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Abstract
China’s pursuit of economic growth, rapid industrialization, and urbanization over the past few decades has resulted in 
high energy consumption, which in turn has caused serious environmental pollution problems, such as CO2 and PM2.5 
emissions, the long-term exposure to which can seriously affect resident health. To resolve these air pollution problems, the 
Chinese government has put in place several policies to reduce air and environmental pollution. Past studies on energy and 
environmental efficiency have been mostly static, have ignored the dynamic changes over time and regional differences, and 
have rarely considered human health factors. Therefore, this study employed a modified meta 2-stage Epsilon-Based Measure 
(EBM) Malmquist model to explore the relationships between the economy, energy, the environment, health and media, 
and the regional differences in 31 Chinese cities from 2014 to 2016. It was found that (1) Haikou and Lhasa’s efficiencies 
were 1 and were the best in all 3 years, and Shijiazhuang, Jinan and Shenyang’s were the most improved; (2) there was a gap 
between the eastern, central and western technological frontiers, with Chengdu, Hohhot, Chongqing, and Nanchang having 
technological gap ratios below 0.70 in the western and central Chinese regions, and Haikou, Guangzhou, and Shanghai in 
eastern China having technological gap ratios above 0.90 in all 3 years; and (3) the variations in the health treatment stage 
were greater than in the production stage, indicating that technological changes and efficiency improvements in the health 
treatment stages in each city were not stable.
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What do we already know about this topic?

The US Environmental Protection Agency’s research institute’s “2019 Global Air Condition” report claimed that around 
5 million people were affected by death or disease from long-term air pollution exposure in 2017, most of which were 
noncommunicable diseases such as cardiovascular diseases, stroke, chronic obstructive pulmonary diseases, and lung 
cancer. Therefore, air pollution poses one of the biggest single global environmental risks to human health, with 1 in 9 
deaths being related to indoor or outdoor air quality. The World Health Organization (2016) reported that 92% of the 
world’s population live in areas where the local air pollution exceeds the World Health Organization’s PM2.5 limits.

How does your research contribute to the field?

Two main contributions include the following: First, as well as exploring the economic, energy and environmental pol-
lution efficiencies, this study also analyzed the impact of government health care spending on health disease efficiency. 
Second, to study the dynamic changes over time, a modified meta 2-stage EBM Malmquist model was developed, that 
had a production first stage, in which labor, fixed assets and energy consumption were the inputs, gross domestic product 
(GDP) was the output, and the link variables between the production stage and the health treatment stage were CO2 and 
Air Quality Index (AQI), and a health treatment second stage, in which government health expenditure and media 
reports were the inputs, and respiratory diseases and birth rate were the outputs.
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Introduction

High economic growth means high energy consumption and 
serious environmental pollution problems, which can endan-
ger resident health and safety. Exposure to ambient air pol-
lution has been found to increase chronic health problems 
and resident mortality. The US Environmental Protection 
Agency’s research institute’s “2019 Global Air Condition” 
report1 claimed that around 5 million people succumbed to 
death or disease in 2017 from long-term air pollution expo-
sure, most of which were noncommunicable diseases such 
as cardiovascular diseases, strokes, chronic obstructive pul-
monary diseases, and lung cancer. Therefore, air pollution is 
one of the biggest single global environmental risks to 
human health, with 1 in 9 deaths being related to indoor or 
outdoor air quality. The World Health Organization2 reported 
that 92% of the world’s population live in areas where the 
local air pollution exceeds the World Health Organization’s 
PM2.5 limits.

China’s rapid industrialization and energy demand growth 
means that since 2000 China has been the world’s largest car-
bon dioxide emitter, accounting for 28% of global emissions, 
primarily because of its continued use of coal, most of which 
is used for China’s energy generation and industrial produc-
tion. Because around 1.1 million Chinese die each year from 
air pollution related illnesses, the Chinese government has 
sought to mitigate environmental pollution problems by 
establishing new environmental regulations such as the “Air 
Pollution Prevention and Control Action Plan” for PM2.5 pol-
lution, the “Environmental Protection Law” to supervise the 
environmental review system, and the “13th Five-Year Plan” 
to control nationwide environmental pollution.

Energy, economic growth, air pollution, and environ-
mental pollution have been widely studied using impact fac-
tor analysis,3-22 with some studies having also examined the 
effects of air pollution on health,23-43 and some studies 

exploring the impact of energy and environmental efficiency 
on air pollution emissions.9,40,44-46

Therefore, the main past research directions on the effect 
of environmental pollution on health have been primarily 
from energy, economic, carbon dioxide emissions reduction, 
and environmental pollution perspectives, and rarely from 
health, economic, energy and environmental pollution per-
spectives. However, much of the past research has ignored 
the impact of economic development, energy use, environ-
mental pollution, and public reports on human health, and 
the environmental factor focus has tended to be on CO2, with 
scant attention given to other important Air Quality Index 
(AQI) environmental indicators. Furthermore, because most 
of these impact studies have used regression and/or static 
Data Envelopment Analysis (DEA) efficiency analyses, the 
methods have been mainly radial (such as Charnes, Cooper 
and Rhodes [CCR] and Banker, Charnes and Cooper [BCC]) 
or nonradial (Slacks-Based Measure [SBM]). However, 
radial DEA models ignore nonradial slacks, and nonradial 
DEA models ignore the characteristics of the same propor-
tion of radial slacks. As most previous research has been 
based on 1-stage DEA, there have been few studies that have 
looked at dynamic changes over time, which means that it 
has not been possible to gain insights into the dynamic 
changes in the economic, energy, and environmental sustain-
ability or the cumulative effects on human health.

To overcome the high and low efficiency values caused 
by radial and nonradial bias, and to include consideration of 
human health issues, this study proposes a modified meta 
2-stage EBM Malmquist model to explore the economic, 
energy, environmental, health, and media efficiencies in 31 
cities in China from 2014 to 2016, and makes two main con-
tributions. First, as well as exploring the economic, energy, 
and environmental pollution efficiencies, which include the 
AQI environmental indicators, this study also analyzes the 
impact of government health care spending on health disease 

What are your research’s implications toward theory, practice, or policy?

Due to the differences in industrial structures, energy consumption, social development, environmental pollution, and 
governance in the eastern and central and western regions, the environmental pollution in the central and western regions 
was found to be more serious, and the environmental pollution health problems need greater attention. The central and 
western regions also need to strengthen their technological research, development investment, and health care to improve 
their health and medical management technical levels to further narrow the gap with the eastern region.
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efficiency. Second, to study the dynamic changes over time, 
a modified meta 2-stage EBM Malmquist model is proposed 
in which labor, fixed assets and energy consumption are the 
inputs in the production first stage, gross domestic product 
(GDP) is the output, and the link variables are CO2 and AQI, 
and a health treatment second stage, in which government 
health expenditure and media reports are the inputs, and 
respiratory diseases and birth rate are the outputs.

Literature Review

Past research on the economy, energy consumption, environ-
mental pollution, and human health has had three main direc-
tions. First, there have been many studies on energy, 
economic growth, air pollution, and the associated impact 
factors that have not considered any associated health effects. 
For example, Wang et al3 used a multidirectional efficiency 
analysis (MEA) to explore regional energy and environmen-
tal emissions efficiency in China from 1997 to 2010, and 
found that because of its higher energy and emissions ratio 
efficiencies, China’s MEA efficiency was better in the east-
ern region than in the central or western regions, Zhang and 
Choi4 used an SBM-DEA model to analyze the environmen-
tal efficiencies in Chinese cities and found that most cities 
had relatively low energy efficiencies and the environmen-
tal efficiencies differed significantly, and Georgiev and 
Mihaylo5 analyzed the Environmental Kuznets Curve 
(EKC) for 30 Organisation for Economic Co-operation and 
Development (OECD) countries, and found that there was 
the inverse U-shaped relationship between income and pol-
lution, but this was not applicable to all gases; that is, the 
EKC existed only for carbon monoxide, volatile organic 
compounds, and nitrogen oxides, but for CO2, the curve was 
monotonically increasing. In other studies, Wu et al6 used a 
2-stage network DEA model to assess China’s energy and 
environmental energy conservation and emissions reduction 
efficiencies from 2006 to 2010, finding that they were better 
in eastern China than in the central or western regions, the 
central region had better production efficiency than the west-
ern region, and the western region had better processing effi-
ciency than the central region; Lin and Du7 used a nonradial 
directional distance function to assess the regional energy 
and carbon dioxide emissions efficiencies in China from 
1997 to 2009, and found that in most parts of China, there 
were poor energy use and CO2 emissions performances, and 
that the ratio of coal to total energy consumption and indus-
trial sector expansion was negatively correlated to China’s 
regional energy and CO2 emissions performances; and Li 
et al8 established a dose-response relationships and willing-
ness to pay model to determine minimum and maximum lim-
its and explore the impact of air pollution on Chinese 
provinces, finding that the health-related economic losses 
caused by PM10 and SO2 accounted for 1.63 and 2.32% of 
GDP, the public health effects caused by PM10 and SO2 in 
Chongqing resulted in the largest economic losses, the 

