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Abstract
The conventional convexity assumptions frequently placed on piecewise linear frontiers of production technologies modeled 
using data envelopment analysis imply non-increasing marginal products. Assuming geometric convexity in the context of 
the exponential technology represents a more general alternative that imposes no underlying restrictions on the marginal 
products, while simultaneously reducing the impact of the outlying observations. In this paper, we propose an exponential 
by-production technology capable of generating the outputs deemed undesirable from the society’s point of view. We subse-
quently rely on this technology to measure environmental productivity. Our empirical illustration uses data from the Chinese 
industrial sector, which is both a major energy consumer and polluter. By comparing our findings with the results from a 
conventional production model we demonstrate that our proposed indicator mitigates the impact of outlying observations 
when gauging the contributions of inputs and outputs to green growth. Our results suggest that the Chinese industrial sector 
experienced the annual productivity growth rate of around 0.40% during 1999–2016 and that the green productivity was 
mostly driven by technological progress. We also demonstrate that technological progress has been a bigger contributor to 
the growth in industrial output in China’s east than its inland or western regions.

Keywords Multiplicative directional distance function · Environmental performance · By-production technology · Chinese 
industry · Exponential productivity indicator

JEL Classification O47 · O44 · O33 · D24

1 Introduction

The conventional non-parametric technology based on 
piecewise linear convex production sets relies on the data 
expressed in levels, whereby the quantities of inputs are 
assumed to produce certain levels of outputs. Such setup 
allows for outlying observations to distort the production 
technology and results in unreasonable estimates of inef-
ficiency and measures of input and output substitution. In 
addition, conventional models of production cannot accom-
modate increasing marginal products of inputs. Briec and 
Ravelojaona [1] have recently proposed the so-called expo-
nential distance function, defined with respect to a more 
general multiplicative production technology capable of 
modeling increasing marginal products, popularized by 
Banker and Maindiratta [2]. The exponential distance func-
tion, which is invariant to the units of measurement and is 
related to the generalized multiplicative directional distance 
function (DDF) introduced by Mehdiloozad et al. [3], was 
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subsequently used by Abad and Ravelojaona [4] to measure 
productivity in the presence of undesirable outputs.

At the same time, no attempt has been made so far to use 
exponential distance functions to measure environmental 
performance using the so-called by-production approach of 
Murty et al. [5]. The by-production framework for modeling 
production in the presence of socially unintended outputs 
deserves a particular consideration among the existing speci-
fications for assessing environmental productivity because 
it satisfies the materials balance principle, which requires 
the weight of all material outputs to equal that of the mate-
rial inputs used to produce them, but also due to the fash-
ion in which it allows to model the disposability of harmful 
by-products.

Our paper provides both methodological and empirical 
contributions. The main methodological contribution lies in 
our proposed novel approach for incorporating the multipli-
cative, exponential DDF into the by-production technology 
to develop the so-called exponential by-production frame-
work for evaluating the environmental and economic per-
formance. The exponential production technology accom-
modates convexity, linearity, and concavity within different 
regions of the production surface. We rely on the multiplica-
tive DDF to define the exponential version of the Luenberger 
indicator [6] and use it to provide an empirical illustration 
using the Chinese industrial sector data. We subsequently 
compare our findings with the results corresponding to the 
conventional and linear productivity growth model and dem-
onstrate that our specification helps mitigate the influence 
of outliers.

The continued growth in industrial output has been a 
major source of development in China over the past decades. 
Reliable measurement of productivity of the Chinese manu-
facturing industry is important for identifying performance 
gaps and can be accomplished at different levels of aggrega-
tion to provide reasonable directions for further development 
[7]. The Chinese industrial sector has experiences a truly 
miraculous expansion during the past four decades, with an 
average annual growth rate of value added reaching nearly 
11% between 1978 and 2018 [8]. The Chinese industrial sec-
tor, and especially its manufacturing industry, has surpassed 
that of the USA becoming the largest in the world in terms 
of the gross value-added since 2011 when measured in pur-
chasing power parity terms. However, such rapid industrial 
development caused a dramatic increase in energy consump-
tion leading to a significant increase in the pollution levels 
[9]. For example, the industrial output accounted for around 
40% of China’s gross domestic product (GDP) while con-
suming 68% of the total energy and contributing about 83% 
of carbon dioxide  (CO2) emissions between 1980 and 2006 
[10]. Indeed, China overtook the USA as the largest  CO2 
emitter in 2007, generating unprecedented pressure from the 
international community to reduce its  CO2 emissions. More 

recently, China consumed approximately 24% of the world’s 
total energy and contributed around 28% to the global  CO2 
emissions in 2018 [11]. Consequently, a number of recent 
studies of the Chinese industry have opted to incorporate 
environmental performance during the measurement of effi-
ciency and productivity [12, 13].

