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ABSTRACT
The paper analyzes the sustainability of the Chinese transportation
sector by examining the relationship between energy consumption
(and CO2 emissions), transportation modes, and macroeconomic
variables. Principal Component Analysis (PCA) and Neural Networks
(NN) are combined using monthly data from January 1999 to
December 2017. Our goal is to propose a model that links China’s
transportation footprint to major macroeconomic factors while
simultaneously controlling each mode of transportation. Inflation
and credit policies exert relatively weak effects on the explained
variable. In contrast, trade and fixed asset investments, as well as
monetary and fiscal policies, show a positive and significant
impact. The use of waterways and airways plays an imperative role
in sustainable development compared to the use of roads.
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1. Introduction

As a result of the fastest global temperature rise in recorded history over the past five
decades, climate change has adversely affected sustainable development worldwide.
Over one hundred countries have adopted limits on global warming (Meinshausen
et al. 2009). The transportation industry is a significant contributor to greenhouse gas
emissions (GHG), which are the primary driver of climate change. According to
World Bank statistics (IPCC 2015), transportation-related GHG emissions accounted
for 14% of total global emissions, making it a crucial component in reducing emissions
across countries (Heinold and Meisel 2018).

The situation in China is similar. Since 2005, carbon emissions have hit their peak.
To achieve sustainable development, China plans to reduce carbon emissions by 60%
to 65% by 2030 (Zhang, Yu, and Chen 2017). Due to the country’s large population
and rapid urbanization, there is a high demand for transportation in the industry
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(Chen, Barros, and Yu 2017a; Chen et al. 2017b; Chen, Tzeremes, and Tzeremes
2018). In 2010, China consumed 40% of the total oil and emitted 20% of the carbon
dioxide in the world. This poses a significant challenge for China’s low-carbon develop-
ment (Pan et al. 2018). The government is, therefore, putting in increased efforts to
develop the sector sustainably, especially under strict environmental regulations, including
raising automobile pollution standards and improving the efficiency of high-speed rail
systems.

This study examines the sustainability of Chinese transportation modes using monthly
data from January 1999 to December 2017. Previous studies have analyzed transportation
modes using a time series approach (Lao et al. 2016; Kim, Hewings, and Amir 2017).
However, this study develops an innovative approach to predicting China’s transportation
footprint by using Principal Component Analysis (PCA) and Neural Networks (NN)
models. While several studies have utilized these methods, only How and Lam (2018)
applied PCA and the Analytical Hierarchy Process (AHP) to evaluate the full spectrum
of sustainability, including economic, environmental, and social domains.

In addition, this paper considers energy consumption and carbon emissions associated
with both freight and passenger transportation footprints jointly. Previous works have
examined either freight or passenger transportation (Zhu, Zhang, and Zhang 2018; Gui-
marães, Junior, and Silva 2018; Chao 2014). Combining freight and passenger transpor-
tation into one analysis may provide a better understanding of macroeconomic impacts.

Quantitative methods such as time-series analysis, multivariate regressions, and vector
auto-regression are used in the literature. However, this paper uses a novel combination of
PCA and NN to examine how macroeconomic variables influence China’s transportation
footprint. Neural networks are a common method for predicting data with better classifi-
cation, generalization, and approximation ability and have been used in a wide range of
functions for many years (Azoff 1994). PCA primarily uses variable dimension reduction
to create new combinations of variables or indicators that are independent of one another
and contain fewer variables or indicators (Dunteman 1989). These methods are flexible
and computationally efficient, making them suitable for various applications, including
transportation (Nagendra and Khare 2004; Liu et al. 2016; Liu et al. 2017).

This study aims to unveil the relationship between energy consumption (including
CO2 emissions) of different transportation modes and significant macroeconomic vari-
ables by utilizing PCA and NN approaches. By using NN within the scope of PCA, we can
explore the relationship between transportation footprint and macroeconomic factors
while considering the impact of different transportation modes.

The study makes a valuable contribution to the existing literature by analyzing the
feedback effects of macroeconomic factors on sustainability in the Chinese transpor-
tation industry. The paper is structured as follows: Section 2 provides some background
information, while Section 3 summarizes the relevant literature. The methodology
employed in this study is outlined in Section 4. Our empirical findings are presented
in Section 5, followed by concluding remarks in Section 6.

2. Overview of the transportation system in China

The transportation system in China comprises railways, highways, air, and water trans-
portation (Huang et al. 2018). As of 2015, the length of railways in China exceeded
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120,000 kilometers. China operates approximately 67% of the world’s high-speed rail-
ways, representing a significant growth in railway transportation in recent years
(Wanke et al. 2018b). The main lines connect the major cities in China.

