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Abstract: Air transportation, which is a derived demand, is booming following the rapid development
of the world economy, and carbon emissions from the air transportation industry, which takes fossil
fuels as its main energy source, have been increasing. Therefore, with global warming attracting
considerable attention, the issue of how to reduce carbon emissions from air transportation has
become a hot issue. We take China Eastern Airlines Corporation Limited (China Eastern) as an
example to analyze the main factors influencing airlines’ carbon emissions, specifically around the
impact of airline internal operating indicators, such as available seat kilometers (ASK), passenger
load factor (PLF), fuel consumption per unit passenger kilometer, the average age of operated aircraft,
on-time performance (OTP), etc. This paper uses a correlation analysis, panel regression analysis,
and other ways to explore the influence mechanism of the above factors on carbon emission intensity.
The conclusions for China Eastern are the following: first, PLF has a significant negative relationship
with carbon emission intensity; second, fuel consumption per passenger kilometer has a significant
negative relationship with carbon emission intensity. Third, OTP has a significant positive relationship
with carbon emission intensity. Fourth, fleet size has a significant positive relationship with carbon
emission intensity. Finally, we propose several targeted carbon abatement measures for China Eastern,
such as improving PLF and OTP, reducing fuel consumption per unit passenger kilometer, speeding
up fleet renewal, etc.

Keywords: China Eastern; carbon emission intensity; carbon abatement measures

1. Introduction

Since the industrial revolution, the global economy has entered a stage of rapid
development, but it is followed by increasingly serious environmental problems. The
meteorological bureaus of Britain, the United States, and other countries have evaluated
the changes in temperature since the industrial revolution. The World Meteorological
Organization pointed out in “Global Climate in 2022” that the global average temperature
in 2022 increased by 1.1 °C compared with that before the industrial revolution, and the sea
level rose by more than 10 cm compared with that in the 1990s (WMO Provisional State of
the Global Climate 2022). The main reason for this phenomenon is the continuous increase
in carbon emissions from human production and living, which leads to the sustained
increase in global carbon concentration. It can be foreseen that if global warming is
not prevented, global economic development will be hindered, and human production
and living will also be greatly affected. Carbon abatement has become an important
research issue.

Due to the attribute of derived demand, the air transport industry is rapidly devel-
oping at an average annual growth rate of 5% while the world economy is booming. Air
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transportation takes fossil fuels as its main energy source, so with its rapid development,
fossil fuels are consumed in large quantities. According to the International Energy Agency,
the civil aviation industry produces 2-3% of artificial carbon emissions throughout the
world. According to the prediction report on greenhouse gas emissions from York Univer-
sity, it is expected that, by 2050, the greenhouse gas emissions caused by aviation flights will
reach 15% of the total global emissions. In response, governments and relevant departments
around the world have formulated corresponding measures to reduce carbon emissions
from air transportation and weaken its impact on the environment. Among them, the
European Union officially established a carbon emission trading system in 2005, requiring
its members to allocate emission permits according to their own plans. The system covers
over 11,500 power stations, manufacturing factories, aircraft, and other high-energy con-
suming facilities. In 2008, the European Council passed the “2008 Directive” to implement
the “Green Sky” plan, which strictly limits the carbon emissions of commercial flights,
including taking off, landing, and transferring within the territory of the EU’s members.
In 2016, the International Air Transport Association (IATA) proposed in accordance with
CORSIA (Carbon Offsetting and Reduction Scheme for International Aviation) that “From
2024, carbon emissions should be controlled at 85% of 2019 carbon emissions, and by 2050,
carbon emissions should be reduced to half of 2005 at least” (CORSIA). In 2020, General
Secretary Xi Jinping proposed the “dual carbon” goal of “emission peak and carbon neu-
trality” to address environmental crises, such as global warming. According to the “14th
Five Year Plan” for the Development of Civil Aviation, it is expected to reduce the carbon
emissions per ton kilometer of air transportation from 0.928 kg in 2020 to 0.886 kg in 2025.
The carbon abatement mission of China’s civil aviation transportation industry is ongoing.

As one of the three major airlines in China, China Eastern has 785 planes as of the first
half of 2023 according to 2023 Half Year Report of China Eastern, achieving revenue while also
generating huge carbon emissions. Among them, the total carbon emissions of China Eastern
from 2013 to 2022 are shown in Figure 1. As shown in the figure, the total carbon emissions
of China Eastern have been increasing year by year from 2013 to 2019, exceeding 20 million
tons in 2019. Therefore, under the enormous pressure exerted by government organizations,
such as the Civil Aviation Administration, the International Air Transport Association, and
the European Union, to reduce carbon emissions and fulfill its social responsibilities, China
Eastern has focused on a “dual carbon” goal, made substantial efforts to reduce carbon
emissions, and achieved certain results. As of 2022, China Eastern has achieved an overall
utilization rate of 99.99% for APU (Auxiliary Power Unit) to replace facilities to supply power
and gas to aircraft. It has accumulated 16,000 km using new temporary routes, reduced
flight distance by 383,000 km, reduced fuel consumption by 54,000 tons, and reduced carbon
emissions by 170,100 tons. In addition, in 2022, China Eastern used a 5% proportion of
sustainable aviation fuel (SAF) for the first time. As determined by testing, SAF can reduce
carbon emissions by up to 85% compared to traditional fossil fuels.
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Figure 1. Total carbon emissions from China Eastern from 2013 to 2022.
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Based on this, we first explore the trend of changes in China Eastern’s carbon emission
intensity. In this paper, carbon emission intensity refers to the amount of carbon emissions to
achieve every unit passenger turnover, as shown in the formula carbon emission intensity =

total carbon emissions ; ; ; ; ; .
fofal transportation furnover - On this basis, this paper mainly solves the following two problems:

(1) What impact do the airline’s operating indicators have on the its carbon emission
intensity?

