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Abstract
The rapid development of China’s logistics industry is accompanied by the deterioration of the
ecological environment and excessive energy consumption. Therefore, how to effectively measure and
improve the green total factor productivity (GTFP) of the logistics industry is an important guarantee
for achieving the coordination of the logistics industry development and the ecological environment
protection in the high-quality development stage. This study evaluated the logistics industry’s GTFP
of 30 provinces in China from 2004 to 2017 using the Epsilon-based measure model (EBM) and global
Malmquist-Luenberger index (GML). Then, this paper applied the geographically and temporally
weighted regression (GTWR) to analyze the spatiotemporal non-stationarity of influences of driving
factors on GTFP. There are three main conclusions drawn in this paper. Firstly, the GTFP of the
logistics industry has significant spatial and temporal differences. From a temporal perspective, the
GTFP has undergone a process of alternating changes in ascent and descent. From a spatial perspective,
the GTFP has an obvious “east-central-west” gradient decreasing trend. Secondly, compared with the
ordinary least squares (OLS) and the geographically weighted regression (GWR), GTWR performs best
in terms of goodness of fit. Thirdly, the regression results of GTWR indicate that the influences of
factors have different directions and intensities on GTFP in the logistics industry at different times
and regions, showing obvious characteristics of spatiotemporal non-stationarity. Finally, some practical
recommendations are put forward in this paper.
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spatiotemporal non-stationarity, geographically and temporally weighted regression
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Introduction

In recent years, the logistics industry, which
integrates
transportation,
warehousing,
freight
forwarding and information industry, is regarded as
the basic and strategic industry to support the social
and economic development and is called “the third
profit source” [1]. Although the logistics industry
belongs to the service industry, it has become one of the
major industries in energy consumption. In China, the
quantity of more than 90% of gasoline and more than
60% of diesel are consumed by the logistics industry.
Thus, the traditional extensive growth mode with such
high investment, high pollution and low efficiency
makes the logistics industry face severe resource
and environmental constraints. At present, the scale
of logistics is expanding rapidly, while the demand
for logistics has increased dramatically in China.
Therefore, how to continue to improve the quality of the
logistics industry while reducing energy consumption
and carbon dioxide emissions is an urgent issue to
be considered. On the whole, in order to realize the
sustainable development of the logistics industry, it is
necessary to change from extensive growth driven by
resource input to intensive growth driven by total factor
productivity (TFP).
According to whether the production function needs
to be set, there are two main methods to calculate
TFP: parametric method and nonparametric method.
Because parametric methods require strict assumptions,
the data envelopment analysis (DEA) first proposed by
Charnes et al. in 1978, was quickly recognized by the
international academia and applied in a diverse array
of fields [2]. For instance, Markovits and Bokor [3]
adopted a novel DEA-PC (pairwise comparison) method
to evaluate the logistics efficiency of 29 European
countries. Zhang et al. [4] used the DEA-Malmquist
index to measure the TFP of agricultural product
logistics, and decomposed TFP into pure technical
efficiency and scale efficiency. Wang et al. [5] applied a
model combining DEA and Shephard distance function,
namely production-theoretical decomposition analysis
(PDA), to explore the influencing factors of industrial
carbon emission intensity changes. In recent years,
with the increasingly important role of environmental
issues in sustainable development, when applying the
TFP to evaluate the efficiency of economic growth, we
must consider not only traditional inputs such as capital
and labor, but also the effects of resource consumption
and environmental pollution on economic growth [6,7].
Otherwise, it may overestimate the true performance
of economic growth [8]. Therefore, Chambers et al.
[9] and Chung et al. [19] constructed the Directional
Distance Function (DDF), added carbon emissions
as the undesired outputs of the production process to
the TFP framework, and reasonably evaluating the
restrictive role of environmental factors. TFP that
considers undesired outputs is called green total factor
productivity (GTFP). That means, it can better reflect