As China’s economy and income grow, the civil aviation industry is also rapidly
developing (Chen, Tzeremes, and Tzeremes 2018). Under the ‘National Civil Airports
Scheme’, China plans to have 244 civil airports by 2020. In 2017, the civil aviation
industry in China carried out transportation of 108.3 billion tons, a 12.5% increase
from the previous year. IATA predicts that China’s aviation market will grow by an
average of 10% per year during 2017–2022, and the average yearly demand will be
0.5 flights per person, carrying 720 million passengers. The number of Chinese passen-
gers is expected to reach 1.3 billion in 2035, surpassing that of the United States in
2024. Transportation in China is also facilitated by the road freight system. In 2017,
approximately 130 million tons of freight were transported by road daily, making it
China’s most significant transport system. More than 78% of integrated freight is
transported through roads. The Chinese expressway network includes eleven major
lines, covering the country’s economic centers. The inland rivers of China include
the Yangtze, Pearl, Heilongjiang, Songhua, Huaihe, and Beijing-Hangzhou Grand
Canal. The Yangtze River alone transports sixty percent of all freight (Wanke et al.
2018a.

According to the China Statistical Yearbook 2017, China’s transportation industry
consumed 383.18 million tons of standard coal in 2015. Diesel accounted for 29.13%,
and gasoline accounted for 13.85%, respectively. The carbon emissions in China in
2017 were 291.142 million tons, accounting for 22.61% of total carbon emissions, as
per the IPCC National Greenhouse Gas Inventories Guide. In 2010, gasoline accounted
for 10% of carbon emissions. Diesel and gasoline remain the primary fuels used in trans-
portation, which are associated with high carbon emission factors and severe pollution.
These two primary energy sources urgently need to be addressed.

3. Review of literature

The existing studies on transportation freight and passenger time series are scarce.
Khan et al. (2018) adopted econometric panel methods to investigate freight traffic
in different transportation modes. The findings show that air-railways transportation
can accelerate energy demand. Schodl et al. (2018) used a quantitative estimation tech-
nique to investigate the influence of transportation networks on the corresponding
regions. Alizadeh (2013) examined the trading volume-price volatility relationship
in the Forward Freight Agreement (FFA) market. Karlaftis and Vlahogianni (2009)
developed fractionally integrated dual models and made relevant comparisons
between the results with those from classic time series models under the traffic engin-
eering context. Barros, Chen, and Wanke (2016) applied fractional models to Brazilian
transportation modes, and the findings suggest that road transportation dominates
over other modes.

In the Chinese context, several relevant studies have examined transportation with an
emphasis on a few modes, including airlines, railways, and waterways (Bao, Hua, and Gu
2016; Hu, Chen, and Zheng 2018; Huo, Zhang, and Chen 2018; Wanke et al. 2018a;
Antunes et al. 2023). However, the combined analysis of Chinese transportation
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modes – air, water, rail, and road – has not attracted much attention from transportation
researchers so far (Feng and Wang 2018; Pan et al. 2018). Furthermore, existing works
mainly focused on either passenger transportation or freight transportation, while
there have been few efforts focusing on cross-impacts with macroeconomics (Halkos
and Paizanos 2016; Zegras et al. 2013).

There have been limited studies investigating Chinese transportation modes using
time series analysis. Wang and Lin (2019) examined the influence of urbanization,
price, income, and structure on diesel and gasoline consumption in road transportation.
Huang et al. (2018) investigated the dynamics of China’s main transportation modes
from monetary and energy perspectives. Existing studies were characterized by using
low-frequency data, facilitated by traditional panel models, to evaluate causal
relationships.

Regarding the environmental and economic impacts of transportation, Hadi-Vencheh
et al. (2018), and Zhu, Zhang, and Zhang (2018) examined the impact of various modes
of transport on monetary costs and environmental expenditures. Xia, Sun, and Feng
(2022) investigated the factors determining the spatial inequalities of low-carbon devel-
opment in China’s transport section under a meta-frontier DEA-based decomposition
approach. Liu and Feng (2020) proposed a temporal–spatial analysis to evaluate the
relationship between transport energy-related carbon emission and economic develop-
ment. For example, Du, Xie, and Ouyang (2017) adopted multiple regression and path
analysis to assess the determinants of carbon emissions in China’s transportation indus-
try. The findings show that carbon emissions are significantly affected by traffic intensity,
energy intensity, and economic levels.

On the other hand, it is common to assess the sustainability or green technical
efficiency of the transportation sector using DEA (Data Envelopment Analysis) (Chen
et al. 2017b; Chen, Tzeremes, and Tzeremes 2018; Hadi-Vencheh et al. 2018; Wanke
et al. 2018b) and SFA (Stochastic Frontier Analysis) (Chen, Barros, and Yu 2017a).
Some researchers have also attempted to identify the factors that drive efficiency
changes during a specific period, such as environmental regulation (Liu et al. 2016; Li,
Meng, and Yao 2017; Pan et al. 2018) and transportation infrastructure (Xie, Fang,
and Liu 2017). However, most of these studies have focused on a specific transportation
mode within a country (Zuo et al. 2018). This research also contributes to this field of
study since existing literature primarily relies on case studies and multivariate regression
analyses.

