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Abstract  Using city-level panel data for 2008–
2017, this paper uses the super-efficiency slack-based 
measure (SBM) model to measure the eco-efficiency 
in the Yangtze River Economic Belt (YREB). Based 
on the group-frontier Malmquist-Luenberger (GML) 
productivity index and meta-frontier Malmquist-
Luenberger (MML) productivity index, the driving 
forces of the total factor ecological productivity are 
analyzed. The results show the following: (1) The 
overall eco-efficiency in the YREB was 0.599 and 
remained stable during the study period, showing 
only a fluctuating and slightly upward trend. (2) The 
annual average GML index was 1.091 in the YREB, 
and the main reason for the improvement in the GML 
index was technological progress. (3) The average 

annual growth of MML index in the YREB was 8.2%, 
and the change of the best practice gap ratio was the 
main reason for the MML index increase. (4) The 
technical gap ratio indicates that the gap between 
group-frontier and meta-frontier is narrowing slightly, 
which is conducive to the coordinated development of 
the ecology in the YREB.

Keywords  Eco-efficiency · Total factor ecological 
productivity · Sustainable development · Meta-
frontier Malmquist-Luenberger index · Yangtze River 
Economic Belt · Data envelopment analysis
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PTCU​	� Pure technology catch-up index
FCU	� Frontier catch-up index
MPI	� Malmquist productivity index
ML	� Malmquist-Luenberger productivity index
GML	� Group-frontier Malmquist-Luenberger 

productivity index
MML	� Meta-frontier Malmquist-Luenberger pro-

ductivity index

Introduction

Since its reform and opening-up policy started in 
1978, China has experienced a high rate of economic 
growth. However, this booming economy is heav-
ily dependent on large-scale depletion of natural 
resources, and environmental pressures are becoming 
progressively conspicuous, which retards social and 
economic development (Yang & Yang, 2019). Sus-
tainable growth and sustainable assessment have been 
of considerable concern to scholars and practitioners 
in recent decades (Caiado et  al., 2017; Zhou et  al., 
2018). Therefore, maximizing economic gains while 
reducing resource use and causing the least environ-
mental damage is an immediate and crucial task for 
sustainable development in China (Zhu et al., 2019). 
Moreover, it is essential to measure China’s eco-effi-
ciency to have a good view of the current condition of 
sustainable growth (Yang et al., 2020).

The Chinese government first proposed the strat-
egy of ecological civilization in 2007 and empha-
sized on firmly pursuing it in the “13th Five-Year 
Plan (2016–2020)”1 (Zhang et  al., 2017). Mean-
while, developing the Yangtze River Economic Belt 
(YREB) has become one of China’s three major 
regional development strategies; to do so, planners 
follow a fundamental discipline (i.e., higher require-
ments of ecological priority, green and low-carbon 
development) that was put forward in the “Yang-
tze River Economic Belt Development Planning 
Outline”2 (Huang et  al., 2018). The YREB is a vast 

economic zone with three main urban agglomerations 
that demonstrate wide differences in levels of growth, 
capital endowment, industrial structure, demograph-
ics, and other factors (Liu et al., 2020). Considering 
YREB cities are critical to pollution reduction, the 
green and sustainable development of the YREB is 
a microcosm of China (Hou et al., 2019). Therefore, 
it is increasingly necessary to protect the natural eco-
system and to achieve long-term sustainable growth 
in the YREB.

Charnes et  al. (1978) initiated the data envelop-
ment analysis (DEA), a non-parametric approach used 
to determine the relative performance of decision-
making units (DMUs) with multiple inputs and multi-
ple outputs (Wang et al., 2021). The DEA framework 
was commonly used to estimate the performance of 
DMUs, and eco-efficiency was evaluated using DEA 
models in several studies (Demiral & Sağlam, 2021; 
Zhou et  al., 2018). DEA enables the environmental 
impacts to be integrated as undesirable outputs in the 
assessment (Wang et al., 2022). Numerous researches 
have incorporated environmental impacts as undesira-
ble outputs in the eco-efficiency assessment of several 
types of production units. In addition, if the frontier is 
constructed using the traditional DEA method with-
out considering variations among cities, the reference 
significance of the frontier is limited, as is the accu-
racy of the measurement results, such that the iden-
tification of critical influence factors is affected (Li 
et al., 2018).

Many researchers studied regional eco-efficiency 
and evaluated the growth rate in China but did not 
consider the heterogeneity of cities and assumed that 
all cities had the same production frontier (Wu et al., 
2022). In this paper, we use the MML index to ana-
lyze and reveal the reasons for the changes in total 
factor ecological productivity through a comparison 
of region differences and historical evolution. We set 
three major urban agglomerations in the YREB as 
the groups, and the cities in each group are selected 
according to the Chinese government official defini-
tion to avoid the arbitrariness of artificial choices. 
Eco-efficiency evaluation could provide a theoretical 
framework and a certain reference value for long-
term sustainable growth (Yang & Zhang, 2018). Fur-
thermore, this paper can better provide guidelines for 
the formulation of regional policies.

To grasp the regional status on eco-efficiency 
and help facilitate sustainable growth, we estimate 

1  13th Five-Year Plan (2016–2020) http://​www.​12371.​cn/​speci​
al/​sswgh/.
2  Development Plan of the YREB http://​www.​gov.​cn/​xinwen/​
2016-​09/​12/​conte​nt_​51075​01.​htm.

http://www.12371.cn/special/sswgh/
http://www.12371.cn/special/sswgh/
http://www.gov.cn/xinwen/2016-09/12/content_5107501.htm
http://www.gov.cn/xinwen/2016-09/12/content_5107501.htm
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the eco-efficiency of cities in the YREB during 
2008–2017 based on the super-efficiency slack-based 
measure (SBM) model considering the undesirable 
outputs. Meanwhile, the group-frontier Malmquist-
Luenberger (GML) productivity index of each urban 
agglomeration is used to measure the total factor 
ecological productivity. Considering the heterogene-
ity among the three major urban agglomerations in 
the YREB, the meta-frontier Malmquist-Luenberger 
(MML) productivity index is used to analyze the 
technical ratio gap between the meta-frontier and 
each group-frontier.

The main research object is to measure the eco-
efficiency and total factor ecological productivity 
of cities in the YREB. In addition, the technical gap 
ratio between the group-frontier of three major urban 
agglomerations and the meta-frontier of the YREB is 
analyzed to promote regional integration. The main 
contributions of this paper are as follows: (1) It ana-
lyzes the panel data of 71 cities in the YREB from 
2008 to 2017, which is the latest decade after the 
strategy of ecological civilization proposed by the 
Chinese government. (2) We use the super-efficiency 
SBM model considering undesirable outputs to cal-
culate the eco-efficiency from the perspective of city 
and urban agglomeration. (3) The GML index of each 
urban agglomeration is used to measure the total fac-
tor ecological productivity, and the decomposed indi-
cators can provide each region’s source of productiv-
ity change. (4) The MML index is used to analyze 
the technical ratio gap between the meta-frontier and 
each group-frontier, and the decomposed indicators 
can provide the source of productivity change from 
the perspective of regional integration.