the essence of energy-saving and emission-reduction
[11].
Meanwhile, existing studies have explored the
driving factors of GTFP. For instance, Shen et al. [12]
constructed a panel model to analyze different types
of environmental regulations on GTFP in China.
Furthermore, the green spillover effect of foreign
direct investment (FDI) on GTFP is a concern for host
countries. Simpson [13] and Herrigel [14] focused on the
impacts of FDI on GTFP in developed countries while
Hu et al. [15] and Zhou et al. [16] focused on that of in
developing countries. Additionally, Cui et al. [17] used
a systematic generalized moment method to evaluate
the growth trend of GTFP in 36 industrial sectors in
China and explore the factors that influencing GTFP.
Rahman and Salim [18] analyzed 6 main influencing
factors of agricultural GTFP in Bangladesh. Moreover,
fiscal decentralization, international policies and fiscal
development are also major factors affecting GTFP
[19-21]. However, there is still a lack of research on the
driving factors of GTFP in the logistics industry. Liu et
al. [1] examined the influence of tax reform on energy
efficiency in the logistics industry. Besides, Yang et al.
[22] adopted DEA-Malmquist to analyze the carbon
emission efficiency of logistics in 16 cities in Yunnan,
and used Tobit to capture the driving factors of the
carbon emissions performance in logistics. Moreover,
Yang et al. [23] adopted the slacks-based measure
(SBM) model and the global Malmquist-Luenberger
index (GML) to analyze the total factor energy
efficiency of the logistics industry along the Yangtze
River Economic Zone from 2004 to 2013.
Although there have been studies on issues related to
the logistics industry, there still exist some deficiencies
in the existing researches. First, the calculation of
TFP in the logistics industry is defective. Although
some researches have considered carbon emissions as
an undesirable output when measuring the TFP, the
methods are either radial or non-radial, and the technical
reference set is not global. This makes the above models
have some defects. Therefore, this paper used the panel
data of the logistics industry in 30 provinces in China
from 2004 to 2017, added carbon emissions into the
measurement system as an undesirable output, then
adopted the Epsilon-based measure model (EBM) and
the global Malmquist-Luenberger index (GML) to
measure GTFP. Second, the mechanism for changes in
GTFP of the logistics industry is complicated. Thus, the
magnitude and direction of the influences of factors on
GTFP in the logistics industry may be different over
time. In identifying the influence direction and intensity
of the driving factors in different provinces, the
constant coefficient spatial measurement model cannot
meet the research requirements. The geographically and
temporally weighted regression (GTWR) was used to
analyze the influences of the driving factors on GTFP
of the logistics industry.
The rest of this paper is organized as follows.
Section 2 introduces three adopted models in this
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paper, namely the EBM, the GML and the GTWR,
respectively. Section 3 presents the spatial and temporal
distribution characteristics of GTFP in the logistics
industry in China. Section 4 uses the GTWR model to
empirically analyze the driving mechanism of GTFP in
the logistics industry. Section 5 summarizes the study
and makes recommendations.

the specific input i, the specific desirable output r and
the specific undesirable output p of the specific decision
making unit k, respectively. Moreover, si–, sr+ and spb+
denote the slacks of the specific input i, the specific
desirable output r and the specific undesirable output
p, respectively. Additionally, wi–, wr+ and wpb+ represent
the relative weights of the specific input i, the specific
desirable output r and the specific undesirable output

p, respectively, and satisfy ∑ wi = 1(wi ≥ 0). xij, yrj, and
i =1
bij, denote the quantity of inputs, desirable outputs and
undesirable outputs.
m

Methods
Epsilon-Based Measure (EBM)
The traditional radial distance function requires
the inputs and outputs to be adjusted in the same
proportion, which is contrary to the real economy.
Similarly, although the SBM model circumvents the
assumption that the inputs and outputs are reduced
in the same proportion, it loses the proportional
information between the target value and the actual
value of the inputs and outputs [24]. Accordingly,
Tone and Tsutsui [25] constructed a nonoriented EBM
model combining radial and non-radial characteristics.
Meanwhile, considering the undesirable output, this
study further constructs an EBM model which includes
the undesirable output [26] as follows:

−

−

Global Malmquist-Luenberger (GML)
Oh [28] proposed the GML index based on global
production technology. The combination of the EBM
model with the GML index is adopted to calculate the
GTFP of the logistics industry. Therefore, the expression
formulae of the GML index are as follows:

(7)
...where g = (–x, y, –b), and it represents that under
the given technical conditions, the desirable output y
increases proportionally while the undesirable output b
and input x shrink proportionally. Besides, β represents
the maximum possible value of increase and decrease.