economic loss per capita from the public health effect was 
the largest in Baoding City, Hebei Province, and the health-
related economic losses in Xingtai, Hebei, accounted for the 
highest proportion of GDP, mainly because these three cities 
were typical heavy industry cities based on coal resources. 
Yao et al9 collected Chinese provincial industrial sector panel 
data from 1998 to 2011 and used a meta-frontier nonradial 
Malmquist CO2 emissions performance index (MNMCPI) 
indicator to estimate China’s carbon dioxide emissions effi-
ciency, finding that the average annual industrial sector CO2 
emissions growth was 5.53%, and the average carbon diox-
ide emissions in the industrial sectors in the eastern, central, 
and western regions had declined. Qin et al10 used DEA to 
explore energy efficiency in China’s coastal areas from 2000 
to 2012, finding that except for Beijing and Hainan, the eco-
nomic development levels were positively correlated with 
energy efficiency performances, energy efficiency perfor-
mances were degraded when bad output was considered, and 
the Bohai Rim Economic Zone had the potential to improve 
its energy efficiency and air emissions. Du et al11 explored 
China’s energy efficiency and carbon dioxide emissions 
from 2006 to 2012, and found that economic activity was the 
main driver of increased emissions, that changes in potential 
energy intensity, energy structure, and energy efficiency 
could reduce CO2 emissions in most provinces, and that the 
promotion of energy-saving technologies and emissions 
reduction in inter-regional technical differences could effec-
tively reduce carbon dioxide emissions in areas with low 
technical efficiencies. To explore China’s total carbon diox-
ide emissions efficiency, Feng et al12 decomposed CO2 emis-
sions efficiency and emissions reduction potential into 
structure, technology, and management using a 3-hierarchal 
meta-frontier DEA, and found that because China had low 
structural efficiency, low technical efficiency and low man-
agement efficiency, the carbon dioxide emissions efficiency 
was relatively low, and suggested that to narrow the regional 
technological gaps, industrial structures be reformed, mar-
ket-oriented reforms promoted, and environmental protec-
tions strengthened. Wang et al13 used a meta-frontier DEA 
method to analyze carbon emissions in 58 countries from 
2001 to 2007, finding that different reference technologies 
led to significant differences in carbon emissions, that Asia’s 
overall carbon emissions were lower than in Europe and the 
Americas, and that inefficient management and the produc-
tion technology gap were the main reasons for the carbon 
dioxide intensity. Wang et al14 explored the nonlinear rela-
tionship between economic growth and carbon emissions 
using smooth panel transition regression (PSTR) models, 
and found that China’s economic growth, its carbon dioxide 
emissions, and the impact of the urbanization level conver-
sion rate on per capita carbon dioxide emissions was signifi-
cantly higher than the GDP and per capita carbon dioxide 
emissions. Borozan15 used DEA and Tobit models to analyze 
EU technology and energy efficiency from 2005 to 2013, 
finding that the technology and energy efficiencies in most 
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countries varied widely and that human capital and innova-
tive energy efficiencies had a significant impact. Cayir et al16 
used CCR DEA and Tobit regression models to analyze 
energy efficiency in China’s provinces and found that per 
capita GDP, population size, and renewable energy produc-
tion all affected energy efficiencies, and some provinces 
needed to actively invest to improve their overall technology 
efficiency. He et al17 used rough set theory (RS), a fuzzy arti-
ficial neural network, and DEA models to explore the impact 
of energy efficiency in China’s provincial industrial sectors, 
finding that as most provincial industrial sectors had low 
energy efficiencies, significant structural adjustments were 
needed. Li et al18 used a dynamic DEA model to analyze the 
energy efficiencies in 31 cities in China from 2013 to 2016, 
and found that Beijing, Guangzhou, Shanghai, Lhasa, and 
Nanning had the best energy efficiencies, and that the aver-
age efficiency in the eastern region was better than in the 
western region. Wu et al19 used a DEA model to explore the 
energy efficiencies in China’s industrial sector, finding that 
while sectoral energy efficiencies were still generally low, 
overall efficiency had maintained an upward trend over the 5 
years. Yang and Wei20 used game cross-efficiency DEA and 
Tobit models to analyze the total factor energy efficiency 
(UTFEE) in 26 cities in China from 2005 to 2015, finding 
that the energy efficiency in cities considering competition 
was lower than the traditional energy efficiency, most cities 
had no energy efficiency improvements, economic develop-
ment, and city size promoted urban energy efficiency, and 
research investment had a negative impact on urban energy 
efficiency. Tian et al21 used an EBM DEA model to explore 
the energy and emissions efficiencies in 19 Yangtze River 
economic belt (YREB) and 19 non-YREB provinces and 
cities, finding that the regional rankings and technology 
gaps in 5 of the non-YREB provinces and 4 of the YREB 
provinces had declined. Zhou et al22 used a DEA model to 
measure the energy efficiencies in Chinese industries from 
2010 to 2014, and found that most sectors and especially 
those related to energy extraction were underperforming 
and required energy conservation and emissions reduction 
efficiency improvements.

The second main research area has been on the health 
effects of human exposure to air pollution; however, the eco-
nomic and energy factors have tended to be ignored. For 
example, Schiavon et al23 analyzed the effects of human 
exposure to the air pollutants caused by traffic in urban areas 
using a COPERT algorithm and the AUSTAL2000 disper-
sion model, finding that the high emissions concentrations in 
street canyons had a significant impact on the human body; 
Fischer et al24 explored the long-term exposure to air pollu-
tion and health problems in cities using land use regression 
(LUR) methods to track Dutch population data from 2004 to 
2011, and found that long-term exposure to PM10 and NO2 
resulted in nonaccidental mortality for every 10 μg/m3 
increase, and that PM10 but not NO2 was associated with cir-
culatory disease mortality; and Kelly and Fussell25 used a 

linear concentration-response function to study the effects of 
exposure to PM2.5 pollution in Europe on human health, and 
found that long-term PM2.5 exposure seriously affected pub-
lic health in Europe. In other studies, Lelieveld et al26 used a 
global atmospheric chemistry model to analyze the effects of 
mortality in urban and rural environments and the human 
exposure to long-term PM2.5, finding that agricultural emis-
sions had the greatest impact on PM2.5 in the eastern United 
States, Europe, Russia, and East Asia, that residential energy 
use had a major impact on premature deaths worldwide, and 
that there was a positive correlation between lung cancer and 
exposure to PM2.5 and other air pollution indicators. Loomis 
et al27 examined the health effects of long-term exposure to 
air pollution in humans and found that there was a positive 
correlation between lung cancer and exposure to PM2.5 and 
other air pollution indicators. Lu et al28 used a random effects 
models to investigate how PM10 and PM2.5 exposure affected 
nonaccidental mortality, cardiovascular mortality, and respi-
ratory mortality, and found that for every 10 μg/m3 increase 
in PM10, the mortality rate increased by 0.36% to 0.42%, for 
every 10 μg/m3 increase in PM2.5, the overall nonaccident-
related mortality increased by 0.40%, the mortality from car-
diovascular disease increased by 0.63%, and the respiratory 
disease mortality rate increased by 0.75%. Khafaie et al29 
reviewed past research on air pollution and human health and 
found that short-term and long-term exposure to outdoor air 
pollution had an adverse effect on health. Tainio et al30 found 
that the damage from cycling for one and a half hours a day 
or walking for more than 10 hours a day outweighed the ben-
efits in areas with PM2.5 concentrations of 100 μg/m3; how-
ever, after riding for three and a half hours, the benefits of the 
physical activity far outweighed the damage caused by the 
air pollution. Xie et al31 used a Computability Total 
Equilibrium Model (CGE) to analyze the impact of PM2.5 
environmental pollution and health on China’s economy, 
finding that the PM2.5 pollution control in Tianjin, Shanghai, 
Beijing, Henan, Jiangsu, and Hebei was the best, that the 
health impacts in provinces with high PM2.5 concentrations 
had a significant impact on the economy, and that by 2030, 
China’s GDP losses would be 2% and the PM2.5 pollution 
associated medical expenses would be $25.2 billion. Khafaie 
et al32 used research planning and key assessment methods to 
estimate the relationships between air pollution and health, 
Brook et al33 found that PM2.5 contamination was the leading 
cause of global morbidity and mortality and a major cardio-
vascular risk factor, that the relative risk of cardiovascular 
mortality in Asia would increase by about 20% to 25%, and 
that arrhythmia and sudden cardiac death were related to 
PM2.5 pollution exposure. Cohen et al34 used satellite estima-
tion, chemical transport models, ground-level measurement 
models, and comprehensive exposure response function 
models to collect data from 1990 to 2015 and explore the 
mortality and diseases caused by air pollution at regional and 
national levels, finding that in 2015, PM2.5 exposure caused 
42 million deaths, and that the global deaths from PM2.5 
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increased from 35 million in 1990 to 42 million in 2015. To 
investigate the mortality from NOx and black carbon (BC) 
exposure in Stockholm, Johansson et al35 used a transport 
model and selected commuter preference data, and found 
that if the average population exposure to nitrogen oxides 
and black carbon (BC) were reduced by about 7% in the most 
densely populated areas of central Stockholm, the relative 
risk of mortality from NOx would reduce by 8%. Newell 
et al36 explored the health effects of exposure to particulate 
air pollution and found that a 10 μg/m3 increase in PM2.5 
increased cardiovascular mortality by 0.47% and respiratory 
mortality by 0.57%, and that an increase of 10μg/m3 in PM10 
resulted in a 0.27% increase in cardiovascular mortality and 
a 0.56% increase in respiratory mortality. Kinney37 reviewed 
the impact of climate change on air quality and human health, 
and concluded that the impact of the climate on ozone was 
most common in the north-central and northeastern states of 
the United States and could result in thousands of ozone-
related deaths, and that the PM generated by wildfires was an 
increasingly serious health risk in many parts of the world. 
Zigler et al38 used causal inference methods and a spatial 
hierarchical regression model to investigate the impact of 
substandard environmental air quality on PM2.5 and the 
national ambient air quality in 2005, finding that a reduc-
tion in PM2.5 and health insurance health outcomes could 
not be attributed to substandard areas in other parts of the 
eastern United States. Chen et al39 explored the relation-
ships between environmental air pollutants in primary 
schools and lung function in Chinese cities from 2014 to 
2016, finding that short-term exposure to air pollution was 
associated with a decline in lung function in children and 
that girls had more adverse reactions than boys. Chen 
et al40 analyzed 2532 third- to fifth-grade primary school 
students from 2 different air pollution exposed schools in 
Jinan, China, from 2014 to 2016, and found that higher air 
pollution exposure was associated with an increased prev-
alence for respiratory diseases in children, and especially 
allergic rhinitis. Lu et al41 used PM2.5 data from a 1 km 
high-resolution annual satellite search to estimate the con-
centration of PM2.5 in China from 2001 to 2017 and its 
adverse health effects, concluding that urbanization caused 
an increase in PM2.5 concentrations and had a significant 
impact on mortality. Bayat et al42 used an Environmental 
Benefits Mapping and Analysis Program (BenMAP-CE) to 
analyze the human health problems caused by exposure to 
air pollutants in 349 communities in Helan, Germany, and 
found that 7146 people in the community had died of isch-
emic heart diseases, strokes, lower respiratory tract infec-
tions, lung cancers, and chronic obstructive pulmonary 
diseases in 2017. Huang et al43 explored the relationships 
between Beijing residents in China affected by PM2.5, find-
ing that household income and education were negatively 
correlated with ambient air quality in 2014, and therefore 
Beijing residents with lower incomes and education levels 
had increased potential health risks.

The third main research direction had been on the impact 
of energy and environmental efficiency on air pollution 
emissions. Wang et al44 used production-theoretical decom-
position analysis (PDA) to explore China’s energy and 
emissions efficiencies from 2005 to 2010, finding that eco-
nomic development was the main reason for the increased 
carbon dioxide emissions and that the carbon dioxide emis-
sions and the pollution factors varied greatly across China. 
Yao et al9 analyzed the carbon dioxide emissions efficien-
cies in China’s provincial industrial sectors from 1998 to 
2011 using a meta-frontier nonradial Malmquist CO2 emis-
sions performance index (MNMCPI) indicator and found 
that the annual average growth rate in carbon dioxide emis-
sions in China’s provincial industrial sectors was 5.53%, the 
average carbon dioxide emissions from the industrial sec-
tors in all regions showed a downward trend, the average 
annual energy efficiency growth rate was 2.297%, and the 
carbon dioxide emissions efficiency change (EC) in 21 
provinces had an upward trend. Guo et al45 used dynamic 
DEA models to evaluate energy and emissions efficiencies 
in OECD countries and China, finding that from 2000 to 
2010, the average overall efficiency was 0.78, most coun-
tries had improved energy inventory adjustment rates, and 
27 countries needed to increase their energy stocks to 
improve efficiency performances. Khoshroo et al46 used a 
DEA model to evaluate farm emissions efficiencies in 30 
turnip farms in Fars, Iran, and found that compared with 
other factors such as manpower, diesel, seeds, and fertiliz-
ers, machinery had the largest impact on total energy con-
servation. Chen et al40 used a modified Undesirable Dynamic 
Network model to analyze China’s energy emissions, envi-
ronment, health, and media dissemination efficiencies, find-
ing that the production efficiency stage was better than the 
health treatment stage, and that Beijing, Guangzhou, Lhasa, 
and Nanning had high overall efficiencies.

Therefore, there have been 3 main research directions: 
examinations of economic, energy, and environmental effi-
ciencies, analyses of the impact of energy and environmental 
efficiency on air pollution emissions with no consideration 
of the associated health issues, and discussions on health and 
environmental pollution with no consideration of the rela-
tionships between economic, energy, and environmental 
issues: studies in which have tended to employ static analy-
ses. To go some way to filling this research gap, this article 
used a modified meta 2-stage EBM Malmquist model to 
dynamically examine the efficiency relationships between 
health, the economy, energy use, media, and environmental 
pollution in 31 different Chinese cities from 2014 to 2016.