(2) What suggestions can be provided for the operation and development of airlines
according to the impact mechanism?

To solve the two problems, we establish the carbon emission intensity model based on
the influencing factors of its own carbon emissions and analyze the reasons for changes
in the carbon emission intensity of China Eastern based on the model. Then, based on
effective carbon abatement measures of air transportation at home and abroad and the
research results on the changes in carbon emission intensity of China Eastern, targeted
carbon abatement suggestions are proposed to alleviate the carbon abatement pressure
of China Eastern. Taking it as an example, suggestions are provided for the low-carbon
mission of the civil aviation industry, continuously promoting green, low-carbon, and
efficient development of the air transport industry.

2. Literature Review

Given the exceeding of Kyoto Protocol restrictions by carbon emissions resulting
from the civil aviation department, academic professionals in civil aviation studies have
redirected their focus on tackling the issue. Our analysis is mainly grounded on three
areas of research, including the literature on measuring the intensity of carbon emissions,
the significant factors influencing carbon emissions, and various emission minimization
procedures implemented in the air transport industry.

2.1. Carbon Emission Intensity Calculation

The quantification of carbon emission intensity has received a great deal of attention
from many governments and international organizations—for example, EFRA in the UK
uses carbon emission factors to calculate the carbon emissions generated by different dis-
tances, while the Greenhouse Gas Agreement further refines the emission factors, making
them a widely used tool for determining carbon emissions in the international arena [1].
Furthermore, the World Resources Institute develops a tool named “Safe Climate” to quan-
tify carbon emissions per kilometer of travel [2]. The International Civil Aviation Authority
(ICAA) also devises a unique approach measuring carbon emissions considering data from
all entities involved in carbon emission trading [3].

Recently, research has increased about calculating the total carbon emissions from
aviation by adding together the emissions from various stages of the flight. Kalivoda (1997)
uses distinct computational approaches for diverse flight modes and phases to evaluate
the total carbon emissions [4]. During takeoff and landing (LTO) at Durham Airport,
Graver and Fery (2009) compose a catalogue of airplane emissions and ascertain the carbon
emissions through the integration of the various flight modes and phases [5]. Postorino
and Mantecchini (2014) devise a technique to compute carbon footprints in airports [6].
This method incorporates carbon emissions from land vehicles, ground-based aircraft,
terminal equipment, and correlated amenities. The methodology facilitates computation
of carbon emissions from individual sources within airports, and insights on their impact
on the overall carbon emissions [7]. The methodology detailed in the study conducted
by Zaporozhets and Synylo (2017) is effectively implemented in multiple international
airports [8]. Through the analysis of pollution emissions emitted by aircraft at the airport,
the researchers are able to precisely assess the contribution of each factor on air quality at
the airport. Li et al. (2023) propose a novel self-adaptive fractional order grey-generalized
Verhulst model (SAFGGVM) to effectively predict energy-related carbon emission intensity
in China, America, India, Russia, and Japan with nonlinear and complex characteristics [9].
Traditional time series and regression forecasting models, as representatives of econometric
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modeling methods, are widely used in carbon emission forecasting (Pan et al., 2014; Shi et al.,
2023) [10,11].

The current research on carbon emission intensity in the air transport industry mainly
focuses on the calculation of carbon emission intensity and often uses the calculation
of carbon emission intensity generated by different carbon emission sources. Taking
inspiration from these findings, our paper utilizes the industry-accepted method to calculate
carbon emissions per unit of transport turnover of China Eastern within the air transport
department. We take the calculation of carbon emission intensity as the basis preparation
of this study and use a regression analysis to examine the extent to which different factors
influence the carbon emission intensity. After obtaining the carbon emission intensity, the
change law of carbon emission intensity is analyzed combined with relevant data so as to
provide management inspiration for China Eastern.

2.2. Factors Affecting Carbon Emissions

In recent studies, researchers have explored factors impacting carbon emissions in
aviation and ways to intervene effectively. Jan and Chrystyane (2017) conduct a regression
analysis on data from 16 airlines in the United States to examine the correlation between the
airlines’ total fuel consumption and seven variables, including available ton-kilometers [12].
Liu et al. (2017) conduct an empirical study, which discovers that revenue ton-kilometers
has the most significant impact on carbon emissions in air transport. They also highlight
the notable role of reducing potential energy intensity in reducing carbon emissions in
most airlines [13]. Zhang et al. (2017) identify various determinants that contribute
to the difference in energy efficiency between Chinese and American airlines. These
determinants include aircraft age, passenger numbers, cargo volume, enterprise size, and
airline ownership [14]. Shi et al. (2019) identify economic development, industry scale, and
population size as primary drivers of carbon emissions in Chinese air transport industry.
In contrast, energy and transportation intensity are identified as inhibiting factors. Their
analysis emphasizes the importance of understanding the various factors contributing to
carbon emissions in this industry [15]. Hu et al. (2020) analyze the aircraft carbon emissions
(quantity and intensity per passenger) during the landing and takeoff cycle over a decade
span (2007-2016) at nine different airports in Jiangsu Province, China. Combined with
the carbon emission situation, the influence of various factors, including flight schedules,
aircraft type (engines) used, landing-and-take-off cycles, airport geographical location,
and other spatial characteristics, on the carbon emission level is explored [16]. Yu et al.
(2023) take Shenzhen Bao’an Airport as an example to study the important impact of
airport land side traffic on airport carbon emissions. Quantitative measurements and
a characteristic analysis are carried out with a cumulative approach on the impact of
different types of ground facilities on the average daily carbon emission intensity changes
of airports, and then, the trend of the changes is predicted [17]. Similarly, Song et al. (2022)
employ the LMDI decomposition technique to investigate the consequences of airport
openness, connectivity, transport, and energy factors on aircraft carbon emissions. They
offer suggestions to enhance route planning, optimize network structure, and assign the
appropriate aircraft types [18].

