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Abstract:

The carbon emissions are essential for climate change and 26% of the world's carbon emissions are related to transport.
But focusing only on fewer carbon emissions might be biased at times. In order to keep a balance between economic growth
and carbon emissions reduction, this paper evaluated the performance of carbon control by considering the input factors
and output factors together, which is more comprehensive and reliable. Firstly, this paper has calculated the transport
carbon emissions reduction efficiency (TCERE) based on the model of super SBM with undesirable outputs. The input
factors include capital stock, labor force and fossil energy consumption. And the output factors include gross domestic
product and carbon dioxide emissions. Then the influencing factors of TCERE were analyzed using econometric models.
The economic growth, transport structure, technology level and population density were posited as influencing factors.
This paper creatively proposed the per capita nighttime lights brightness as a new indicator for economic growth. An
empirical study was conducted in East China from 2013 to 2017, and this study has found that the relationship between
TCERE and economic growth shows an U-shape. Besides, transport structure and technology level both show a positive
impact on TCERE. The implications of our findings are that: (a) The TCERE declines slower in East China, giving us
reason to believe that the improvement of TCERE is predictable; (b) When economic growth exceeds the turning point,
economic growth is conducive to the improvement of TCERE. We could develop the economy boldly and confidently; (c)
Increased investment in railway and waterway transportation infrastructure projects is needed to strengthen the structure
of the railway and waterway transportation systems. Furthermore, the general public and businesses should be encouraged
to prefer rail or river transportation; (d) Investment in scientific and technological innovation should be enhanced in order
to produce more efficient energy-use methods.
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1. Introduction

It is acknowledged that climate change is a global
issue and carbon emissions play a significant role in
it (Zhang et al., 2018). The Chinese government has
enacted laws and implemented programs to develop
a low-carbon economy and reduce carbon emissions
in order to implement the Paris Agreement on Cli-
mate Change and the United Nations 2030 Agenda
for Sustainable Development. 26% of the world's
carbon emissions are related to transport (Cui et al.,
2015). Reducing transport-related carbon emissions
is crucial for low-carbon economy, and many na-
tions have put limitations on transport-related car-
bon emissions, including Canada and Brazil (Cui et
al., 2015). Some researchers also have studied the
variation of transport carbon emissions (Blesl et al.,
2007; Xu et al., 2014). But focusing only on fewer
carbon emissions might be biased at times. In order
to keep a balance between economic growth and car-
bon emissions reduction, we need to evaluate the
performance of carbon control by considering the in-
put factors and output factors together, which is
more comprehensive and reliable. The input factors
include capital stock, labor force and fossil energy
consumption (Zhao et al., 2022). And the output fac-
tors include gross domestic product (GDP) and car-
bon dioxide (CO2) emissions (Zhao et al., 2020;
Zhao et al., 2022). Efficiency is an indicator that as-
sesses a decision-making unit's (DMU's) ability to
maximize outputs given a certain set of inputs,
which is commonly applied in assessing the relation-
ship between inputs and outputs (Zhao et al., 2022).
Thus, this paper uses the transport carbon emissions
reduction efficiency (TCERE) to evaluate the per-
formance of transport carbon control.

With the purpose of better analyzing the impact of
influencing factors (especially economic growth) on
TCERE in East China, this paper intend to conduct
an research using nighttime lights data and super
slacks-based measure (SBM) model with undesira-
ble outputs. First, a series of raw data in East China
will be obtained through yearbooks, remote sensing
images, etc. Next, the input and output variables for
determining efficiency will be calculated using raw
data. Then, the TCERE will be calculated using a
super SBM with undesirable outputs model. Besides,
the per capita brightness of nighttime lights, as well
as other influencing factors, will be calculated using
raw data. Lastly, we will establish an econometric

model and intend to examine how influencing fac-

tors affect the TCERE. The main contributions and

novelty of our work are that:

—  We adopt an improved DEA model named the
super SBM with undesirable outputs model to
calculate TECRE, which is more reasonable.

— When analyzing the influencing factors of
TCERE, we creatively use a new indicator de-
rived from remote sensing images to represent
economic growth.

The remaining parts are structured as follows. Sec-

tion 2 is the literature review. Section 3 describes the

processing methods. Section 4 describes the data.

Section 6 presents the results and discusses the find-

ings. Lastly, the conclusions are presented.