Methods

Charnes et al47 first proposed a CCR DEA model based on 
constant returns to scale assumptions, which Banker et al48 
subsequently extended to returns to scale to establish the 
BCC model, which was able to measure both Technical 



6 INQUIRY

Efficiency (TE) and Scale Efficiency (SE). However, as both 
the CCR and BCC were radial DEA models, they ignored the 
nonradial slacks when evaluating the efficiency values. 
Therefore, Tone49 developed the Slacks-Based Measure 
(SBM) that considered the input and output slacks using non-
radial estimation and a single scalar value. However, the 
SBM DEA ignored the radial slacks when evaluating the 
efficiency values; therefore, to address these radial and non-
radial mode shortcomings, Tone and Tsutsui50 developed the 
input-oriented, output-oriented, and nonoriented EBM 
(Epsilou-Based Measure) DEA model.

In traditional DEA efficiency evaluations, the efficiency 
conversion between two variables is conducted using input 
and outputs, with the conversion being seen as a “black box,” 
which Zhu51 claimed contained some subprocesses that con-
stituted a value chain system. Consequently, Färe et al52 pro-
posed Network Data Envelopment Analysis, in which the 
production process was seen as being composed of many 
subproduction technologies, with each subproduction tech-
nology being regarded as a subdecision unit (sub-Decision 
Making Unit [DMU]), and with the optimal solution being 
obtained using traditional CCR and BCC models and by esti-
mating the system efficiency of each individual subprocess. 
Therefore, to estimate the efficiency of a system, it is neces-
sary to evaluate the efficiency of each subprocess. For exam-
ple, Chen and Zhu,53 Kao and Hwang,54 and Kao55 divided 
the business process into subprocesses and linked the stages 
through some intermediate outputs, after which they calcu-
lated the efficiency in each stage under different conditions 
to determine which subprocess was causing the efficiency 
losses in the system. After Fare, in 2009, Tone and Tsutsui56 
proposed a weighted slack-based measures network DEA 
model, which used the links between the various DMUs as 
the basis for the network DEA model analysis, treated each 
department as a sub-DMU, and then used the SBM mode to 
determine the optimal solution, and Castelli et al57 provided 
a comprehensive taxonomic review of the models and 
methods developed for different multistage production struc-
tures. Although research has focused on evaluating 2-stage 
process efficiencies, 2-stage DEA also allows for a dynamic 
approach, in which the DMUs are evaluated in different time 
periods and carryovers are introduced to connect the DMUs 
over time.58 Tone and Tsutsui56 proposed the following 
slacks-based network nonoriented DEA model:

If the input slacks and output slacks are considered at the 
same time, then nonoriented efficiency can be evaluated 
using Equation 1:
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where sio
k−*  and sro

k+*  are the optimal input and optimal out-
put slacks. If ρk

* =1 , then DMUo ’s k  department has 
nonoriented efficiency, and if ρo

* =1 , then DMUo  has non-
oriented overall efficiency. The assessed departmental effi-
ciency and the overall efficiency of the DMUs have unit 
invariance regardless of whether they are input-oriented, 
output-oriented, or nonoriented.

The relationship between Stage 1 and Stage 2 input and 
output items are shown in Figure 1.

Dynamic analyses have also been widely discussed, with 
the main dynamic analysis being the Malmquist Productivity 
Index (MPI), which is a measure of the change in total factor 
productivity over time, which allows for the stability of each 
DMU to be judged and the DMU efficiency trends to be 
observed. The MPI is based mainly on Färe et al59 where 
DEA is first used to estimate the distance function, after 
which the Malmquist total factor productivity change index 
is calculated and the Malmquist total factor productivity 
change index decomposed into a technical efficiency change, 
which is also known as the catch-up effect, with the techno-
logical change known as the frontier-shift effect. The change 
in technical efficiency is the degree to which each DMU is 
supported to achieve the efficiency goal, and the technologi-
cal change is the calculation of the efficiency frontier varia-
tions in the DMU in different time periods.

However, while the EBM DEA can solve radial and nonra-
dial problems, it fails to deal with the 2-stage problem, and 
while the Network DEA model can solve multistage prob-
lems, it fails to deal with radial and nonradial problems. As 
different countries have different social and cultural back-
grounds, economic environments, management models, pro-
duction structures and efficiencies, manufacturers in different 
countries have different production technologies. Therefore, 
if a traditional DEA, which assumes the same technical level 
for all DMUs, is used for efficiency estimations, it may not be 
accurate. Furthermore, as understanding the efficiency trends 
in different regions over time is also necessary, this article 
combined the Färe et al59 meta-frontier model, the Malmquist 
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Productivity Index, and the 2-stage modified EBM DEA 
model of O’Donnell et al60 and Tone and Tsutsui50,56 to pro-
pose a modified meta 2-stage EBM Malmquist model.

Modified Meta 2-Stage EBM Malmquist Model

This study collected data from 31 cities in China. The first 
stage had labor, fixed assets, and energy consumption as the 
inputs, GDP as the output, and CO2 and AQI as the stage 
links, and the second stage had health expenditure and media 
reports as the inputs and birth rate and respiratory diseases as 
the outputs. As this dynamic study considered poor output, a 
second stage and different production techniques, Tone and 
Tsutsui’s50 EBM model was modified as a modified meta 
2-stage EBM Malmquist model, the description for which is 
given in the following.

Modified meta 2-stage EBM. Traditional DEA efficiency 
evaluations usually assume that all producers have the same 
production technology level; however, in reality, DMUs 
often have different production technologies because of 
different geographical locations, national policies, and 
social and economic conditions. Battese and Rao61 and Bat-
tese et al62 proposed a meta-frontier model that was able to 
compare the technical efficiencies of different groups, 
which was improved by O’Donnell et al60 to accurately cal-
culate the group and common technical efficiency values 
and the MTR

There are n  DMUs with K divisions, DMU DMUj = ( ,1

DMU DMU DMUk n2, , , )  , with m being the input 

X X X Xj j j mj= ( )1 2, ,......,  and s  being the output 

Y Y Y Yj j j sj= ( )1 2, ,......, .
Due to differences in management, resources, regulations, 

and environments, all firms ( N ) are composed of DMU 
groups ( N N N NG= + + +1 2 ... ), with xij  and yrj  denoting 
the input i  ( ,.., )i m=1  and the final output r  ( ,.., )i m=1  for 
DMU j  ( ,.., )j N=1 . Under the meta-frontier, DMUk 
chooses an optimal final output weight u r sr

g ( ,.., )=1  to 
attain the best efficiency. Therefore, under a nonoriented 
EBM, the efficiency of DMUk under the meta undesirable 
EBM 2-stage DEA can be solved using the following linear 
programming procedure.
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λ ≥ ≥ ≥ ≥− + −0 0 0 0, , ,S S Sgood bad

Y: DMU output; X: DMU input; S − : Slack variable; S good+

: Surplus variable; S bad− : Surplus variable; W − : Weight of 
input i, ∑ − −= ∀ ≥( )W Wi i i1 0 ; W + : Weight of output S, 

∑ ∑+ − ++ = ∀ ≥( )W W Wi
S

i
S

i i
1 2 1 0 ; εx : the key parameter 

that combines the input radial θ and the nonradial slacks 
terms; ε y : the key parameter that combines the output radial 
θ and the nonradial slacks terms.

If ε εx y= = 0 , then the EBM model is equal to the CCR 
model (radial), if ε εx y= =1 , then the EBM model is equal 
to the SBM model (nonradial), εx > 0 5.  and ε y > 0 5.  then 
the EBM model tends toward the nonradial model, and 

Figure 1. Input-output relationship.
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εx < 0 5.  and ε y < 0 5.  then the EBM model tends toward the 
Radial model.

From the above equations, the overall technological effi-
ciency in all cities can be determined under the meta-frontier. 
Using Equation 2, the overall technological efficiencies of 
all cities can be determined under the meta-frontier.

Undesirable EBM 2-stage group frontier model. The western 
and eastern Chinese cities are divided into g DMUs, each of 
which is assigned an optimal output weight; therefore, the 
efficiency of the DMU under the group frontier can be solved 
using the following equations.
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Technology gap ratio. The production frontier of the g groups 
are included in the meta-frontier. The technical efficiency 
under the meta-frontier must be less than the technical effi-
ciency under the group frontier, with the ratio of the two 
frontiers being the Technology Gap Ratio (TGR):

 TGR
**

*g
=
θ
θ

 (5)

Modified Meta 2-Stage EBM Malmquist Model

This article examined the technical efficiency changes and 
technological changes in 31 Chinese cities from 2014 to 

2016, for which the meta-frontier model proposed by 
O’Donnell et al60 was used to accurately calculate the group 
efficiencies, and the Rambaldi et al63 Meta-MPI employed to 
assess the production and health stage efficiencies and the 
MTRs.

The MPI was used to measure total factor productivity in 
different periods to judge the efficiency stability and to 
observe the efficiency trends in the unit under evaluation. 
The MPI has been mainly influenced by Färe et al,59 who 
used DEA to estimate distance functions, after which the 
Malmquist total factor productivity change index was calcu-
lated and the Malmquist’s total factor productivity change 
index decomposed into a technical efficiency and techno-
logical changes. When examining regional differences, the 
Malmquist Productivity Index can be converted into a Meta-
Malmquist, which can be divided into a Group Specific 
Technology Malmquist Productivity Index (GMPI) and a 
Meta Technology Malmquist Productivity Index (MMPI).
M x y x yt t
k

t t t t, ( , , , )+ + +1 1 1  and M x y x yt t
*

t t t t, ( , , , )+ + +1 1 1  are 
GMP and MMPI.

The GMPI in k division’s input and output set for period t 
and period t + 1 are ( , )x yt t  and ( , )x yt t+ +1 1 , and Equation 4 
shows the productivity:
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The MMPI is defined by Equation 7:
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As can be seen in Figure 2, in period t, the individual 
group frontier is kl t, , and the Meta-frontier is Mt ,  and in 
period t+1, the individual group frontier is kl t, +1 , and the 
meta-frontier is Mt+1 , with the input and output combina-
tions being ( , )x yt t  and ( , )x yt t+ +1 1 , Technological effi-
ciency (TE):

In period t,
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In period t+1,

TE
OC

OC
; TE

OC

ODt
k

*

t
*

*

+ += =1 1
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The technology growth rate (TGR) of k group in 2 periods 
are

TGR
OA
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; TGR
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t
k= =+1

Technology efficiency change (TECt t, +1 ):
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This is then converted into a distance function 
decomposition

a. Technological efficiency change decomposition. 
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b. Technological change. The technological change is as shown 
in Equation 10:
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Putting Equations 9 and 10 together,
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and putting Equations 10 and 11 together,
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which are then summed to get Equation 11:
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Figure 2. Meta-Malmquist Productivity Index model.
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Empirical Analysis

Data Sources and Description

Thirty-one cities in mainland China were selected as the 
research sample, which were divided into eastern cities 
(Beijing, Shanghai, Shijiazhuang, Tianjin, Fuzhou, 
Guangzhou, Haikou, Hangzhou, Jinan, Nanjing), northeast 
cities (Changchun, Shenyang, Harbin), western cities 
(Chengdu, Chongqing, Guiyang, Huhehot, Kunming, 
Lanzhou, Lhasa, Nanning, Urumqi, Xian, Xining, Yinchuan), 
and central cities (Changsha, Hefei, Taiyuan, Wuhan, 
Zhengzhou Nanchang).