For airlines, the impact of carbon emission intensity on operational index data is more
significant than for studying the impact of carbon emission sources. The paper models the
carbon emission intensity of China Eastern by using its internal operation as the example.
Available seat kilometers (ASK), passenger load factor (PLF), and other factors are taken into
account to provide suggestions for China Eastern to reduce carbon emissions. Of course,
the consideration of operational indicators does not mean that we completely ignore the
direct impact of carbon emission sources. We will consider the indirect impact factors of the
operating indicators that have a significant impact on carbon emission intensity and put
forward reasonable suggestions based on the impact effects of the operational indicators.
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2.3. Carbon Abatement Measures

As the current study seeks to offer suggestions for reducing carbon emissions in China
Eastern, we have also explored other methods to reduce emissions in the air transportation
department. Xander (2001) focuses on forecasting future fuel consumption and carbon
emissions by examining the link between Gross Domestic Product (GDP), global crude oil
prices, and fuel consumption using data from an international airline over 29 years [19].
The findings suggested that carbon emissions may rise by 3-6 times from 1995 to 2050.
The aviation fuel tax is recommended as a measure to curb such emissions. Additionally,
Fredrik and Henrik (2002) examine the plausibility of leveraging incentives to decrease
carbon emissions in air transport [20]. The researchers examined the structure of the
international aviation emission fee tariff and the emission permit trading mechanism, and
they also compared the effectiveness, indicating that revenue-neutral or uncharged permits
could be viable options for regulation. Nevertheless, it is noteworthy that these choices
may lead to weakened supervision and other adverse outcomes. Previous research did
not examine the correlation between the impact of pertinent factors on carbon emission
intensity using quantitative analysis.

David et al. (2009) report that the implementation of revolutionary technologies
holds promise for a substantial decrease in the consumption of aeronautical energy. It is
suggested that to mitigate carbon emissions, integrating the civil aviation department into
an emission trading scheme is an efficacious strategy [21]. Li and Dong (2009) put forward
a carbon market regulatory mechanism to reduce emissions in the civil aviation industry in
China. They systematically evaluate the current status of emission reduction in Chinese
civil aviation and analyze the emission reduction situation in the international civil aviation
industry. The study aims to achieve a more objective approach towards tackling carbon
emissions and reducing carbon footprints, in line with global efforts to mitigate global
warming and climate changes [22]. Mayor and Tol (2010) forecast a twelve-fold increase
in international passenger traffic from 2005 to 2100, alongside a four-fold rise in aviation
carbon emissions by 2060, after which they will decrease as fuel efficiency improves [23].
Zhou et al. (2016) discover that air traffic demand has the strongest effect on carbon
emissions. In response, they suggest policy initiatives, including the implementation of the
carbon tax on aviation fuels, the backing of research and development for enhancing fuel
efficiency, and the establishment of carbon offsetting programs [24].

Unlike the current analysis directly exploring the influence mechanism of the carbon
emission sources on the carbon emission intensity of enterprises, in this paper, through
the China Eastern-specific operating indicator data statistics and regression analysis, we
explore the airlines operating indicators for the influence of carbon intensity, discuss
the relationship between the indicators for the impact of influence mechanism, and then
comprehensively consider the underlying cause of operating indicators for airlines to
reduce carbon emission intensity. The research in this paper provides help for airlines to
sort out the influence degree and influence mechanism of carbon emission sources and
can help researchers to effectively estimate the carbon emission status of airlines through
airline operating indicator data.

3. Carbon Emission Intensity Calculation

Data for this study were collected from China Eastern Airlines Corporation Lim-
ited Annual Report and Corporate Social Responsibility Report from 2013 to 2022. The
dependent variable was carbon emission intensity of China Eastern from 2013 to 2022.
Constrained by data acquisition, 8 independent variables were carefully picked.

In this section, we focused on the influence mechanism of the internal operating situa-
tion of airlines on carbon emission, conducted multiple linear regression and moderating
effect analysis on the operating data and carbon emission intensity of China Eastern, and
explored the functional relationship between carbon emission intensity and its influencing
factors. Then, we analyzed the effective carbon abatement measures of China Eastern
according to the relationship.
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We mainly considered the impact of the following eight factors, including ASK, pas-
senger turnover, proportion of main aircraft type, average age of operated aircraft, PLF,
fleet size, OTP, fuel consumption per unit passenger kilometer on the carbon emission
intensity of China Eastern. At the same time, we also considered the mutual regulatory
effect between variables to conduct research.