Specifically, Huang et al. (2018) applied China’s system diagram and time-series data
to identify the monetary and environmental costs for different transportation modes.
They concluded that private cars are the most costly method of mitigating environmental
impact. Furthermore, Chang, Ma, and Wu (2018) used the STIRPAT model to analyze
the effect of urbanization on the private and public sector energy consumption in
China. They demonstrated that the urbanization level significantly affects the energy con-
sumption of the public transportation system.

Moreover, some scholars have studied comparable topics internationally. Wang and
Lin (2019) compared the energy use of road transportation in China and OECD
countries and identified the factors that influence energy consumption in these countries.
China’s energy consumption, particularly its consumption of fossil fuels, is more affected
by economic factors compared to other OECD countries. However, more research is
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needed to reveal the mechanisms and policy implications of improving sustainable devel-
opment in China. Table 1 summarizes the reviewed studies above.

Transportation demand is derived from socioeconomic demand. This means that
the level of economic activity and the behavior of consumers influence the demand
for transportation services. As a result, transportation-related greenhouse gas emis-
sions are related to macroeconomic variables such as income, population, and
urbanization.

Regarding the concept of ‘drivers of transport sustainability,’ it is not surprising to
consider macroeconomic variables as important factors in promoting sustainable trans-
portation. By adopting green transportation strategies, it is possible to decouple trans-
port-related greenhouse gas emissions from economic growth. For example, the
promotion of railways and waterways, the use of clean energy vehicles, and the
implementation of efficient logistics systems such as intermodal and multimodal struc-
tures can contribute to reducing transport emissions while maintaining economic
growth.

In summary, it is possible to reduce transportation-related greenhouse gas emissions
while promoting economic growth through the adoption of green transportation strat-
egies (IEA 2017; UNEP 2019; EEA 2019). Macroeconomic variables can play a role in
driving sustainable transportation, and it is important to consider them in developing
policies and strategies to address climate change (ITF 2019; WB 2019; EC 2016).

4. Methodology

This section outlines the steps involved in developing the PCA-NN two-stage approach,
based on the assumption that substantial macroeconomic variables in China are inter-
connected with transportation sustainability (energy consumption and CO2 emissions).
The first methodological step is PCA, which is used to determine independent or uncor-
related factors (groups of variables). The transport footprint is then used as the depen-
dent variable in an NN regression, using these extracted factors. The goal is to assess
how significant macroeconomic variables and their relative importance to the transpor-
tation footprint influence the energy consumption of the transportation sector. These
modeling steps are briefly described, and then the results are discussed. In the following
paragraphs, we provide brief explanations of both PCA and NN and explain why they are
used in combination.

4.1. Background on PCA

PCA is a method for studying the structure of data and determining patterns of covari-
ance among variables. Therefore, PCA studies variance-covariance matrices. The
purpose of PCA is to identify highly correlated variables or sets of variables. In addition
to analyzing large datasets with multiple dimensions, PCA enhances interpretability, pre-
serves information, and visualizes multidimensional data. PCA reduces the dimension-
ality of datasets. In some cases, a linear transformation of data can reduce the number
of dimensions that cause a major part of variations. In two dimensions, data is clustered
using the first two principal components. Principal component analysis is used, for
instance, in microbiology, genetics, and atmospheric science.
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Table 1. Review of previous related studies.

Author (year) Aim Data method Results
The advantages of our proposed

method

Khan et al.
(2018)

To investigate the impact of air
transportation, railways
transportation, and port container
traffic on energy demand, customs
duty, and economic growth in
low-, middle-, and high-income
countries.

Panel data from 92
countries over the
period of 1995–2012.

Panel regression
model

Air and railways transportation have a
positive impact on economic
growth, while port container traffic
has a negative impact.

PCA-NN models can capture nonlinear
and complex relationships between
variables and can perform well even
when there is heteroscedasticity in
the data.

Schodl et al.
(2018)

To develop a method for estimating
regional impacts of innovative
means of cargo transport.

Data on cargo flows,
infrastructure, and
transport modes in
Austria.

Multi-criteria decision
analysis (MCDA)
and network
simulation

The proposed method can estimate
regional impacts of innovative
means of cargo transport

PCA-NN models can identify the most
important variables and their
interactions and can provide
insights into the structure of the
data.

Alizadeh (2013) To examine the relationship
between trading volume and
volatility in the shipping forward
freight market.

Data on daily trading
volumes and prices of
forward freight
agreements (FFAs) for
the period of 2003–
2008.

GARCH model and
regression analysis

Trading volume has a positive impact
on volatility in the shipping forward
freight market, but the relationship
is not linear.

PCA-NN models, can capture
nonlinear and complex
relationships, and can be applied to
a wide range of data sets beyond
financial time series.