(1)
(8)
(2)

(3)

(4)

wi− =

wi

GMLtt+1 = GTECH tt +1 × GEFFCH tt +1

m

∑w
i =1

i

(9)

(5)

−

λ j ≥ 0, si− ≥ 0, sr+ ≥ 0, s bp ≥ 0,θ ≤ 1, ϕ ≤ 1

...where GMLtt+1 denotes the ratio of the region’s TFP for
the year to the previous year. A GMLtt+1 greater (or less)
than 1 indicates a growth (or decrease) in TFP during
the period from t to t+1. It should be noted that GMLtt+1
can be decomposed into the global technology progress
change index GTECHtt+1 and the global technology
efficiency change index GEFFCHtt+1. The formula for
formal decomposition is as follows:

(6)

...where τ* denotes the efficiency value considering
the undesirable output under the variable returns to
scale (VRS) [27]; λ represents the linear combination
coefficient of decision units; θ is the efficiency value
calculated by radial model, while ε denotes the
importance of the non-radial part when calculating the
efficiency value. In addition, xik , yrk and bpk represent

(10)

(11)
...where GTECHtt+1 greater (or less) than 1 reflects
technological progress (or regression), while that of
GEFFCHtt+1 reflects technical efficiency improvement
(or decline).
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Geographically and Temporally Weighted
Regression (GTWR)

Traditional statistical models cannot reflect the
spatial heterogeneity between regions. Thus, the
geographically weighted regression (GWR), as a local
variable coefficient model that can identify spatial nonstationarity, was proposed in the 1990s and widely
used in different fields [29]. However, the GWR model
cannot observe changes at different points in time.
Therefore, Huang et al. [30] and Fotheringham et al.
[31] proposed a spatiotemporal variable coefficient
model, namely GTWR, and proved that this method is
superior to GRW and traditional spatial econometric
models. Specifically, GTWR estimates each parameter
at different points in time. Compared with GWR, it has
higher estimation efficiency and model superiority [32,
33]. The general equation of the GTWR model is as
follows:

(12)
...where yi denotes the dependent variable in the specific
region i. Additionally, xik denotes the observations of
the dependent variable k in the specific region i. (ui, vi,
ti) refers to the space-time coordinate location of the
specific region i. Furthermore, β0(ui, vi, ti) and βk (ui,
vi, ti) denote the intercept term and the regression
coefficients of the dependent variable k in the specific
region i. εi represents the residual. In the GTWR model,
the regression coefficient of the independent variable k
at the specific region i is estimated by the least square
method. The spatial weight function commonly used in
the GTWR model is Gaussian function.
(13)
(14)
(15)
...where dij denotes the space-time distance between the
i sample point and the j sample point. ŷi stands for fitting
value. h denotes broadband. CV is Cross-Validation.

Materials
Data Sources
Currently, the Chinese National Economy Industry
Classification and Codes compiled and released by the
National Bureau of Standards of China does not specify
the logistics industry, but only the transportation,
warehousing, and postal industries. According to

the data of China Logistics Yearbook, the outputs
of transportation, warehousing, and postal industry
accounts for more than 85% of the total outputs of
the logistics industry. Therefore, the above indicator
can basically reflect the development of the logistics
industry. This paper selects 30 provinces but except
Hong Kong, Macao, Taiwan, and Tibet in China as
the study area, and the research time is from 2004 to
2017. In addition, the data comes from China Statistical
Yearbook, China Energy Statistical Yearbook, China
Tertiary Industry Statistical Yearbook. Furthermore,
in the case of missing data, it is supplemented by the
statistical yearbooks of each province.