The operational behavior of airlines will affect the size of these eight indicators. For
example, the airline’s route and capacity will affect ASK; passenger capacity scale will
affect passenger transport and the proportion of new aircraft and models; the total number
of aircraft will affect proportion of main aircraft type, average age of operated aircraft,
and fleet size; aircraft utilization rate will affect PLF; tower control level will affect OTP;
and the use of new aviation fuel will affect fuel. Therefore, this article mainly constructed
a regression model based on the above impact relationships and proposed feasibility
suggestions for the airline from the above perspective. The conceptual model diagram of
the relevant impact effects is shown in Figure 2.

Route and capacity resources Scale of airline passenger transport Optimize aircraft models

¥ ) 4 4

Proportion of main
aircraft type

ASK Passenger turnover

Carbon emission intensity

i S ——

Fuel consumption per

Average age of
FLF unit passenger kilometer

operated aircrafts

* * * * *

Proportion of new Operational capabilities Total number of Level of control New aviation fuel
aircraft of Airlines aircraft tower management (SAF)

Fleet size OTP

Figure 2. Conceptual model diagram.

Therefore, with regression analysis and with consideration for the interactivity of the
influencing factors, the basic model was expressed as Formula (1).

C= 061'91‘ + [3,]916](1 < j, i,j€[1,2,3,- .. ,8]) (1)

C: carbon emission intensity;

«;: impact coefficient of operating indicator i on carbon emission intensity;

6;: value of operating indicator i;

Bij: impact coefficient of interaction term of operating indicator i and j on carbon emission
intensity.

3.1. Factors Affecting Carbon Emission Intensity

Although there are passenger and freight business in airlines, China Eastern, the
research object of this paper, operates 782 passenger aircraft and 3 business aircraft. It
can be seen that its main business is passenger transportation. We studied the changes
in carbon emission intensity of China Eastern under the influence of several passenger
transport indicators. The carbon emissions, total transportation turnover, and carbon
emission intensity of China Eastern in 2013-2022 are shown in Table 1. We roughly found
that, although the total carbon emissions decreased sharply during the outbreak of the
epidemic in 2020, the corresponding carbon emission intensity did not change the trend
of continuous increase. It is of great significance for China Eastern to analyze the factors
affecting the carbon emission intensity and make targeted emission reduction measures.
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Table 1. China Eastern’s carbon emission intensity in 2013-2022.
Year Total Carbon Emissions Total Transportation Turnover Carbon Emission Intensity
(®) (Million t-km) (Million t-km)
2013 14,290,000.0 15,551.8 918.9
2014 14,986,000.0 16,122.4 929.5
2015 16,740,000.0 17,820.4 939.4
2016 18,714,200.0 19,712.9 949.3
2017 19,528,730.0 18,651.3 1047.0
2018 20,811,518.5 20,358.4 1022.3
2019 22,746,500.0 22,518.0 1010.1
2020 13,949,700.0 11,699.7 1192.3
2021 15,870,835.9 13,046.7 1216.5
2022 9,943,049.9 8025.3 1239.0
We mainly analyzed the possible influence of eight key passenger transport indicators,
including ASK, PLF, average age of operated aircraft, on-time performance (OTP), fuel
consumption per unit passenger kilometer, passenger turnover, fleet size, and proportion
of main aircraft type, on carbon emission intensity. As shown in Table 2, it is the statistical
data of the key operating indicators of China Eastern in 2013-2022. Among them, (1) the
ASK is the sum of the product of the maximum number of seats provided by airlines
and the distance of the segment, reflecting the maximum flight capacity of the airlines.
(2) Passenger turnover is the sum of the product of the actual passenger transport volume
of each segment and the distance of the segment. It is also the revenue of passenger
kilometers, reflecting the actual capacity and revenue of the airlines. (3) The PLF is the
ratio of passenger turnover to ASK, which is an important indicator for airlines to convert
output into income. (4) Fuel consumption per unit passenger kilometer is the ratio of
the total range fuel consumption to the passenger turnover, and it is an effective index to
accurately measure the fuel efficiency under the level of airlines” income. These factors
must be considered by airlines when they count the operating indicators, and the analysis
of these factors for the impact of airlines can help them to estimate the change in carbon
emission intensity and avoid the airlines paying more time and energy to count carbon
emissions of each source. At the same time, it can more intuitively show the impact of
operational indicators, such as airline profits on carbon emission intensity.
Table 2. Data of key operating indicators of China Eastern in 2013-2022.
o Fuel Consumption per Unit Passenger Turnover Proportion of
Y ASK (Million PLF Average Age OTP Passenger Kilometer (Hundred Million Fleet Size Main Aircraft
ear Seat o of Operated o i .
Kilometers) (%) Aircraft (Year) (%) (t/Million Passenger Passenger (Sortie) Type
Kilometers) Kilometers) (%)
2013 152,075.22 79.21 6.86 76.59 344 1204.61 451 82.04
2014 160,585.07 79.55 6.10 69.03 372 1277.50 485 84.95
2015 181,792.90 80.50 542 68.09 363 1463.42 526 86.31
2016 206,249.27 81.23 5.39 74.82 355 1675.29 572 87.24
2017 225,996.28 81.06 5.55 71.99 33.9 1831.82 627 86.92
2018 244,841.00 82.29 5.70 80.55 32.8 2014.86 680 87.79
2019 270,254.00 82.06 6.40 81.84 323 2217.79 723 87.14
2020 152,066.39 70.54 7.24 89.60 40.9 1072.73 725 86.62
2021 160,690.39 67.71 7.80 88.71 457 1088.04 750 86.40
2022 96,210.85 63.70 8.10 95.39 50.6 612.88 775 84.65