For our empirical illustration, we rely on our proposed 
exponential by-production framework to measure the eco-
nomic and environmental performance of the Chinese indus-
try. We estimate the green productivity growth in the Chi-
nese industrial sector using data from 30 provinces for the 
period 1999–2016. We use the Luenberger productivity indi-
cator (LPI) to measure the so-called environmental produc-
tivity that accounts for harmful emissions and decompose it 
into components representing the change in efficiency (EC) 
and technological progress (TP). Our results suggest that 
productivity gains in the Chinese industrial sector have been 
mainly driven by technological progress, providing possible 
policy implications for the sustainable development of the 
Chinese industry at the regional level.

The remainder of the paper is organized as follows. The 
next section reviews the literature on the exponential pro-
duction technology and productivity measurement in the 
presence of undesirable outputs. Section 3 introduces the 
exponential by-production framework for the nonlinear mul-
tiplicative production technology and outlines our approach 
for measuring green productivity. Section 4 describes the 
data and summarizes our empirical results. The final section 
offers policy implications and concludes our study.

2  Literature Review

Three major approaches for treating socially undesirable 
outputs in production can be identified in the literature. 
The first approach assumes that unintended by-products are 
inputs to a production process satisfying free disposability 
[14, 15]. This method violates the materials balance prin-
ciple [16–18] and is likely to yield misleading results due 
to its underlying assumption of unbounded undesirable by-
products. The second approach treats undesirable outputs 
as by-products generated jointly with intended outputs and 
assumes the so-called weak disposability between them. 
The environmental production model based on the weak 
disposability axiom was proposed by Färe et al. [19], and 
Chung et al. [20] were the first to define an activity analysis 
model for a DDF satisfying weak disposability. Although 
this approach has been widely applied in the environmental 
performance literature [21], the weak disposability assump-
tion has been shown to violate the laws of conservation of 
mass and energy.

The third strand of the literature on polluting technologies 
is based on the by-production (BP) model developed by [5], 
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which replaces the postulate of weak disposability with that 
of costly disposability. The BP technology is the intersection 
of two independent sub-technologies, such as (i) the intended-
production technology, which assumes free disposability of 
inputs and intended outputs and does not consider by-products 
and (ii) the residue-generating technology, which models the 
costly disposability of pollution. The BP approach, which rep-
resents the latest development in the literature on modeling 
the production of undesirable externalities, has recently been 
extended to a dynamic performance framework [22].

The above three approaches can be implemented using 
measures of efficiency in production such as distance func-
tions. An appealing feature of distance functions is that they 
are defined with respect to the input and output quantities 
and thus do not require price information. In addition to 
approximating inefficiency in production, distance functions 
can be used to assess temporal changes in total factor pro-
ductivity (TFP) and measure technological change.

A number of indices and indicators possessing different 
properties have been proposed in the literature to measure 
productivity. For example, Färe et al. [23] demonstrated that 
the Malmquist productivity index can be defined using the 
Shephard [24] distance function. Later on, the ratio-based 
Hicks-Moorsteen TFP index was suggested by Bjurek [25]. 
Chambers [6] proposed the difference-based LPI, defined 
with respect to the DDF that accommodates a simultane-
ous input contraction and output expansion during the effi-
ciency measurement. Briec and Kerstens [26] subsequently 
described the Luenberger-Hicks-Moorsteen TFP indicator 
and Abad [27] introduced the environmental generalized 
Hicks-Moorsteen productivity index and the environmental 
generalized Luenberger-Hicks-Moorsteen productivity indi-
cator. More recently, Abad and Ravelojaona [4] proposed 
the exponential version of the environmental Luenberger-
Hicks-Moorsteen productivity indicator. Rather than relying 
on the radial measures of technical efficiency [28], Abad 
and Ravelojaona [4] use the non-radial exponential distance 
function [1], which can be used to rank the environmental 
performance of the decision-making units (DMUs).

Hence, we attempt to fill the gaps in the environmental 
productivity literature by using the newly proposed exponen-
tial distance functions in the context of the relatively recent 
by-production technology. More specifically, we formulate 
a by-production model in a nonlinear technology setting and 
estimate productivity growth using the measures defined 
with respect to this multiplicative by-production technology.

3  Methods

This section summarizes the by-production technology mod-
els, defines the distance functions, and describes the produc-
tivity measures used in our analysis. The proposed approach 

accommodates the undesirable outputs, and data envelop-
ment analysis (DEA) is used to estimate the by-production 
technology.

3.1  Production Technology with Undesirable 
Outputs

Koopmans [29] and Farrell [30] were among the first to 
define a production technology using the activity analysis 
framework. A purely nonparametric extension to this frame-
work, referred to as the DEA, was subsequently popularized 
by Charnes et al. [31]. The DEA methodology, which has 
been used extensively in the environmental performance 
literature, can be used to operationalize the by-production 
models of polluting technologies.

We begin by assuming that DMUs produce G desirable 
outputs and generate B undesirable by-products by using all 
their inputs. Two types of inputs are used in the environmental 
production technology, namely M non-polluting inputs and N 
pollution-generating inputs. Both types of inputs can produce 
the desirable outputs, while only the pollution-generating 
inputs contribute to the production of the undesirable outputs.

