inputs of health personnel and volume of health services. The
significant factors that influence the growth of TE value of PHCI were the revenue from
operation, percentage of doctors and nurses in health technicians, ratio of doctors and
nurses, service population, proportion of children in the service population, and numbers
of PHCI within 1 kilometer. These factors are positively associated with the technical
efficiency of PHCI.

In 2017, the reduction of efficiency was mainly due to the severe drop of the number
of people who received consulting or educating services and the number of physical exami-
nation. The unsatisfactory result in 2020 was mainly caused by the immense increase of
inputs and the decline of almost all output variables, particularly the number of outpatients
and emergency visits and the number of reporting, which was significantly impacted by
the COVID-19 pandemic. We note that it is inappropriate to compare the efficiency score
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of DMUs between different efficiency studies, especially between models with different
selections of inputs and outputs [47], given that this study is the only comprehensive study
estimating and comparing the technical efficiency of PHCI in China before and during the
epidemic. However, within this study, a separate analysis was performed with only the
number of outpatients and emergency visits and the number of family visits as selected
outputs. The even lower efficiency scores in this additional analysis indicate that including
more output variables results in higher efficiency scores. The rationale behind this is simply
because providing additional outputs allows PHCI to put more weight on outputs that the
PHCI were favored of. Therefore, this study calls for enhancement of the evaluation system
of PHCI in the post-pandemic era by including the additional responsibilities shouldered
by PHCI, which mainly include the number of COVID-19 vaccinations, the number of
people receiving epidemiological investigations, and the number of nucleic acid testing.

The study extended the DEA analysis by applying a Tobit regression model to compare
the productivity of PHCI and to identify influencing factors that might lead to the existing
inefficiency of PHCI over the time periods. It was found that the 24.6% decrease of
productivity is due to the consequences of regression of technical efficiency change and
technological efficiency change, though the decline in technological efficiency change is
more severe. In addition, in 2019 and 2017, the higher MI were driven by the increase in
technical efficiency change. These results match with previous results that technological
efficiency change has a more profound influence on MI than technical efficiency change in
PHCI in China [9,48]. This phenomenon could be explained by that the rank of productivity
of a single PHCI is rather stable across years, but the shift of productivity frontier as a whole
is more likely to happen in China where the productivity is highly associated with policy
and administrative orders. For example, the shutdown and rejection of febrile patients in
2020 are the major causes of the technological efficiency change regression. While in the
pre-pandemic era, a low technological efficiency change was traditionally perceived as the
insufficient number of health technicians and under-utilization of medical equipment [30].
However, results in this study revealed that the increase in health personnel in 2020 failed
to elevate technological efficiency change, which is in line with the disproportional increase
in health personnel and volume of health services. This suggests that under-utilization is
more likely to happen in the post-pandemic era, which calls for transformation of PHCI
such as adopting tele-health technologies to maximize primary care delivery [49].

What is more, the results of Tobit regression provide insights in the effects of internal
and external environmental factors. The negative effect of area and total asset on TE
(p < 0.001) confirmed that present medical resources are underutilized as suggested in
previous studies [30]. The effect of revenue from operation and percentage of personnel
salary in total expenditure indicate that a more robust financial structure with a good flow
of operating income is associated with a higher TE. Average cost per visit is negatively
associated with TE which was congruent with previous analysis [44]. Similarly, higher
percentage of doctors and nurses and higher ratio of doctors to nurses are positively
associated with TE [50]. In addition, the service population size is positively associated
with TE, as well as the percentage of children and old people since both groups are
important targets of services [30]. The effect of city level is not available in this setting.
However, as a proxy of developmental status of regions, per capita GDP did not have any
significant effects on TE, which indicates few variations of TE geographically. Availability
of other medical institutes was assumed to decrease TE as previously suggested [44], which
is also the case for hospitals in this study. Despite of this, the presence of nearby PHCI has
a positive effect on TE. The mechanism that might explain this phenomenon is that the
clustering of PHCI is a representation of the elevated knowledge and preference of search
for medical services from PHCI.

In May 2021, a new administrative order in Shenzhen was implemented that PHCI
shall reject patients with the 10 symptoms of COVID-19 (fever, dry cough, fatigue, smell
loss, nasal congestion, runny nose, sore throat, conjunctivitis, myalgia, and diarrhea) [51].
PHCI that violated the administrative order will receive punishment in the form of business
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suspension. Affected by this, it is expected that in 2021, there will be a further decline in the
volume of service outputs. China is not the only country that is facing the issue. Ensuring
operational continuity and practice resilience in PHCI becomes a challenge worldwide [52].
Meanwhile, as the order of increasing the number of physicians and general practitioners
persists, production inputs of PHCI will maintain its increasing tendency. Therefore, a
sharp decrease in efficiency of the regular services delivered by PHCI could be anticipated.
Furthermore, since the financial subsidy allocated to PHCI is determined by the volume
of services, the business situation would be pessimistic due to the reduction of number of
visits and elevated personnel costs.