3.2. Calculation Model of Carbon Emission Intensity

In order to further explore the influence role and mechanism of several influencing
factors and provide targeted and valuable reference for China’s air transport industry and
airlines in reducing carbon emissions, in this section, we conducted a basic analysis and
multiple linear regression analysis on the above data.
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3.2.1. Basic Analysis

First, we conducted a descriptive statistical analysis of the carbon emission intensity
and eight operating indicators of China Eastern. The results are shown in Table 3.

Table 3. Descriptive statistical analysis of data in Table 2.

Operating Indicators Mean i. . Variance Median Standard Error Mean 95% Kurtosis Skewness cv
Standard Deviation
Caﬂi’g:;ﬁrs’i‘ti;“‘m 1046.43 =+ 124.73 15,557.08 1016.20 39.44 1123.74 -1.33 0.67 11.92%
ASK 185,076.15 4+ 51,887.55 2,692,317,711.15 171,241.65 16,408.28 217,235.80 —0.31 0.11 28.04%
PLF 76.79 £+ 6.81 46.40 80.05 2.15 81.01 —0.24 —1.18 8.87%
Average age of 6.46 + 1.00 0.99 6.25 0.32 7.08 -1.18 0.54 15.41%
operated aircraft
oTP 79.660 + 9.27 85.85 78.60 293 85.40 —1.00 0.40 11.63%
Passenger turnover 1445.89 + 490.95 241,031.55 1370.45 155.25 1750.18 —0.56 0.02 33.96%
Fleet size 631.40 + 116.83 13,648.27 653.50 36.94 703.81 —1.49 —0.35 18.50%
Proportion of main 85.98 + 1.72 2.94 86.50 054 87.04 251 —1.56 2.00%
aircraft type
Fuel consumption per
unit passenger 37.96 £ 6.02 36.17 35.90 1.90 41.69 0.90 1.31 15.84%

kilometer

Then, the data were analyzed with the scatter plots, which could intuitively show the
correlation among data. To explore the relationship between possible influencing factors and
carbon emission intensity, the scatter plot and linear trend of each influencing factor and the
carbon emission intensity of China Eastern were drawn, respectively, as shown in Figure 3.

According to Figure 3, a linear relationship between the carbon emission intensity
and the influencing factors can be found. After regression analysis, the linear regression
equations with different goodness of fit were described, as shown in Table 4. Among them,
three indicators, including passenger turnover, ASK, and proportion of main aircraft type,
had low goodness of fit with carbon emission intensity, and the linear relationship was
not obvious.

Table 4. Linear regression equation and goodness of fit between influencing factors and carbon
emission intensity.

Operating Indicators Linear Regression Equation Goodness of Fit
OTP Carbon emission intensity = 91.59 +11.986 x OTP 0.792
PLF Carbon emission intensity = 2293.64 — 16.24 x PLF 0.784
Fleet size Carbon emission intensity = 459.67 + 0.929 x Fleet size 0.758

Fuel consumption per unit
passenger kilometer
Average age of operated aircraft
Passenger turnover
ASK
Proportion of main aircraft type

Carbon emission intensity =

408.96 4-16.793 x Fuel consumption per unit passenger kilometer 0-656
Carbon emission intensity = 413.77 4-98.00 x Average age of the aircraft 0.619
Carbon emission intensity = 1240.36 — 0.134 x Passenger turnover volume 0.279
Carbon emission intensity = 1239.1 — 0.001 x ASK 0.187

Carbon emission intensity = 96.71 +11.042 x Proportion of main models 0.023

Next, the data were analyzed for correlation. In this paper, we analyzed the correlation
between 8 factors, such as ASK and PLF, and the carbon emission intensity of China Eastern
with a correlational analysis method. The Pearson correlation coefficient was used to
express the strength of the correlation between the influencing factors and the carbon
emission intensity. The specific results are shown in Table 5.

In the analysis of Tables 4 and 5, it was found that the significance level of correlation of
the five operating indicators and the carbon emission intensity was relatively high. Accord-
ing to the level of correlation, that is, the absolute value of the correlation coefficient, they
were in sequence: OTP, PLF, fleet size, fuel consumption per unit passenger kilometer, and
average age of operated aircraft. The correlation between passenger turnover and carbon
emission intensity was general, while the correlation between passenger turnover, ASK,
and proportion of main aircraft type and carbon emission intensity was relatively weak.
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Figure 3. Scatter plot of various influencing factors and carbon emission intensity. Data source:
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Table 5. Pearson correlation test results.