Variables Selection
Input Variables
The actual capital stock (ACS) of the logistics
industry in each province from 2004 to 2017 calculated
based on the perpetual inventory approach was used
as the proxy indicator of the capital stock. The capital
stock can be calculated as follows:
(16)
...where Ii,t denotes the investment in the fixed assets of
logistics industry in the specific area i in the specific
year t. Additionally, Pi represents the deflator for
fixed asset investment while δ is the depreciation rate.
Regarding the selection of the depreciation rate, Liu et
al. [1] selected 10.96%, and Tang et al. [34] calculated
it once a year. Considering the characteristics of the
logistics industry, this paper directly adopts Wu’s
research results, that is, the depreciation rate is 4%
[35].
1
Thus, the base period capital stock Ki,t is equal to ∫ –∞ Ii,tdt
[36]. Besides, the labor force (LF) is measured by
the number of employees in the logistics industry.
Furthermore, the energy consumption (EC) is obtained
by converting the 8 types of energy which are consumed
most by logistics industry into standard coal. The above
8 types are raw coal, coke, crude oil, gasoline, kerosene,
diesel, fuel oil and natural gas.
Output Variables
The added value (ADV) of the logistics industry is
applied to measure the desirable output. In addition,
taking 2004 as the base period, the added value of the
tertiary industry is adopted to deflate the added value
of the logistics industry. Furthermore, carbon emissions
(CS) are adopted as an undesirable output. Specifically,
based on the energy consumption, carbon emissions
of the logistics industry by province are measured.
Overall, this paper uses the following formula released
in the 2006 IPCC Guidelines for National Greenhouse
Gas Inventories (2006 IPCC Guidelines) to measure
carbon emissions:
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(17)
...where Ei denotes the energy consumption of the
specific energy i. NCVi enotes the average low calorific
value cited from China Energy Statistical Yearbook
while CEFi eans the carbon emission coefficient
provided by IPCC. COFi represents the carbon oxidation
factor, and the default value applied by IPCC is 1. The
emission coefficients adopted in this paper to measure
carbon emissions can be listed in Table 1.
Driving Factors
Human resources (HR) are more important
determinants of economic growth than physical capital
[37, 38]. Because education is a major predictor of the
accumulation of human capital [39], this paper uses
the number of students being educated as a measure of
human resources. The number of students is equal to
the proportion of middle-school students and college
students in the total regional population.
Besides, although the influence of R&D investment
in GTFP is unclear [40, 41], it is an important indicator
of the level of science and technology investment in
a region. Therefore, this paper adopts the intensity of
R&D investment (RD) as one of the driving factors. The
intensity of R&D investment is equal to the proportion
of research and experimental development expenditure
in the regional GDP.
Industrial agglomeration (IA) is also one of the
driving factors. Specifically, the spatial agglomeration
of economic activities is conducive to sharing
transportation
infrastructure,
reducing
carbon
emissions, and promoting the growth of GTFP.
However, when the scale of the agglomeration continues
to expand, the enterprises in the agglomeration area will
face constraints on environmental carrying capacity
and rising prices of factors of production, which will
produce a congestion effect. Moreover, there may also
be an inverted “U” relationship between industrial
agglomeration and GTFP [42]. The location entropy of
the logistics industry is applied to measure the level of
logistics industry agglomeration.

In addition, through FDI, excellent talents and
advanced technologies can be introduced into the local
logistics industry. However, the continuous inflow
of FDI may also exacerbate pollutant emissions [43].
Therefore, this paper applies the proportion of FDI in
each province to GDP (FDI) to examine the influence
of FDI on the logistics industry’s GTFP. Moreover,
informatization has penetrated into every node of the
logistics industry such as transportation, warehousing,
loading and unloading, handling, and packaging,
making the various nodes of logistics better connected
and configured.
Informatization has improved the service quality
and production efficiency of the logistics industry by
reducing costs and increasing revenues [44,45]. Thus,
the total volume of postal and telecommunication
services is applied to measure the informatization level
(INF).
Transportation is the main source of carbon
emissions from the logistics industry. That is to say,
the government’s adjustment and optimization of the
transportation structure can simultaneously reduce
carbon emissions, transportation costs and improve
logistics efficiency. Meanwhile, highway transportation
accounts for a majority of carbon emissions from the
transport sector in China [46]. Thus, the proportion of
highway cargo turnover to total cargo turnover is used
in this paper to measure the transportation structure
(TS). Descriptive statistics of all variables can be seen
in Table 2.

Results and Discussion
Measurement of GTFP in the Logistics
Industry
Based on the input-output data of various regions
from 2004 to 2017, this paper uses MAX DEA Pro6.4
software to calculate the GML index based on the EBM
model. The evolution of the GML index over time is
shown in Fig. 1. In terms of time, the average value of
GML in China’s logistics industry from 2004 to 2017
indicated a process of alternating changes in ascent

Table 1. Coefficient of Carbon Emissions in Logistics Industry.
Energies

Average low calorific
value

IPCC (2006)
carbon emission coefficient

Carbon oxidation
factor

Standard coal
conversion coefficient

Coal

20908 kJ/kg

25.8 kgC/GJ

1

0.7143 kgC/kgce

Coke

28435 kJ/kg

29.2 kgC/GJ

1

0.9714 kgC/kgce

Crude

41816 kJ/kg

20.0 kgC/GJ

1

1.4286 kgC/kgce

Gasoline

43070 kJ/kg

18.9 kgC/GJ

1

1.4714 kgC/kgce

Kerosene

43070 kJ/kg

19.6 kgC/GJ

1

1.4714 kgC/kgce

Diesel

42652 kJ/kg

20.2 kgC/GJ

1

1.4517 kgC/kgce

Fuel oil

41816 kJ/kg

21.1 kgC/GJ

1

1.4286 kgC/kgce

Natural gas

38931 kJ/m3

15.3 kgC/GJ

1

1.3300 kgC/kgce
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Table 2. Descriptive statistics of all selected variables.
Variable
category