Karlaftis and
Vlahogianni
(2009)

To investigate the memory
properties and fractional
integration in transportation time-
series

Traffic volume data from
Athens, Greece

Fractional integration
analysis

transportation time-series exhibit
long-term dependence and non-
stationarity, and the memory
properties differ across different
types of transportation modes

PCA-NN models can identify the most
important variables and their
interactions and can provide
insights into the structure of the
data, even when the relationships
are nonlinear and complex.

Barros, Chen,
and Wanke
(2016)

To evaluate the efficiency of Chinese
seaports from 2002 to 2012

Data on Chinese seaports
from the World Bank

Data envelopment
analysis (DEA) and
Malmquist
productivity index
(MPI)

the overall efficiency of Chinese
seaports has improved during the
period, and the major factors
affecting efficiency are technology
and scale efficiency

PCA-NN models can identify the most
important variables and their
interactions and can provide
insights into the structure of the
data, which can help to improve
decision-making and increase
efficiency.

Bao, Hua, and
Gu (2016)

To examine the relationship
between airport accessibility and
airport competition

Data on airport
accessibility and
competition in China

Regression analysis airport accessibility has a significant
positive effect on airport
competition, and the effect is

PCA-NN models can capture nonlinear
and complex relationships between
variables and can perform well even

(Continued )
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Table 1. Continued.

Author (year) Aim Data method Results
The advantages of our proposed

method

stronger for domestic airports than
for international airports

when there is heteroscedasticity in
the data.

Hu, Chen, and
Zheng (2018)

To analyze the impacts of
congestion pricing on
environmental costs at
Guangzhou Baiyun International
Airport

Data on airport
operations and
environmental
emissions from
Guangzhou Baiyun
International Airport

Regression analysis congestion pricing can effectively
reduce airport congestion and
environmental costs, and the
optimal congestion pricing scheme
depends on the level of
environmental regulation and the
sensitivity of passengers to
congestion charges

PCA-NN models can capture nonlinear
and complex relationships between
variables and can perform well even
when there is heteroscedasticity in
the data.

Huo, Zhang,
and Chen
(2018)

Examine recent development of
Chinese port cooperation
strategies

Secondary data from
reports, articles, and
official documents

Literature review and
case studies

Identified challenges and
opportunities for Chinese port
cooperation strategies and provided
recommendations for future
development

PCA and NN can handle large and
complex datasets

Wanke et al.
(2018a)

Measure Malmquist productivity
indexes in Chinese ports

Data on 25 Chinese ports
from 2008 to 2014

Fuzzy GMSS DEA
approach

technological change and technical
efficiency were the main drivers of
productivity growth in Chinese ports

PCA and NN can capture non-linear
relationships between variables

Feng and
Wang (2018)

Analyze energy efficiency in China’s
transportation sector

Secondary data from
reports and statistics

Data envelopment
analysis and Tobit
regression

Identified factors affecting energy
efficiency in China’s transportation
sector and provided
recommendations for policy makers

PCA and NN can identify hidden
patterns and relationships between
variables that may not be apparent
with DEA and Tobit regression.

Pan et al.
(2018)

Examine decarbonization of China’s
transportation sector

Secondary data from
reports and statistics

Scenario analysis and
modeling

Proposed a roadmap for
decarbonizing China’s
transportation sector, including
policy recommendations and
technological solutions

PCA and NN can provide more
accurate predictions and forecasts

Zegras et al.
(2013)

To analyze the prospects of
establishing metropolitan
transportation authorities in
Portugal within the context of
fiscal federalism

Qualitative data from
interviews with
policymakers and public
officials;

Case study approach Establishment of metropolitan
transportation authorities is feasible
and may help improve
transportation governance and
service delivery

PCA and NN provide a more
systematic and data-driven
approach that can capture complex
relationships between variables

Wang and Lin
(2019)

To compare the fuel consumption
and efficiency of road transport
between China and OECD
countries

Time-series data from
1980 to 2015

DEA and Malmquist
productivity
analysis

Fuel consumption and efficiency of
road transport have improved in
both China and OECD countries, but

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

(Continued )
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Table 1. Continued.

Author (year) Aim Data method Results
The advantages of our proposed

method

the gap between them remains
significant

Huang et al.
(2018)

To assess the monetary, energy, and
environmental costs of terrestrial
transport modalities in China

Data from various sources Life cycle assessment
and cost-benefit
analysis

Railway and waterway transport are
more environmentally and
economically sustainable than road
transport in China

PCA and NN can handle both
quantitative and qualitative data

Chen, Barros,
and Yu
(2017a)

To analyze the spatial distribution
characteristics of Chinese airports

Data on 191 Chinese
airports

Spatial cost function
approach

The spatial distribution of airports in
China is inefficient, with many
airports located in areas with low
demand and high costs

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Hadi-Vencheh
et al. (2018)

To measure the sustainability of
Chinese airlines with respect to
CO2 emissions

Data on 36 Chinese
airlines over 2010–2014;

Modified slack-based
measure model

Chinese airlines have low levels of
sustainability

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Zhu, Zhang,
and Zhang
(2018)

To analyze the connectivity of
intercity passenger transportation
in China using a multimodal and
network approach.