Based on the aforementioned analysis, we believe that there are three key aspects to
improve the technical efficiency of PHCI in both routine healthcare and infectious disease
control, to better prepare for a future pandemic. First, the newly emerged workloads of
COVID-19 vaccinations, epidemiological investigations, and nucleic acid testing need to
be incorporated into the evaluation framework of PHCI. Supportive financial allocation
needs to be matched with and be proportional to the volume of the workloads to ensure
operational continuity. Second, persistent efforts in the training of healthcare suppliers are
needed as the foundation to achieve the integrated health delivery system. Optimization of
expertise distribution with a supporting personnel salary system are encouraged. Third,
increasing the number of health technicians is crucial to realize universal health coverage,
but it is also necessary to promote the adoption of new forms of health care delivery such
as tele-health to fully mobilize expertise resources.

This study has several significant strengths. First, to our knowledge, this study is the
first to perform a comprehensive analysis of the service efficiency change of PHCI and the
underlying influencing factors before and during the pandemic using DEA, MI, and Tobit
model in China. This research includes the originality of the data and its time span that
allows a comparison between the first year of the COVID outburst and the pre-COVID era.
Second, the comprehensive and thorough selection of health resources input and output
variables fully demonstrated the mechanism of DEA model and comprehensively reviewed
the responsibilities of PHCI under the up-to-date medical system in China. Third, this
study thoroughly matched model outputs with real-world policy changes and identified
clear causes of the efficiency changes that are in line with existing research. Fourth, the
Tobit regression in this study covers a variety of internal and external environmental factors,
which gives insights to internal management and external control by the government. Fifth,
this study provided novel and practical suggestions for improvement of PHCI based on
real-world evidence that can serve as a reference for Shenzhen city as well as other cities or
regions worldwide.

Nevertheless, the study is subject to some limitations. First, the scope of this research
is within the Shenzhen city, a relatively developed city, which made the results conductive
to cities with middle-to-high incomes, but less informative to underdeveloped areas with
fewer health care resources. Second, in the Tobit regression model, more internal variables
such as the characteristics of the leadership and waiting time for service could be introduced,
as suggested previously [53,54]. Data availability restricted us from further exploring these
factors. Another limitation of this study is not considering the integrality of variables.
Adjustments to the classic DEA method have been made to account for the fact that some
input and output variables may only take integer values [55,56]. It could result in a more
realistic evaluation of DMU efficiencies, especially when the number of DMUs and the
magnitude of variables are small. However, this issue is considered as negligible due to the
large number of DMUs and the large values of output variables in this study that mitigate
the problem. In addition, the difference of the efficiencies estimated by the two models
is small [56], which guaranteed our results to be capable of reflecting the trends of the
overall performance of PHCI. Nevertheless, the results from this study are authentic and
representative to yield meaningful insights for improvements of PHCI.

In conclusion, our study shows the technical efficiency, pure technical efficiency, scale
efficiency, productivity changes, and influencing factors of PHCI in Shenzhen, China,
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throughout three phases of the operation, regular business, shutdown due to COVID-19,
and a gradual recovery of business. The technical efficiency significantly declines along
with the COVID-19 outbreak in Shenzhen, China. In total, the productivity of PHCI
decreased by 24.6% in 2020 with the deterioration of underlying technical efficiency change
and technological efficiency change, regardless of the immense inputs of health resources.
Transformation of PHCI such as adopting tele-health technologies to maximize primary
care delivery is needed to optimize utilization of health resource inputs. Future research
is recommended to examine the performance of PHCI on a larger scale to evaluate the
progress of the transformations of PHCI in the post-pandemic era. The study sheds light
on improving the performances of PHCI in China to respond to the current epidemiologic
transition and future epidemic outbreaks more effectively, and to promote the national
strategy of Healthy China 2030.

5. Conclusions

The findings of this study suggests that there has been a significant decline in technical
efficiency during the COVID-19 outbreak in Shenzhen, China. The decline is evident in
both underlying technical efficiency change and technological efficiency change, despite the
considerable inputs in health resources. To optimize utilization of health resource inputs,
transformation of PHCI such as adopting tele-health technologies to maximize primary
care delivery is needed. This study brings valuable insights to improve the performances
of PHCI in China in response to the current epidemiologic transition and future epidemic
outbreaks more effectively, and to promote the national strategy of Healthy China 2030.
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Appendix A

Table A1. Descriptive statistics of variables used in Tobit regression.