This paper is structured as follows. The next sec-
tion reviews the literature on eco-efficiency and the 
MML index, and then the methodology is laid out. 
After presenting the data description and research 
area, the results and discussion of the empirical study 
are provided subsequently. Finally, conclusions and 
practical implications are presented.

Literature review

Research on eco‑efficiency evaluation using DEA

Eco-efficiency is a multidisciplinary concept and 
is thus complicated to evaluate since it involves a 

systematic approach that incorporates multiple per-
formance measures into a single index (Fan et  al., 
2017). Eco-efficiency has been measured at a vari-
ety of different levels, such as national, provincial, 
industrial, and company levels (Arabi et  al., 2016; 
Dirik et al., 2019; Lorenzo-Toja et al., 2016). Related 
evaluation methods were developed, such as the ratio 
approach, material flow analysis, stochastic frontier 
analysis, DEA, energy analysis, life cycle assess-
ment, input–output analysis, and ecological footprint 
method. Because each of these research methods has 
its own benefits and disadvantages, we need to care-
fully select a research approach depending on the 
specific situation. Yang and Yang (2019) believed 
that DEA is the most commonly used methodol-
ogy because it provides reliable and detailed metrics 
while dealing with multiple inputs and outputs. Sev-
eral theoretical attempts have been made to develop 
the DEA models to achieve objective and accurate 
eco-efficiency results (Demiral & Sağlam, 2021; Liu 
et al., 2017; Wang et al., 2019a, b).

However, traditional DEA models, such as the 
CCR and BCC models, are radial projection con-
structs (Cook & Seiford, 2009), which means that 
the slack variable is not considered (Wu et al., 2020). 
Moreover, it is difficult to classify DMUs where more 
than one DMU is assumed to be efficient and the tra-
ditional assumption is not sufficient for the treatment 
of undesirable outputs. To avoid these problems, Tone 
(2001) suggested the SBM model to avoid the issue 
of radial projection. Tone (2002) further developed 
the super-efficiency SBM model to rank the efficient 
DMUs fully, which allows the efficiency score to be 
higher than 1. Cooper et  al. (2006) developed the 
SBM model considering undesirable outputs. Follow-
ing this research stream, super-efficiency SBM model 
and combined benchmark technology are widely used 
by scholars to investigate sustainability issues.

Recently, researchers have begun to concentrate 
on regional eco-efficiency because the status and 
improvements in eco-efficiency in urban agglom-
erations and economic zones are worth investigating. 
Zhu et  al. (2019) investigated the temporal and spa-
tial evolution characteristics, growth resources, and 
main driving factors of eco-efficiency in the Western 
Taiwan Straits Economic Zone. Huang et  al. (2018) 
developed a new paradigm to study the eco-efficiency 
in the YREB using a dataset of 108 prefectural-level 
cities. Hou et  al. (2019) focused on the impact of 
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urbanization on the eco-efficiency of cultivated land 
utilization in the YREB. Liu et  al. (2020) suggested 
a complex eco-efficiency system consisting of multi-
dimensional components with entropy flows for the 
YREB. The regional scale is the most suitable scale 
for adopting policies to facilitate sustainable growth. 
It is also beneficial to consider eco-efficiency at a 
regional level due to the inter- and intra-regional dis-
parity in China (Yu et al., 2018).

Study using the meta‑frontier Malmquist‑Luenberger 
index

Super-efficiency SBM models are based on cross-sec-
tional data and are used to measure the eco-efficiency 
in a certain period. The Malmquist productivity index, 
proposed by Caves et al. (1982), can be used for inter-
temporal comparisons based on panel data. Färe et al. 
(1994) and Chung et al. (1997) further formulated the 
Malmquist-Luenberger productivity (ML) index that 
considers undesirable outputs. However, the ML index 
has no transmissibility, and there is a defect that ML-
related linear programs may have no feasible solution 
when measuring an inter-temporal comparative analy-
sis of efficiency in a time series (Zhu et al., 2019). The 
global ML index, proposed by Oh (2010a), can over-
come those deficiencies of the ML index.

Besides, it should be noted that the production 
technologies of these DMUs are distinct and the pro-
duction efficiency of the various production sets can-
not be directly compared (Oh, 2010b). Therefore, Oh 
and Lee (2010) introduced the novel meta-frontier 
Malmquist approach that can integrate the technology 
heterogeneity and demonstrate the productivity and 
technology gap. On this basis, Oh (2010b) proposed 
the MML index, which handles undesirable environ-
mental factors. When there exists heterogeneity in 
the technology, the MML index is used to measure 
eco-efficiency and productivity change over a period. 
Recently, Tang et al. (2020) evaluated eco-efficiency 
and its decomposition indexes using the non-radial 
MML technique.

Due to spatial limitations, capital endowments, 
and policy direction, there are “congenital variations” 
between different regions (Shi & Li, 2019). There-
fore, the MML index is adopted to study the heteroge-
neity of eco-efficiency between the YDUA, YMUA, 
and CYUA and the YREB. Utilizing the MML index 
has two advantages compared with the ML index: (1) 

it can consider undesirable output as a by-product of 
production; and (2) it can account for the heterogene-
ity of the producer group, such as production technol-
ogy. However, there are few studies of eco-efficiency 
and total factor ecological productivity based on the 
MML index (Lin & Chen, 2019). Moreover, there is 
little research focused on the perspective of prefec-
ture-level city and urban agglomeration to study the 
eco-efficiency changes in the YREB. Thus, it is inter-
esting to explore the total factor ecological productiv-
ity from the perspective of meta-frontier based on the 
panel data of prefecture-level cities in the YREB.

Methodology

Super‑efficiency SBM model

Assuming there are n observed DMUs, and each 
DMU consumes x inputs to obtain yd desirable out-
puts and yu undesirable outputs. The correspond-
ing vectors set can be denoted by matrices as 
X =

[

x1, ..., xn
]

∈ Rm×n , Yd =
[

yd
1
, ..., yd

n

]

∈ Rq1×n , and 
Yu =

[

yu
1
, ..., yu

n

]

∈ Rq2×n respectively. Among those 
vectors, m, q1 , and q2 are the number of inputs, and 
desirable and undesirable output indicators, respec-
tively. These data are all supposed to be positive and 
� indicates the weighting vector. The production pos-
sibility set is represented as

The set P possesses the properties of null-jointness 
and either weak disposability or strong (free) dispos-
ability. It is often believed that P satisfies the standard 
axioms of the production theory, that is, being bounded, 
closed, and convex (Färe & Grosskopf, 2006).

1.	 Null-jointness (Shephard & Färe, 1974) indicates 
that ending the production process is the only 
way to eliminate all the undesirable outputs. If 
(X,Yd,Yu) ∈ P and Yu = 0 , then Yd = 0.

2.	 Weak disposability (Färe et  al., 1989) means 
that the proportional reduction of both desir-
able and undesirable outputs is feasible. If 
(X,Yd,Yu) ∈ P and � ∈ [0, 1] , then there must be 
(X, �Yd, �Yu) ∈ P.

3.	 Strong (or “free”) disposability (Färe et al., 2005) 
excludes production processes that generate unde-

(1)
P =

{

(x, yd, yu)| x ≥ �X, yd ≥ �Yd
, yu ≥ �Yu

, � ≥ 0
}
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sirable outputs, which are costly to dispose of. If 
(X,Yd,Yu) ∈ P and (X,Yd*,Yu) ≤ (X,Yd,Yu) , 
then (X, Yd∗, Yu) ∈ P.