Variables

Unit

Min

Max

Mean

Std. D

Data Sources

ACS

100 million USD

17.53

2376.77

550.93

441.22

Provincial Statistical Yearbook

LF

104 persons

2.67

85.40

22.77

14.27

China Tertiary Industry Statistical
Yearbook

EC

104 tons of SCE

8.84

3180.14

836.04

580.62

China Energy Statistical Yearbook

Desirable output

ADV

100 million USD

3.62

530.37

116.20

101.69

China Statistical Yearbook

Undesirable
output

CS

104 tons

6.02

1847.16

489.12

338.68

China Energy Statistical Yearbook

HR

%

0.5539

1.1269

0.8154

0.1079

Provincial Statistical Yearbook

RD

%

0.0017

0.0601

0.0139

0.0105

Provincial Statistical Yearbook

IA

%

0.5429

1.8402

1.0329

0.2608

Provincial Statistical Yearbook

FDI

%

0.0004

0.0819

0.0249

0.0185

China Statistical Yearbook

INF

100 million USD

3.1582

904.3494

104.03

106.1988

China Statistical Yearbook

TS

%

0.0053

0.8140

0.3567

0.2081

China Statistical Yearbook

Input variables

Driving factors

and descent. Specifically, it can be roughly divided
into four stages. The first stage is from 2004 to 2008.
At this stage, GTFP in the logistics industry shows a
continuous upward trend, and GEFFCH is less than 1,
that is, the improvement of GTECH is the main driving
force for the development of GTFP. This is mainly
because in the early stage of the development of China’s
logistics industry, more comprehensive reform measures
were introduced, which promoted the spread of new
logistics ideas and concepts and drove the progress
of logistics technology. However, the GTFP level of
the logistics industry was relatively low during this
period, indicating that the logistics industry is still in an
extensive development state. The second stage is from
2008 to 2009. The minimum values of the GML index
and GEFFCH index both appear in this stage, which
may be affected by the 2008 international economic and

Fig. 1. Time trend of GML and the decomposition indexes from
2004 to 2017.

financial crisis. The third stage is from 2010 to 2014.
Although GTFP in this stage of the logistics industry
has not maintained a continuous upward trend, the
GTFP value is greater than 1 except 2013. This is the
result of the GTECH index and the GEFFCH index
alternating greater than 1. One possible explanation is
that as the global economy picks up, the domestic and
foreign markets are getting better, and the logistics
growth momentum is strong, so logistics technology
progress and technical efficiency have been rapidly
developed. The fourth stage is from 2015 to 2016. At
this stage, environmental problems caused by the rapid
development of the logistics industry are gradually
emerging. When each department of the logistics
industry is required to increase the expected output as
much as possible, it may often lead to an increase in
pollution emissions. Therefore, the GTFP of the logistics
industry was less than 1 in 2015 and 2016. In contrast,
in 2017, the logistics industry GTFP showed a slight
rebound, reaching 1.0473, which may be the result of
China’s environmental control measures. Furthermore,
the GTECH index and the GML index have a higher
degree of curve fitting, which is consistent with the
research conclusion conducted by Liu et al. [1]. That
means, the logistics industry still needs to increase
investments of new energy, rely on talent advantages
and strengthen technological innovation. Meanwhile,
we must also continue to focus on the innovation of
the management model and increase the contribution of
green technology efficiency to GTFP growth.
From the spatial perspective, as shown in Fig. 2,
there exist obvious differences between provinces in the
average of GML index, GTECH index and GEFFCH
index. As can be seen in Fig. 2a), the provinces with a
higher average of GML index in the logistics industry
are mainly distributed in the east, while that of with a
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lower average of GML index are mainly in the central
and western regions, such as Yunnan, Heilongjiang,
and Qinghai. Additionally, as can be seen in Fig. 2b),
the provinces with a higher average of GTECH index
are mainly distributed in the east and central areas,
such as Zhejiang, Guangdong, and Jiangxi, while that of
with a lower average are mainly distributed in the west.
Moreover, as shown in Fig. 2c), the provinces with a
higher average of GEFFCH index are mainly distributed
in Jiangsu, Liaoning, Shanxi and Henan, while that of
with a lower average are mainly distributed in Yunnan,
Jilin, and Heilongjiang. One possible explanation is that
compared to the central and western regions, the eastern
region opened earlier and its economy was much more
developed, which improved the logistics infrastructure.
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Meanwhile, the eastern area has gathered a large number
of powerful scientific research institutions, universities
and enterprises, making the region’s innovation capacity
and technological level significantly higher than the rest
regions. The backward economic development, weak
infrastructure, underdeveloped transportation, and lack
of talents in the central and western regions have led to
a small logistics demand and a small logistics market.