China Statistical Yearbook
and Baidu Maps.

network analysis,
clustering, and
centrality analysis.

rail transportation plays a crucial role
in intercity connectivity in China.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Chen et al.
(2017b)

To evaluate the efficiency of Chinese
airlines considering CO2 emissions
and flight delays

Data on 32 Chinese
airlines over 2010–2014

Stochastic network
DEA model

Most Chinese airlines are inefficient,
and CO2 emissions have a
significant negative impact on their
efficiency

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Chen,
Tzeremes,
and
Tzeremes
(2018)

To examine convergence in the
Chinese airline industry using a
Malmquist productivity analysis.

China’s civil aviation
statistics.

DEA and Malmquist
productivity
analysis.

technical efficiency and productivity
have improved, but there is still a
gap between state-owned and non-
state-owned airlines.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Wanke et al.
(2018b)

Investigate drivers of railway
performance in selected Asian
countries

Data from 14 Asian
countries from 2008 to
2015

DEA, Tobit regression,
and bootstrapping
techniques

economic, social, and institutional
factors, as well as technology, had
significant impacts on railway
performance

PCA and NN can handle missing and
incomplete data. Additionally, PCA
and NN can identify the most
important variables that affect the
outcome

Liu et al. (2016) To propose an improved grey neural
network model for predicting
transportation disruptions.

Shanghai Metro System. grey neural network
modeling

proposed model had higher
prediction accuracy than traditional
models.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

(Continued )
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Table 1. Continued.

Author (year) Aim Data method Results
The advantages of our proposed

method

Li, Meng, and
Yao (2017)

To evaluate the sustainability
performance of China’s
transportation industry under
environmental regulation.

China Environment
Yearbook and China
Transportation
Yearbook.

DEA and regression
analysis.

environmental regulation has a
positive impact on the sustainability
performance of China’s
transportation industry.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Xie, Fang, and
Liu (2017)

To investigate the effects of
transportation infrastructure on
urban carbon emissions in China.

China City Statistical
Yearbook and China
Energy Statistical
Yearbook.

panel data analysis the improvement of transportation
infrastructure has a negative impact
on urban carbon emissions.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Xia, Sun, and
Feng (2022)

To decompose the causes of spatial
inequalities in low-carbon
development in China’s transport
sector using a meta-frontier DEA-
based decomposition approach.

China Transportation
Yearbook

meta-frontier DEA
modeling.

the main factors contributing to
spatial inequalities were differences
in technology efficiency and input
quality.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Liu and Feng
(2020)

To analyze the temporal and spatial
decoupling of transport CO2
emissions from China’s economic
expansion.

China Energy Statistical
Yearbook and China
City Statistical
Yearbook.

decoupling analysis
and spatial analysis.

some provinces have successfully
decoupled transport CO2 emissions
from economic growth, while others
have not.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Zuo et al.
(2018)

To determine whether road or rail
transportation is the better
solution for reducing carbon
emissions related to the
transportation of aggregates.

an aggregate
transportation company
in the UK.

life cycle assessment
and cost analysis.

rail transportation is a more
sustainable solution for the
transportation of aggregates.

CA and NN can handle both
quantitative and qualitative data

Chang, Ma, and
Wu (2018)

To analyze the impact of urban
development on residents’ public
transportation travel energy
consumption in China, with a
focus on hydrogen fuel cell
vehicles

China Urban Construction
Statistical Yearbook and
China Transportation
Yearbook.

regression analysis
and scenario
analysis.

the adoption of hydrogen fuel cell
vehicles can significantly reduce
energy consumption and carbon
emissions in urban transportation.

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables

Antunes et al.
(2023)

To examine the impact of R&D and
innovation on Chinese road
transportation sustainability
performance using a novel
trigonometric envelopment
analysis.

the China Statistical
Yearbook and China
Transportation
Yearbook.

DEA and
trigonometric
envelopment
analysis.

R&D and innovation have a positive
impact on the sustainability
performance of Chinese road
transportation

PCA and NN can handle high-
dimensional data and capture
nonlinear relationships between
variables
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In n-data analysis, a derived variable account for the majority of the variance in p vari-
ables. There is an assumption that its distribution is equal. After removing the first prin-
cipal component, the second principal component explains the majority of variance.
PCA reduces the number of highly correlated variables to an independent set by reducing
the number of variables that are highly correlated. Predictive models are created using
PCA. Data points can be reduced in dimensionality by projecting the first few principal
components onto them. As a result, the first principal component maximizes variance.
Summarizing principal components in orthogonal directions maximizes variance.