2. Literature review

In general, methods to evaluate efficiency can be di-
vided into parametric and non-parametric models
(Fan et al., 2017). Unlike parametric models, non-
parametric models do not require to specify function
forms (Cullinane et al., 2006; Zhao et al., 2022).
Thus, non-parametric models can avoid causing
model specification errors (Fan etal., 2017). Among
various non-parametric models, the data envelop-
ment analysis (DEA) is a common one. DEA em-
ploys a linear programming approach to determine
the efficiency of each DMU, which has been exten-
sively applied in various fields (Zhao et al., 2020).
Tsolas (2022) applied DEA to assess regional entre-
preneurship in Greece and demonstrated the viabil-
ity. Wang et al. (2016) analyzed the green economic
efficiency of Chinese cities using the traditional
DEA model named BCC. Lan et al. (2014) assessed
the efficiency of transport carbon emissions in 30
Chinese provinces from 2006 to 2010 using the tra-
ditional DEA model named CCR. However, the
DEA models in the preceding research belong to ra-
dial DEA models. The radial DEA models have the
disadvantage of not accounting for slacks, which
might result in a biased evaluation (Zhao et al.,
2022). Therefore, Chu et al. (2018) adopted the
slacks-based measure (SBM) model, which is a type
of non-radial DEA model and can handle slacks di-
rectly (Wang et al., 2019), to analyze the transport
system environmental efficiency. The ordinary
SBM model does not distinguish the outputs,
whereas the outputs can be classified as desirable
and undesirable (e.g., pollution) (Wang et al., 2019).
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Neglecting undesirable outputs might lead to inac-
curate analysis (Wang et al., 2012). Thus, Tian et al.
(2022) used the SBM model with undesirable out-
puts to assess the urban green development effi-
ciency of 277 Chinese cities. Park et al. (2018)
adopted the SBM model with an undesirable output
(CO2) to analyze the environmental efficiency of US
transport sector. However, the maximum value of a
standard SBM model is 1.0, whereas many DMUs
might reach the upper bound and cannot make a
valid comparison (An et al., 2022). Therefore, we
adopt an improved DEA model, i.e., the super SBM
with undesirable outputs model. In this model, the
efficiency value can exceed 1 so that the subsequent
analysis is more effective (Zhang et al., 2022).

Many researchers have studied the influencing fac-
tors of TCERE (Cui et al., 2015). Understanding the
influencing factors is important, because the govern-
ment can use this information to formulate appropri-
ate policies, balancing the economic development
against TCERE. TCERE is an important indicator of
environmental quality. According to the environ-
mental Kuznets curve (EKC) hypothesis the eco-
nomic growth is associated with environmental
quality (Churchill et al., 2018). Thus, our paper
mainly aims to examine the relationship between
economic growth and TCERE. When testing the
EKC hypothesis, many studies use per capita GDP
to characterize the economics growth (Yan et al.,
2020). However, it is unavoidable that certain mis-
takes may occur during the collection and compila-
tion of GDP statistics (Xu et al., 2015; Wang et al.,
2020). Additionally, the GDP data might be over-
stated because of the strive for economic growth
success (Qin et al., 2019). Therefore, more and more
researchers are using nighttime lights data to replace
GDP when studying the economy. Chen et al. (2021)
studied the relationship between light intensity and
per capita income and found it is feasible to estimate
living standards using nighttime lights. Gu et al.
(2022) used DMSP/OLS and NPP/VIIRS nighttime
lights data to predict economic development. Thus,
we also use per capita nighttime lights brightness in-
stead of GDP to characterize economic growth. The
benefits of this approach are many. First, nighttime
lights offer a consistent and long-lasting data source
(Tan et al., 2018). Moreover, nighttime lights objec-
tively capture economic activity and can represent
information that typical GDP statistics cannot ex-
press (Qin et al., 2019). In this paper, the TCERE

will be calculated using a super SBM model with
undesirable outputs. Besides, the per capita bright-
ness of nighttime lights, as well as other influencing
factors, will be used to examine the impact on
TCERE.

3. Methods

3.1. Input and Output Variables

In order to calculate TCERE, this article posits cap-
ital, labor force and energy as the inputs, gross do-
mestic product (GDP) as the desirable output and
carbon dioxide (CO2) emissions as the undesirable
output, in accordance with previous studies (Zhao et
al., 2020; Zhao et al., 2022). Definitions of these var-
iables are summarized in Table 1.