The by-production technology (TBP) of Murty et al. [5] 
consists of two interrelated processes. The sub-technology T1 
models a traditional production process whereby the desir-
able outputs are produced by all inputs. The sub-technology 
T2 approximates the manner in which the undesirable out-
puts are generated by polluting inputs. Let xm,t ∈ RM

+
 and xn,t 

∈ RN
+
 be the vectors of non-polluting and pollution-generating 

input quantities, and let yt ∈ RG
+

 and zt ∈ RB
+
 be the quantities 

of desirable and undesirable outputs, respectively. The con-
ventional by-production technology is defined as:

Here, f(.) and g(.) are continuously differentiable func-
tions. Free disposability is assumed in T1 with respect to all 
inputs and desirable outputs, whereas costly disposability is 
maintained in T2 as regards the pollution-generating inputs 
and undesirable outputs. In addition, T1 and T2 satisfy a set 
of standard axioms frequently assumed in the literature, such 
as convexity and closedness. The reduced form of the by-
production technology in a non-parametric framework under 
variable returns to scale (VRS) can be defined as follows 
[32]:

(1)

TBP = T1 ∩ T2

=
{(

xm, xn, yg, zb
)
∈ RM+N+G+B

+

|||(x
m, xn)

can produce yg; xn can generate zb
}
;

T1 =
{
(xm, xn, yg) ∈ RM+N+G

+

|||f (x
m, xn, yg) ≤ 0

}
;

T2 =
{(

xn, zb
)
∈ RN+B

+

|||g
(
zb, xn

)
≤ 0

}
.
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where λk and δk are the activity variables associated with 
the sub-technologies T1 and T2, which implies that their cor-

responding frontiers can be defined using different bench-
marks. The constraints 

∑
k∈K �k = 1  and 

∑
k∈K �k = 1  are 

added to impose VRS for T1 and T2, respectively.
In this paper, we extend the conventional by-production 

model to the case of the multiplicative technology. Follow-
ing Mehdiloozad et al. [3] and Abad and Ravelojaona [4], 
we define the logarithm form of the by-production model as:

where  log xm = (log x1,… , log x
M
) , log xn = (log x

M+1,… , log x
M+N )

, log yg = (log y1,… , log yg) , and log zb = (log z1,… , log zb) . 
Compared to the traditional DEA specifications used to model 
piece-wise linear production frontiers, the multiplicative technol-
ogy defined above corresponds to a piece-wise log-linear frontier 
satisfying geometric convexity, closedness, and boundedness [2, 
3]. Thus, the non-parametric exponential by-production technol-
ogy can be defined as follows:

The technology defined in Eq. (4) can be linearized by 
taking the logs of the input and output quantities. The result-
ing piece-wise log-linear technology satisfies geometric con-
vexity that accommodates increasing, constant, and dimin-
ishing marginal products. It is therefore sufficiently flexible 

(2)

TBP = T1 ∩ T2,

T1 =

�
(xm, xn, yg) ∈ RM+N+G

+

�����

∑
k∈K �kx

m
k
≤ xm

k
,∀m;

∑
k∈K �kx

n
k
≤ xn

k
,∀n;∑

k∈K �ky
g

k
≥ y

g

k
,∀g;

∑
k∈K �k = 1, � ≥ 0,∀k

�

T2 =

��
xn, zb

�
∈ RN+B

+

�����

∑
k∈K �kx

n

k
≥ xn

k
,∀n;

∑
k∈K �kz

b
k
≤ zb

k
,∀b;∑

k∈K �k = 1, � ≥ 0,∀k

�
,

,

(3)
TBP =

{(
log xm, log xn, log yg, log zb

)|||
(
xm, xn, yg, zb

)
∈ TBP

}
,

(4)

TBP = T1 ∩ T2,

T1 =

�
(xm, xn, yg) ∈ RM+N+G

+

�����

∏
k∈K xm

k,�k
≤ xm

k
,∀m;

∏
k∈K xn

k,�k
≤ xn

k
,∀n;∏

k∈K y
g

k,�k
≥ y

g

k
,∀g;

∑
k∈K �k = 1;� ≥ 0,∀k

�
;

T2 =

��
xn, zb

�
∈ RN+B

+

�����

∏
k∈K xn

k,�k
≥ xn

k
,∀n;

∏
k∈K zb

k,�k
≤ zb

k
,∀b;∑

k∈K �k = 1, � ≥ 0,∀k

�
.

to satisfy convexity, linearity, and concavity simultaneously 
[3]. Finally, the linearized by-production model is given by:

3.2  The Output‑Oriented Multiplicative DDF

The conventional DDF was proposed by Chambers et al. 
[33] and has since gained popularity in empirical analysis 
due to its ability to fully describe the underlying produc-
tion technology. In this paper, we rely on the output-oriented 
multiplicative DDF that assumes an increase in the desirable 
outputs and a simultaneous reduction in the undesirable ones 
required to map the DMUs onto the frontier of the exponen-
tial by-production technology in a pre-assigned direction. 
This multiplicative DDF can be written as:

where 
(
dy, dz

)
=
(
y
g

k
, zb

k

)
 is the vector defining the direc-

tion in which the frontier is approached, which we set 
equal to the observed values of outputs. The inefficiency 

scores θy and θz approximate respectively the maximum 
feasible increase in the desirable outputs and a simulta-
neous reduction in the undesirable ones. The multiplica-
tive DDF can be estimated using the following linear 
program:

(5)

TBP = T1 ∩ T2,

T1 =

{
(xm, xn, yg) ∈ RM+N+G

+

|||||
∑
k∈K

log xm
k
≤ log xm

k
,∀m;

∑
k∈K

�k log x
n

k
≤ log xn

k
,∀n;

∑
k∈K

�k log y
g

k
≥ log y

g

k
,∀g;

∑
k∈K

�k = 1, � ≥ 0,∀k

}
;

T2 =

{(
xn, zb

)
∈ RN+B

+

|||||
∑
k∈K

�k log x
n

k
≥ log xn

k
,∀n;

∑
k∈K

�k log z
b

k
≤ log zb

k
,∀b;

∑
k∈K

�k = 1, � ≥ 0,∀k}.

(6)
��⃗M
(
x, y, z;0, dy, dz

)
= exp (sup {log 𝜃(log x,

log y + dy log 𝜃y, log z − dz log 𝜃z
)
∈ TBP

})
,
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The inefficiency scores can then be retrieved by means of 
exponentiation and by taking the reciprocal value of the dis-
tance function, i.e.:

3.3  Decomposition of the Exponential LPI

Abad and Ravelojaona [4] have recently demonstrated that 
the output-oriented multiplicative DDF can be used to 
extend the original difference-based productivity indicator 
proposed by Chambers [6] to an exponential technology. 
They argued that the productivity indicator specified in this 
way, referred to as the exponential LPI, can overcome the 
potential problem of undefined values of the indicator that 
can occur when estimating productivity. More specifically, 
the output-oriented exponential LPI measures the produc-
tivity growth between time periods t and t + 1 and can be 
defined as:

This green productivity indicator can be decomposed into 
the efficiency change (EC) and technological progress (TP) 
terms. EC measures the change in the distance to the produc-
tion frontiers over time, i.e. it approximates the observation-
specific improvements in efficiency related to, for example, 
more efficient use of resources due to their reallocation. TP 
assesses the productivity gains attributable to improvements 
in technology among the DMUs defining the best-practice 
frontier, i.e. it measures the frontier shifts occurring over time. 
The components of the exponential LPI are defined as follows:

(7)

log ��⃗Mt

�
x, y, z;0, dy, dz

�
= max

1

2

�
log 𝜃y + log 𝜃z

�
s.t.

∑
k∈K 𝜆k log x

m
kt
≤ xm,∀m,∑

k∈K 𝜆k log x
n
kt
≤ xn,∀n,∑

k∈K 𝜆k log y
g

kt
≥ yg + d

g
y log 𝜃y,∀g,∑

k∈K 𝛿k log x
n
kt
≥ xn,∀n,∑

k∈K 𝛿k log z
b
kt
≤ zb − db

z
log 𝜃z,∀b,∑

k∈K 𝜆k = 1, 𝜆k ≥ 0,∀k,∑
k∈K 𝛿k = 1, 𝛿k ≥ 0,∀k.

(8)EDt

(
x, y, z;0, dy, dz

)
= 1 − 1∕ ��⃗Mt

(
x, y, z;0, dy, dz

)
.

(9)LPIt,t+1 =
1

2

⎡⎢⎢⎣
EDt

�
xt, yt, zt;0, gt

y
, gt

z

�
− EDt

�
xt+1, yt+1, zt+1;0, gt+1

y
, gt+1

z

�

+EDt+1

�
xt, yt, zt;0, gt

y
, gt

z

�
− EDt+1

�
xt+1, yt+1, zt+1;0, gt+1

y
, gt+1

z

�
⎤⎥⎥⎦
.

(10)

LPIt,t+1 = LPIt,t+1 + TPt,t+1,

ECt,t+1 = EDt

�
xt, yt, zt;0, gt

y
, gt

z

�
− EDt+1

�
xt+1, yt+1, zt+1;0, gt+1

y
, gt+1

z

�
,

TPt,t+1 =
1

2

⎡⎢⎢⎣
EDt+1

�
xt, yt, zt;0, gt

y
, gt

z

�
− EDt

�
xt, yt, zt;0, gt

y
, gt

z

�

+EDt+1

�
xt+1, yt+1, zt+1;0, gt+1

y
, gt+1

z

�
− EDt

�
xt+1, yt+1, zt+1;0, gt+1

y
, gt+1

z

�
⎤⎥⎥⎦
.