Inevitably, the production of desirable output is 
accompanied by undesirable outputs. Therefore, 
we adopt the super-efficiency SBM handling the 
undesirable outputs to calculating the efficiency of 
DMUk

(

xky
d
k
yu
k
, k = 1, 2, ..., n

)

 . The super-efficiency 
SBM model that accounts for undesirable output is con-
structed as follows (Huang et al., 2014):

where �∗ is the relative efficiency of DMUk , s−i  are the 
input slack variables, and sd+

r

(

su−
t

)

 are the desirable 
(undesirable) output slack variables. For the evalu-
ated DMUk , xik is the i-th input variable, yd

rk
 is the r-th 

desirable output variable, and yu
tk

 is the t-th undesir-
able output variable. In model (2), the inefficiency of 
input and output is reflected in (1∕m)

∑m

i=1
s−
i
∕xik and 

�

1∕(q1 + q2)
��
∑q1

r=1
sd+
r
∕yd

rk
+
∑q2

t=1
su−
t
∕yu

tk

�

 , respec-
tively. The inequality �∗ ≥ 1 means that a DMU is 
efficient, whereas 𝜌∗ < 1 shows that there is room for 
change in the performance of the DMU, which can be 
effectively improved by adjusting the slack variables.

Group‑frontier Malmquist‑Luenberger index

In this paper, a group-based measure of the ML index 
using the global technology set is denoted as the group-
frontier Malmquist-Luenberger (GML) index. Based on 
the global ML index, the GML index from the t period 
to the t + 1 period can be denoted as

where Dt(x, y, b) and DG(x, y, b) are the current and 
global directional distance functions, respectively. 

(2)

𝜌∗ = min
1+

1

m

∑m

i=1

s−
i

xik

1−
1

q1+q2

�

∑q1
r=1

sd+r

yd
rk

+
∑q2

t=1

su−t

yu
tk

�

s.t.
∑n

j=1,j≠k
𝜆jxij − s−

i
≤ xik, i = 1, ...,m;

∑n

j=1,j≠k
𝜆jy

d
rj
+ sd+

r
≥ yd

rk
, r = 1, ..., q1;

∑n

j=1,j≠k
𝜆jy

u
tj
− su−

t
≤ yu

tk
, t = 1, ..., q2;

1 −
1

q1+q2

�

∑q1
r=1

sd+
r

yd
rk

+
∑q2

t=1

su−
t

yu
tk

�

> 0;

𝜆j, s
−
i
, sd+

r
, su−

t
≥ 0;j=1,...,n(j ≠ k).

(3)

GMLt
t+1

(xt, yt, bt, xt+1, yt+1, bt+1) =
1+DG(xt ,yt ,bt)

1+DG(xt+1,yt+1,bt+1)

=
1+Dt(xt ,yt ,bt)

1+Dt+1(xt+1,yt+1,bt+1)
×
[

1+DG(xt ,yt ,bt)

1+Dt(xt ,yt ,bt)
×

1+Dt+1(xt+1,yt+1,bt+1)

1+DG(xt+1,yt+1,bt+1)

]

= ECt
t+1

× TCt
t+1

Here, x, y, and b denote the input, and desirable and 
undesirable output variables, respectively.

According to the study of Färe et  al. (1992), 
the GML index can be decomposed into efficiency 
change (EC) and technical change (TC) as shown in 
Eq. (3). Färe et al. (1994) and Zofio (2007) decom-
posed the GML index into pure efficiency change 
(PEC), scale efficiency change (SEC), pure techni-
cal change (PTC), and scale technical change (STC):

Therefore, the GML index can be decomposed 
into PEC, PTC, SEC, and STC as shown in Eq.  (4). 
If GML > 1 , then the efficiency shows an upward 
trend; otherwise, it presents a downward trend. The 
relations PEC > 1 , PTC > 1 , SEC > 1 , and STC > 1 
respectively indicate that the change of pure effi-
ciency, the change of pure technical scale, and the 
change of scale efficiency show rising trends, and the 
change of technical scale deviates from the constant 
returns to scale (CRS). In this paper, the GML index 
can be used to better understand the sources of eco-
efficiency growth in the YDUA, UAMA, and CYUA.

Meta‑frontier Malmquist‑Luenberger index

The MML index is introduced to investigate the 
heterogeneity of the total factor ecological produc-
tivity. All DMUs are classified into K groups, and 
the feasible input–output combinations of DMUs in 
each group Gk belong to the same technology set.

1.	 The contemporaneous benchmark technology set 
of group Gk in period t is defined as 
PCt

Gk
= {(xt, yt, bt)|xtcanproduce(yt, bt)}, t = 1, ..., T . 

This set contains all the observations of group Gk 
but only in period t.

2.	 The inter-temporal benchmark technology set of 
group Gk is defined as PI

Gk
= Pc1

Gk
∪ Pc2

Gk
... ∪ PcT

Gk
 . 

This set includes all observations of group Gk in 
all the periods.

3.	 The global benchmark technology set is defined 
as PG = PI

G1

∪ PI
G2

... ∪ PI
Gk

 . This set includes all 
observations of all groups in all the periods.

Similar to Oh (2010b), the MML index can be 
decomposed into the TEC index, the best practice 

(4)GML = EC × TC = PEC × PTC × SEC × STC
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gap change (BPC) index, and the technical gap ratio 
change (TGRC​) index with the following equation:

In Eq. (5), represents technical efficiency in period 
t. BPRt represents best practice gap ratio between 
best practice frontier and inter-temporal best practice 
frontier. The technical gap ratio in period t is denoted 
by TGRt , which represents the gap between inter-
temporal technology and global technology. TGRt = 1 
indicates that the DMU is on the meta-frontier with 
innovation technology in period t. The explanations 
of TEC, BPC, and TGRC​ are detailed as follows:

1.	 TEC represents the technical efficiency change 
between two periods, reflecting relative change 
rate when DMUs move to the contemporaneous 
benchmark technology frontier during period 
t to t + 1 . If TEC > 1 , then technical efficiency 
improves.

2.	 BPC represents the change of the best practice 
gap ratio between two periods, reflecting techni-
cal change. If BPC > 1 , then the technology pro-
gresses.

3.	 TGRC​ is the change of technical gap ratio 
between the inter-temporal and global benchmark 
technology frontiers between two periods. If 
TGRC > 1 , then a narrowing trend exists between 
a specific group and the global frontier technol-
ogy. TGRC​ reflects the technical catch-up effect 
of DMUs. In fact, TGRC​ can be represented as 
TGRCt

t+1
= MMLt

t+1
∕GMLt

t+1
.

Following the study of Chen and Yang (2011), we 
can extend the MML index and decompose TGRC​ 
into the pure technical catch-up (PTCU​) index and 
the frontier catch-up (FCU) index.