Variables 2016 2017 2018 2019 2020

Established years 12.4 (7.9) 12.9 (8.2) 13.1 (8.2) 12.9 (8.8) 13.3 (8.8)
Area (100 m2) 7.70 (6.97) 8.13 (7.21) 8.57 (8.53) 9.34 (8.19) 9.66 (8.01)
Total asset (RMB 1,000,000) 2.49 (9.71) 2.18 (3.56) 2.78 (4.73) 2.89 (5.07) 3.24 (6.15)
Revenue from operation (RMB 1,000,000) 3.93 (3.47) 4.46 (4.01) 5.09 (4.49) 5.79 (5.30) 5.35 (4.73)
Proportion of revenue from financial subsidy 0.41 (0.20) 0.44 (0.20) 0.46 (0.20) 0.43 (0.22) 0.50 (0.21)
Proportion of personnel salary in total expenditure 0.43 (0.15) 0.41 (0.19) 0.41 (0.15) 0.42 (0.16) 0.46 (0.18)
Proportion of doctors and nurses in health technicians 0.89 (0.11) 0.89 (0.11) 0.89 (0.11) 0.88 (0.11) 0.89 (0.10)
Ratio of doctors and nurses 1.43 (1.39) 1.41 (1.19) 1.46 (1.24) 1.42 (1.19) 1.70 (1.70)
Average cost per outpatient or emergency visit (RMB) 84.9 (30.1) 87.6 (47.1) 93.1 (43.3) 100.0 (61.4) 106.2 (71.9)
Service population (1000 person) 39.5 (28.8) 29.7 (29.2) 22.6 (26.5) 24.3 (34.0) 27.3 (20.2)
Proportion of children in the service population 0.08 (0.06) 0.10 (0.09) 0.11 (0.08) 0.10 (0.08) 0.08 (0.06)
Proportion of old people in the service population 0.03 (0.03) 0.03 (0.03) 0.03 (0.03) 0.04 (0.07) 0.04 (0.04)
Number of PHCIs within 1 km 4.14 (6.35) 3.83 (5.69) 3.39 (4.63) 3.79 (5.46) 3.52 (4.45)
Number of hospitals within 2 km 3.00 (3.57) 2.88 (3.28) 2.94 (3.27) 2.84 (3.30) 2.77 (3.08)
Per capita GDP (RMB 1000) 152.1 (76.5) 163.6 (85.2) 170.5 (91.3) 175.1 (96.0) 173.7 (99.0)

Futian District 249.6 265.1 279.6 296.7 305.9
Luohu District 187.0 198.8 205.0 214.5 207.0
Yantian District 239.5 261.5 275.5 304.6 307.1
Nanshan District 282.4 315.9 336.6 351.4 360.4
Baoan District 76.2 81.6 81.7 86.2 85.7
Longhua District 91.6 97.9 102.3 103.4 98.0
Guangming District 93.6 98.3 97.8 100.9 99.8
Longgang District 113.0 115.9 119.9 121.9 118.6
Pingshan District 112.2 122.8 135.1 144.2 144.5
Dapeng District 202.9 214.5 217.5 224.3 216.9

Table A2. Definitions of input, output, and influencing factors.

Author Study Period Aim Method Evaluation Criteria

Liu et al. [13] 2014–2020
To evaluate the service capa-
bility of primary health insti-
tutions in China

Descriptive statistics

Structure capability (the number of
beds, structure and number of per-
sonnel), process capability (the num-
ber of general practitioners), and re-
sulting capability (the number of out-
patients and inpatients, financial per-
formance).
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Table A2. Cont.

Author Study Period Aim Method Evaluation Criteria

Tan et al. [14] 2018–2020 To discuss China’s primary
care response to COVID-19

Qualitative and de-
scriptive statistics

Roles of primary care and the lim-
itations in response to COVID-19.
Namely, the lack of gatekeeping, lim-
ited capacity and weak integration
between medical care and public
health.

Zhang et al. [6] 2020

To understand the impact of
COVID-19 on PHC delivery
and on antibiotic prescribing
at a community level in rural
areas of central China.

Qualitative semi-
structured interviews

Change in workload, risk, financial
pressure, and number of outpatients
in PHCIs due to COVID-19.

Li et al. [15] 2020

To investigate the working
conditions and health status
of front line public health
workers in China during the
COVID-19 epidemic.

Online cross-sectional
survey

Work conditions, roles, burdens, per-
ceptions, mental health, and self-
rated health.

Zhang et al. [16] 2020

To study the influence mech-
anism of psychological con-
tract on the turnover inten-
tion of primary medical staff
in the context of Corona
Virus Disease 2019 (COVID-
19) fighting.