Results Calculated by GTWR
Model Comparison
In order to further verify the spatiotemporal nonstationarity of the growth mechanism of GTFP in

Fig. 2. Spatial distribution of average GML index of logistics industry and its decomposition trend from 2004 to 2017.
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Table 3. The comparison of the coefficient results calculated by OLS, GWR and GTWR.
Variables

OLS

GWR

GTWR

Coef.

p

Min

Max

Mean

Min

Max

Mean

Intercept

0.2989

0.1935

-0.9892

1.9130

0.0048

-2.5665

2.3728

0.0137

HR

0.1318

0.2574

-0.8123

1.8545

0.1312

-2.5835

2.8080

0.2688

RD

0.0875

0.0053

-0.2024

0.3399

0.0322

-0.3869

0.6675

0.0282

IA

-0.1376

0.0481

-0.6283

0.5379

-0.0741

-2.7188

1.0405

-0.0053

FDI

0.0441

0.0103

-0.0707

0.2354

0.0656

-0.1169

0.4853

0.0935

INF

0.0373

0.0962

-0.2506

0.2210

0.0580

-0.3933

0.5240

0.0862

TS

-0.0199

0.2771

-0.4177

0.6771

-0.0167

-0.7092

0.9629

-0.0178

R2

0.1337

0.6734

0.7927

F

10.6234

141.9239

263.2136

SSR

36.4351

13.7687

8.7417

AIC

179.125

-127.446

-193.558

China’s logistics industry, this paper first constructs
the ordinary least square (OLS), GWR, and GTWR
models, then compares the results of the above three
regression models. As shown in Table 3, the estimation
results of explanatory variables calculated based on
OLS are between the minimum and maximum values
of the corresponding variables estimated based on
GTWR. Additionally, the values of R-square and F
value of GTWR are larger than that of GWR and OLS,
while the sum of squared residuals (SSR) of GTWR is
smaller than that of GWR and OLS. Furthermore, as a
measure of the goodness of fit of a model, the smaller
the Akaike information criterion (AIC) value, the
higher the accuracy of the model [47]. As can be seen in
Table 3, GTWR has the smallest AIC value among the
above three selected models. Specifically, the difference
between the AIC value of GTWR and that of GWR and
OLS is over 3, indicating that the former estimates is
superior to the estimates of GWR and OLS [48].
The Time Evolution of the Influences
of Factors on GTFP
In order to accurately analyze the time evolution
of the influences of various factors on the logistics
industry’s GTFP, box charts are adopted in this paper
to indicate the time evolution trend of the regression
coefficients of each influencing factor, as shown in
Fig. 3. Human resources have a great positive influence
on GTFP in the logistics industry. That is, driven by the
“develop the country through science and education”
and “reinvigorating China through human resource
development” strategies, recently, the quality and skills
of the labor forces in logistics industry continue to be
improved, which is conducive to the improvement of
green technology efficiency and technological progress.
Besides, except in 2015, R&D investment has positively

promoted GTFP in the logistics industry. That is, the
increase in R&D investment provides funding for
the research and promotion of green technologies.
Moreover, the annual average values of the regression
coefficients of industrial agglomeration are between
-2.7188 and 1.0405. Specifically, the regression
coefficients from 2004 to 2010 are all positive values,
indicating that industrial agglomeration played a
positive role in the logistics industry’s GTFP during
this period. Since 2010, the regression coefficients
of industrial agglomeration are all negative and keep
decreasing, indicating that the scale of the logistics
industry agglomeration during this period was too
large, and the congestion effect exceeded the scale
effect, which was not conducive to the improvement of
logistics industry’s GTFP.
From 2004 to 2017, the regression coefficients of FDI
were all positive. Specifically, from 2004 to 2010, the
promotion influences of FDI on GTFP in the logistics
industry continued to increase, and the average value
of the regression coefficients reached a maximum of
0.1178 in 2010. However, from 2011 to 2017, the
promotion influences of FDI on GTFP in the logistics
industry gradually weakened. Thus, since the 21st
century, China has been actively attracting foreign
capital. That means FDI can both directly promote
economic growth through capital investment and
indirectly increase green productivity through
technology spillovers. Besides, the average value of the
regression coefficients of INF from 2004 to 2017 has
been increasing. It also indicates that since 2008, the
influences of the level of informatization on the logistics
industry’s GTFP has changed from a negative effect
to a positive effect. During the research period, the
informatization level of the logistics industry rose from
38.9177 to 183.4499. The increase in the informatization
level can reduce the carbon emissions of the logistics
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Fig. 3. Time evolution trend of GTWR regression coefficients from 2004 to 2017.