The detailed meanings of these variables are ex-
plained as follows.

(1) Capital

The indicator we chose to characterize capital is the
capital stock of transport sector. Capital stock is
measured in 108 CNY, which is calculated using the
following formula:

Ce=Ci1(1—6p)+ 1, (1)

where C; denotes the capital stock of transport sec-
tor in year t, §; denotes the depreciation rate which
is set to 8.76% (Zhao et al., 2022) and I, denotes the
investment in fixed assets of transport sector.

(2) Labor force

The indicator we choose to characterize labor force
is the total number of transport employees in urban
non-private units, private enterprises and self-em-
ployed individuals at year-end.

(3) Energy

The indicator we chose to characterize energy is the
total energy consumption of transport measured in
10* tons of coal equivalent, which is calculated us-
ing the following formula:

E = Z(Eit " ¢i) )

where t stands for year; i stands for energy type; Et
is the total energy consumption of transport meas-
ured in coal equivalent; Eit is the energy consump-
tion of transport measured in original physical unit;
and ci is the conversion factors from physical unit to
coal equivalent, which is from the China Energy
Statistical Yearbook, as shown in Table 2.
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Table 1. Definitions of input and output variables

Type Variable Name Definition Unit

Input Capital Capital stock of transport sector 10°CNY
Total number of transport employees in urban non-private units, 4

Input Labor force . . Lo 10°persons
private enterprises and self-employed individuals at year-end

Input Energy Total energy consumption of transport measured in coal equivalent 10*on CE

Output GDP GDP of transport sector 10°CNY

Undesirable output CO, CO, emissions of transport sector 10*on

Notes: CNY denotes Chinese Yuan ; CE denotes coal equivalent.

Table 2. Conversion factor to coal equivalent

No. Type Factor Unit
1 Rawcoal 0.7143  kgCE/kg
2  Gasoline 1.4714  kgCE/kg
3 Kerosene 1.4714  kgCE/kg
4 Diesel 1.4571  kgCE/kg
5 Fuelail 1.4286  kgCE/kg
6 Liquefied petroleum gas 1.7143  kgCE/Kkg
7 Natural gas 1.2150  kgCE/m®
8  Liquefied natural gas 1.7572  kgCE/kg
9  Heat 0.03412  kgCE/MJ
10 Electricity 0.1229  kgCE/(KW-h)
(4) GDP

The indicator we used to characterize GDP is the
GDP of transport sector, which has been trans-
formed into 2010 price using deflators.

(5) CO2

The indicator we chose to characterize CO: is the
CO:2 emissions of transport sector, which is calcu-
lated using the following formula:

P = Z(Eit i kay) 3)

where k=29.307 GJ/tonCE and «i stands for carbon
dioxide emission factors, which is from the 2006
IPCC Guidelines for National Greenhouse Gas In-
ventories, as shown in Table 3.

Table 3. Carbon dioxide emission factors

No. Type Factor Unit
1 Rawcoal 94.6 kgCO,/GJ
2 Gasoline 69.3 kgCO,/GJ
3 Kerosene 715 kgCO,/GJ
4 Diesel 74.1 kgCO,/GJ
5  Fueloil 774 kgCO,/GJ
6 Liquefied petroleum gas 63.1 kgCO,/GJ
7 Natural gas 56.1 kgCO,/GJ
8  Liquefied natural gas 56.1 kgCO,/GJ
9  Heat 0 kgCO,/GJ
10 Electricity 0 kgCO,/GJ

3.2. Super SBM with Undesirable Outputs

DEA employs a linear programming approach to de-
termine the efficiency (Cooper et al., 2007). Since
the first DEA model, CCR, was proposed, a number
of DEA models have been developed (Cheng, 2022).
In DEA, each alternative under consideration is re-
ferred to as a Decision Making Unit (DMU). How-
ever, when estimating the efficiency, many DMUs
might concurrently reach 1 because 1 is the upper
bound. Hence, we elucidates an improved DEA
model named the super SBM model with undesira-
ble outputs. The super SBM model is developed by
Andersen et al., which introduces a new concept of
"super-efficiency" (Cooper et al., 2007). When cal-
culating the efficiency, the DMU under study is
omitted from the feasible solution set in constraints.
Thus it might result in that some efficiency values
exceed 1, which is referred to as "super-efficiency".
Using super-efficiency to analyze DMUs can help to
avoid the occurrence of massive DMUs reaching the
upper bound of 1 at the same time.