(5)

MMLt
t+1

(xt, yt, bt, xt+1, yt+1, bt+1) =
1+DG(xt ,yt ,bt)

1+DG(xt+1,yt+1,bt+1)

=
1+DCt (xt ,yt ,bt)

1+DCt+1 (xt+1,yt+1,bt+1)
×

(1+DI (xt ,yt ,bt))∕(1+DCt (xt ,yt ,bt))

(1+DI (xt+1,yt+1,bt+1))∕(1+DCt+1 (xt ,yt ,bt))

×
(1+DG(xt ,yt ,bt))∕(1+DI (xt ,yt ,bt))

(1+DG(xt+1,yt+1,bt+1))∕(1+DI (xt ,yt ,bt))

=
TEt+1

TEt
×

BPRt+1

BPRt
×

TGRt+1

TGRt
= TECt

t+1
× BPCt

t+1
× TGRCt

t+1

(6)

TGRCt
t+1

=
[

TGRt+1(xt+1,yt+1,bt+1)

TGRt(xt ,yt ,bt)
×

TGRt(xt+1,yt+1,bt+1)

TGRt+1(xt ,yt ,bt)

]
1

2

=
TGRt+1(xt+1,yt+1,bt+1)

TGRt(xt ,yt ,bt)
×
[

TGRt(xt+1,yt+1,bt+1)

TGRt+1(xt+1,yt+1,bt+1)
×

TGRt(xt ,yt ,bt)

TGRt+1(xt ,yt ,bt)

]
1

2

= PTCUt
t+1

× FCUt
t+1

Then, the MML index and its components can be 
represented as the following Eq.  (7), which is fol-
lowed by explanations of PTCU​, FCU, and MML in 
detail.

1.	 PTCU​ is the pure technical catch-up, capturing 
the change in TGR​ from period t to period t + 1 . 
The relation PTCU > 1 indicates a convergence 
of the gap lying between the existing and the 
potential technical level, that is, the meta-frontier.

2.	 FCU is the frontier catch-up and is a geometric 
mean composed of two inverse changes in TGR​ 
from period t to period t + 1 . If FCU > 1 , then 
there is an increase in room to improve the tech-
nical level.

3.	 MML > 1 means an improvement in productivity; 
MML < 1 means worsening of the productivity; 
and MML=1 means that the productivity has not 
changed across years.

Data description and research area

Data description

We use panel data from 71 cities for the years 2008 to 
2017 to evaluate the eco-efficiency of the YREB. The 
data comes from the China City Statistical Yearbook,3 
China Statistical Yearbook,4 China Energy Statistical 
Yearbook,5 and Statistical Yearbook of each province6 
for 2009–2018. Some missing data were obtained 
from statistical communiques on the national econ-
omy and the social development of each city. Table 1 
shows the literature summary for eco-efficiency indi-
cators selection.

Capital investment is an indispensable economic 
input in the production process. Energy, water, and 
land are important natural resources in the production 
system of any city. Labor integrates and transforms 

(7)MML = TEC × BPC × PTCU × FCU

3  China City Statistical Yearbook http://​data.​cnki.​net/​yearb​
ook/​Single/​N2019​070173.
4  China Statistical Yearbook http://​data.​cnki.​net/​yearb​ook/​Sin-
gle/​N2019​110002.
5  China Energy Statistical Yearbook http://​data.​cnki.​net/​yearb​
ook/​Single/​N2019​080025.
6  Statistical Yearbook of each province http://​data.​stats.​gov.​cn.

http://data.cnki.net/yearbook/Single/N2019070173
http://data.cnki.net/yearbook/Single/N2019070173
http://data.cnki.net/yearbook/Single/N2019110002
http://data.cnki.net/yearbook/Single/N2019110002
http://data.cnki.net/yearbook/Single/N2019080025
http://data.cnki.net/yearbook/Single/N2019080025
http://data.stats.gov.cn
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capital and energy into economic outputs, while pol-
lution emissions represent negative environmental 
impacts. In this paper, the following input–output 
variables are chosen (see also Table 2):

1.	 Capital stock. The perpetual inventory 
method is typically used to measure the capi-
tal stock. The calculation formula is as fol-
lows:Ki,t = Ii,t + (1 − �i,t)Ki,t−1 . Here, i and t 
represent the cities and years, respectively; 
Ii,t represents the investment in fixed assets; 
�i,t represents the depreciation rate with the 
default being 9.6%; and Ki,t and Ki,t−1 represent 
the current and previous capital stock, respec-
tively. According to the study of Young (2003), 
the capital stock of the base year is calculated 
at 10 times the investment in fixed assets of the 

year. Meanwhile, we use the fixed assets price 
index to deflate the amount of investment in 
fixed assets (the base year is 2008). Due to the 
lack of a fixed assets price index in prefecture-
level cities, the provincial fixed assets price 
index is adopted.

2.	 Energy consumption. Economic growth relies on 
a great deal of energy usage (Du et al., 2023), so 
we choose the total energy consumption, which 
is converted into standard coal equivalent. Due 
to the availability of prefecture-level cities data, 
electricity, coal, natural gas, and liquefied petro-
leum gas consumptions are converted to standard 
coal by the reference coefficient.

3.	 Water consumption. Fresh water has a huge 
influence on sustainability, and water shortage 
and pollution have become a significant issue 

Table 1   Literature summary for eco-efficiency indicators selection

Reference Input Desirable output Undesirable output

Fan et al. (2017) Land, energy, water Industrial value added Solid waste, chemical oxygen 
demand, SO2

Yu et al. (2018) Capital, labor, land, water, energy Gross value of industrial output Environmental pollution index
Yang and Zhang (2018) Capital, labor, land, water, energy GDP Solid waste, soot and dust, waste 

water, SO2, household refuse
Huang et al. (2018) Capital, labor, land, energy GDP Soot and dust, waste water, SO2, 

CO2

Zhu et al. (2019) Capital, labor, land, water, energy GDP Waste water, waste gas, solid waste
Zhou et al. (2019) Capital, labor, land, water, electric-

ity
GDP Industrial SO2, waste water, smoke 

dust, CO2

Wang and Yang (2019) Capital, labor, water, energy Industrial value added Soot and dust, solid waste, waste 
water, waste gas

Yang et al. (2020) Capital, labor, water, energy GDP Soot and dust, waste water, SO2, 
CO2

Table 2   Indicator system 
for eco-efficiency evaluation

TCE indicates metric tons 
of standard coal equivalent; 
GRP represents gross 
regional product

Dimension Criteria Variable Unit

Input Capital investment Capital stock 100 million yuan
Resources input Energy consumption Million TCE

Water consumption 100 million m3

Urban built-up area Square kilometers
Labor input Employment population 10 thousand people

Output Desirable output GRP 100 million yuan
Undesirable outputs Industrial sulfur dioxide Tons

Industrial wastewater 10 thousand tons
Industrial smoke dust Tons
Carbon dioxide emission 10 thousand tons
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in China. In this paper, the total water supply is 
used to represent water resource consumption.

4.	 Urban built-up area. The actual space used and 
its pattern of utilization differ considerably from 
year to year. Therefore, land becomes a key input 
that must not be neglected. Since data on the 
space used is difficult to collect, this paper adopts 
the urban built-up area as a proxy for land use.

5.	 Employment population. Depending on the extent 
of data availability, the total number of employ-
ees at the end of the year was adopted as the 
labor.

6.	 Desirable output. In this paper, we use GRP 
deflator to convert the nominal GRP of each city 
year by year to obtain actual GRP based on the 
nominal GRP in the year 2008. To be consistent 
with the fixed assets price index, the GRP index 
from each province is adopted even though the 
GRP index of each city could have been obtained.