industry, optimize resource allocation, promote the
diffusion of green technologies, and then promote the
increase of GTFP of the logistics industry. Moreover,
from 2004 to 2017, the average values of the regression
coefficients of the transportation structure fluctuated
greatly. Among them, the mean values of the regression
coefficient of transport structure from 2004 to 2012 are
greater than 0, while those from 2013 to 2017 are less
than 0. One possible explanation is that the proportion
of the highway cargo turnover to the total cargo
turnover increased from 0.2048 to 0.4515 during the
sample period, that is, the highway has undertaken the
long-distance transportation of bulk cargoes that should
have been undertaken by railways and waterways. This
result leads to an increase in gasoline consumption
and ecological destruction, which is not conducive to
energy conservation and emission reduction and the
improvement of GTFP in the logistics industry, and this

is also illustrated in the conclusion drawn by Peng et al.
[49].
The Spatial Evolution of the Influences
of Factors on GTFP
In order to more intuitively describe the
spatiotemporal heterogeneity of the influences of factors
on the logistics industry’s GTFP, this paper applies
spatial visualization to explore the spatial heterogeneity
of the regression coefficients of driving factors, as
shown in Fig. 4. As shown in Fig. 4a), the regression
coefficients of HR present a decreasing gradient of
“east-central-west”. One possible explanation is that the
eastern coastal regions rely on their strong economic
strength and broad development space, which has led
to a large number of logistics talents gathering in the
coastal regions, giving full play to the “human capital
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Fig. 4. Spatial distribution of average regression coefficients of driving factors from 2004 to 2017.
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Spatial-Temporal Distribution Characteristics...
dividend”. In contrast, the economic development of
the central and western regions is relatively backward
and cannot create a good environment for talent
development, so it lacks regional appeal. As can be
seen in Fig. 4b), the regression coefficients of RD in the
eastern coastal regions are relatively high, while those
of in the southern and northern regions are relatively
low. In some regions, the coefficients are negative,
which leads to the phenomenon of “innovation paradox”
[50]. The possible explanation is that the intensity of
R&D investment has a threshold effect on GTFP in the
logistics industry. When the threshold is crossed, the
impact of R&D investment on the logistics industry’s
GTFP changes from negative to positive. Moreover,
as can be seen in Fig. 4c), The agglomeration of the
logistics industry in Beijing, Jiangsu and Zhejiang has
exerted a negative inhibitory effect on the logistics
industry’s GTFP. This indicates that with the continuous
expansion of the industrial agglomeration scale, the
congestion effect exceeds the scale effect, which is not
conducive to the improvement of the logistics industry’s
GTFP. In contrast, the agglomeration of the logistics
industry in Hebei, Hunan, Guangdong and Tianjin has
a positive impact on GTFP of the logistics industry,
which shows that the agglomeration of the logistics
industry in these areas has played a scale effect, which
can optimize the allocation of resources and reduce the
logistics operation costs of enterprises.
In addition, as shown in Fig. 4d), except Ningxia
and Xinjiang, FDI in other provinces in China has
promoted the improvement of GTFP in the logistics
industry. The level of openness has a greater influence
on the logistics industry in the eastern region and a
smaller influence on the western region, indicating
that there is an uneven phenomenon in attracting FDI
among Chinese provinces. That is, compared to the
inland areas, the eastern region is the earliest region
for reform and opening up in China. Thus, the total
amount of FDI and the quality of investment in these
regions have continued to improve, which in turn has
provided various necessary supports for the green
development of the logistics industry. Furthermore, as
can be seen in Fig. 4e), the regression coefficient of
INF is characterized by “high in central and eastern
regions and low in western regions”. That is, the
informatization infrastructure in the western region is
not completed, and the relevant application systems and
environment have yet to be optimized. As a result, the
contribution of the informatization level to the GTFP of
the logistics industry is low. In contrast, in the eastern
and central regions, the improvement of INF can meet
the development needs of the logistics industry, thus
its contribution to the GTFP of the logistics industry is
relatively high. Additionally, as shown in Fig. 4f), the
regression coefficient of the transportation structure
is characterized by “high in coastal areas and low
in inland areas”. Inland areas of China are far from
ports, and water transport is restricted. Meanwhile,
inland areas have a sparse railway network with few
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lines and inconvenient rail transportation. Therefore,
the transportation of goods in inland areas mainly
depends on roads, which is neither economical nor
environmentally friendly.