Suppose there are n DMUs which have m inputs, s1
desirable outputs and sz undesirable outputs. Let X
stand for the input data matrix, Y9 for the desirable
output and Y® for the undesirable output, which are
defined below:

X11 X12 X1n
x x x
y= | 22 2n @)
Xm1 Xmz2 - Xmn
. g g -
Yin Yz Y
g g g
y9=|Y21 Y2 " Voan (5)
N
Ysi1 Vsiz 0 Ysynd
[yl Y2 v Vi)
yb=|¥3 VB v Y ©)
Y91 V&2 v Vel
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Suppose DMUo is an alternative decision making
unit where o ranges over 1, 2, ..., n. Let Xo be the
input data for DMUL, Yo be the desirable output data
for DMUo and yo° be the undesirable output data for
DMU,, which are defined below.

XO = [X].O’ X207"'7 Xmo].
3 =[Yib: Y301 Yao %
yct)’ = [ylbov ygo""’ ygzo].

In order to evaluate the super-efficiency value p* of

DMU,, a convex optimization in A,E,ig,ib is
given below.

1 m ji
C —Z—
p = min,
Axy’)y
+
51+5 (Zr 1 g Zr 1y1?0
subjectto
x = Z x] ®)
j= 1¢o
ye < yiA;
j=1,#0
n
yb < y]-b/ll
j=1,#0
A20,X2x,0<§E<y5§° 2y0

where m=3, s1=1, s=1 in this paper.

This model is called the super SBM with undesirable
outputs. In this model, the efficiency value can be
higher than 1. To implement a plausible approach of
evaluating TCERE, we adopt the super SBM with
undesirable outputs model in accordance with previ-
ous studies (Zhang, 2018), because it can be more
effective.

3.3. Influencing factors

This paper also posits economic growth, transport
structure, technology level and population density as
influencing factors. Definitions of these influencing
factors are summarized in Table 4.

In these influencing factors, PN (per capita
nighttime lights brightness) is a new indicator for

economic growth in individual provincial region.
Here the PN value is the total DN (Digital Number)
value of nighttime lights image in individual provin-
cial region divided by population.

3.4. Econometric Models

The EKC model provides a theoretical framework to
study the relationship between economic growth and
environment (Yan et al., 2020). Thus, this paper ex-
tends the EKC model and establishes the following
four econometric models:

Olel
TCERE = a+ ﬁl In PNit + Bz(ln PNit)Z + (9)
B3TSit + BaTLyr + BsPDye + &4

OLSZZ
TCERE = a + By In PNy + Bo(in PN)? +  (10)
B3TSit + BaTLyr + BsPDyy + py + §¢ + &3¢

0LS3:
TCERE = a+ B In PNy + Bo(In PNyp)? + (11)
B3TSit + BaTLy + BsPDje + & + &;¢

0LS4:
TCERE = a+ B, In PNy + B,(In PN;)? + (12)
BaTSit + BaTLix + BsPDye + p; + €t

where i denotes the data for the i-th region and t for
the t-th year; a denotes the constant term; $; — Bs
denotes a series of unknown parameters; u; denotes
an entity fixed effect; &, denotes a time fixed effect
and g;; is the error term.

3.5. Technical Route

The process of calculating the TCERE and analyz-

ing its influencing factors mainly consists of the fol-

lowing steps.

1. Acquiring raw data from relevant yearbooks,
remote sensing images, etc.

2. According to Section 3.1, the raw data are pro-
cessed to obtain the input and output variables.

3. The super SBM with undesirable outputs model
is then used to evaluate the TCERE.

4.  As described in Section 3.3, the raw data are
processed to obtain the influencing factors.
Analyzing the relationship between TCERE and in-

fluencing factors based on econometric models.
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Table 4. Definitions of influencing factors

Symbol _Variable Indicator Definition Unit
Economic  Per capita niahttime Total DN (Digital Number) value of nighttime lights
PN : pirang image in individual provincial region divided nW/cm?/sr/person
growth lights brightness .
by population.
Transport Proportion of freight ton-kilometers in railway
s structure Transport structure and waterway to total freight ton-kilometers 1
T Technology Technology level Ratio of freight ton-kilometers to energy consumption 10%on-km/tonCE
level in transport
PD Popu_latlon Population density Ratio of urban population to urban area 10%persons/km?
density of urban area
4. Data VIIRS nighttime lights images is available at