Influencing Factors

Carbon Emission Intensity
(Tons/Million-Ton Kilometers)

ASK Correlation coefficient —0.433
(Million seat kilometers) p—value 0.211
. Correlation coefficient 0.786 **
Average age of operated aircraft (Year) p—value 0.007
o Correlation coefficient —0.885 **
PLE (%) p—value 0.001
Fuel consumption per unit passenger kilometer Correlation coefficient 0.810 **
(Tons/Million passenger kilometers) p—value 0.005
o Correlation coefficient 0.890 **
OTP (%) p—value 0.001
Passenger turnover Correlation coefficient —0.528
(Hundred million passenger kilometers) p—value 0.117
Fleet size (Sortie) Correlation coefficient 0.870 **
p—value 0.001
. S o Correlation coefficient 0.151
Proportion of main aircraft type (%) p—value 0.677

The p—value represents the significance level of the correlation between the two, and the smaller the p—value,
the more significant it is. ** represents p < 0.01.

3.2.2. Multiple Linear Regression

In Section 3.2.1, we performed the basic analysis and found some variables that were
not significant in correlation with carbon emission intensity. In the following study, we
removed passenger turnover, ASK, and proportion of main aircraft type, which were not
significant. In the operation of airlines, the impact on carbon emission intensity was not
separate but combined. Therefore, in the analysis of this section, we conducted multiple
linear regression analysis based on the above factors to study the change in carbon emission
intensity and the influence of factors under the influence of multiple factors. The results
and specific process of the model with multiple linear regression are shown in Table 6.

Table 6. Specific process values of Linear Regression Model.

Term Coef. Std. Err t p
Intercept 4451.095 874.519 5.09 0.007 **
PLF —33.927 7.042 —4.82 0.009 **
Average age of operated aircraft —29.524 20.946 —141 0.231
OTP -3.771 2.507 —1.50 0.207
Fuel consumption per passenger kilometer —18.766 5.774 —-3.25 0.031 *
Fleet size 0.639 0.12 5.33 0.006 **

F(5, 4) = —40,139,171,889,495,696.000, p = 1.000; R? = 0.991, R?(within) = 0.922. ** represents p < 0.01. * rep-
resents p < 0.05.

From the linear regression results, the influencing factors significantly affecting the
carbon emission intensity of China Eastern included PLF, average age of operated aircraft,
fuel consumption per unit passenger kilometer, OTP, and fleet size. Among them, the PLF
and fuel consumption per unit passenger kilometer had a significant negative correlation
with carbon emission intensity, and the fleet size had a significant positive correlation with
carbon emission intensity.

Although the regression analysis above showed that the fuel consumption per unit
passenger kilometer had a significant negative impact on the carbon emission inten-
sity, the impact mechanism was as follows: for every 1-ton increase in fuel consump-
tion by 1 million passenger kilometers, the carbon emission intensity was reduced by
18.766 tons/million t-km. However, as is known to all, the air transport industry’s carbon
emissions mainly come from fuel consumption, and airlines” carbon emissions and fuel
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consumption roughly form a positive correlation. The conclusion of negative correlation
can be the result of too rare basic data. According to the relevant research results, for exam-
ple, Lee et al. (2009) conclude that carbon emissions from aircraft engines are proportional
to fuel used by a factor of approximately 3.15 [21]. Therefore, we were inclined more to
the idea that fuel consumption per unit passenger kilometer and carbon emission intensity
have a positive correlation, namely the fuel consumption per unit passenger kilometer
increase inevitably leads to carbon emission increase. There are many factors affecting fuel
consumption per unit passenger kilometer, among which the operating distance of airlines,
the combination of routes and different types, and the number of takeoffs and landings of
different types of aircraft has an impact on them. Adjusting the above factors can achieve
the goal of reducing carbon intensity indirectly by reducing fuel consumption per unit
passenger kilometer. Moreover, to improve the degrees of freedom making the regression
equation convincing, we removed the independent variable, fuel consumption per passen-
ger kilometer, with abnormal correlation relationship. After that, the calculation model
with PLF, average age of operated aircraft, OTD, fleet size as the independent variables was
shown as in Formula (2).

Carbon emission intensity = — 12.192 x PLF — 5.440 x Average age of operated aircraft — 1.566 x OTP

2
+0.632 x Fleet size + 1743.644 @

Based on the regression of Formula (2), our paper further considered the impact of
the interaction term composed of the average age of operated aircraft and fleet size on the
carbon emission intensity of China Eastern, and it introduced the interaction term A_Fl
used as a new variable. Then, the regulatory effect analysis was conducted as shown below.
The relevant results are shown in Table 7.

Table 7. Analysis of Regulatory Effects.

Term Coef. Std. Err t P
Intercept 741.8594 65.818 11.27 0.000 **
PLF —27.302 0.799 —34.17 0.000 **
Average age of operated aircraft 371.492 17.768 2091 0.000 **
OTP —6.075 0.473 —12.85 0.000 **
Fleet size 5.063 0.206 24.58 0.000 **
A_Fl —0.656 0.030 —21.62 0.000 **

** represents p < 0.01.

From the regression results in Table 7, it could be concluded that interaction term A_Fl,
the moderating effect of A_Fl, was negative and significant at a 99% confidence level. It
is not difficult to infer from the regression results of the moderating effect model. After
adding interaction item A_Fl into the regression model, the interaction term exhibited a
significant moderating effect, and the regression coefficients of PLF, average age of operated
aircraft, OTP, and fleet size all showed a significant impact on carbon emission intensity
at a 99% confidence level. Among them, PLF and OTP had a negative impact on carbon
emission intensity, while average age of operated aircraft and fleet size had a positive
impact. The specific regulatory effect could be explained as follows: for the average age of
operated aircraft, when the fleet size was large, the impact of the average age of operated
aircraft appeared more obvious, and even as the average age of operated aircraft increased,
the increase in carbon emission intensity doubled, playing a positive regulatory role. For
the fleet size, when the average age of operated aircraft was large, the positive impact of
fleet size on carbon emission intensity was also strengthened to a corresponding extent,
playing a positive promoting role.