Every objective’s eigenvector is its principal component. The eigen decomposition of
data matrices is commonly used in principal component analysis. Eigenvector-based
multivariate analysis, such as PCA, is more straightforward than factor analysis.
In factor analysis, the eigenvectors of a different matrix are solved, and more
domain-specific assumptions are taken into account. There is a connection between
CCA (Canonical Correlation Analysis) and PCA. In CCA, coordinates are used to
describe cross-covariance between two datasets, while in PCA, orthogonal coordinates
are used to describe variance between datasets.

4.2. Background on neural networks

Artificial neural networks are a method in artificial intelligence (AI) used to solve pro-
blems by using simplified models of biological neural networks. The models use
neurons as building blocks, which are connected using weights to express the strength
of their connections. A positive connection is known as an excitatory connection,
while a negative connection is known as an inhibitory connection. Weights are also
applied to all inputs. The inputs of a neuron are summed up as a linear combination,
multiplying each input with the respective weight. An activation function controls the
output of a neuron.

Neural networks are nonlinear statistical data models or decision-making tools. They
can be used to find patterns in data or model complex relationships between inputs and
outputs. Adaptive control, predictive modeling, and data-driven applications can benefit
from neural networks. Deductive reasoning can be used within networks to facilitate self-
learning. Artificial neural networks are commonly used for the following tasks:

. Time series prediction and modeling using function approximation or regression
analysis.

. Recognizing patterns and sequences, detecting novelty, and making sequential
decisions.

. Filtering, clustering, blind signal separation, and compression.

4.3. Reasons for combining NN and PCA

Although training an NN model takes longer than training a linear PCA model, it was
found that the former is more suitable for use in nonlinear systems, despite the longer
training time. This model is also more comprehensive in terms of time domain features.
Additionally, the proposed method improves the system’s performance by using time
domain features.
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Readers should be aware that when using PCA and NN together, the number of
weights related to each explanatory variable in the NN increases, and the amount of
data required to accurately determine the network weights also increases (often quite
rapidly), increasing the risk of overfitting. Dimensionality reduction reduces the
network size, which, in turn, reduces the amount of training data required. A complete
description of the error measurement function in terms of PCA can be obtained by learn-
ing from examples in layered feed-forward neural networks using optimization methods,
such as back propagation.

4.4. The dataset used

Table 2 shows the variables used in the current study. All variables are determined on a
monthly basis. We mainly have three different sources for collecting the data: 1) the year-
book of China’s transportation; 2) the Wind database (www.wind.com.cn); 3) China’s
National Statistics Bureau. The average conversion factors for each transportation
mode’s efficiency and pollutant characteristics were used in the computation of CO2
emissions and energy levels (Wang, Ou, and Zhang 2017. Furthermore, an average
weight of 70 kg was assigned to each passenger in order to establish a common basis
for freight and passenger movements. The data period covered in the study ranges
from January 1999 to December 2017.

Figure 1 displays the results of the returns of these time series after removing the
trend and seasonal effects, with the exception of the loan rates, consumer price
indexes, deposit rates, and exchange rates for which trend and seasonal effects
have not been removed. To extract the random level component and seasonal
effects from the original dataset, we apply a time series decomposition method. Sub-
sequently, the observation at time t was divided by the previous observation at time
t-1 to calculate the returns. These decomposition steps and return computations
ensure the stationarity of the time series. Returns were calculated for each mode
based on the sum of their respective shares, as well as for energy consumption
and CO2 emissions.

Table 3 presents the descriptive statistics for the return time series. Table 4 shows
the correlation coefficients, which also support the need to extract factors using PCA,
since many values are relatively high (with an absolute value above 0.40). Table 3
shows that, except for macroeconomic variables with proportionally more significant
standard deviations (SD), the recomputed time-series show mean returns fluctuating
around 1.0 and the coefficient of variation (CV) is low. A consideration of minima,
maxima, and means in Table 3 also reveals some asymmetry in the time series of trans-
portation sustainability and macro-economic variables. It is apparent from Table 4
that some of these variables are strongly correlated, particularly within the context
of each mode of transportation.

4.5. PCA

Following Hair et al. (1995), let the random vector, X = [X1, X2, . . . , Xp] (i.e. the cri-
teria chosen to be aggregated), have the correlation matrix C, with eigenvalues,
l15l25 . . .5lp50, and normalized eigenvectors, l1, l2, . . ., lp. Consider the linear
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combinations, where the superscript t represents the transpose operator,

XPCi = ltiX = l1iX1 + l2iX2 + . . .+ l piXp, (1)

Var(XPCi) = ltiCli, i = 1, 2, . . . , p, (2)

and

Correlation(XPCi , XPCk) = ltiClk, i = 1, 2, . . . , p, k = 1, 2, . . . , p (3)

Table 2. Descriptive statistics for the original dataset (SD = standard deviation, CV = coefficient of
variation).
Variables Min Max Mean SD CV

Total Turnover of Passenger Traffic (100
million person*kilometers)