4.1. Study Area

This paper studied the TCERE in East China. East
China includes 7 provincial-level administrative re-
gions, i.e., Shanghai, Jiangsu, Zhejiang, Anhui,
Jiangxi, Fujian and Shandong. This paper selects
these 7 provincial regions from 2013 to 2017 as sam-
ples. East China is the most technologically ad-
vanced economic zone, with superior natural envi-
ronmental conditions, abundant natural resources,
advanced commodities production, and a diverse va-
riety of industrial sectors. The light industry, ma-
chinery, and electronics industries in East China
maintain a dominant position in the whole country.
It is also the most economically and culturally de-
veloped region in China, with well-connected rail-
ways, rivers, roadways, and shipping. Around 8.7%
of China's total land area is located in East China
(Kang, 2022). East China also ranked first among
the seven major geographical regions of China in
terms of GDP (43.8 trillion CNY) and GDP per cap-
ita (103,000 CNY) in 2021 (Kang, 2022). Fig. 1
shows the map of study area. The shapefiles of maps
used in this paper are sourced from National Geo-
matics Center of China.

4.2. Data Sources

The raw data for calculating input and output varia-
bles are collected from the China Statistical Year-
book, China Price Statistical Yearbook, China En-
ergy Statistical Yearbook, etc., in each year. De-
scriptive statistics for input and output varia-bles are
reported in Table 5.

In this paper, the PN (per capita nighttime lights
brightness) is a new indicator for the influencing fac-
tor of economic growth. To calculate this influenc-
ing factor, the nighttime lights remote sensing im-
ages of the Visible and Infrared Imaging Suite
(VIIRS) were used here. The information about

(https://eogdata.mines.edu/products/vnl/) accessed
on 10 June 2022. As for the product type, we select
the "Annual VNL V2: average-masked". The rele-
vant images can be downloaded at (https://eog-
data.mines.edu/nighttime_light/annual/v20/)  ac-
cessed on 10 June 2022. Fig. 2 shows the nighttime
lights brightness images, and the PN value in indi-
vidual provincial region is presented in Fig. 3.
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Table 5. Descriptive statistics for input and output variables

Variable Mean Std. Dev. Minimum Maximum
Capital 7930.7332 3658.2812 2746.9216 16032.2708
Labor 57.0886 22.4914 30.6000 111.2000
Energy 1456.2384 555.3110 619.7023 2464.2623
GDP 1010.9361 496.2221 439.5809 2057.7745
CO, 2970.8844 1142.1572 1272.9465 5201.9051

Fig. 2. Nighttime lights brightness images [nW/cm?/sr]

According to Fig. 2, the brightest lights at night are
found in Shanghai and the surrounding area. Ac-
cording to Fig. 3, the PN value of Shanghai has re-
mained the highest from 2013 to 2017, and the PN
value of places near Shanghai will be higher than
that of places far away from Shanghai. For the five
years, Shanghai, Jiangsu, and Zhejiang have re-
mained in the top three.

The raw data for calculating other influencing fac-
tors are collected from the China Statistical Year-
book in each year. Descriptive statistics for influenc-
ing factors are reported in Table 6.

A

e
<0.23 15.44

>30.77

Table 6. Descriptive statistics for influencing factors
Variable Mean Std.Dev  Minimum Maximum

PN 0.015  0.006 0.004 0.025
TS 0.632  0.277 0.186 0.988
TL 6.809  2.677 3.695 13.865
PD 0.273  0.107 0.136 0.482

5. Results and Discussion

5.1. TCERE

According to the super SBM with undesirable out-
puts model described in Section 3.2, the TCERE is
computed. Fig. 4 depicts the spatial distribution of
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TCERE in East China from 2013 to 2017. As illus-
trated in Fig. 4, TCERE decreased almost com-
pletely between 2013 and 2017. TCERE in Shanghai
has always been at its lowest level, regardless of the
year.The statistics for TCERE are shown as box
plots in Fig. 5, where we can see that the mean
TCERE has been declining from 2013 to 2017, but
the trend of decline has got slower, indicating a sign
of improvement.