Questionnaire Psychological contract, emotional ex-
haustion, and turnover intention.

Du et al. [17] 2020

To address the difficulties en-
countered by public health
workers in the early and mid-
dle stages of their efforts
to combat COVID-19, com-
pare the gaps among differ-
ent types of institutions, and
identify shortcomings in epi-
demic control.

Questionnaire

The reporting of resources shortage,
difficulties in data processing, diffi-
culties in communication and coor-
dination, difficulties with target au-
diences, and psychological distress.

Yan et al. [18] 2020

To investigate the gaps on
task participation, explore ex-
isting problems and provide
corresponding solutions for
PHCIs in China in response
to COVID-19.

Semi-structured face-
to-face interviews

Main tasks of PHCIs during the early
period of the pandemic and their ex-
isting problems.

Yan et al. [19] 2020

To investigate the tasks per-
formed by COVID-19 pre-
vention and control manage-
ment teams at PHCIs during
COVID-19 in China.

Online survey
The top 7 most important tasks in the
three different periods of COVID-19
containment.

Li et al. [8] 2010–2020

To identify the causes for the
widespread gaps in the qual-
ity of primary health care,
and provide policy recom-
mendations.

Qualitative and de-
scriptive statistics

Education and training of PHC
practitioners, payment system, in-
tegration of clinical care and public
health service, and continuity of care
throughout the system.

Leng et al. [9] 2006–2015

To analyze the impact of the
China’s health care reform
policy in 2009 on the intangi-
ble service efficiency of PHCI
and exploring the way to im-
prove the service efficiency of
PHCI.

One-stage DEA, MI,
Tobit regression

Input variables are the quantity of
doctors and nurses and the number
of hospital beds. Output variables
are the number of inpatients and out-
patients.



Int. J. Environ. Res. Public Health 2023, 20, 4453 19 of 21

Table A2. Cont.

Author Study Period Aim Method Evaluation Criteria

Li et al. [34] 2006–2009

To study the relative effi-
ciency and productivity of
public hospitals in Beijing,
China.

One-stage input-
oriented DEA, MI

Input variables are the numbers of
open beds and employees. Output
variables are the number of outpa-
tient and emergency visits and the
number of discharged patients.

Zhong et al. [30] 2009–2017

To estimate the efficiency
and its influencing factors of
PHCI in counties in Hunan
Province, China, and put for-
ward feasible suggestions for
improving efficiency.

One-stage input-
oriented DEA, MI,
Tobit regression

Input variables are the number of
health technicians, the number of
beds, and the amount of equipment
valued at more than RMB 10,000.
Output variables are the number
of outpatients and emergency visits
and the number of discharged pa-
tients.

This study 2016–2020

To evaluate the efficiency
change in PHCI and provide
policy recommendations for
the transformation of PHCI
in the post-pandemic era.

One-stage input-
oriented DEA, MI,
Tobit regression

Input variables are the number of
health technicians, the number of
equipment valued at more than
RMB 10,000. Output variables are
the number of outpatients, home vis-
its, people received consulting or
educating services, children vacci-
nated, public health issues reporting,
and physical examinations.

References

1. Tan, X.; Liu, X.; Shao, H. Healthy China 2030: A Vision for Health Care. Value Health Reg. Issues 2017, 12, 112–114. [CrossRef]
2. National Health Commission Office Notification on Strengthening COVID-19 Prevention and Control Work among Primary Care

Institutions. Available online: http://www.nhc.gov.cn/jws/s7874/202001/0165523421f840af816a580f260d4406.shtml (accessed
on 8 January 2021).

3. Yip, W.; Fu, H.; Chen, A.T.; Zhai, T.; Jian, W.; Xu, R.; Pan, J.; Hu, M.; Zhou, Z.; Chen, Q.; et al. 10 years of health-care reform in
China: Progress and gaps in Universal Health Coverage. Lancet 2019, 394, 1192–1204. [CrossRef]

4. Tao, W.; Zeng, Z.; Dang, H.; Li, P.; Chuong, L.; Yue, D.; Wen, J.; Zhao, R.; Li, W.; Kominski, G. Towards universal health coverage:
Achievements and challenges of 10 years of healthcare reform in China. BMJ Glob. Health 2020, 5, e002087. [CrossRef]

5. Zhou, Z.; Zhao, Y.; Shen, C.; Lai, S.; Nawaz, R.; Gao, J. Evaluating the effect of hierarchical medical system on health seeking
behavior: A difference-in-differences analysis in China. Soc. Sci. Med. 2021, 268, 113372. [CrossRef]

6. Zhang, T.; Shen, X.; Liu, R.; Zhao, L.; Wang, D.; Lambert, H.; Cabral, C. The impact of COVID-19 on primary health care and
antibiotic prescribing in rural China: Qualitative study. BMC Health Serv. Res. 2021, 21, 1048. [CrossRef]

7. Statistical Communique on the Development of China’s Health Care Industry in 2020. Available online: http://www.nhc.gov.cn/
guihuaxxs/s10743/202107/af8a9c98453c4d9593e07895ae0493c8.shtml (accessed on 13 October 2021).