7.	 Undesirable outputs. Considering the data avail-
ability, industrial sulfur dioxide, waste water, 
smoke dust, and carbon dioxide emission are 
treated as undesirable outputs.

Research area

The Yangtze River Economic Belt (YREB) includes 
three major (state-level) urban agglomerations: the 
Yangtze River Delta Urban Agglomeration (YDUA), 
Urban Agglomeration in the Middle Reach of the 
Yangtze River (YMUA), and Cheng-Yu Urban 
Agglomeration (CYUA). At present, the development 
of the YREB is facing many difficulties and problems 
urgently needing solutions, including severe problems 
in the ecological environment. Descriptive statistics 
of each indicator mentioned above in the YREB and 
three major urban agglomerations are listed in Sup-
plementary Information Table S1. Due to the signifi-
cant difference of indicators among the three urban 
agglomerations, regional heterogeneity should be 
considered when evaluating the eco-efficiency and 
total factor ecological productivity in the YREB.

The “National New Urbanization Plan 
(2014–2020)”7 was implemented in 2014, includ-
ing urban agglomeration taking a prominent role in 

promoting the development of new urbanizations. 
After that, the “Development plan for Urban Agglom-
eration in the Middle Reach of the Yangtze River”8 
and the “Development plan for Cheng-Yu Urban 
Agglomeration”9 were proposed by the Chinese gov-
ernment in 2015 and 2016, respectively. Recently, 
the Chinese government issued the “Outline of the 
plan for the integrated development of the Yangtze 
River Delta”10 and the integrated development of the 
YDUA has become a national strategy. In this paper, 
we select 71 cities in the YREB as the research sam-
ple according to the division of urban agglomeration 
by the Chinese government. Supplementary Informa-
tion Table S2 provides more details about the division 
of cities into regions. It should be noted that cities of 
Yunnan and Guizhou province, which do not belong 
to the three major urban agglomerations, are excluded 
to study regional heterogeneity in this paper.

Results and discussion

Eco‑efficiency analysis and dynamic evolution

According to the calculation results, Shanghai, Wuxi, 
Suzhou, Wenzhou, Jinhua, Taizhou, Huanggang, 
Changsha, and Changde were eco-efficient in each 
year of the study period. The average number of effi-
cient cities of eco-efficiency during the study period 
is 19, representing 26.8% of the 71 cities. In other 
words, the eco-efficiency of approximately three-
quarters of the cities in the YREB has not achieved 
an efficient state and there is still an opportunity to 
save energy and reduce emissions. Wuhu, Tongling, 
Chizhou, Jingdezhen, Ezhou, and Chongqing are 
extremely eco-inefficient cities, scoring below 0.4 in 
each year of the study period. The average number 
of cities below the average eco-efficiency during the 
study period is 46, which is 64.8% of the 71 cities. 
This statistic means that the eco-efficiencies of more 
than half of the cities in the YREB had not reached 
the average score, and significant disparities in cities’ 

7  National New Urbanization Plan (2014–2020) http://​www.​
gov.​cn/​zheng​ce/​2014-​03/​16/​conte​nt_​26400​75.​htm.

8  Development Plan of the YMUA area http://​www.​gov.​cn/​
xinwen/​2015-​04/​16/​conte​nt_​28481​20.​htm.
9  Development Plan of the CYUA area http://​www.​gov.​cn/​
zheng​ce/​conte​nt/​2016-​04/​15/​conte​nt_​50644​31.​htm.
10  Development Plan of the YDUA area http://​www.​gov.​cn/​
zheng​ce/​2019-​12/​01/​conte​nt_​54574​42.​htm.

http://www.gov.cn/zhengce/2014-03/16/content_2640075.htm
http://www.gov.cn/zhengce/2014-03/16/content_2640075.htm
http://www.gov.cn/xinwen/2015-04/16/content_2848120.htm
http://www.gov.cn/xinwen/2015-04/16/content_2848120.htm
http://www.gov.cn/zhengce/content/2016-04/15/content_5064431.htm
http://www.gov.cn/zhengce/content/2016-04/15/content_5064431.htm
http://www.gov.cn/zhengce/2019-12/01/content_5457442.htm
http://www.gov.cn/zhengce/2019-12/01/content_5457442.htm
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development patterns can be seen. Zhenjiang, Yuey-
ang, Zigong, and Ziyang attained a more than 2% 
increase in eco-efficiency scores during the study 
period, which is an obvious improvement in their 
eco-efficiency.

Supplementary Information Table  S3 shows the 
average eco-efficiency of various YREB cities dur-
ing 2008–2012, 2013–2017, and the whole study 
period. There are nine eco-efficient cities accord-
ing to the average eco-efficiency scores during the 
whole study period in the YREB, which were con-
sistent with the efficient cities in each year. During 
2008–2012 and 2013–2017, there are three more 
cities (Shaoxing, Loudi, Dazhou), and two more 
cities (Zigong, Ziyang) were deemed as eco-effi-
cient. The average eco-efficiency during the whole 
study period is 0.599. The average eco-efficiency 
during 2008–2012 (0.602) is higher than that dur-
ing 2013–2017 (0.596), which results in the aver-
age eco-efficiency during the whole period (0.599). 
These averages show an obvious decrease in the 
eco-efficiency of 71 cities in the YREB during 
2013–2017.

Figure  1 shows the dynamic evolution trend 
of eco-efficiency in the YDUA, YMUA, and 

CYUA, and the entire YREB. The overall eco-
efficiency stayed steady during 2008–2017, as can 
be observed, although it showed a fluctuating and 
slightly upward trend.

1.	 The YDUA has the highest average eco-efficiency 
(0.662), followed by the CYUA (0.601) and the 
YMUA (0.537). The eco-efficiency in the YDUA 
decreased marginally after peaking in 2010 and 
then increased after its minimum in 2014. The 
decline during 2010–2014 resulted from the rapid 
population growth, overconsumption of natural 
resources, and environmental degradation during 
the rapid economic development of the region. 
Since the implementation of the “13th Five-Year 
Plan (2006–2020)” and the development plan of 
urban agglomeration in the YDUA, the eco-effi-
ciency increased rapidly.

2.	 The eco-efficiency in the CYUA had the great-
est fluctuation, peaking in 2013 (0.730) and bot-
toming out in 2017 (0.506), a gap of approxi-
mately 44.3%. The rapid drop of eco-efficiency 
in the CYUA since 2013 indicates an imbalance 
between resource consumption, environmental 
protection, and economic development.

3.	 The eco-efficiency in the YMUA shows a slow 
fluctuation and an upward trend. Since the aver-
age eco-efficiency in the YMUA is the lowest 
among the three regions, the priority should be 
given on fostering the creation of an ecological 
civilization and improving its potential for sus-
tainable growth.