4  Data and Results

4.1  Data

Our empirical illustration relies on the balanced panel of 
the Chinese industrial sector data representing 30 mainland 
provinces over the period 1999–2016, which we categorized 
into three groups. The first category includes eleven econom-
ically developed eastern provinces, such as Beijing, Tianjin, 
Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shan-
dong, Guangdong, and Hainan. The second category consists 
of the eight inland provinces of Shanxi, Jilin, Heilongjiang, 
Anhui, Jiangxi, Henan, Hubei, and Hunan. Finally, the third 
group comprises the economically underdeveloped regions 
located primarily in China’s west and includes Inner Mongo-
lia, Guangxi, Sichuan, Chongqing, Guizhou, Yunnan, Tibet, 
Shannxi, Gansu, Qinghai, Ningxia, and Xinjiang.

Our application uses annual data for the period 1999–2016 
taken from the China Industrial Economics Statistical Year-
book and China Energy Statistics Yearbook. The technology 
modeled in this study consists of one desirable output, repre-
senting the total output produced by the industrial sector, one 
undesirable output, as well as three inputs, including labor 
force, capital, and energy consumption. Table 1 reports the 
annual growth rates corresponding to these variables with the 
notes to the table providing details on the variable definitions 
and their associated units of measurement.

As shown in Table 1, the Chinese industrial sector has dra-
matically expanded in size during 1999–2016. For example, 

the capital stock and total industrial output grew by about 
19% and 13.7% respectively at the national level annually, 
which far exceed the growth rates of approximately 7.4% in 
the  CO2 emissions, 2.9% in labor force, and 7.3% in the energy 
consumption. At the regional level, the eastern provinces have 
experienced the highest annual growth in labor force (3.2%) 
and energy consumption (7.5%) but the smallest increase in 
capital stock and total output among the three geographical 
regions, suggesting the inland and western provinces may be 
catching up to the more industrialized east. Also, while the 
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eastern regions have experienced the highest growth in energy 
consumption, their corresponding increase in  CO2 emissions 
has been comparable to that of the other two groups. In other 
words, the inland and western provinces might have gener-
ated more  CO2 per unit of energy consumed compared to the 
regions located in China’s east and are therefore more likely 
to be facing relatively serious environmental issues.

4.2  Empirical Results

We first used the linear program specified in (7) and the 
transformation in (8) to calculate the inefficiency scores for 
each geographical category across time and summarized 
them in Fig. 1.1 These scores measure potential gains in 
the industrial output and simultaneous reductions in the 
 CO2 emissions from using resources more efficiently i.e. 

they approximate the possible improvements in both the 
economic and environmental performance of the Chinese 
industrial sector. Looking at the plot, we can see that the 
western and inland regions consistently outperform the 
eastern provinces and that the inefficiency levels are stead-
ily increasing over time across all three economic zones.2 
Also, the western and inland regions report almost identical 
inefficiency estimates, suggesting similarities in the industry 
structure between these zones compared to the relatively 
industrialized East.

In Fig. 2, we plot the components of the green productivity 
indicator defined in (9), which we obtained using the decom-
position given in (10) at the country level. We can see that 
the observed growth in green productivity has been mostly 
driven by technological progress, possibly due to the positive 
effects of the policies targeting technological improvements 

Table 1  Average annual growth 
rates of the input and output 
quantities; 1999–2016

a Total number of employees in the industrial sector; thousands
b Total value of the capital stock; hundreds of millions of 1998 yuan
c Total amount of energy consumed by the industry; tens of thousands of tons of the standard coal heat con-
tent equivalent
d Total value of the output produced by the industrial sector; hundreds of millions of 1998 yuan
e Gross  CO2 emissions; millions of tons

Variable China Eastern region Inland region Western region

Inputs Labor  forcea 2.88% 3.28% 2.58% 2.13%
Capitalb 19.02% 17.10% 22.12% 20.06%
Energy  consumptionc 7.29% 7.51% 6.92% 7.41%

Output Industrial  outputd 13.73% 13.12% 14.77% 14.68%
CO2  emissionse 7.43% 7.27% 7.25% 8.37%

2%

3%

4%

5%

6%

7%

8%

9%

10%

Eastern Inland Western

Fig. 1  Evolution of regional inefficiency scores over 1999–2016

-0.02

0

0.02

0.04

0.06

0.08

0.1

0.12

LPI EC TP

Fig. 2  Green productivity and its decomposition over 1999–2016. 
Note: The green Luenberger productivity indicator and its compo-
nents are cumulative values reported in logarithms

1 All calculations were carried out using the Visual Basic program-
ming language and the Excel Solver add-in. The data can be obtained 
from the corresponding author.