8. Li, X.; Krumholz, H.M.; Yip, W.; Cheng, K.K.; De Maeseneer, J.; Meng, Q.; Mossialos, E.; Li, C.; Lu, J.; Su, M.; et al. Quality of
primary health care in China: Challenges and recommendations. Lancet 2020, 395, 1802–1812. [CrossRef] [PubMed]

9. Leng, Y.; Liu, W.; Xiao, N.; Li, Y.; Deng, J. The impact of policy on the intangible service efficiency of the primary health care
institution- based on China’s health care reform policy in 2009. Int. J. Equity Health 2019, 18, 14. [CrossRef] [PubMed]

10. Circular of The General Office of the State Council on Printing and Distributing Key Tasks of Deepening the Reform of the
Medical and Health System in 2021. Available online: http://www.gov.cn/zhengce/content/2021-06/17/content_5618799.htm
(accessed on 1 December 2021).

11. Prevention and Control Mechanism for COVID-19 under the State Council of Further Optimizing the Prevention and Control of
COVID-19. Available online: http://www.nhc.gov.cn/xcs/gzzcwj/202212/8278e7a7aee34e5bb378f0e0fc94e0f0.shtml (accessed
on 7 December 2022).

12. New Guidelines for Constructing 2000 Fever Clinics In The Primary Health Care Institutes in Shenzhen. Available online:
http://wjw.sz.gov.cn/wzx/content/post_10336751.html (accessed on 13 December 2022).

13. Liu, S.; Lin, J.; He, Y.; Xu, J. The Service Capability of Primary Health Institutions under the Hierarchical Medical System.
Healthcare 2022, 10, 335. [CrossRef]

14. Tan, X.; Liu, C.; Wu, H. Reflections on China’s primary care response to COVID-19: Roles, limitations and implications. Prim.
Health Care Res. Dev. 2022, 23, e46. [CrossRef] [PubMed]

http://doi.org/10.1016/j.vhri.2017.04.001
http://www.nhc.gov.cn/jws/s7874/202001/0165523421f840af816a580f260d4406.shtml
http://dx.doi.org/10.1016/S0140-6736(19)32136-1
http://dx.doi.org/10.1136/bmjgh-2019-002087
http://dx.doi.org/10.1016/j.socscimed.2020.113372
http://dx.doi.org/10.1186/s12913-021-07082-z
http://www.nhc.gov.cn/guihuaxxs/s10743/202107/af8a9c98453c4d9593e07895ae0493c8.shtml
http://www.nhc.gov.cn/guihuaxxs/s10743/202107/af8a9c98453c4d9593e07895ae0493c8.shtml
http://dx.doi.org/10.1016/S0140-6736(20)30122-7
http://www.ncbi.nlm.nih.gov/pubmed/32505251
http://dx.doi.org/10.1186/s12939-018-0901-2
http://www.ncbi.nlm.nih.gov/pubmed/30665422
http://www.gov.cn/zhengce/content/2021-06/17/content_5618799.htm
http://www.nhc.gov.cn/xcs/gzzcwj/202212/8278e7a7aee34e5bb378f0e0fc94e0f0.shtml
http://wjw.sz.gov.cn/wzx/content/post_10336751.html
http://dx.doi.org/10.3390/healthcare10020335
http://dx.doi.org/10.1017/S1463423622000378
http://www.ncbi.nlm.nih.gov/pubmed/35929490


Int. J. Environ. Res. Public Health 2023, 20, 4453 20 of 21

15. Li, J.; Xu, J.; Zhou, H.; You, H.; Wang, X.; Li, Y.; Liang, Y.; Li, S.; Ma, L.; Zeng, J.; et al. Working conditions and health status of
6,317 front line public health workers across five provinces in China during the COVID-19 epidemic: A cross-sectional study.
BMC Public Health 2021, 21, 106. [CrossRef] [PubMed]

16. Zhang, X.; Chen, X.; Chen, C.; Wang, Y.; Shindo, K.; Zhang, X. The influence mechanism of psychological contract on primary
medical staff’s turnover intention in the context of COVID-19 pandemic in China. Int. J. Health Plann. Manag. 2022, 37, 2936–2948.
[CrossRef]