Group‑frontier ML index and its decomposition

For the cities in the YDUA, YMUA, and CYUA, 
respectively, we take each group as the frontier, and 
the decomposition index can explain the growth of 
eco-efficiency in each group. Based on Eq.  (3), we 

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
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Fig. 1   Dynamic evolution of average eco-efficiency in the 
YREB

Table 3   GML index in different regions from 2008 to 2017

Region 2008–2009 2009–2010 2010–2011 2011–2012 2012–2013 2013–2014 2014–2015 2015–2016 2016–2017

YREB 1.127 1.120 1.088 1.098 0.984 1.034 1.072 1.206 1.088
YDUA 1.074 1.112 1.011 1.123 0.908 1.051 1.100 1.303 1.189
YMUA 1.165 1.099 1.109 1.015 1.031 1.059 1.056 1.141 1.063
CYUA​ 1.150 1.173 1.182 1.198 1.031 0.960 1.054 1.155 0.959
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obtain the GML index of cities in the YREB during 
2008–2017. Table 3 shows the GML index in differ-
ent regions for 2008–2017, while Fig.  2a shows the 
accumulated GML index during the study period. 
According to the results of Table 3, the annual aver-
age GML index in the YREB is 1.091, which indi-
cates an improvement in the eco-efficiency. From the 
overall trend, the GML index in the YREB increased 
during the study period at both the aggregate and 
regional levels. According to Fig. 2a, the YDUA has 
the largest improvement in the GML index, followed 
by the CYUA and YMUA. The improvement in the 
YREB is higher than the CYUA and YMUA, which 
indicates these two areas have potential to improve 
eco-efficiency.

As shown in Table 4 and Fig. 2b, all the changes 
in technological progress from 2008–2017 are greater 
than 1, and the accumulated value of TC has an obvi-
ous upward trend. Therefore, the main explanation 
for the increase in the GML index is technological 
progress. The average value of TC during the study 
period is 1.105, with an accumulated value of 1.814, 
while the average EC over the period 2008–2017 is 
1.033, with an accumulated value of 1.050. Although 
not as important as technological progress, the 
improvement of the management level is vitally 
important in the YREB.

As in Eq. (4), we decompose the GML index into 
four indexes: pure efficiency change (PEC), scale effi-
ciency change (SEC), pure technical change (PTC), 
and scale technical change (STC), which reflect the 
level of changes of institutional management, tech-
nical change, economies of scale, and preference 
for technical scale, respectively. The annual average 
change of each index by their arithmetic mean over 

the years is shown in Supplementary Information 
Table  S4. The GML index values for the YDUA, 
YMUA, and CYUA were 1.097, 1.082, and 1.096, 
which indicate that the eco-efficiency improved by 
9.7%, 8.2%, and 9.6%, respectively. Among the three 
areas, the GML growth rate of the YDUA ranked 
first (9.7%), and its growths in PTC (11.0%) and SEC 
(8.7%) were the fastest, which implies that the YDUA 
benefited significantly from technological progress 
and scale economy. The YMUA had the slowest GML 
growth in eco-efficiency (8.2%), and its growths in 
SEC and PEC were 3.7% and 6.7%, which implies 
that the YMUA had a marked potential for improv-
ing its scale economy and management. Similarly, the 
CYUA also should pay attention to the scale economy 
since its SEC is only 0.7%. These results indicate that 
the development of different elements is unbalanced, 
which is not conducive to sustainable development 
in the YREB. In addition, compared to technological 

Fig. 2   Description of accu-
mulated GML index
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(a) Accumulated GML index in different 

regions from 2008-2017 

(b) Accumulated GML index and its

decomposed factors  

Table 4   GML index decomposition results

Year GML EC TC

2008–2009 1.127 1.057 1.123
2009–2010 1.120 1.040 1.123
2010–2011 1.088 0.975 1.180
2011–2012 1.098 1.088 1.049
2012–2013 0.984 1.053 1.001
2013–2014 1.034 1.052 1.032
2014–2015 1.072 1.022 1.082
2015–2016 1.206 1.000 1.251
2016–2017 1.088 1.013 1.105
Average 1.091 1.033 1.105
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progress, the improvement of the management level is 
more vital.

As shown in Supplementary Information Table S5 
and Fig.  3a, the major factors contributing to the 
improvements in the GML index of the YDUA are 
scale efficiency change (SEC) and pure technical 
change (PTC), which means that the scale economy 
and the technological progress are the main driving 
force behind the improvement of the GML index. 
The accumulated PEC, PTC, SEC, and STC are 
1.104, 1.904, 1.889, and 1.042, respectively. The PEC 
and STC do not obviously impact the GML index, 
which indicates that the management level and the 
preference for variable technical scale should be an 
improvement direction in the YDUA.

At the individual city level of the YDUA, the GML 
indexes were greater than 1 in all cities, among which 
Zhoushan (1.194), Anqing (1.187), and Shanghai 
(1.169) had the highest GML index growth scores. 
Zhoushan, which had the highest GML index growth, 
was helped by an improvement of management (PEC: 
1.249) and a preference for variable technical scale 
(STC: 1.266), but at the same time restricted by a 
decrease in technological progress (PTC: 0.907) and 
scale economy (SEC: 0.882). Similarly, the SEC 
(1.192) contributed most of Anqing’s GML index, 
indicating the growth of eco-efficiency is driven pri-
marily by scale economy. The PTC (1.156) contrib-
uted the most to Shanghai’s GML index, indicating 
the growth of its eco-efficiency is driven mainly by 
technological progress. The preference for constant 
technical scale ( STC < 1 ) restricted the growth of 
eco-efficiency in both Anqing and Shanghai.

As shown in Supplementary Information Table S6 
and Fig.  3b, the major factors contributing to the 
improvements in the GML index of the YMUA are 
scale technical change (STC) and pure technical 
change (PTC). The accumulated PEC, PTC, SEC, 
and STC are 1.006, 1.529, 1.007, and 1.255, respec-
tively, which means that technological progress is the 
main driving force. The average value of PTC during 
the study period is 1.111, and the PTC has the larg-
est increase in the YMUA. The impact of STC on the 
GML index is second only to that of PTC. In addi-
tion, the average values of PEC and SEC are 1.067 
and 1.037, respectively, which indicate that the scale 
economy and management level have considerable 
room for improvement.

At the individual city level of the YMUA, the 
GML indexes of Yichun (0.971) and Loudi (0.965) 
were lower than 1, showing a declining trend in 
eco-efficiency. The PEC (0.913) was the main driv-
ing force behind the drop of Yichun’s GML index, 
indicating a decline in management. Xinyu had the 
highest GML index growth, which contributed to 
the increase of all four decomposed indexes, among 
which PEC (1.160) and STC (1.132) contributed the 
most, indicating the growth of eco-efficiency was 
driven mainly by management and preference for var-
iable technical scale.

As shown in Supplementary Information 
Table  S7 and Fig.  3c, the major factors contrib-
uting to the improvements in the GML index of 
the CYUA are STC and PTC. The accumulated 
PEC, PTC, SEC, and STC are 1.073, 1.534, 
0.912, and 1.809, respectively, which means 
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Fig. 3   Accumulated GML index and its decomposition in different areas



	 Energy Efficiency           (2023) 16:23 

1 3

   23   Page 12 of 18

Vol:. (1234567890)

that technological progress is the main driving 
force. The STC has the largest increase in the 
YMUA, which indicates that the preference for 
variable technical scale is the main driving force. 
The impact of PTC on the GML index is second 
only to that of STC. Similar to the results for the 
YMUA, the scale economy and management level 
in the CYUA also have considerable room for 
improvement.