557.320 3272.168 1922.790 706.304 0.367

Total Turnover of Freight Traffic (100 million
tons*kilometers)

2767.800 17518.878 9430.423 4679.750 0.496

Total Energy Use (100 million Horsepower
(HP))

2452217.050 16968737.164 8493750.660 4806812.482 0.566

Total Transportation CO2 Emission (tons) 118105.025 1040037.946 489524.878 318947.832 0.652
Railway Turnover of Passenger Traffic (100
million person*kilometers)

159.160 1454.196 659.780 272.007 0.412

Railway Turnover of Freight Traffic (100
million tons*kilometers)

904.240 2592.156 1853.188 477.550 0.258

Railway Energy Use (100 million HP) 1237081.467 3539892.991 2532496.478 655340.256 0.259
Railway CO2 Emission (tons) 31545.577 90267.271 64578.660 16711.177 0.259
Roadway Turnover of Passenger Traffic (100
million person*kilometers)

371.680 1780.888 942.625 326.934 0.347

Roadway Turnover of Freight Traffic (100
million tons*kilometers)

390.900 6404.753 2577.382 2178.130 0.845

Roadway Energy Use (100 million HP) 634161.471 9597547.660 3887302.150 3224837.145 0.830
Roadway CO2 Emission (tons) 50022.657 757054.559 306630.394 254375.154 0.830
Waterway Turnover of Passenger Traffic (100
million person*kilometers)

2.880 13.330 6.496 1.448 0.223

Waterway Turnover of Freight Traffic (100
million tons*kilometers)

1438.790 9349.873 4977.091 2188.696 0.440

Waterway Energy Use (100 million HP) 287935.240 1870076.966 995509.186 437733.294 0.440
Waterway CO2 Emission (tons) 28793.524 187007.697 99550.919 43773.329 0.440
Air Transportation Turnover of Passenger
Traffic (100 million person*kilometers)

23.600 869.837 313.499 215.571 0.688

Air Transportation Turnover of Freight Traffic
(100 million tons*kilometers)

2.310 23.034 10.408 5.515 0.530

Airway Energy Use (100 million HP) 175066.667 2693275.867 1078442.846 678809.654 0.629
Airway CO2 Emission (tons) 3046.160 46863.000 18764.906 11811.288 0.629
Exchange Rate (RMB/U.S Dollar) 6.104 8.280 7.301 0.858 0.118
Loan Rate (%) 4.350 7.470 5.683 0.738 0.130
Deposit Rate (%) 1.500 4.140 2.486 0.689 0.277
Consumer Price Index (%) −1.800 2.600 0.177 0.683 3.855
Total Trade (100 million U.S. Dollars) 196.990 4089.081 1964.353 1202.975 0.612
M2 Money Supply (100 million Yuan) 105500.000 1676768.540 632779.175 483581.809 0.764
Fiscal Expenditure (1 billion Yuan) 52.976 2701.591 688.320 610.871 0.887
Consumer Confidence Index 97.000 123.900 107.845 4.849 0.045
Fixed Assets Investment (1 million Yuan) 84519.000 63168396.000 11101454.122 14282428.935 1.287
Imported Crude Oil Price Index 88.470 948.796 443.219 229.345 0.517
Railway Share of Energy Use 0.170 0.589 0.369 0.127 0.345
Road Share of Energy Use 0.212 0.595 0.380 0.144 0.381
Waterway Share of Energy Use 0.086 0.200 0.128 0.027 0.215
Air Share of Energy Use 0.054 0.208 0.124 0.021 0.168
Railway Share of CO2 Emission 0.068 0.319 0.182 0.079 0.432
Road Share of CO2 Emission 0.344 0.741 0.536 0.147 0.275
Waterway Share of CO2 Emission 0.139 0.389 0.242 0.072 0.295
Air Share of CO2 Emission 0.020 0.064 0.040 0.007 0.184
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The principal components (PCs) are the uncorrelated linear combinations,
X(PCi), X(PC2), . . . , X(PCp), ranked by their variances in a descending order. The PCA
used here is correlation-based and helps to identify the underlying transformed

Figure 1. Time series of returns (xt /xt−1) after removal of seasonal and trend effects.

TRANSPORTATION PLANNING AND TECHNOLOGY 585



transportation and macroeconomic factors that are independent of each other. Accord-
ing to Tabachnick and Fidell (2007), only factor loads greater than 0.50 should be inter-
preted and taken into account.