2 The progressive decrease in efficiency we observe appears to be 
consistent with the results reported by Sun et al. [37] and Zhou et al. 
[39].
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implemented by the Chinese government. This result appears 
to be in line with the findings of Li and Lin [34], who dem-
onstrate that green productivity grew between 1998 and 2011 
in China and suggest that improvements in the environmental 
production technology might have contributed to the develop-
ment of the Chinese industrial sector.3

Table 2 describes the annual rates of the green productiv-
ity growth in the Chinese industrial sector at the provincial, 
regional, and country levels. Our results suggest that despite 
an increase in inefficiency of about 0.03% per year, over-
all productivity improved by approximately 0.4% annually 
between 1999 and 2016, driven by technological progress 
occurring at the rate of roughly 0.55% per year. We can 
also see that the productivity gains have not been uniform, 
declining in the provinces of Hainan (− 0.47%), Ningxia 
(− 0.41%), and Gansu (− 0.04%). We believe this could be 
due to a relatively fast development of the energy-intensive 
sectors in these provinces, often accompanied by equally 
rapid growth in the demand for energy, which might have 
undermined the green productivity growth [35]. Except for 
the provinces of Yunnan and Ningxia, environmental effi-
ciency stayed either constant or declined over time, implying 
that most provinces have failed to converge to the bench-
marks defining the best-practice production frontier over 
time. Hence, the growth in the Chinese industrial sector’s 
green productivity appears to have been highly dependent 
on, and indeed exclusively driven by, the technical improve-
ments occurring between 1999 and 2016.4

We next turn to the change in green productivity at the 
regional level, displayed in Fig. 3. The average annual pro-
ductivity growth rate of 0.54% in China’s east led the overall 
gains observed at the country level, while the inland and 
western provinces experienced lower annual growth rates 

Table 2  Average annual growth rates of green productivity over 1999–
2016

The average growth rates over time are approximated using the trend 
line slopes

Region LPI (%) EC (%) TP (%)

Eastern 0.54  − 0.03 0.62
  Beijing 1.11 0.00 0.93
  Tianjin 0.45  − 0.04 0.65
  Hebei 0.62  − 0.02 0.96
  Liaoning 0.72  − 0.02 0.88
  Shanghai 0.80  − 0.05 0.77
  Jiangsu 0.81  − 0.03 0.87
  Zhejiang 0.61  − 0.03 0.66
  Fujian 0.10 0.00 0.36
  Shandong 0.84 0.00 0.74
  Guangdong 0.86 0.00 0.83
  Guangxi 0.00  − 0.07 0.35
  Hainan  − 0.47  − 0.06  − 0.55

Inland 0.46  − 0.04 0.59
  Shanxi 0.58  − 0.07 0.66
  Inner Mongolia 1.04  − 0.09 0.86
  Jilin 0.60  − 0.04 0.80
  Heilongjiang 0.13  − 0.07 0.54
  Anhui 0.30  − 0.02 0.49
  Jiangxi 0.21  − 0.05 0.43
  Henan 0.47  − 0.02 0.66
  Hubei 0.56 0.00 0.47
  Hunan 0.26  − 0.03 0.39

Western 0.17  − 0.02 0.40
  Chongqing 0.04  − 0.05 0.35
  Sichuan 0.37  − 0.04 0.48
  Guizhou 0.10  − 0.01 0.61
  Yunnan 0.02 0.02 0.61
  Shaanxi 0.59  − 0.04 0.53
  Gansu  − 0.04  − 0.08 0.37
  Qinghai 0.32 0.00 0.18
  Ningxia  − 0.41 0.03  − 0.48
  Xinjiang 0.48  − 0.05 0.97

China 0.40  − 0.03 0.55
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0.08

0.1

0.12

Eastern Inland Western

Fig. 3  Regional green productivity growth over 1999–2016. Note: 
The reported estimates are cumulative log values of the green Luen-
berger productivity indicator

3 Zhu et al. [13] report similar results using the example of China’s 
iron and steel industry.

4 Similar conclusions have been reported in the studies of the indi-
vidual sectors of the Chinese economy, including the mining and 
quarrying industry [12], the metal industry [38], and the iron and 
steel industry [13].
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of 0.46% and 0.17%, respectively. Furthermore, while the 
cumulative green productivity shows an increasing trend in 
the eastern and inland regions during the entire period con-
sidered, in China’s west, it first stagnates beginning in 2005 
and subsequently declines during 2011–2015, emphasizing 
the pressing need for improvements in green productivity in 
the country’s relatively underdeveloped areas.

Figure 4 illustrates the average cumulative change in 
environmental efficiency, which appears to have followed a 
similar pattern across the three geographical zones. These 
results are closely related to the inefficiency scores reported 
in Fig. 1 and suggest noticeable declines in environmental 
efficiency beginning in 2003 before its recovery after 2005. 

In general, this component of the LPI appears to fluctu-
ate around zero contributing relatively little to the overall 
change in green productivity.5

Looking next at the regional-level technological change 
component of the LPI shown in Fig. 5, we note robust tech-
nological progress taking place in the eastern and inland 
regions. According to the fourth column of Table 2, annual 
technical improvements in the eastern and inland zone 
averaged to 0.62% and 0.59%, respectively. These prov-
inces have greatly benefited from the national strategies 
aimed at boosting innovation and implementing better 
managerial practices, with particularly the economically 
developed east having ample opportunities to introduce 
relatively advanced technologies. By contrast, the pattern 
of technical change in China’s west does not follow a clear 
trend, experiencing periods of decline after 2005 and then 
again after 2012.