At the individual city level of the CYUA, the 
GML indexes were greater than 1 in all cities, among 
which Chengdu (1.231), Zigong (1.220), and Suining 
(1.140) had the highest GML index growth. The PTC 
(1.113) and SEC (1.098) were the main contributors 
to Chengdu’s GML index, suggesting that the rise of 
eco-efficiency was driven primarily by technological 
progress and the scale economy. Zigong’s GML index 
was raised by an improvement in management (PEC: 
1.118) and a preference for variable technical scale 
(STC: 1.265) while being restricted by a decrease in 
technological progress (PTC: 0.955) and scale econ-
omy (SEC: 0.942). Similarly, a preference for vari-
able technical scale (STC: 1.246) was the main con-
tribution to Suining’s GML index.

Meta‑frontier ML index and its decomposition

Based on Eq. (5), we obtain the MML index of cities 
in the YREB for 2008–2017. Table 5 shows the MML 
index in the regions from 2008 to 2017, while Fig. 4a 
shows the accumulated MML index during the study 
period. According to the results shown in Table  5, 
the value of the MML index is greater than 1 in most 
years, which indicates there was an improvement in 
the total factor ecological productivity. From the 
overall trend, the MML index in the YREB increased 
during the study period at both the aggregate and 
regional levels. According to Fig. 4a, the YDUA had 
the largest improvement in the MML index, while the 
YMUA and CYUA had smaller improvements with 
similar values. The YDUA has a growth trend similar 
to that of the YREB, but the gap has been widening in 
recent years.

As indicated in Eq.  (7), we decompose the MML 
index into four indexes: technical efficiency change 
(TEC), technological progress (BPC), pure techni-
cal catch-up (PTCU), and frontier catch-up (FCU). 
Through decomposing the MML index, we will 
obtain a better understanding of the factors that are 

Table 5   MML index in different regions from 2008 to 2017

Region 2008–2009 2009–2010 2010–2011 2011–2012 2012–2013 2013–2014 2014–2015 2015–2016 2016–2017

YREB 1.138 1.117 1.050 1.091 0.984 1.034 1.033 1.207 1.083
YDUA 1.073 1.137 1.004 1.080 0.953 1.032 1.081 1.251 1.196
YMUA 1.215 1.089 1.074 1.037 1.010 1.050 0.996 1.205 1.045
CYUA​ 1.112 1.134 1.087 1.204 0.993 1.007 1.018 1.135 0.957

Fig. 4   Description of accu-
mulated MML index
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responsible for dynamic changes in eco-efficiency. 
The four indexes influence eco-efficiency via differ-
ent mechanisms. As shown in Table  6 and Fig.  4b, 
all the annual MML indexes are greater than 1, and 
the accumulated MML index kept increasing except 
in 2013, which indicates the eco-efficiency improved. 
All the changes in technological progress from 2008 
to 2017 are greater than 1, and the accumulated value 
of BPC has a more evident upward trend. We can 
conclude that the changes in technological progress 
are the main explanation for the improvement of 
eco-efficiency.

Supplementary Information Table S8 lists the aver-
age MML index and its decomposition in the YREB. 
The average MML index for all cities from 2008 to 
2017 was 1.082, and an upward trend was seen in the 
YREB. The MML index of 70 cities is greater than 
1, with only 1 city having index less than 1. Xiaogan 
(1.193) has the highest MML index, and Yichun 
(0.977) has the lowest MML index. From the decom-
position index of the MML index, we see that all 
indicators are greater than 1. The average TEC of all 
71 cities in the YREB during 2008–2017 was 1.033, 
indicating that technical efficiency increased by 3.3%. 
BPC describes the degree to which the contempora-
neous benchmark technology frontier advances into 
the inter-temporal benchmark frontier and charac-
terizes technological progress (Shi & Li, 2019). As 
shown in Supplementary Information Table  S8, the 
average BPC for all cities from 2008 to 2017 was 
1.107, indicating the technological progress increased 
by 10.7%. In contrast to TEC and TGRC, BPC is the 
main reason for the increase of the MML index in the 

YREB. In this paper, TGRC describes the distance 
change between the group and the global benchmark 
technology frontier, and it represents the degree of 
leading innovation (Shi & Li, 2019). The average 
TGRC for all cities is 1.011, which indicates that 
there exists a narrowing of the gap between group-
frontier and meta-frontier technologies and that there 
exists a technical catch-up effect.

The TGRC can be divided into PTCU and FCU. 
PTCU captures the catching-up in technology with-
out the elements of technical inefficiency from the 
view of a group-frontier. FCU captures the velocity 
of change of the meta-frontier relative to that of the 
group frontier (Shi & Li, 2019). When the upward 
shift of the group-frontier is faster than that of the 
meta-frontier, the FCU index will exhibit a value 
less than 1. According to Supplementary Informa-
tion Table S8, the average PTCU and FCU of all 71 
cities in the YREB during 2008–2017 was 1.045 and 
1.024, indicating that technical efficiency increased 
by 4.5% and 2.4%, respectively. The PTCU in 56 of 
the YREB cities was greater than 1, which indicates 
a convergence of the gap lying between the existing 
and the potential technical level. The FCU in 51 cities 
was greater than 1, which indicates an increase in the 
room to improve the technical level.

As shown in Supplementary Information Table S9 
and Fig.  5a, the major factors contributing to the 
improvements in the MML index of the YDUA are 
technological progress, technical efficiency change, 
and the frontier catch-up effect. The accumulated 
TEC, BPC, PTCU, and FCU are 1.289, 1.586, 0.851, 
and 1.191, respectively. The YDUA has the highest 
increase in BPC, reflecting the shift of DMUs to the 
technological frontier, which means a boost in per-
formance at the same technical level. The increase in 
technological progress is greater than technical effi-
ciency changes and the frontier catch-up effect. The 
YDUA has the most sophisticated technologies to get 
it closer to the meta-frontier. Thus, the effect of pure 
technical catch-up is not obvious in that area.

As shown in Supplementary Information Table S10 
and Fig.  5b, the major factors contributing to the 
improvement in the YMUA are technological progress 
and the pure technical catch-up effect. The accumu-
lated TEC, BPC, PTCU, and FCU are 0.958, 1.794, 
1.172, and 0.902, respectively. Due to the transition of 
technologies from the YDUA and the development of 

Table 6   MML index decomposition results

Year MML TEC BPC PTCU​ FCU

2008–2009 1.138 1.057 1.123 1.121 0.989
2009–2010 1.117 1.040 1.123 1.037 1.030
2010–2011 1.050 0.975 1.180 1.056 1.004
2011–2012 1.091 1.088 1.049 0.999 1.068
2012–2013 0.984 1.053 1.002 1.096 1.034
2013–2014 1.034 1.052 1.033 0.983 1.079
2014–2015 1.033 1.022 1.082 0.988 1.003
2015–2016 1.207 1.000 1.269 1.031 1.034
2016–2017 1.083 1.012 1.106 1.094 0.976
Average 1.082 1.033 1.107 1.045 1.024
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its technical level, the production frontier in the YMUA 
has obviously improved. The increase in technological 
progress is greater than the pure technical catch-up 
effect. However, the actual production of undesirable 
output increased at the same technology level, result-
ing in a decline in TEC. In addition, the average value 
of the frontier catch-up effect is 1.011, and its accumu-
lated value is 0.902. This indicates that the FCU would 
not make a substantial contribution to the improvement 
of the eco-efficiency in the YMUA.