There are 661 cities at or above county level in the 31 
administrative regions in mainland China. Because of the 
size of mainland China, there are significant regional eco-
nomic development, population density, geographical, his-
torical, and cultural differences. The capital cities in each 
province/municipality/autonomous region have the most 
resources, the best talents, and the most advanced manage-
ment and technical levels.

Data for mainland China’s GDP in 201864 indicated that 
32% of the national GDP in 2018 came from all 31 provin-
cial capitals mentioned above. The GDP in 28 cities exceeded 
700 billion CNY, 16 cities exceeded 1 trillion CNY, and 5 
cities exceeded 2 trillion CNY, with the combined GDP of 16 
cities, most of which were provincial capitals, accounting for 
31% of the national GDP. The data showed that the GDP in 
the 18 cities in the midwest was far ahead of the other cities 
in the province/autonomous region. Due to the backwardness 
of the central and western regions relative to the developed 
coastal regions, most regional economic development of the 
central and western regions in mainland China before the late 
industrialization period was in the provincial capitals, which 
drove the development of the surrounding regions. These 
provincial capitals or municipalities, such as Chengdu, 
Chongqing, Lhasa, Xi’an, Lanzhou, Xining, and Urumqi, 
have the best R&D, higher education, and finance resources 
in each respective province. The central provincial capital 
also plays an important leading role in surrounding cities.

These 31 sample cities also have the highest population 
densities, human resources, and education levels in the coun-
try, with the total population in all 31 cities accounting for 
18% of the total population in all 661 cities above the county 
level in 2018. Five cities with total populations of more than 
10 million people—Beijing, Shanghai, Tianjin, Chongqing, 
and Chengdu—are all sample cities. The populations in 
Shijiazhuang and Xi’an at the end of 2018 were also around 
9.8 million.64

Finally, as the technical characteristics, administrative 
functions, economic statuses, social and cultural levels, 
public management levels, resource utilization, and talent 

accumulation were similarly high, they had better 
comparability.

This study used panel data for 31 Chinese cities. 
Economic and social development data from 2013 to 2016 
were collected from the Statistical Yearbooks of China, the 
Demographics and Employment Statistical Yearbooks of 
China, and the City Statistical Yearbooks, and air pollutant 
data were collected from the China Environmental and 
Protection Bureau Annual Reports and the China Environ-
mental Statistical Yearbook.

Figure 3 shows the framework and the variables for the 
2-stage meta dynamic Malmquist model for the efficiency 
measurements.

Based on the inputs and outputs used in past literature, the 
inputs were labor and energy consumption as in Du et al,11 
Hu and Wang,65 and Wu et al6; desirable output GDP as in 
Yang and Wei20; fixed assets as the carryover as in Wang 
et al44; air, CO2, and AQI links as in Li et al18; and second-
stage media reports and health expenditure inputs, desirable 
birth rate output and undesirable respiratory disease output 
as in Tian et al.21 The variables used in the study are explained 
in the following:

First stage: production stage
Input variables
Labor input: Employees; this study used the number of 
employed people in each city at the end of each year; unit: 
person.
Energy consumption was calculated from the total energy 
consumption in each city; unit: 100 million Dun.
Fixed assets: the capital stock in each city was calculated 
using the fixed assets investment in each city: unit: 100 
million CNY.

Output variables
Desirable output (GDP): the GDP in each city was used as 
each city’s output: unit: 100 million CNY.

Link production stage and health stage variables
Carbon dioxide: CO2, a common greenhouse gas.
AQI: the Air Quality Index, which measures the pollutant 
concentrations for PM2.5, PM10,sulfur dioxide (SO2), and 
nitrogen.

Second stage: Health treatment stage
Input variables
Health expenditure: government investment on the treat-
ment and management of health issues; unit: CNY
Media reports: related air pollution news data were col-
lected from the Xinhuanet media official website using the 
search string “province + air pollution.” Statistics were 
calculated in units (years), with the number of statistics 
being the total amount in the year. The official news web-
sites were selected because of the quantity of news pub-
lished and their wide influence: unit: piece
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Output variables
Birth rate as reported in the China Health Statistics 
Yearbook.66

Respiratory Diseases as reported in the China Health 
Statistics Yearbook.66

Overall Technology Gap Ratio Analysis

Table 1 and Figure 4 show the TGRs for the 31 provincial 
capitals from 2014 to 2016. The technology frontiers in each 
year in Haikou and Lhasa were 1, indicating that there was 
no technology gap. As Haikou and Lhasa are relatively 
underdeveloped regions, there have fewer air pollutants gen-
erated by industrial emissions. Therefore, whether in the pro-
duction or the health treatment stage, the annual efficiencies 
and technology gaps between the 2 cities were 1.

The annual technology gap ratios in Changchun, Guangzhou, 
Shanghai, Yinchuan, Guiyang, Hangzhou, Lanzhou, Tianjin, 
Wuhan, Urumqi, Xi’an, Xining, Beijing, Hefei, and Nanning 
were between 0.80 and 1, and in Changchun, Guangzhou, 
Shanghai, and Yinchuan were between 0.90 and 1. Eight other 
cities had technical boundary values between 0.80 and 0.90; 
those in Changsha, Kunming, Shijiazhuang, Chengdu, Hohhot, 
Zhengzhou, and Shenyang were between 0.60 and 0.80, and 
Nanchang’s was below 0.6.

Six cities had large changes in their technology frontiers 
over the 3 years; for example, Jinan’s moved from 0.7 to 1, 
and Nanjing’s rose from 0.6 to 0.8. As there were more cities 

with technology frontiers above 0.8, it was concluded that in 
general the technology gaps were small; however, a small 
number of cities had urban technology frontiers below 0.6, 
indicating that there were some large technology gaps.

Ten cities had rising technology frontier values; for exam-
ple, Nanjing had the largest increase from 0.62 in 2014 to 0.84 
in 2016; the technology frontier values in 6 cities rose and then 
fell, and in 7 cities fell and then rose; however, Harbin had the 
most significant drop from 0.98 in 2014 to 0.77 in 2016.

The technology frontier values in Chengdu, Hohhot, 
Chongqing, and Nanchang in the western regions of China 
were all below 0.70, and besides Lhasa, all cities with a tech-
nology frontier value of 0.90 such as Haikou, Guangzhou 
and Shanghai were located in the eastern part of China, indi-
cating that there was a technology frontier gap between the 
eastern and western regions.

Annual Efficiencies

Table 2 shows the annual efficiencies for the 31 cities from 
2014 to 2016. Haikou and Lhasa had annual efficiencies of 1, 
and had no need for further improvements, and Guangzhou 
and Shanghai had efficiencies between 0.80 and 1, and there-
fore had only a small need for improvements. However, 
Changsha had an annual efficiency between 0.70 and 0.80, 
Hohhot and Yinchuan had annual efficiencies between 0.60 
and 0.70, Hangzhou and Nanchang had annual efficiencies 
between 0.40 to 0.60, and Shijiazhuang had an annual 

Figure 3. Framework model.
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Table 1. Technology Gap Ratio From 2014 to 2016.

No. DMU 2014TGR 2015TGR 2016TGR

 1 Beijing 0.8007 0.9560 0.9156
 2 Changchun 0.9109 1 0.9872
 3 Changsha 0.7829 0.7321 0.7367
 4 Chengdu 0.7185 0.6657 0.6441
 5 Chongqing 0.4909 0.6090 0.6384
 6 Fuzhou 0.8392 0.6935 0.8926
 7 Guangzhou 0.9539 0.9765 1
 8 Guiyang 0.8039 0.8250 0.8654
 9 Harbin 0.9822 0.7791 0.7690
10 Haikou 1 1 1
11 Hangzhou 0.7943 0.8273 0.8645
12 Hefei 0.9792 0.8280 0.8936
13 Huhehot 0.6725 0.6510 0.7099
14 Jinan 0.7488 0.7437 1
15 Kunming 0.7314 0.7353 0.7276
16 Lanzhou 0.8023 0.7946 0.8398
17 Lhasa 1 1 1
18 Nanchang 0.5974 0.5321 0.5533
19 Nanjing 0.6203 0.8162 0.8392
20 Nanning 0.9818 0.9218 0.8386
21 Shanghai 0.9780 0.9928 1
22 Shenyang 0.6623 0.7627 0.7447
23 Shijiazhuang 0.7906 0.7907 0.7871
24 Taiyuan 0.7344 0.8263 0.8990
25 Tianjin 0.9103 0.9170 0.8162
26 Wuhan 0.8451 0.9022 0.9104
27 Urumqi 0.9127 0.8708 0.8307
28 Xian 0.9193 0.8257 0.8106
29 Xining 0.8876 0.8549 0.8521
30 Yinchuan 0.9088 0.9097 0.9204
31 Zhengzhou 0.6499 0.7714 0.7746

Note. TGR = technology gap ratio trend.

efficiency below 0.40; therefore, in many cities, significant 
improvements were needed. In 21 cities, however, the annual 
efficiencies changed significantly over the 3 years; for exam-
ple, Jinan’s rose from 0.50 to 1, and Shenyang’s rose from 
0.40 to 0.80; however, in general, there were more cities with 
annual efficiencies below 0.60.

From the average overall efficiency scores and rankings 
in Table 2, the average annual overall efficiency scores in 
most eastern coastal areas were found to be better than those 
in the western and central regions. Of the top 10 cities, 4 
were east coast cities, 4 were from the western region, and 1 
city was from the central region. Of the bottom 10 cities, 6 
were from the western region, 2 were from the east coast 
(Shijiazhuang and Tianjin), 1 was from the central region, 
and 1 was from the northeast region. The efficiencies varied 
significantly between the western region cities. Of the 12 cit-
ies in the west, except for Lhasa (ranked 1), Urumqi (ranked 
5), Hohhot (9), Nanning (7), and Yinchuan (11), the other 7 
cities ranked lower than 20.

The average total efficiencies in 7 cities were lower than 
0.5, 5 of which were western cities: Chengdu, Chongqing, 
Guiyang, Kunming, and Xi’an; therefore, these cities still 
have a significant need for improvements.

Production Stage and Health Treatment Stage TGR

Table 3 shows the production stage and health treatment 
stage technology gap ratios for the 31 provincial capital cit-
ies from 2014 to 2015. Except for the technology gap in the 
production stage and the treatment stage in Lhasa, which 
were both 1, the technology gap in the production stage and 
the treatment stage in the other cities was different.

Production stage. The TGRs varied across the 31 cities. 
Guangzhou, Haikou, and Lhasa’s TGRs were 1, and Beijing 
and Shanghai’s were close to 1. As the economic growth in 
Haikou and Lhasa is related mainly to the tourism and ser-
vice industries, they have low industrial development and 
low industrial air emissions; therefore, in both the production 
and health treatment stages, the annual efficiencies and tech-
nology gaps were 1; however, the other cities had a greater 
need for improvements.

The annual TGRs in Changchun, Hangzhou, Jinan, 
Nanning, Shenyang, Tianjin, Wuhan, and Zhengzhou were 
between 0.80 and 1; in Changsha, Guiyang, Hohhot, Lanzhou, 
Nanchang, Shijiazhuang, Taiyuan, Urumqi, Xining, and 
Yinchuan were between 0.60 and 0.80; and in Chengdu, 
Chongqing, and Kunming’s were below 0.6. Eight cities had 
rising TGRs, with Taiyuan’s increasing from 0.60 in 2014 to 
0.76 in 2016, but the TGRs in 4 cities declined, with the larg-
est fall being in Harbin, which fell from 0.94 in 2014 to 0.65 
in 2016. Fourteen cities had fluctuating TGRs, with 4 cities 
rising and then falling, and 10 cities falling and then rising.