17. Du, Z.; You, H.; Zhou, H.; Wang, X.; Xu, J.; Li, Y.; Li, S.; Ma, L.; Gu, J.; Hao, Y. Difficulties encountered by public health workers in
COVID-19 outbreak: A cross-sectional study based on five provinces. BMC Health Serv. Res. 2021, 21, 656. [CrossRef] [PubMed]

18. Yan, Y.Y.; Fan, T.Y.; Zheng, Y.L.; Yang, H.Q.; Li, T.S.; Wang, H.T.; Gu, Y.F.; Xiao, X.; Du, Z.H.; Sun, X.M. Prevention and control of
COVID-19 by primary health care facilities in China: A field-survey-based qualitative study in three typical cities. BMC Health
Serv. Res. 2022, 22, 399. [CrossRef] [PubMed]

19. Yan, Y.Y.; Ge, J.L.; Fan, T.Y.; Wang, H.T.; Gu, Y.F.; Xiao, X.; Du, Z.H.; Sun, X.M. Tasks of COVID-19 prevention and control
management teams at primary health care facilities in mainland China: A nationwide online cross-sectional survey. BMC Prim.
Care 2022, 23, 110. [CrossRef] [PubMed]

20. Charnes, A.; Cooper, W.W.; Rhodes, E. Measuring the efficiency of decision making units. Eur. J. Oper. Res. 1978, 2, 429–444.
[CrossRef]

21. Smith, P.C.; Charnes, A.; Cooper, W.; Lewin, A.Y.; Seiford, L.M. Data Envelopment Analysis Theory, Methodology and
Applications. J. Oper. Res. Soc. 1997, 48, 332–333. [CrossRef]

22. Cheng, Z.; Cai, M.; Tao, H.; He, Z.; Lin, X.; Lin, H.; Zuo, Y. Efficiency and productivity measurement of rural township hospitals
in China: A bootstrapping data envelopment analysis. BMJ Open 2016, 6, e011911. [CrossRef]

23. Li, H.; Dong, S.; Liu, T. Relative efficiency and productivity: A preliminary exploration of public hospitals in Beijing, China. BMC
Health Serv. Res. 2014, 14, 158. [CrossRef]

24. Sherman, H.D. Hospital efficiency measurement and evaluation. Empirical test of a new technique. Med. Care 1984, 22, 922–938.
[CrossRef]

25. Hollingsworth, B. Non-parametric and parametric applications measuring efficiency in health care. Health Care Manag. Sci. 2003,
6, 203–218. [CrossRef]

26. Ozcan, Y.A. Performance Measurement Using Data Envelopment Analysis (DEA). In Health Care Benchmarking and Performance
Evaluation: An Assessment Using Data Envelopment Analysis (DEA); Springer: New York, NY, USA, 2008; Volume 120, pp. 15–41.
[CrossRef]

27. Mardani, A.; Zavadskas, E.K.; Streimikiene, D.; Jusoh, A.; Khoshnoudi, M. A comprehensive review of data envelopment analysis
(DEA) approach in energy efficiency. Renew. Sustain. Energy Rev. 2017, 70, 1298–1322. [CrossRef]

28. Ahmed, S.; Hasan, M.Z.; Laokri, S.; Jannat, Z.; Ahmed, M.W.; Dorin, F.; Vargas, V.; Khan, J.A.M. Technical efficiency of public
district hospitals in Bangladesh: A data envelopment analysis. Cost Eff. Resour. Alloc. 2019, 17, 15. [CrossRef]

29. Banker, R.D.; Charnes, A.; Cooper, W.W. Some Models for Estimating Technical and Scale Inefficiencies in Data Envelopment
Analysis. Manag. Sci. 1984, 30, 1078–1092. [CrossRef]

30. Zhong, K.; Chen, L.; Cheng, S.; Chen, H.; Long, F. The Efficiency of Primary Health Care Institutions in the Counties of Hunan
Province, China: Data from 2009 to 2017. Int. J. Environ. Res. Public Health 2020, 17, 1781. [CrossRef] [PubMed]

31. Färe, R.; Grosskopf, S. Intertemporal Production Frontiers: With Dynamic DEA. J. Oper. Res. Soc. 1997, 48, 656. [CrossRef]
32. Lewis, H.F.; Sexton, T.R. Network DEA: Efficiency analysis of organizations with complex internal structure. Comput. Oper. Res.