For other variables, adding interaction terms for moderating effect analysis did not
change the sign of their regression coefficients. Therefore, it can be considered that the
interaction term between average age of operated aircraft and fleet size, A_Fl, had a certain
regulatory effect on carbon emission intensity.
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Finally, the model for regulating the effect is shown in Formula (3).

Carbon emission intensity = —27.302 x PLF 4 371.492 x Average age of operated aircraft — 6.075 x OTP

+5.063 x Fleet size — 0.656A_FI 4 741.8594 )

Based on the results of regression analysis, we found that, for the benchmark model,

its goodness of fit was 0.9656, and the adjusted decision coefficient was 0.9381. After adding
the interaction term between average aircraft age and fleet size, the goodness of fit increased
t0 0.9997, and the adjusted decision coefficient also increased to 0.9993. These two items
increased compared to the benchmark model, indicating that the interaction terms model
had a higher goodness of fit. In addition, its p-value of F-test for goodness of fit was very
significant, which also verified the credibility of the model selected in this paper (Table 8).

Table 8. Goodness of fit analysis.

Model SSR MSR SSE MSE SST R-Squared Adj R-Squared
Benchmark Model 135,201.199 33,800.2998 4812.5019 962.5004 140,013.701 0.9656 0.9381
(Formula (2))
Interaction Item Model 149 97y gg4 27994 5767 40.8174 10.2044 140,013.701 0.9997 0.9993
(Formula (3))

R — Squared = g37; MSR = 538¢ey; MSE = 70565y

R-Squared represents the percentage explained by the equation that can be estimated
in the total sum of squares, and the goodness of fit of the interaction term model reached
over 99.9%. It is believed that the model we have selected had high explanatory power and
could be used to reflect the relationship between the carbon emission intensity of China
Eastern and various influencing factors.

4. Discussion
4.1. Analysis of the Results

In this paper, we have formulated a model to investigate the carbon emissions of China
Eastern. Our analysis utilizes correlation and regression techniques to explore factors that
may influence the intensity of emissions. Based on the results of the above calculation
model, we obtain the effect of each operating indicator of China Eastern on its carbon
emission intensity.

The PLF has a significant negative correlation with its carbon emission intensity. The
influence mechanism is as follows: for each 100% increase in the PLF, the carbon emission
intensity is reduced by 33.927 t/million t-km. The reason is that, in one unit flight, for
example, the increase in PLF greatly improves transport turnover; an increased proportion
of transport turnover is larger. Although aircraft load increases due to PLF increase and
produces more carbon emissions, the proportion of load increase is very small compared
with the weight of the aircraft itself, resulting in less carbon emissions per unit transport
turnover [25].

The fleet size has a significant positive impact on the carbon emission intensity. The
impact mechanism is as follows: when the fleet size of China Eastern is increased by one,
the carbon emission intensity increases by 0.639 tons/million t-km. The reason is that
each aircraft produces carbon emissions due to the weight of itself, which may cause a
decrease in the full load rate. Therefore, the increase in fleet size leads to an increase
in carbon emissions. However, as in the study by O. Oguntona (2020), the longer-term
aircraft fleet planning method covers periods of 25-50 years, and a typically simplified fleet
development is driven by forecast demand, technology, and productivity [26]. In addition,
as technology updates, newly developed aircraft is better able to reduce carbon emissions
than old ones. Therefore, after China Eastern continuously eliminated old aircraft and
introduced new ones, the fleet size has little impact on the carbon emission intensity. After
adding interaction item A_Fl into the regression model, for the fleet development, when
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the average age of operated aircraft is large, the positive impact of fleet size on carbon
emission intensity will also be strengthened to a corresponding extent, playing a positive
promoting role.

The average age of operated aircraft shows insignificant negative effects in the original
model; when adding interaction terms, the average age of operated aircraft will show
significant and significant positive effects. For the average age of operated aircraft, when
the fleet size is large, the impact of the average age of operated aircraft appears more
obvious, and even with the increase in the average age of operated aircraft, the increase in
carbon emission intensity doubles, playing a positive regulatory role in promotion.

The OTP has a significant negative correlation with its carbon emission intensity.
According to the Formula (3), when OTP increases by 100%, the carbon emission intensity
decreases by 5.951 tons/million t-km. Compared with other influencing factors, the impact
of OTP is relatively weak. According to the Global Airlines Arrival Rate Report in February
2020, the OTP of China Eastern is 98.26%, so airlines can reduce carbon emission intensity
by increasing the punctuality rate, but the improvement space is very limited.

ASK, passenger turnover, and the proportion of main aircraft type have no significant
impact on carbon emission intensity. However, according to the analysis of the specific
meaning of these operating indicators, it also has some impact on the carbon emission
intensity. However, this paper may be limited by the amount of basic data used so that the
impact is small, making the regression results not significant.

The above findings demonstrate that passenger load factor and on-time performance
have a significant negative impact on carbon emissions. However, fuel consumption per
passenger kilometer and fleet size positively influences the intensity of carbon emissions
for China Eastern. Our study also examines emission reduction technologies employed in
the domestic and international aviation industry, offering practical suggestions for China
Eastern and China’s wider civil aviation department to lower their emissions.