Health treatment stage. The annual health treatment TGRs in 
Guiyang, Haikou, Lanzhou, Lhasa, Shijiazhuang, Xining, 
and Yinchuan were 1 and Changchun’s was close to 1, the 
TGRs in Guangzhou, Hefei, Kunming, Shanghai, Taiyuan, 
and Xi’an were between 0.90 and 1, and in Fuzhou, Harbin, 
Wuhan, Urumqi, and Zhengzhou were between 0.80 and 
0.90. The annual TGRs in Changsha and Hangzhou were 
between 0.60 and 0.80 and in Hohhot, Nanchang and 
Shenyang were below 0.6, with Nanchang’s being the lowest 
over the 3 years at only 0.45. Seven cities had large TGR 
fluctuations; for example, Jinan and Tianjin had change 
ranges of around 0.36.

Seven cities had rising health treatment stage TGRs, with 
Jinan’s rise from 0.64 in 2014 to 1 in 2016 being the largest, 
and 5 cities had declining TGRs, with Tianjin’s being the larg-
est dropping from 0.93 in 2014 to 0.57 in 2016. Eleven cities 
had fluctuating TGRs; 4 rose then fell and 7 fell then rose.

The TGRs in most cities in both the production and the 
health treatment stages fell then rose over the 3 years; how-
ever, Shenyang and Taiyuan had continuous upward trends 
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Table 2. Annual Efficiencies From 2014-2016.

No.
DMU (Decision 

Making Unit) 2014 efficiency 2015 efficiency 2016 efficiency Average Rank

 1 Beijing 0.7099 0.5533 0.6917 0.6516 12

 2 Changchun 0.5581 0.5615 0.7497 0.6231 13
 3 Changsha 0.7165 0.6318 0.7367 0.6950 8
 4 Chengdu 0.4213 0.4107 0.4281 0.4200 30

 5 Chongqing 0.4340 0.4068 0.6384 0.4931 25

 6 Fuzhou 0.7953 0.6935 0.8926 0.7938 6

 7 Guangzhou 0.8379 0.9656 1.0000 0.9345 4

 8 Guiyang 0.4588 0.4661 0.4827 0.4692 27

 9 Harbin 0.4631 0.3710 0.5173 0.4505 29

10 Haikou 1.0000 1.0000 1.0000 1.0000 1

11 Hangzhou 0.5606 0.4986 0.6046 0.5546 18

12 Hefei 0.4714 0.5092 0.8108 0.5971 15
13 Huhehot 0.6725 0.6510 0.7099 0.6778 9
14 Jinan 0.4994 0.5020 1.0000 0.6671 10

15 Kunming 0.4678 0.5001 0.5259 0.4979 24

16 Lanzhou 0.5313 0.4530 0.5300 0.5048 22

17 Lhasa 1.0000 1.0000 1.0000 1.0000 1

18 Nanchang 0.5974 0.5321 0.5533 0.5609 17

19 Nanjing 0.6203 0.5482 0.6449 0.6045 14

20 Nanning 0.7588 0.7150 0.8386 0.7708 7

21 Shanghai 0.9530 0.9398 1.0000 0.9643 3

22 Shenyang 0.4500 0.3838 0.7447 0.5262 21

23 Shijiazhuang 0.4053 0.3747 0.3631 0.3810 31

24 Taiyuan 0.3733 0.5295 0.6035 0.5021 23

25 Tianjin 0.4770 0.4366 0.4766 0.4634 28

26 Wuhan 0.5821 0.5750 0.5875 0.5815 16

27 Urumqi 0.9127 0.7179 0.8307 0.8204 5

28 Xian 0.5239 0.4263 0.4824 0.4775 26

29 Xining 0.5448 0.5100 0.5348 0.5299 20

30 Yinchuan 0.7273 0.6327 0.6390 0.6663 11

31 Zhengzhou 0.6273 0.5004 0.5061 0.5446 19

0

0.2

0.4

0.6

0.8

1

B
e
ij
in
g

C
h
a
n
g
ch
u
n

C
h
a
n
g
sh
a

C
h
e
n
g
d
u

C
h
o
n
g
q
in
g

F
u
zh
o
u

G
u
a
n
g
zh
o
u

G
u
iy
a
n
g

H
a
rb
in

H
a
ik
o
u

H
a
n
g
zh
o
u

H
e
fe
i

H
u
h
e
h
o
t

Ji
n
a
n

K
u
n
m
in
g

L
a
n
zh
o
u

L
a
sa

N
a
n
ch
a
n
g

N
a
n
ji
n
g

N
a
n
n
in
g

S
h
a
n
g
h
a
i

S
h
e
n
y
a
n
g

S
h
ij
ia
zh
u
a
n
g

T
a
iy
u
a
n

T
ia
n
ji
n

W
u
h
a
n

U
ru
m
q
i

X
ia
n

X
in
in
g

Y
in
ch
u
a
n

Z
h
e
n
g
zh
o
u

2014

2015

2016

Figure 4. The 2014-2016 technology gap ratio trends (TGRs) for each city.
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in both stages, and Xi’an had a continuous decline. Overall, 
more cities had TGRs over 0.8 in the health treatment stage 
than in the production stage.

No differences in the average technology gaps in the pro-
duction and the health treatment stages were found in 
Changchun, Changsha, Guangzhou, Wuhan, and Shanghai, 
with the average TGRs in these 5 cities being close to 1, 
which indicated that only small improvements were 
necessary.

Beijing, Hangzhou, Hohhot, Jinan, Nanchang, Nanjing, 
Nanning, Shenyang, Tianjin, and Zhengzhou had higher 
TGRs in the production stage than in the health treatment 
stage. Five of these cities are located on the east coast, 2 are 
located in the west and 2 are located in the central region. 
Therefore, greater priority needs to be focused on TGR 
improvements in the second stage.

Chengdu, Chongqing, Fuzhou, Guiyang, Harbin, Hefei, 
Kunming, Lanzhou, Shijiazhuang, Taiyuan, Urumqi, Xi’an, 

Xining, Yinchuan had higher average TGRs in the health 
treatment stage than in the production stage. Nine of these 
cities are in west, 2 are eastern coastal cities in the east, and 
1 was from the northeast. Therefore, greater priority needs to 
be focused on TGR improvements in the first production 
stage.

Production and the Health Treatment Stage 
Efficiencies

Table 4 shows the annual production and health treatment 
stage efficiencies in the 31 provincial capital cities from 
2014 to 2016. Due to better air management, less air pollut-
ant emissions, and good weather conditions, Haikou and 
Lhasa had low pollutant discharges and the average effi-
ciency scores in both the production and health treatment 
stages were 1; however, the average 2-stage efficiencies in 
the other cities varied considerably.

Table 3. Production Stage and Health Treatment Stage TGR.

No. DMU

2014 
production 

stage

2015 
production 

stage

2016 
production 

stage Average

2014 health 
treatment 

stage

2015 health 
treatment 

stage

2016 health 
treatment 

stage Average

 1 Beijing 0.9963 1 1 0.9988 0.5760 0.8031 0.7768 0.7186
 2 Changchun 0.8466 1 1 0.9489 1 1 0.9998 1
 3 Changsha 0.7581 0.8177 0.6983 0.7580 0.8194 0.6536 0.7801 0.7510
 4 Chengdu 0.6084 0.5642 0.5763 0.5830 0.8928 0.8245 0.7380 0.8184
 5 Chongqing 0.5185 0.5101 0.5288 0.5191 0.4540 0.7924 0.7647 0.6704
 6 Fuzhou 0.6958 0.5531 0.7911 0.6800 1 0.8702 1 0.9567
 7 Guangzhou 1 1 1 1 0.9027 0.9494 1 0.9507
 8 Guiyang 0.6375 0.6709 0.7421 0.6835 1 1 1 1
 9 Harbin 0.9385 0.7057 0.6496 0.7646 0.9756 0.8279 0.9592 0.9209
10 Haikou 1 1 1 1 1 1 1 1
11 Hangzhou 0.8681 0.9201 0.8842 0.8908 0.6825 0.6674 0.7985 0.7161
12 Hefei 0.9660 0.7635 0.7972 0.8422 0.9955 0.9080 1 0.9678
13 Huhehot 0.7310 0.7822 0.8134 0.7755 0.6181 0.5395 0.6169 0.5915
14 Jinan 0.8449 0.8220 1 0.8890 0.6411 0.6550 1 0.7654
15 Kunming 0.5583 0.5623 0.5720 0.5642 0.9860 0.9929 0.9665 0.9818
16 Lanzhou 0.6142 0.6124 0.6809 0.6358 1 1 1 1
17 Lhasa 1 1 1 1 1 1 1 1
18 Nanchang 0.7306 0.6178 0.6399 0.6628 0.4621 0.4419 0.4618 0.4553
19 Nanjing 0.7071 0.8970 0.8779 0.8273 0.5402 0.6767 0.7569 0.6579
20 Nanning 0.9698 0.8658 1 0.9452 1 1 0.6875 0.8977
21 Shanghai 0.9940 1.0026 1 0.9989 0.9621 0.9828 1 0.9816
22 Shenyang 0.8033 0.9647 1 0.9227 0.5373 0.5447 0.5472 0.5431
23 Shijiazhuang 0.6096 0.6034 0.6065 0.6065 1 1 1 1
24 Taiyuan 0.5958 0.6646 0.7638 0.6747 0.9600 1 1 1
25 Tianjin 0.8400 0.9769 1.0070 0.9413 0.9278 0.7383 0.5656 0.7439
26 Wuhan 0.8533 0.8913 0.8850 0.8765 0.8295 0.8987 0.9184 0.8822
27 Urumqi 0.8327 0.7146 0.7925 0.7799 1 1 0.8712 0.9776
28 Xian 0.8700 0.7468 0.7340 0.7836 0.9841 0.9114 0.9022 0.9326
29 Xining 0.7045 0.6982 0.6856 0.6961 1 1 1 1
30 Yinchuan 0.8221 0.7483 0.7437 0.7714 1 1 1 1
31 Zhengzhou 0.8696 0.9436 0.9635 0.9256 0.4537 0.5916 0.5684 0.5379

Note. TGR = technology gap ratio trend.
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Production stage. The annual production stage efficiencies in 
Haikou and Lhasa were 1 in all years, indicating that there 
was no need for further improvements, in Beijing, Guang-
zhou, Nanning, and Shanghai were between 0.8 and 1; in 
Hangzhou, Huhehot, Nanjing, Tianjin, Urumqi, Changsha, 
Nanchang, Wuhan, Harbin, and Zhengzhou were between 
0.6 and 0.8; and in Chengdu, Xi’an, Yinchuan, Chongqing, 
Kunming, Lanzhou, Xining, Guiyang, Taiyuan, and Shiji-
azhuang were below 0.6, with Shijiazhuang’s being the 
lowest at only 0.3. In 5 cities, the efficiencies changed sig-
nificantly over the 3 years, with the changes in Shenyang 
being the largest at 0.48. Eleven cities had increasing effi-
ciencies, with Shenyang having the largest increase from 
0.52 in 2014 to 1 in 2016; however, Yinchuan’s efficiency 
was in decline. Seventeen cities had fluctuating production 
stage efficiencies, which first declined and then rose.