2004, 31, 1365–1410. [CrossRef]
33. Liu, X.; Wang, Q.; Sara, B.; Yang, W.; Dong, S.; Li, H. The Technical Efficiency of Community Health Service Centers in Wuhan,

China: Estimation and Policy Implications. Inq. J. Med. Care Organ. Provis. Financ. 2018, 55. [CrossRef]
34. Li, H.; Dong, S. Measuring and Benchmarking Technical Efficiency of Public Hospitals in Tianjin, China: A Bootstrap-Data

Envelopment Analysis Approach. Inq. J. Med. Care Organ. Provis. Financ. 2015, 52. [CrossRef]
35. Cheng, G. Data Envelopment Analysis: Methods and MaxDEA Software; Intellectual Property Publishing House: Beijing, China, 2014.
36. Caves, D.W.; Christensen, L.R.; Diewert, W.E. The Economic Theory of Index Numbers and the Measurement of Input, Output,

and Productivity. Econometrica 1982, 50, 1393–1414. [CrossRef]
37. Färe, R.; Grosskopf, S.; Lindgren, B.; Roos, P. Productivity Changes in Swedish Pharamacies 1980–1989: A Non-Parametric

Malmquist Approach. J. Product. Anal. 1992, 3, 85–101. [CrossRef]
38. Färe, R.; Grosskopf, S.; Norris, M.; Zhang, Z.; Review, A.E.; Duflo, E. Productivity Growth, Technical Progress, and Efficiency

Change in Industrialized Countries. Am. Econ. Rev. 1994, 84, 66–83.
39. Henningsen, A. censReg: Censored Regression (Tobit) Models; R package version 0.5-32; CRAN: Vienna, Austria, 2020.
40. Dong, S.; Zuo, Y.; Guo, S.; Li, M.; Li, H. Data Envelopment Analysis for Relative Efficiency Measurement of Chinese Hospitals: A

Systematic Review. Res. Health Sci. 2017, 2, 79. [CrossRef]
41. Liu, X.; Li, H.; Wang, Q. Review on DEA Efficiency Assessment of Community Health Centers in China. Chin. J. Soc. Med. 2017,

34, 64–67. [CrossRef]
42. Guidelines for Service Capacity Evaluation of Community Health Service Centers. 2019. Available online: http://www.nhc.

gov.cn/jws/s2908/201904/523e5775cdba451a81ab2fbc0628d9f0/files/f1b5f2ac2b1240f5b3b00d90f68a46c2.pdf (accessed on 10
February 2023) .

http://dx.doi.org/10.1186/s12889-020-10146-0
http://www.ncbi.nlm.nih.gov/pubmed/33422035
http://dx.doi.org/10.1002/hpm.3533
http://dx.doi.org/10.1186/s12913-021-06699-4
http://www.ncbi.nlm.nih.gov/pubmed/34225721
http://dx.doi.org/10.1186/s12913-022-07770-4
http://www.ncbi.nlm.nih.gov/pubmed/35346179
http://dx.doi.org/10.1186/s12875-022-01703-0
http://www.ncbi.nlm.nih.gov/pubmed/35524166
http://dx.doi.org/10.1016/0377-2217(78)90138-8
http://dx.doi.org/10.2307/3010433
http://dx.doi.org/10.1136/bmjopen-2016-011911
http://dx.doi.org/10.1186/1472-6963-14-158
http://dx.doi.org/10.1097/00005650-198410000-00005
http://dx.doi.org/10.1023/A:1026255523228
http://dx.doi.org/10.1007/978-0-387-75448-2
http://dx.doi.org/10.1016/j.rser.2016.12.030
http://dx.doi.org/10.1186/s12962-019-0183-6
http://dx.doi.org/10.1287/mnsc.30.9.1078
http://dx.doi.org/10.3390/ijerph17051781
http://www.ncbi.nlm.nih.gov/pubmed/32182945
http://dx.doi.org/10.1057/palgrave.jors.2600779
http://dx.doi.org/10.1016/S0305-0548(03)00095-9
http://dx.doi.org/10.1177/0046958018812972
http://dx.doi.org/10.1177/0046958015605487
http://dx.doi.org/10.2307/1913388
http://dx.doi.org/10.1007/BF00158770
http://dx.doi.org/10.22158/rhs.v2n2p79
http://dx.doi.org/10.3969/j.issn.1673-5625.2017.01.020
http://www.nhc.gov.cn/jws/s2908/201904/523e5775cdba451a81ab2fbc0628d9f0/files/f1b5f2ac2b1240f5b3b00d90f68a46c2.pdf
http://www.nhc.gov.cn/jws/s2908/201904/523e5775cdba451a81ab2fbc0628d9f0/files/f1b5f2ac2b1240f5b3b00d90f68a46c2.pdf


Int. J. Environ. Res. Public Health 2023, 20, 4453 21 of 21

43. Asiabar, A.S.; Sharifi, T.; Rezapour, A.; Firouzabadi, S.M.A.K.; Mohammad-Pour, S. Technical efficiency and its affecting factors in
Tehran’s public hospitals: DEA approach and Tobit regression. Med. J. Islam. Repub. Iran 2020, 34, 176.