Finally, in Fig. 6, we compare the components of the 
environmental LPI with their purely economic counter-
parts that do not account for pollution. We can see that 
the specification ignoring undesirable outputs consistently 
overestimates productivity growth. Moreover, the original 
model that considers  CO2 emissions during estimation yields 
higher estimates of technological progress, indicating that 
reducing pollution levels can help achieve larger shifts in 
the environmental production frontier over time. Hence, the 
environmental regulation implemented by the government 
agencies represents an important incentive for accelerating 
technical change in China’s industrial sector, while energy 
conservation and lower emission levels can act as critical 
drivers of green productivity [36].
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Fig. 4  Regional efficiency change over 1999–2016. Note: The reported 
estimates are cumulative log values of the change in efficiency
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Fig. 5  Regional technological progress over 1999–2016. Note: The 
reported estimates are cumulative log values of technological pro-
gress
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Fig. 6  Comparison of productivity growth with and without the  CO2 
emissions taken into account. Note: The LPI and its components are 
reported as cumulative log values

5 Li and Lin [34] and Liu et al. [36] reach similar conclusions in their 
studies of green productivity in China.
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4.3  Comparison Between the Exponential 
and Non‑exponential Model

Compared to the conventional piece-wise linear frontiers of 
technology, the exponential technology and its corresponding 
log-linear frontier possesses a different curvature while simul-
taneously mitigating the impact of outliers present in the data. 
In Table 3, we summarize the differences in the estimates of 
inefficiency and productivity change rendered by the differ-
ent models. Looking at the bottom row, we can see that the 
exponential model yields much lower inefficiency estimates 

along with lower productivity growth rates. For example, the 
average inefficiency associated with the exponential specifi-
cation equals approximately 5.6%, while its counterpart cor-
responding to the conventional, linear model is much higher 
at nearly 25%. The exponential technology estimates annual 
productivity growth of 0.4%, compared to more than 2% per 
year for the non-exponential technology, suggesting the results 
are quite sensitive to the assumed shape of the production 
frontier. Generally speaking, the exponential model does not 
extrapolate the data as much as the linear model does, thereby 
reducing the impact of the outlying DMUs. As a result, the 
difference between the inefficiency scores corresponding to 
these models is larger than the difference between their associ-
ated estimates of productivity change.

In Table 4, we provide the summary statistics describ-
ing the evolution in green productivity under the different 
assumptions regarding the technology, which confirm the 
results outlined above. We also report the number of cases 
of divergent directions in the productivity change estimates 
between the two models. For instance, our last period cor-
responds to seven such outcomes and also shows mean pro-
ductivity change values possessing different signs, confirm-
ing that the choice of the mathematical framework for the 
underlying non-parametric production technology may have 
a substantial impact on the productivity growth estimates.

Table 3  Average inefficiency scores and cumulative LPI growth rates 
for the exponential and linear model

Inefficiency and LPI estimates corresponding to the exponential and 
linear model are based on the theoretical frameworks in (5) and (2), 
respectively

Region Exponential technology Linear technology

Inefficiency (%) LPI (%) Inefficiency (%) LPI (%)

Eastern 3.39 0.54 14.14 2.64
Inland 7.03 0.46 29.61 2.12
Western 7.23 0.17 33.78 1.29
China 5.63 0.40 24.67 2.08

Table 4  Productivity change 
over time; exponential versus 
non-exponential models (%)

The # of reversals indicates the number of cases when the direction of the productivity growth does not 
match between the exponential and non-exponential models

Period Exponential model Non-exponential model # of reversals

Mean SD Max Min Mean SD Max Min

99–00 0.22 0.94 2.20  − 1.43 0.76 4.36 11.84 0.22 3/31
00–01 1.02 1.21 6.00  − 0.67 5.33 6.01 25.72 1.02 2/31
01–02 0.31 1.16 2.79  − 2.93 1.94 4.36 12.17 0.31 3/31
02–03 0.50 1.16 2.30  − 3.02 2.60 3.74 9.59 0.50 4/31
03–04 0.65 1.47 2.70  − 3.32 4.17 6.02 12.46 0.65 1/31
04–05 1.55 1.70 8.65  − 0.87 7.35 6.12 33.13 1.55 1/31
05–06 0.67 2.22 3.91  − 8.41 2.77 7.36 16.86 0.67 2/31
06–07 0.10 0.94 1.48  − 2.41 0.97 5.01 11.41 0.10 3/31
07–08 0.34 0.78 1.96  − 0.93 2.81 4.24 11.91 0.34 4/31
08–09 0.39 0.78 1.99  − 2.00 3.72 3.83 14.46 0.39 4/31
09–10  − 0.45 0.87 1.26  − 2.10  − 2.47 5.28 7.95  − 0.45 2/31
10–11 1.13 1.00 4.54  − 1.17 7.89 4.85 28.85 1.13 1/31
11–12 0.49 1.50 2.58  − 6.59 4.89 5.22 16.25 0.49 1/31
12–13 0.18 1.35 1.89  − 5.39 1.36 5.17 14.11 0.18 4/31
13–14  − 0.69 1.19 0.86  − 6.21  − 2.63 4.59 3.83  − 0.69 1/31
14–15 0.15 1.33 1.18  − 6.39 0.46 4.44 5.38 0.15 5/31
15–16 0.21 1.32 6.04  − 1.68  − 0.99 5.59 13.82 0.21 7/31
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5  Conclusions and Policy Implications