Health treatment stage. Haikou and Lhasa had health treat-
ment stage efficiencies of 1; Shanghai, Yinchuan, and 
Fuzhou’s ranged from 0.8 to 1; and Xining and Changsha’s 

ranged from 0.6 to 0.8; however Beijing, Changchun, 
Chengdu, Guiyang, Harbin, Hangzhou, Huhehot, Kunming, 
Nanchang, Nanjing, Shenyang, Shijiazhuang, Taiyuan, Tian-
jin, Wuhan, Xi’an, and Zhengzhou had health treatment 
stage efficiencies below 0.6, with those in Chengdu and 
Tianjin being only between 0.2 and 0.3 in all 3 years and 
those in some years in Beijing and Harbin being only 0.20. 
Seven cities had large health treatment stage efficiency fluc-
tuations, with Hefei’s changing by 0.68 and Jinan and 
Chongqing’s changing by 0.59 and 0.43. Six cities had 
increasing health treatment stage efficiencies with Hefei’s 
being the largest, rising from 0.32 in 2014 to 1 in 2016. Four 
cities had declining health treatment efficiencies and 19 first 
declined then rose.

The production and health treatment stage efficiencies in 
many cities, such as Beijing, Chengdu, Chongqing, Fuzhou, 
Harbin, Lanzhou, Nanchang, Shanghai, Urumqi, and Xi’an, 
first declined and then rose over the 3 years; however, in both 
stages, Guiyang had a continuous upward trend. In general, 
the production stage efficiencies were higher than the health 

Table 4. The 2014 to 2016 Production and Health Treatment Stage Efficiencies.

No. DMU
2014 

production
2015 

production
2016 

production Average
2014 health 
treatment

2015 health 
treatment

2016 health 
treatment Average

 1 Beijing 0.9744 0.9711 1 0.9818 0.4632 0.2457 0.4149 0.5696
 2 Changchun 0.7490 1 1 0.9163 0.3916 0.2581 0.5309 0.5499
 3 Changsha 0.6320 0.6527 0.6983 0.7616 0.8194 0.6072 0.7801 0.8089
 4 Chengdu 0.5737 0.5642 0.5763 0.7126 0.2771 0.2677 0.2907 0.5149
 5 Chongqing 0.4986 0.4821 0.5288 0.6602 0.3662 0.3292 0.7647 0.5651
 6 Fuzhou 0.6246 0.5531 0.7911 0.7259 1 0.8702 1 0.9567
 7 Guangzhou 1 0.9818 1 0.9939 0.6958 0.9494 1 0.8817
 8 Guiyang 0.4277 0.4417 0.4535 0.6231 0.4939 0.4942 0.5162 0.6627
 9 Harbin 0.7651 0.5907 0.6496 0.7853 0.2321 0.1964 0.3893 0.4762
10 Haikou 1 1 1 1 1 1 1 1
11 Hangzhou 0.6868 0.7258 0.7430 0.8042 0.4283 0.3050 0.4594 0.5778
12 Hefei 0.6512 0.5172 0.6497 0.7228 0.3228 0.4996 1 0.6075
13 Huhehot 0.7310 0.7822 0.8134 0.8377 0.6181 0.5395 0.6169 0.7192
14 Jinan 0.5863 0.5718 1 0.7194 0.4105 0.4287 1 0.6131
15 Kunming 0.4328 0.5012 0.5430 0.6447 0.5081 0.4990 0.5070 0.6690
16 Lanzhou 0.4229 0.4111 0.4593 0.6113 0.6715 0.5006 0.6176 0.7240
17 Lhasa 1 1 1 1 1 1 1 1
18 Nanchang 0.7306 0.6178 0.6399 0.7828 0.4621 0.4419 0.4618 0.6347
19 Nanjing 0.7071 0.7518 0.7812 0.8196 0.5402 0.3632 0.5018 0.6345
20 Nanning 0.9698 0.8658 1 0.9452 0.5596 0.5628 0.6875 0.7075
21 Shanghai 0.9770 0.9751 1 0.9840 0.9294 0.9056 1 0.9450
22 Shenyang 0.5162 0.6273 1 0.7145 0.3847 0.2057 0.5472 0.5301
23 Shijiazhuang 0.3360 0.3262 0.3439 0.5541 0.5004 0.4368 0.3861 0.6457
24 Taiyuan 0.4501 0.4834 0.6100 0.6445 0.2948 0.5760 0.5973 0.6236
25 Tianjin 0.7033 0.7788 0.7888 0.8274 0.2907 0.1981 0.2470 0.4963
26 Wuhan 0.6014 0.6170 0.6745 0.7395 0.5582 0.5238 0.4914 0.6940
27 Urumqi 0.8327 0.6965 0.7925 0.8431 1 0.7398 0.8712 0.9133
28 Xian 0.5508 0.5219 0.5635 0.6909 0.4937 0.3305 0.3962 0.6081
29 Xining 0.3985 0.3876 0.4595 0.5954 0.7433 0.6702 0.6299 0.8045
30 Yinchuan 0.5617 0.4841 0.4691 0.6819 0.9288 0.8095 0.8621 0.9128
31 Zhengzhou 0.8098 0.6266 0.6820 0.8121 0.4537 0.3732 0.3417 0.6090
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treatment stage efficiencies, with more cities having health 
treatment stage efficiencies below 0.6. However, both 
Haikou and Lhasa had production and health treatment stage 
efficiencies of 1 in all 3 years. The production stage effi-
ciency changes in Kunming and Shenyang were greater than 
0.30, and the maximum fluctuation range was 0.48, and the 
health treatment stage efficiency changes in Hefei, Jinan, 
Chongqing, and Shenyang were also more than 0.3, with the 
maximum change range being 0.68.

Except for Haikou and Lhasa, of the other 29 cities, 20 
cities had significantly higher average production stage 
efficiencies than average health treatment stage efficien-
cies, indicating that significant improvements were needed 
in urban health treatment efficiency. In Changsha, Fuzhou, 
Guiyang, Kunming, Lanzhou, Shijiazhuang, Urumqi, 
Xining, and Yinchuan, the average health treatment effi-
ciencies were significantly higher than the average produc-
tion stage efficiencies, and except for the eastern cities of 
Fuzhou and Shijiazhuang and the central city of Changsha, 

the other 6 cities were all from western China; therefore, 
these cities all need to give priority to production stage effi-
ciency improvements.

MI (Malmquist Index), EC (Efficiency Change), 
TC (Technological Change)

Table 5 shows the MI, EC, and TC in the 31 provincial capi-
tal cities from 2014 to 2016, and Table 6 shows the impact of 
the productivity progress, efficiency changes, and techno-
logical changes.

In 2014, 10 cities had declining productivity due to effi-
ciency declines, and 20 cities had productivity improve-
ments, 10 because of the joint influence of technological and 
efficiency changes, 9 due to technological changes, and 1, 
Haikou, because of efficiency improvements.

In 2015, 15 cities had declining productivity due to effi-
ciency declines and 14 had productivity improvements; 7 cit-
ies because of the joint influence of technological and 

Table 5. The 2014 to 2016 Annual MI, EC, and TC.

No. DMU 2014MI 2014EC 2014TC 2015MI 2015EC 2015TC 2016MI 2016EC 2016TC

 1 Beijing 1.1072 1.0135 1.0924 0.8285 0.7794 1.0630 1.2256 1.2500 0.9804
 2 Changchun 1.0177 0.9718 1.0473 1.0817 1.0059 1.0753 1.3353 1.3353 1
 3 Changsha 1.4408 1.1831 1.2178 0.9958 0.8817 1.1295 1.1617 1.1661 0.9962
 4 Chengdu 1.1488 1.0667 1.0770 1.1218 0.9748 1.1508 1.0387 1.0424 0.9965
 5 Chongqing 1.0809 0.9905 1.0913 1.0447 0.9375 1.1143 1.5684 1.5691 0.9995
 6 Fuzhou 1.4746 1.3958 1.0565 1.0370 0.8720 1.1892 1.2870 1.2870 1
 7 Guangzhou 0.9513 0.8379 1.1353 1.2538 1.1524 1.0880 1.0352 1.0357 0.9996
 8 Guiyang 1.0285 0.9830 1.0463 1.0461 1.0158 1.0299 1.0355 1.0356 0.9999
 9 Harbin 0.9852 0.9429 1.0449 0.9776 0.8010 1.2205 1.3856 1.3943 0.9938
10 Haikou 1.0653 1.0653 1 1 1 1 1 1 1
11 Hangzhou 1.1317 1.0233 1.1059 0.9201 0.8895 1.0344 1.2113 1.2126 0.9989
12 Hefei 0.9502 0.8845 1.0742 1.2759 1.0802 1.1812 1.5923 1.5923 1
13 Huhehot 1.0384 0.9987 1.0398 0.9734 0.9680 1.0056 1.0073 1.0904 0.9237
14 Jinan 1.0398 0.9913 1.0489 1.0308 1.0052 1.0254 1.9802 1.9919 0.9941
15 Kunming 1.1190 1.0227 1.0942 1.1134 1.0691 1.0414 1.0514 1.0514 1
16 Lanzhou 0.9523 0.9034 1.0542 0.8611 0.8527 1.0099 1.1267 1.1698 0.9631
17 Lhasa 1 1.0000 1 1 1 1 0.9663 1 0.9663
18 Nanchang 1.0172 0.9490 1.0719 1.0214 0.8906 1.1468 1.0396 1.0399 0.9997
19 Nanjing 1.2472 1.0919 1.1422 0.9555 0.8837 1.0813 1.1741 1.1765 0.9980
20 Nanning 0.7772 0.7588 1.0242 1.0873 0.9423 1.1538 1.0843 1.1728 0.9246
21 Shanghai 1.0741 1.0163 1.0569 1.0652 0.9861 1.0802 1.0493 1.0641 0.9861
22 Shenyang 1.0838 0.9517 1.1388 0.8826 0.8528 1.0350 1.9379 1.9404 0.9987
23 Shijiazhuang 1.0446 0.9827 1.0630 0.9445 0.9245 1.0217 0.9595 0.9690 0.9902
24 Taiyuan 0.6803 0.6594 1.0317 1.4302 1.4185 1.0083 1.0479 1.1398 0.9194
25 Tianjin 1.0371 0.9830 1.0551 0.9665 0.9153 1.0559 1.0884 1.0916 0.9971
26 Wuhan 0.6191 0.5821 1.0636 1.0317 0.9877 1.0446 1.0217 1.0218 1.0000
27 Urumqi 0.9167 0.9127 1.0044 0.7869 0.7866 1.0004 1.0528 1.1571 0.9099
28 Xian 1.1849 1.1090 1.0684 0.9145 0.8137 1.1238 1.1294 1.1315 0.9981
29 Xining 0.8969 0.8881 1.0099 0.9436 0.9361 1.0080 1.0076 1.0486 0.9609
30 Yinchuan 0.8566 0.8232 1.0405 0.8733 0.8700 1.0038 0.9721 1.0098 0.9627
31 Zhengzhou 1.0564 1.0049 1.0512 0.9866 0.7977 1.2367 1.0067 1.0114 0.9954

Note. MI = Malmquist Index; EC = Efficiency Change; TC = Technological Change.
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efficiency changes and 7 cities because of technological 
changes.

In 2016, 3 cities had declining productivity; Yinchuan 
because of a decline in efficiency, Lhasa because of a 
decline in technology, and Shijiazhuang because of both 
technology and efficiency declines; however, 36 cities had 
productivity improvements, all of which were due to effi-
ciency improvements.