4.2. Development Suggestions for China Eastern Airlines

We present four suggestions for improving carbon emission efficiency and achieving
cleaner production.

First, Steven and Merklein (2013) point out that joint collaboration in a global strategic
alliance offers airlines an opportunity in passenger transportation [27]. Therefore, by
expanding strategic alliances to increase PLF and reduce the fuel consumption per unit
passenger kilometer, designing diverse products, and maintaining oversells, China Eastern
can reduce both carbon emissions and carbon emission intensity.

Second, Gray et al. (2021) study different types of aircraft divided according to size
and purpose and introduce the idea that twin-engine narrow-body aircraft are usually used
on domestic/intercontinental routes, but due to their higher fuel efficiency, there is also
great interest in using them on transatlantic/intercontinental routes, while with wide-body
aircraft, as the most expensive aircraft, the increase in “point-to-point” flight modes has led
to a decrease in demand for such aircraft [28]. Matching aircraft types with route demand,
optimizing the route network, and implementing fuel-saving technologies can decrease
fuel consumption per passenger kilometer.

Additionally, taking London Heathrow Airport as an example, Irvine et al. (2016)
quantify the environmental effect of airborne delays to inbound aircraft at the heavily
constrained London Heathrow Airport on emissions and local air quality [29]. Therefore,
resolving airspace congestion, improving runway operations, and enhancing cooperative
release mechanisms can improve OTP.

Finally, according to our survey, as the innovation cost input of aircraft manufacturers
increases, the aircraft per seat produced by aircraft manufacturers will produce less carbon
emissions. For example, according to Boeing’s official website, compared to the older
Boeing-737 type, Next-Generation 737 reduces the emission of multiple pollutants. The
specific comparative data are shown in Figure 4. In addition, according to reports by China
Aviation News Network (China Aviation News Network, Embrace carbon neutrality, how to
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optimize the use of aviation fuel? https://www.cannews.com.cn/2021/1126/335839.shtml
(accessed on 10 October 2023)) and related studies, aircraft engines are usually accompanied
by a performance reduction during their use, and the most important features of the
reduction are higher fuel consumption and carbon emissions. Therefore, introducing new
technologies, aircraft with high emission reduction capabilities and promoting biofuel use
can further reduce carbon emissions. These findings may also be applicable to other airports
in China to reduce fuel consumption and congestion while also improving punctuality.
This presents interesting opportunities for future research.
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Figure 4. Environmentally Progressive Cleaner, Quieter, and More Efficient Operations of Next-
Generation 737.

5. Conclusions

In this paper, to solve the initial problem, the impact of airlines” operating indicators
on their carbon emission intensity, in the introduction, we formulate a model to investigate
the carbon emissions of China Eastern. Our analysis utilizes multiple linear regression and
moderating effect analysis techniques to explore factors that may influence the intensity of
emissions. Our findings demonstrate that fleet size, average age of per aircraft, and fuel
consumption per unit passenger kilometer positively influences the intensity of carbon
emissions for China Eastern. However, the PLF has a significant negative impact on
carbon emissions.

In addition, we explore the relationship between the carbon intensity of China Eastern
and its operating revenue further. The results indicate that the positive correlation between
carbon emission intensity and operating income is not significant, but it can be roughly
seen that the higher the carbon emission intensity, the higher the profit value of airlines
when they are not subject to carbon emission constraints at present. However, there is no
consideration of the cost of emission reduction or the cost of participating in carbon trading
under the condition of carbon emission constraints, in which the negative externality of
airlines will be limited under the carbon trading constraints, and the profit value of the
airlines will be decreased.

Based on the findings in this paper and some emission reduction technologies em-
ployed in the domestic and international aviation industry, we present four suggestions for
improving carbon emission efficiency and achieving cleaner production to solve the second
problem, providing operational and development suggestions to airlines according to the
impact mechanism of China Eastern Airlines’” carbon emission intensity in the introduc-
tion. First, by expanding strategic alliances, designing diverse products, and maintaining
oversells, China Eastern Airlines can reduce both carbon emissions and carbon intensity.
Second, matching aircraft types with route demand, optimizing the route network, and
implementing fuel-saving technologies can decrease fuel consumption per passenger kilo-
meter. Additionally, resolving airspace congestion, improving runway operations, and
enhancing cooperative release mechanisms can improve punctuality. Finally, introduc-


https://www.cannews.com.cn/2021/1126/335839.shtml

Sustainability 2023, 15, 16383 15 of 16

ing new technologies, introducing aircraft with high emission reduction capabilities, and
promoting biofuel use can further reduce carbon emissions. These findings may also be
applicable to other airports in China to reduce fuel consumption and congestion while also
improving punctuality.

This presents interesting opportunities for future research.

This study has encountered certain limitations due to difficulties in obtaining data.
First, the analysis is founded on China Eastern’s yearly data from 2013 to 2022. For
future research, the dataset can be expanded by including data from additional years or
by refining the data on a more frequent basis, such as half-yearly or quarterly. Second,
the model utilized in this investigation inadequately incorporates all influencing factors,
including route distance and the advanced index of navigation technology. Hence, future
research ought to pursue the integration of a more comprehensive set of influencing factors
in order to gain a deeper understanding of the mechanisms behind aviation’s carbon
emission intensity.
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