44. Gong, G.; Chen, Y.; Gao, H.; Su, D.; Chang, J. Has the Efficiency of China’s Healthcare System Improved after Healthcare
Reform? A Network Data Envelopment Analysis and Tobit Regression Approach. Int. J. Environ. Res. Public Health 2019, 16, 4847.
[CrossRef]

45. Wang, X.; Luo, H.; Qin, X.; Feng, J.; Gao, H.; Feng, Q. Evaluation of performance and impacts of maternal and child health
hospital services using Data Envelopment Analysis in Guangxi Zhuang Autonomous Region, China: A comparison study among
poverty and non-poverty county level hospitals. Int. J. Equity Health 2016, 15, 131. [CrossRef]

46. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna,
Austria, 2021.

47. Zakowska, I.; Godycki-Cwirko, M. Data envelopment analysis applications in primary health care: A systematic review. Fam.
Pract. 2019, 37, 147–153. [CrossRef]

48. Chen, Z.; Song, B.; Gao, S. Studying on the changes of efficiency of community health services and differences decomposition
under the background of new healthcare reform in China. Chin. Health Serv. Manag. 2017, 34, 94–98

49. Duckett, S. What should primary care look like after the COVID-19 pandemic? Aust. J. Prim. Health 2020, 26, 207–211. [CrossRef]
50. Jing, R.; Xu, T.; Lai, X.; Mahmoudi, E.; Fang, H. Technical Efficiency of Public and Private Hospitals in Beijing, China: A

Comparative Study. Int. J. Environ. Res. Public Health 2019, 17, 82. [CrossRef]
51. Notice on Further Strengthening COVID-19 Disease Prevention and Control in Clinics and Other Medical Institutions. COVID-19

Joint Prevention and Control Mechanism of the State Council [2021] No.46. Available online: https://m.thepaper.cn/baijiahao_
12815550 (accessed on 10 February 2023)

52. Haldane, V.; Zhang, Z.; Abbas, R.F.; Dodd, W.; Wei, X. National primary care responses to COVID-19: A rapid review of the
literature. BMJ Open 2020, 10, e041622. [CrossRef]

53. Yitbarek, K.; Abraham, G.; Adamu, A.; Tsega, G.; Berhane, M.; Hurlburt, S.; Mann, C.; Woldie, M. Technical efficiency of neonatal
health services in primary health care facilities of Southwest Ethiopia: A two-stage data envelopment analysis. Health Econ. Rev.
2019, 9, 27. [CrossRef] [PubMed]

54. Alhassan, R.K.; Nketiah-Amponsah, E.; Akazili, J.; Spieker, N.; Wit, T. Efficiency of private and public primary health facilities
accredited by the National Health Insurance Authority in Ghana. Cost Eff. Resour. Alloc. 2015, 13, 23. [CrossRef] [PubMed]

55. Lozano, S.; Villa, G. Data envelopment analysis of integer-valued inputs and outputs. Comput. Oper. Res. 2006, 33, 3004–3014.
[CrossRef]

56. Kuosmanen, T.; Matin, R.K. Theory of integer-valued data envelopment analysis. Eur. J. Oper. Res. 2009, 192, 658–667. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.3390/ijerph16234847
http://dx.doi.org/10.1186/s12939-016-0420-y
http://dx.doi.org/10.1093/fampra/cmz057
http://dx.doi.org/10.1071/PY20095
http://dx.doi.org/10.3390/ijerph17010082
https://m.thepaper.cn/baijiahao_12815550
https://m.thepaper.cn/baijiahao_12815550
http://dx.doi.org/10.1136/bmjopen-2020-041622
http://dx.doi.org/10.1186/s13561-019-0245-7
http://www.ncbi.nlm.nih.gov/pubmed/31656977
http://dx.doi.org/10.1186/s12962-015-0050-z
http://www.ncbi.nlm.nih.gov/pubmed/26709349
http://dx.doi.org/10.1016/j.cor.2005.02.031
http://dx.doi.org/10.1016/j.ejor.2007.09.040

	Introduction
	Materials and Methods
	The Data Envelope Analysis
	Malmquist Index
	Tobit Regression
	Data and Variable Selection

	Results
	Descriptive Statistics of Inputs and Outputs
	Results of DEA Model
	Results of Malmquist Index
	Results of Tobit Regression

	Discussion
	Conclusions
	
	References