Conclusions and Policy Implications
Conclusions
Based on data from 30 provinces in China from
2004 to 2017, this paper applies the EBM model
and GML index to measure the green total factor
productivity of the logistics industry, then adopts the
geographically and temporally weighted regression to
empirically analyze the influences of human resources,
R&D investment intensity, the industrial agglomeration,
the foreign direct investment, the informatization level
and transportation structure on the green total factor
productivity of the logistics industry. The conclusions
put forward are as follows: (1) The GTFP of China’s
logistics industry shows significant spatial and temporal
differences. Specifically, GTFP of logistics industry
indicates a process of alternating changes in ascent
and descent, and a “step-like” distribution pattern of
high east and low west. (2) GTWR is superior to OLS
and GWR. Because compared to OLS and GWR,
GTWR has the highest R-square and F value, the
lowest AIC value and the sum of squared residuals.
(3) The results of GTWR shows that the influences of
driving factors on GFTP of the logistics industry have
different directions and degrees, showing significant
spatiotemporal heterogeneity.

Policy Implications
Based on the above conclusions, some feasible
policy recommendations to further improve the GTFP
of the logistics industry in China are proposed.
First, the rapid development of the logistics
industry has led to an increase in carbon emissions,
so the undesirable output caused by oil consumption
cannot be ignored. In particular, the proportion of road
transportation in China’s logistics industry is very large.
The low quality of oils, such as diesel and gasoline, has
increased undesirable output. Therefore, the proportion
of clean energy such as nuclear power, hydropower,
wind power and solar energy should be increased to
optimize the energy consumption structure. In addition,
the information construction of the logistics industry
should be promoted, and the development level of
the logistics industry should be improved to promote
energy conservation and emission reduction. Moreover,
the investment in R&D funds and the innovation and
promotion of energy saving and emission reduction
technologies should be increased.
Second, the development of China’s logistics
industry should not only rely on the input and
optimization of resource elements, but also the role of
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technological factors. The calculation result of GTFP
shows that although the GTECH of the logistics industry
is relatively high, GEFFCH shows a downward trend,
so more attention should be paid to the improvement of
GEFFCH. Therefore, the focus of logistics development
at this stage should be on optimizing the operating
environment of the industrial market and improving
the level of enterprise management. Through further
opening up, transportation infrastructure construction
and logistics informatization, the role of resource
investment is fully utilized.
Third, the driving factors of GTFP of the logistics
industry in each province have different effects on
the growth rate, thus the logistics industry’s GTFP
promotion policy should be formulated according to
local conditions. That is, the eastern area should focus on
improving the quality and level of utilizing the foreign
capital and controlling the scale of agglomeration. In
contrast, the central and western regions should attract
domestic and foreign investment with technological
content. Additionally, the regression results of HR
calculated by GTWR also indicate that attracting and
retaining talents are the key factors affecting the green
development of the logistics industry in the central and
western regions.
Fourth, excessive gaps between provinces in
economic development, infrastructure, and human
capital have resulted in differences in the directions
and degrees of the influences of driving factors on
the logistics industry’s GTFP. Therefore, governments
should establish a cross-regional coordination
mechanism, strives to strengthen technical exchanges
and cooperation between regions in order to eliminate
obstacles to the flow of production factors and
information technology exchanges. This can also
promote the rapid and effective transfer of advanced
energy-saving and emission-reduction technologies
to backward areas, and eventually achieve the
convergence of the GTFP in the logistics industry
across the entire country, the three major regions, and
the provinces.
Although this article has conducted in-depth research
on the temporal and spatial distribution characteristics
and driving mechanism of GTFP in China’s logistics
industry, and has made some progress, the research still
has the following deficiencies: (1) Due to the difficulty
in obtaining data, the research sample in this article
does not include Tibet, Hong Kong, Macao and Taiwan,
and it also lacks cross-country comparative studies
with foreign logistics industries; (2) This article only
measures the GTFP of the logistics industry, without
taking into account its spatial spillover effect.
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