Most cities in 2014 and 2016 had productivity improve-
ments. In 2014, productivity improvements were due to an 
efficiency change in only 1 city, but in 2016, the productivity 
improvements in 26 cities were because of efficiency improve-
ments. In 2015, there were both productivity improvements 
and declines, with the declines being because of efficiency 
declines, and the productivity improvements being because of 
the joint influence of technological and efficiency changes.

Both Lhasa and Haikou experienced only minimal changes 
in their respective Malmquist indices, efficiency change 
indices, and technological change indices. Yinchuan had a 

productivity decline for 3 consecutive years due to efficiency 
declines, and there were also productivity declines in Harbin, 
Lanzhou, and Urumqi; however, the indices in Changchun, 
Chongqing, Guiyang, Jinan, Nanchang, Chengdu, Fuzhou, 
Kunming, and Shanghai improved in all 3 years.

MI, EC, and TC

Table 7 shows the MI, EC, and TC for the production and 
health treatment stages from 2014 to 2016, from which it can 
be seen that the productivity change fluctuations in the pro-
duction stage were smaller than in the health treatment stage. 
Except for Urumqi and Yinchuan, the production stage pro-
ductivity index in most regions was greater than 1 in all 3 
years, which indicated that the urban productivity growth was 
improving. The productivity indices in Hohhot, Lanzhou, 
Lhasa, Taiyuan, Wuhan, and Xining were below 1 for 2 years, 
indicating declining productivity growth; however, in 2016, 
they all rose to 1. Lanzhou, Nanning, Taiyuan, Wuhan, and 

Table 6. Impact of EC and TC on MI in Each Year of 2014 to 2016.

DMU 2014 2015 2016

Beijing Affected by EC/TC Affected by EC Affected by EC
Changchun Affected by TC Affected by EC/TC Affected by EC
Changsha Affected by EC/TC Affected by EC Affected by EC
Chengdu Affected by EC/TC Affected by TC Affected by EC
Chongqing Affected by TC Affected by TC Affected by EC
Fuzhou Affected by EC/TC Affected by TC Affected by EC
Guangzhou Affected by EC Affected by EC/TC Affected by EC
Guiyang Affected by TC Affected by EC/TC Affected by EC
Harbin Affected by EC Affected by EC Affected by EC
Haikou Affected by EC Affected by EC/TC Affected by EC/TC
Hangzhou Affected by EC/TC Affected by EC Affected by EC
Hefei Affected by EC Affected by EC/TC Affected by EC
Huhehot Affected by TC Affected by EC Affected by EC
Jinan Affected by TC Affected by EC/TC Affected by EC
Kunming Affected by EC/TC Affected by EC/TC Affected by EC
Lanzhou Affected by EC Affected by EC Affected by EC
Lhasa Affected by EC/TC Affected by EC/TC Affected by TC
Nanchang Affected by TC Affected by TC Affected by EC
Nanjing Affected by EC/TC Affected by EC Affected by EC
Nanning Affected by EC Affected by TC Affected by EC
Shanghai Affected by EC/TC Affected by TC Affected by EC
Shenyang Affected by TC Affected by EC Affected by EC
Shijiazhuang Affected by TC Affected by EC Affected by EC/TC
Taiyuan Affected by EC Affected by EC/TC Affected by EC
Tianjin Affected by TC Affected by EC Affected by EC
Wuhan Affected by EC Affected by TC Affected by EC
Urumqi Affected by EC Affected by EC Affected by EC
Xian Affected by EC/TC Affected by EC Affected by EC
Xining Affected by EC Affected by EC Affected by EC
Yinchuan Affected by EC Affected by EC Affected by EC
Zhengzhou Affected by EC/TC Affected by EC Affected by EC

Note. MI = Malmquist Index; EC = Efficiency Change; TC = Technological Change.
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Xining had productivity declines in 2014, but all exceeded 1 
in the following 2 years, indicating productivity growth. The 
biggest increase in productivity was in Jinan, which had a sig-
nificant increase in 2016, followed by Shenyang, which con-
tinued to rise from 1 in 2014 to 1.6 in 2016.

The city productivity growth in health treatment stage var-
ied significantly, with the productivity growth index exceed-
ing 1 in very few cities. Only Chengdu, Haikou, Jinan, Lhasa, 
and Shanghai experienced productivity growth in the 3-year 
health treatment stage. The health treatment stage productivity 
indices for Beijing, Changsha, Fuzhou, Hangzhou, Hohhot, 
Lanzhou, Nanchang, Nanjing, Shenyang, Tianjin, Urumqi, 
and Xi’an in 2015 were less than 1, but in 2016, the health 
treatment stage productivity indices in Beijing, Changchun, 
Chongqing, Harbin, Hangzhou, Hefei, Jinan, Nanjing, and 
Shenyang increased significantly with Shenyang having the 
largest increase; therefore, there was significant growth in the 
health treatment stage.

Guiyang, Harbin, and Hefei had sustained productivity 
growth in the health treatment stage, with Guiyang’s produc-
tivity index in the last 2 years being greater than 1. The 

productivity indices continued to fall in Chengdu, Kunming, 
and Shanghai, but as the productivity indices were all greater 
than 1, in general, the productivity in these cities improved in 
the 3 years. The productivity indices in the health treatment 
stage indicated that some cities in the central, western, and 
eastern regions needed to increase their health treatment 
productivity.

Table 8 shows the impacts of the productivity changes, 
efficiency changes, and technology changes in the produc-
tion and health treatment stages.

2014.
Production stage. In the 2014 production stage, Guangzhou 

and Lhasa’s productivity change indices, efficiency change 
indices, and technology change indices were 1; however, in 
7 cities, productivity declined, 6 due to efficiency declines 
and 1, Taiyuan, due to a combination of technology and effi-
ciency declines. Over the 3 years, 22 cities had productivity 
improvements, 1 because of efficiency changes, 12 because 
of technology changes, and 9 because of a combination of 
efficiency and technology changes.

Table 8. Impact of EC and TC on MI at Various Stages From 2014-2016.

DMU 
(Decision 
Making Unit)

2014 production 
stage 2014 health stage

2015 production 
stage 2015 health stage

2016 production 
stage 2016 health stage

Beijing Affected by EC/TC Affected by TC Affected by TC Affected by EC Affected by EC/TC Affected by EC
Changchun Affected by EC/TC Affected by EC Affected by EC/TC Affected by EC Affected by EC/TC Affected by EC
Changsha Affected by TC Affected by EC/TC Affected by EC Affected by EC Affected by EC Affected by EC/TC
Chengdu Affected by TC Affected by EC/TC Affected by TC Affected by TC Affected by EC/TC Affected by EC
Chongqing Affected by TC Affected by EC/TC Affected by TC Affected by TC Affected by EC Affected by EC
Fuzhou Affected by EC/TC Affected by EC/TC Affected by TC Affected by EC Affected by EC Affected by EC
Guangzhou Affected by EC/TC Affected by EC Affected by TC Affected by EC/TC Affected by EC Affected by EC
Guiyang Affected by EC/TC Affected by EC Affected by EC/TC Affected by EC/TC Affected by EC Affected by EC
Harbin Affected by EC/TC Affected by EC Affected by TC Affected by EC/TC Affected by EC Affected by EC
Haikou Affected by EC Affected by EC/TC Affected by EC/TC Affected by EC/TC Affected by EC/TC Affected by EC/TC
Hangzhou Affected by TC Affected by EC/TC Affected by EC/TC Affected by EC Affected by EC Affected by EC
Hefei Affected by TC Affected by EC Affected by TC Affected by EC/TC Affected by EC Affected by EC
Huhehot Affected by EC/TC Affected by TC Affected by EC/TC Affected by EC/TC Affected by TC Affected by EC/TC
Jinan Affected by TC Affected by TC Affected by TC Affected by EC/TC Affected by EC Affected by EC
Kunming Affected by EC/TC Affected by TC Affected by EC/TC Affected by TC Affected by EC Affected by EC
Lanzhou Affected by EC Affected by TC Affected by EC Affected by EC/TC Affected by EC Affected by EC
Lhasa Affected by EC/TC Affected by EC/TC Affected by EC/TC Affected by EC/TC Affected by TC Affected by EC/TC
Nanchang Affected by TC Affected by TC Affected by TC Affected by EC Affected by EC Affected by EC
Nanjing Affected by EC/TC Affected by EC/TC Affected by EC/TC Affected by EC Affected by EC Affected by EC
Nanning Affected by EC Affected by EC Affected by TC Affected by TC Affected by EC/TC Affected by TC
Shanghai Affected by EC/TC Affected by EC/TC Affected by TC Affected by TC Affected by EC Affected by EC
Shenyang Affected by TC Affected by EC/TC Affected by EC Affected by EC Affected by EC/TC Affected by EC
Shijiazhuang Affected by TC Affected by EC/TC Affected by TC Affected by EC Affected by EC Affected by EC/TC
Taiyuan Affected by EC/TC Affected by EC Affected by EC/TC Affected by EC/TC Affected by EC Affected by TC
Tianjin Affected by TC Affected by EC Affected by EC/TC Affected by EC Affected by EC/TC Affected by EC
Wuhan Affected by EC Affected by EC Affected by EC/TC Affected by EC Affected by EC/TC Affected by EC/TC
Urumqi Affected by EC Affected by EC/TC Affected by EC Affected by EC/TC Affected by TC Affected by EC/TC
Xian Affected by TC Affected by EC/TC Affected by TC Affected by EC Affected by EC Affected by EC
Xining Affected by EC Affected by EC Affected by EC Affected by EC/TC Affected by EC Affected by EC/TC
Yinchuan Affected by EC Affected by EC Affected by EC Affected by EC/TC Affected by EC/TC Affected by EC
Zhengzhou Affected by TC Affected by EC/TC Affected by TC Affected by EC Affected by EC Affected by EC/TC

Note. EC = Efficiency Change; TC = Technological Change; MI = Malmquist Index.
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Health treatment stage. In 2014, for Haikou, Lhasa, and 
Urumqi, the productivity change indices, efficiency change 
indices, and technology change indices in the health treat-
ment stage were 1; however, 20 cities had productivity 
declines due to declines in efficiency. Over the 3 years, 18 
cities had productivity improvements, 6 because of tech-
nology changes, 11 because of efficiency and technology 
changes, and 1, Xining, because of an efficiency change.

In 2014, Lhasa’s productivity change index, efficiency 
change index, and technology change index were 1 in both 
the production and the health treatment stages. More cities 
had productivity improvements in the production stage than 
in the health treatment stage, most of which were because of 
technology changes. In the health treatment stage, most pro-
ductivity changes were because of a combination of effi-
ciency and technology changes.

2015.
Production stage. In 2015, Haikou’s and Lhasa’s produc-

tivity change indices, efficiency change indices, and technol-
ogy change indices were all 1 in the production stage, and in 
4 cities, the productivity declined due to efficiency declines. 
However, there were productivity improvements in 25 cities 
in the production stage, 2 because of efficiency changes, 14 
because of technology changes, and 9 because of a combina-
tion of efficiency and technology changes.

In most cities, the productivity changes in the production 
stage were affected by efficiency improvements, or by both 
efficiency improvements and technological progress. 
Approximately half the productivity improvements in the 
production stages in 2014 and 2015 were affected by changes 
in efficiency and half the cities were affected by technologi-
cal progress changes. The production stage efficiencies in 
Changsha, Zhengzhou, Chongqing, Hangzhou, Hefei, Jinan, 
Nanchang, Shenyang, Shijiazhuang, Tianjin, and Xi’an in 
2014 were mainly affected by technological progress 
changes. In 2015, the production stage productivity changes 
in 11 cities were mainly affected by technological progress, 
and in 13 cities were mainly affected by technological prog-
ress. In 2016, most cities were affected by efficiency 
improvements or a combination of efficiency improvements 
and technological progress, and only 3 cities were affected 
by technological progress.