5.2. Influencing Factors Analysis

After calculating the TCERE, this paper also con-
ducts an econometric analysis to study the relation-
ship between TCERE and its influencing factors.

2013 2014

0 200 400 km 0 200 400 km
S E— | S — |

2016 2017

0 200 400 km 0 200 400 km
S —

Fig. 3. PN value [nW/cm?/sr/person]

Four different econometric models are considered,
and the estimation results are reported in Table 7.

As shown in Table 7, the log-likelihood (Log-L)
value of OLS: is greater than others, and the AIC
value is less. Hence, the OLS2 model seems more
suitable to describe the relationship. Turning to esti-
mation results of OLS2 model in Table 7, the coeffi-
cient of PN? is positive and statistically significant
(p<0.05), and the coefficient of PN is negative and
also statistically significant (p<0.05). It suggests that
the relationship between TCERE and economic
growth shows an U-shape. Thus, promoting the eco-
nomic growth is a good way to improve the TCERE.

2015

0 200 400 km
I |

A

(10.0000 - 0.0052
10.0052 - 0.0104
[0.0104 - 0.0156
m0.0156 - 0.0208
m0.0208 - 0.0260
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The coefficient of TS is positive and statistically sig-
nificant, indicating that a better transport structure
tends to raise the TCERE. The coefficient of TL is
also positive and statistically significant, expressing
that a higher technology level lead to an increase in

2013
2016

2014

400 km ;: % ; 2 400 km 0 200 400 km

2017

400 km ;< i % % 2 400 km

the TCERE. The coefficient of PD is not statistically
significant, implying that the population density
might not be the main influencing factors of
TCERE.

2015

00.2-04
004-0.6
m0.6-0.8
H0.8-1.0
H1.0-1.2
Fig. 4. TCERE [-]
Table 7. Estimation results
Variables OLS; OLS, OLS; OLS,
PN? 1373.412 1846.400** 335.983 2107.476*
(1.047) (2.250) (0.307) (1.960)
PN -77.164 -115.527** -27.801 -107.696**
(-1.613) (-2.812) (-0.668) (-2.564)
N 1.280%* 1.724%=
TS 0.747** (2.506) (2.648) 0.334 (1.154) (2.658)
TL -0.047*** 0.039** -0.041%** 0.047**
(-4.457) (2.613) (-4.663) (2.444)
PD -1.340%** 1.322 -0.885** -4.084
(-2.919) (0.595) (-2.245) (-1.549)
R? 0.577 0.857 0.765 0.858
Log-L 24.20 57.87 34.51 43.27
AIC -36.39285 -95.74795 -49.02432 -62.53118




30

Yan, Y., Li, J.,
Archives of Transport, 66(2), 21-32, 2023

Median-

o
@
T

T T
T —&— Mean

1

Efficiency [-]
o
(2]

I
~
T

02

0 L L L L L
2013 2014 2015 2016 2017

Year

Fig. 5. Box plots of TCERE

6. Conclusion

The transport carbon emissions reduction efficiency

(TCERE) is essential for climate change. In order to

analyze the TCERE more effectively, this paper has

calculated the TCERE based on the model of super

SBM with undesirable outputs, and then proposed

econometric models to analyze its influencing fac-

tors. Previous researchers have hardly studied these
influencing factors using nighttime lights images,
and that is the main contribution of our work. An
empirical study was conducted in East China from

2013 to 2017, and this study has found that the rela-

tionship between TCERE and economic growth

shows an U-shape. Besides, transport structure and
technology level both show a positive impact on

TCERE. The implications of our findings are given

below.

—  The TCERE declines slower in East China, giv-
ing us reason to believe that the improvement
of TCERE is predictable.

—  When economic growth exceeds the turning
point, economic growth is conducive to the im-
provement of TCERE. We could develop the
economy boldly and confidently.

— Increased investment in railway and waterway
transportation infrastructure projects is needed
to strengthen the structure of the railway and
waterway transportation systems. Furthermore,
the general public and businesses should be en-
couraged to prefer rail or river transportation.

— Investment in scientific and technological inno-
vation should be enhanced in order to produce
more efficient energy-use methods.

The preceding conclusions are also subject to some
limitations. For example, we avoid the epidemic fac-
tor. More research is needed to better understand
how epidemics affect the TCERE. In the future, we
could also investigate the practical applications of
our research in carbon-reduction activities.
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