This paper introduces an exponential environmental Luen-
berger productivity indicator (LPI) based on the output-
oriented exponential by-production technology. The pro-
posed indicator is exhaustively decomposable; it can thus be 
used to analyze the dynamics of green productivity growth 
across regions and time. It incorporates the most recent 
developments in the modeling of the so-called polluting 
technologies and therefore allows for a robust analysis of 
green productivity.

Annual data on China’s industrial sector covering 1999–2016 
were used to calculate and decompose the exponential LPI using 
non-parametric estimation techniques. Our results suggest that 
the sector’s green productivity grew by about 0.4% annually, 
accompanied by technological progress occurring at the mean 
annual rate of 0.55% and a simultaneous decrease in the average 
efficiency levels of around -0.03% per year. Improvements in 
green productivity follow a steady trend before slowing down 
during the later years included in our study.

At the regional level, the industrially developed east-
ern provinces show the largest gains in green productivity 
compared to the inland and western regions, with provinces 
located in China’s west experiencing productivity declines 
after 2006. While the efficiency performance has been 
relatively lackluster, technological progress proved to be a 
robust contributor to the growth in green productivity par-
ticularly in the eastern and inland regions, establishing tech-
nological innovation as the most important factor driving 
industrial productivity in China. We also demonstrate that 
the traditional production models that ignore undesirable 
outputs can overestimate the growth in productivity, while 
underestimating technological progress.

In its continued pursuit of ever bigger industrial produc-
tivity growth, China has been experimenting with its eco-
nomic policies for decades, targeting technological progress 
via substantial investments in new equipment while attempt-
ing to improve efficiency by implementing market reforms. 
Given the relative importance of technical change revealed 
by our results, we believe it is necessary to continuously pro-
mote technological innovations to boost green productivity 
in the industrial sector. We think this can be achieved by fur-
ther pursuing the transition towards more environmentally 
friendly production methods while simultaneously phasing 
out any remaining outdated production capacity.

Due to their relatively large labor force, substantial capital 
intensity, and high output levels, the eastern provinces offer 
particularly suitable opportunities for promoting growth in 
the green industrial productivity. At the same time, produc-
tivity in China’s west lags behind the country-level trends 
due to its underdeveloped industrial infrastructure and 

relatively scarce capital, suggesting the western provinces 
should continue promoting technological improvements so 
as to reduce the gap with the more industrialized east. This 
can be achieved by accelerating the shift away from relying 
on higher input quantities towards targeting environmental 
performance, with increased investments in the green tech-
nology that can help promote balanced growth. While the 
government should help cut pollution levels by designing 
effective emission reduction strategies such as investment 
in specialized equipment, the relatively developed regions 
should take full advantage of their position to accelerate 
investment in green production technologies and spread 
them to other regions.

Despite ample evidence of the importance of techno-
logical progress in securing growth in green industrial pro-
ductivity, the evolution in efficiency appears to have played 
a rather mitigated role. Given the considerable room for 
improvement in the energy efficiency in China, we believe 
the government should promote investment in the energy-
saving technologies. Leveraging the endowment advan-
tages of western regions, the government should encour-
age the use of clean energy, such as hydraulic power, wind 
power, solar energy, and other environmentally sustainable 
forms of energy.

As far as future research using the exponential by-production 
technology framework is concerned, possible extensions may 
include empirical applications that rely on disaggregated data 
or using methods other than data envelopment analysis to assess 
green productivity. Since our proposed indicator is determinis-
tic in nature, future studies could also concentrate on defining 
robust measures of efficiency and productivity growth using 
partial frontiers and resampling, or directly incorporating sta-
tistical noise by estimating the productivity growth components 
using econometric techniques. Finally, although the sample 
used for the empirical illustration does not extend beyond 2016, 
the trends in the environmental industrial productivity growth 
we identified appear to be rather stable, reducing the likelihood 
of any substantial short- or medium-run shocks. However, it 
could be interesting to estimate the change in efficiency and 
productivity using more recent data to see if these trends might 
have changed more recently, as well as assess the impact of 
the coronavirus pandemic on the performance of the Chinese 
industrial sector.
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