Health treatment stage. In 2015, Haikou’s and Lhasa’s 
productivity change indices, efficiency change indices, and 
technology change indices were all 1 in the health treatment 
stage; however, in 20 cities, the productivity declined, 13 of 
which were due to efficiency declines, 1 due to technology 
declines, and 6 due to a combination of efficiency and tech-
nology declines. Nine cities had productivity improvements, 
4 due to technology changes, and 5 cities because of a com-
bination of efficiency and technology changes.

In 2015, Haikou’s and Lhasa’s productivity change indices, 
efficiency change indices, and technology change indices 

were 1 in both the production and the health treatment stages. 
While most cities had productivity improvements in the pro-
duction stage, most had productivity declines in the health 
treatment stage. Most productivity changes in the production 
stage were due to technical changes, and most productivity 
changes in the health treatment stage were due to a combina-
tion of efficiency and technology changes. Lanzhou, Urumqi, 
Xining, and Yinchuan, however, had productivity declines in 
both the production and health treatment stages, and the pro-
ductivity changes in Changsha and Shenyang were due to 
efficiency changes.

2016.
Production stage. In 2016, Changchun’s and Haikou’s 

productivity change indices, efficiency change indices, and 
technology change indices in the production stage were all 
1; however, 4 cities had declining productivity, 3 due to 
the technology declines and 1, Yinchuan, due to a combi-
nation of technology and efficiency declines. Twenty-five 
cities had productivity improvements, 19 due to efficiency 
changes and 6 due to a combination of efficiency and tech-
nology changes.

Health treatment stage. In 2016, Haikou’s and Lhasa’s 
productivity change indices, efficiency change indices, and 
technology change indices were all 1 in the health treatment 
stage; however, 6 cities had productivity declines, 2 due to 
technology declines and 4 due to a combination of efficiency 
and technology declines. Twenty-three cities had produc-
tivity improvements, 20 because of efficiency changes and 
3 because of a combination of efficiency and technology 
changes.

In 2016, Haikou’s productivity change index, efficiency 
change index, and technology change index were 1 in both 
the production and the health treatment stages. Most cities 
had productivity improvements in the production stage but 
most had productivity declines in the health treatment stage. 
Most productivity changes in the production stage were 
because of technical changes, and most productivity changes 
in the health treatment stage were due to a combination of 
efficiency and technology changes.

In 2 out of the 3 years, all 3 of Haikou’s and Lhasa’s indi-
ces were 1, and the productivity declines and productivity 
improvements in both the production and health treatment 
stages in 2014 and 2016 were similar. However, in 2015, 
most cities had productivity declines in the health treatment 
stage, with those in 2014 and 2015 being mainly due to effi-
ciency declines. In the production stage, the productivity 
improvements were mainly due to technology changes and 
in the health treatment stage, the improvements were mainly 
due to efficiency and technology changes. The reasons for 
the 2-stage productivity improvements in 2016 were mainly 
due to technology changes; however, the production stage 
productivity declines in most cities were because of technol-
ogy declines, and the health treatment stage productivity 



Li et al 21

declines were because of the combined effects of efficiency 
and technology declines. There were more cities with pro-
ductivity improvements in the production stage than in the 
health treatment stage. However, Yinchuan had productivity 
declines in both stages for 2 consecutive years, mainly 
because of efficiency declines.

In 2014, the productivity changes in the health treatment 
stage in Beijing, Hohhot, Jinan, Kunming, Lanzhou, and 
Nanchang were affected by technological progress, and the 
other cities were affected by efficiency changes, or the com-
bined effects of technological and efficiency changes; how-
ever, most cities were affected by efficiency changes in 
2015, with the impact of efficiency and technological prog-
ress changes only being found in Chengdu, Chongqing, 
Kunming, Nanning, and Shanghai. The health treatment stage 
productivity changes in Nanning and Taiyuan in 2016 were 
affected by technological progress changes, while the other 
cities were mainly affected by efficiency changes or a combi-
nation of efficiency and technological changes. Management-
level improvements played a very important role in the 
productivity improvements in various cities; when techno-
logical progress and management levels are improved 
together, it can have a very significant impact on productiv-
ity improvements.

Conclusion

This article selected research sample data for 31 mainland 
Chinese cities from 2014 to 2016 and used a modified meta 
2-stage EBM Malmquist model to analyze each city’s pro-
duction and health treatment stage economic growth and 
environmental efficiencies by examining the annual TGRs, 
annual efficiencies, annual productivities, annual efficiency 
changes, and annual technology changes, from which the fol-
lowing conclusions were made.

1. Lhasa and Haikou emerged as the benchmarks, 
Nanchang had the largest TGR, Shijiazhuang had the 
worst overall performance, and Yinchuan had pro-
ductivity declines for 2 consecutive years in both 
stages.

2. While most cities had small TGRs, the overall effi-
ciency was poor, and therefore, the need for improve-
ments was large.

3. There was an upward trend in the technological 
boundaries, annual efficiencies fell then rose, and the 
efficiency fluctuations were more severe than the 
TGR fluctuations. The TGRs in most cities were gen-
erally improving, but the efficiencies were not 
stable.

4. The TGRs and efficiency performances in the eastern 
regions have more developed economies and were 
significantly better than in the central and western 
regions.

5. The MI, EC, and TC analyses indicated that produc-
tivity was generally improving, primarily because of 
efficiency index changes

6. The TGRs were better in the health treatment stage 
that in the production stage. However, the production 
stage efficiencies and productivity index change per-
formances were better than in the health treatment 
stage. In the health treatment stage, there were large 
gaps between the cities, and the efficiency improve-
ment and productivity change spaces were large.

7. The production stage and health treatment stage 
trends were similar, with the main trends being falls 
and then rises; however, some cities had consistent 
trends in both stages. The technology gaps in each 
stage were continuously improving in most cities.

8. The need for improvements in the health treatment 
stage was larger than in the production stage, which 
indicated that the technological and efficiency 
improvements in the health treatment stage were not 
stable.

Based on these results, the following policy recommenda-
tions are given:

1. For Beijing, Changchun, Chengdu, Harbin, 
Hangzhou, Nanchang, Nanjing, Nanning, Shenyang, 
Tianjin, Xi’an, and Zhengzhou, in which the produc-
tion stage efficiencies were significantly better than 
the health treatment stage efficiencies, it is necessary 
to strengthen the health governance efficiencies by 
strengthening the health care systems to prevent dis-
eases caused by air pollutants. It is necessary for 
these cities to learn from Japan, the United Kingdom, 
or the Nordic countries’ advanced medical systems 
and to combine China’s national conditions and 
regional characteristics to find a system that best 
suits the country.

2. For Changsha, Fuzhou, Guiyang, Kunming, Lanzhou, 
Shijiazhuang, Urumqi, Xining, and Yinchuan, in 
which the health treatment stage efficiencies were sig-
nificantly better than the production stage efficien-
cies, priority should be given to enhancing the 
production stage efficiencies. Except for Shijiazhuang 
and Fuzhou, these cities are either located on the 
north coast or in western China, the respective eco-
nomic development levels are somewhat lower, and 
the economic development is based on high energy-
consuming and high-polluting enterprises such as 
the petrochemical industry, and there is greater 
environmental pollution pressure. Therefore, it is 
most important to improve fossil energy efficiency 
by adopting new technologies and controlling and 
reducing pollutant emissions through technological 
upgrades to reduce air pollution.
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3. Lhasa, Haikou, and Guangzhou, which had good 
input-output ratios in both the production and health 
treatment stages, need to understand the reasons for 
these results to maintain their advantages. For exam-
ple, Lhasa on the Qinghai-Tibet Plateau and Haikou 
on Hainan Island have relatively backward economic 
development, with Lhasa in particular relying heav-
ily on government subsidies and the development of 
energy and tourism services, which means that it is 
able to achieve good environmental and health gov-
ernance efficiency results. Therefore, as they further 
develop, the Lhasa and Haikou governments need to 
be vigilant about the environmental problems that 
accompany urban expansion, to focus on sustainable 
green socioeconomic development, and pay attention 
to air pollution as the number of cars and residents 
increase.

4. Exchanges between the eastern, central, and western 
regions need to be strengthened and cooperative 
mechanism built to improve environmental and 
health governance in the eastern, central, and western 
cities. As the eastern cities lead new technology 
research and development, they could transfer these 
new and mature technologies to the central and west-
ern cities and assist in technology upgrades. Except 
for Haikou and Lhasa, most other leading cities in the 
technology index were located in the coastal areas of 
mainland China and have relatively advanced socio-
economic development levels. Therefore, promoting 
regional cooperation could result in the integration of 
high-quality resources, the sharing of advanced expe-
riences, and the construction of collaborative envi-
ronmental and health governance systems. Currently, 
there are several of these collaborative regional 
development plans in place, such as the Chengdu-
Chongqing Shuangcheng Economic Circle, the 
Beijing-Tianjin-Wing Area, the Yangtze River Delta 
Economic Belt, and the Guangdong-Hong Kong-
Macao Economic Zone. The eastern cities need to 
take lessons from the advanced technology and man-
agement in developed countries and combine their 
respective energy structure characteristics, industrial 
advantages, and environmental characteristics to 
construct health management models to respond to 
environmental pollution health issues. Eastern cities 
should use their strengths to communicate with west-
ern economies to gain relevant experience and tech-
nology and improve their overall management.

5. All regions need to find the endowments that match 
their regional characteristics, develop emerging indus-
tries that have competitive advantages, and realize 
energy and industrial structural adjustments. Different 
cities need to combine their geographical characteris-
tics, resource endowments, economic structures, and 
energy advantages to build healthy governance models 

that are consistent with regional characteristics. For 
areas with relatively serious air pollution, there needs 
to be a focus on improving health care investment and 
the management of the diseases associated with air 
pollution by developing medium- and long-term 
response plans. For example, the major cities in west-
ern China—Urumqi, Lanzhou, Xining, Yinchuan, 
Chengdu, Ningxia—and other cities should combine 
their resource endowments and find a path suitable for 
local sustainable socioeconomic development. As 
these cities are located in plateau and mountain areas 
that have very rich natural resources and cultural tour-
ism resources, the reasonable development of tourism 
resources could realize sustainable tourism and service 
industry developments.

6. Energy structural adjustment is the foundation of 
local economic and social development. The central 
and western regions can use rich optoelectronics, 
wind power, and so on to enhance the development 
and utilization of these clean energy sources. The 
western region also has water resource advantages, 
but ensuring clean water resources has become an 
important challenge. The area covered by the 
Chengdu-Chongqing Economic Circle, for example, 
has rich water, wind energy, and shale resources; 
therefore, developing an energy structure that com-
plements the development of multiple clean energies 
could alleviate the environmental challenges result-
ing from fossil energy consumption.

7. Improving the efficiency of environmental gover-
nance and health governance by further improving 
the level of administrative management should be a 
priority in each city. Traditional economic consump-
tion-based economic growth has resulted in serious 
environmental pollution problems. For areas with 
relatively serious air pollution, the negative health 
effects caused by air pollution should be reduced. As 
most cities need to focus on improving their environ-
mental governance efficiency, the establishment of a 
scientific and effective environmental governance 
system could use local resources more effectively 
and improve the well-being of the people.
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