As shown in Supplementary Information 
Table  S11 and Fig.  5c, the main influencing factor 
in the CYUA is technological progress. The tech-
nology level in the CYUA is lower than that of the 
other areas. Technological progress and the pure 
technical catch-up effect improved the eco-efficiency 
of the CYUA. The annual value of the technologi-
cal progress change over the period 2008–2017 was 
greater than 1 except for 2013, with an average value 
of 1.152 and an accumulated value of 2.307. The 
average pure technical catch-up effect over the study 
period is 1.091, with an accumulated value of 1.462; 
its impact on the MML index is second only to that of 
BPC. The accumulated changes of TEC and FCU are 
0.812 and 0.827, respectively, showing a downward 
trend. These changes indicate that the technical effi-
ciency change and frontier catch-up effect reduce the 
MML index of the CYUA.

Comparison between group‑frontier and meta‑frontier

In Table 7 and Fig. 6, we compare the change between 
group-frontier and meta-frontier using the TGRC 
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Fig. 5   Accumulated MML index and its decomposition in different areas

Table 7   Comparison between group-frontier and meta-frontier

Year MML GML TGRC​

2008–2009 1.138 1.127 1.023
2009–2010 1.117 1.120 1.010
2010–2011 1.050 1.088 0.993
2011–2012 1.091 1.098 1.013
2012–2013 0.984 0.984 1.023
2013–2014 1.034 1.034 1.015
2014–2015 1.033 1.072 0.973
2015–2016 1.207 1.206 1.013
2016–2017 1.083 1.088 1.038
Average 1.082 1.091 1.011
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index. The annual value of MML in the YREB dur-
ing 2008–2017 is 1.082, with an accumulated value 
of 1.704. The annual value of GML is 1.091, with an 
accumulated value of 1.791. These figures mean the 
MML and GML indexes both improved in the YREB, 
which measures the improvement of the eco-effi-
ciency. Moreover, the annual value of TGRC is 1.011, 
with an accumulated value of 1.008, which indicate 
that the gap between group-frontier and meta-frontier 
is narrowing slightly. This is conducive to the coordi-
nated development of ecological improvement in the 
YREB.

Conclusions and practical implications

This paper evaluated the eco-efficiency and total 
factor ecological productivity of 71 cities during 
2008–2017 in the YREB. We applied the super-effi-
ciency SBM model considering undesirable output to 
measure the eco-efficiency of both cities and regions. 
Moreover, we calculated the GML index scores and 
decomposed the scores into four parts, namely PEC, 
PTC, SEC, and STC, to measure the total factor eco-
logical productivity of each area. Also, we consid-
ered the MML index and decomposed the index into 
four parts, namely, TEC, BPC, PTCU, and FCU, to 
combine the group-frontier and meta-frontier analy-
sis approaches. Also, the technical gap ratio was ana-
lyzed based on the GML index and MML index. This 
paper provides a comprehensive analytical framework 
for eco-efficiency evaluation and productivity change 
of cities in the agglomeration. Besides, the changes 
of GML and MML indexes with detailed decomposi-
tion indexes could provide practical implications for 
managers and practitioners to better understand and 
promote sustainable development.

Conclusions

This paper enriches the empirical studies regarding 
regional eco-efficiency in China. From its research 
results, the main conclusions of this paper are as 
follows.

1.	 In terms of eco-efficiency and its dynamic evolu-
tion, the YREB overall eco-efficiency remained 
stable during 2008–2017, showing a fluctuating 
and slightly upward trend. The average eco-effi-

ciency during the whole study period was 0.599, 
and an obvious decrease in the eco-efficiency of 
71 cities in the YREB was apparent during 2013–
2017. Meanwhile, the eco-efficiency of nearly 
three-quarters of the cities in the YREB did not 
reach an efficient state, so these cities have the 
ability to save energy and reduce emissions.

2.	 Analysis of the GML index and its decomposition 
showed that the annual average GML index in the 
YREB was 1.091. During the study period, the GML 
index in the YREB improved at both the aggregate 
and regional levels, and technological progress was 
the key reason for the change in the GML index. The 
major factors contributing to improvements in the 
GML index of the YDUA were SEC and PTC; the 
major factor contributing to the improvements in the 
GML index of the YMUA was PTC; and the major 
factor contributing to the improvements in the GML 
index of the CYUA was STC.

3.	 From the MML index and its decomposition, 
the average annual growth of MML index in the 
YREB was 8.2%. In contrast to TEC and TGRC, 
BPC was the main reason for the increase of 
MML index in the YREB. The major factors con-
tributing to the improvements in the MML index 
of the YDUA were TEC, BPC, and FCU; and the 
main influencing factor in both the YMUA and 
CYUA was BPC.

4.	 Consistent with the research result of Yang and 
Zhang (2018), analysis of the decomposition of 
productivity growth indicates that technologi-
cal progress was the decisive factor in promoting 
the eco-efficiency of the YREB, while decreas-
ing management level, especially in the CYUA, 
was the main obstacle to improvement in eco-
efficiency. In addition, the technical gap ratio 
indicated that the gap between group-frontier and 
meta-frontier narrowed slightly.

Practical implications

Although eco-efficiency can be used to measure sus-
tainability, there is still an issue about how to improve 
eco-efficiency. The following policy implications are 
justified based on the findings of this study.

1.	 The YDUA should continue to maintain its cur-
rent technical increasing trend. Technological 



	 Energy Efficiency           (2023) 16:23 

1 3

   23   Page 16 of 18

Vol:. (1234567890)

progress has greatly promoted the growth of eco-
efficiency in the YDUA. Therefore, enterprises in 
the YDUA should be converted from producing 
high energy-intensive primary goods to doing 
low energy-intensive deep processing to ensure 
international competitiveness.

2.	 The technical catch-up effect did not play any 
significant role in improving eco-efficiency in the 
YMUA, so improvement efforts should focus on 
resource utilization and technology level. This 
region is rich in natural resources, which can be 
used to increase its use rate while improving its 
technology and industrial machinery. Therefore, 
the YMUA should concentrate on improving its 
management capabilities, in addition to driving 
technical development, rather than relying on 
blind investment and low-level growth.

3.	 Improvements in both the level of technology and 
the efficiency of technology usage are required to 
ensure the improvement in eco-efficiency. The gov-
ernment should play a leading role in the construc-
tion of ecological civilization and strengthen envi-
ronmental governance. Enterprises in the CYUA 
should take advantage of the advanced production 
technology and management experience from the 
YDUA and YMUA. With the background of sup-
ply-side structural reform, local governments should 
help the enterprises to adjust without undermining 
economic development and ecological protection.

4.	 The realization of sustainable development goals in 
a particular region or urban agglomeration should be 
based on the coordination of all the systems within 
it. Hence, the regional government should also 
take effective measures to encourage scientific and 
technological cooperation from the perspective of 
regional integrity. For example, the development of 
the Yangtze River Delta is proceeding in the context 
of a commitment to regional integration, which can be 
extended to other regions or urban agglomerations.
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