Table 5 describes the four extracted factors for the macroeconomic variables: econ-
omic activity, credit policy, macroeconomic policy, and inflation. The economic activity
factor encompasses the variables Total Trade and Fixed Assets Investment, reflecting the
influence of the country’s international trade and fixed-assets investment. Both global
trade and fixed assets investment have played a crucial role in contributing to China’s
rapid economic growth, whereas the credit policy factor is based on the Loan Rate and
Deposit Rate, reflecting the price of loans and deposits and the impacts of liquidity on
the entire financial system. As the banking system dominates China’s financial system,
the interest spread is an important indicator reflecting the competitiveness and prosper-
ity of the financial industry. The Monetary and Fiscal Policy factor is formed by M2
Money Supply and Fiscal Expenditure variables, indicating the potential effects of quan-
tity-based monetary policy and government spending. Finally, the Inflationary Pressure
factor, formed by the exchange rate, the Consumer Confidence Index, and the Imported
Crude Oil Price Index, reflects the internal and external inflation pressure through
foreign demands or the rising cost of bulk commodities. It covers almost all types of
drivers of inflation.

As for the factor extraction of the transportation variables, the results are presented in
Table 6. Five factors were extracted, four of which offered a straightforward interpret-
ation for each transportation mode (road, waterway, air, and railway) concerning their
respective share of the transportation footprint. The fifth factor, transportation footprint,
represents the CO2 emissions and total energy use for both freight and passenger trans-
portation of all the transportation modes. Not only do Tables 5 and 6 offer

Table 3. Descriptive statistics for the respective series of returns without seasonal and trend effects (*).
Variables Min Max Mean SD CV

Total Energy Use (Returns) 0.6992 1.4891 1.0114 0.0871 0.0861
Total Transportation CO2 Emission (Returns) 0.6515 1.6427 1.0138 0.1038 0.1024
Railway Share of Energy Use (Returns) 0.7505 1.1895 0.9970 0.0530 0.0532
Road Share of Energy Use (Returns) 0.7616 1.6734 1.0059 0.0780 0.0776
Waterway Share of Energy Use (Returns) 0.6308 1.3226 1.0035 0.0974 0.0970
Air Share of Energy Use (Returns) 0.5688 1.5768 1.0083 0.1044 0.1035
Railway Share of CO2 Emission (Returns) 0.6661 1.2823 0.9974 0.0751 0.0753
Road Share of CO2 Emission (Returns) 0.8210 1.4853 1.0038 0.0582 0.0580
Waterway Share of CO2 Emission (Returns) 0.5965 1.4258 1.0027 0.0995 0.0992
Air Share of CO2 Emission (Returns) 0.5845 1.5955 1.0092 0.1219 0.1208
Exchange Rate (RMB/U.S Dollar) 6.1043 8.2795 7.2968 0.8578 0.1176
Loan Rate (%) 4.3500 7.4700 5.6798 0.7377 0.1299
Deposit Rate (%) 1.5000 4.1400 2.4807 0.6852 0.2762
Consumer Price Index (%) −1.8000 2.6000 0.1770 0.6843 3.8654
Total Trade (Returns) 0.6561 1.5129 1.0213 0.1306 0.1279
M2 Money Supply (Returns) 0.9873 1.0472 1.0123 0.0097 0.0096
Fiscal Expenditure (Returns) 0.1727 3.1913 1.1392 0.5306 0.4657
Consumer Confidence Index (Returns) 0.9088 1.0801 1.0008 0.0183 0.0182
Fixed Assets Investment (Returns) 0.0426 2.3933 1.2386 0.4709 0.3802
Imported Crude Oil Price Index (Returns) 0.7307 1.2181 1.0097 0.0702 0.0696

(*) Except for Loan Rate (%), Exchange Rate (RMB/U.S. Dollar), Loan Rate (%), Deposit Rate (%), and Consumer Price Index
(%), which presented a stepwise behavior and, therefore, returns were computed directly, without removing trend and
seasonal effects.
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Table 4. Correlation matrix between transportation and macro-economic variables.

Total
Energy
Use

Total
Transportation
CO2 Emission

Railway
Share of
Energy
Use

Road
Share of
Energy
Use

Waterway
Share of

Energy Use

Air Share
of Energy

Use

Railway
Share of
CO2

Emission

Road Share
of CO2

Emission

Waterway
Share of CO2

Emission

Air Share
of CO2

Emission
Exchange

Rate
Loan
Rate

Deposit
Rate

Consumer
Price Index

Total
Trade

M2
Money
supply

Fiscal
Expenditure

Consumer
Confidence

Index
Fixed Assets
Investment

Imported
Crude Oil
Price Index

Total Energy Use 1.000
Total Transportation

CO2 Emission
0.973 1.000

Railway Share of
Energy Use

−0.555 −0.690 1.000

Road Share of Energy
Use

0.600 0.716 −0.794 1.000

Waterway Share of
Energy Use

−0.499 −0.420 0.224 −0.544 1.000

Air Share of Energy
Use

−0.439 −0.520 0.331 −0.483 0.184 1.000

Railway Share of CO2

Emission
−0.537 −0.692 0.984 −0.791 0.140 0.431 1.000

Road Share of CO2

Emission
0.570 0.637 −0.665 0.961 −0.722 −0.377 −0.632 1.000

Waterway Share of
CO2 Emission

−0.599 −0.565 0.427 −0.704 0.969 0.333 0.365 −0.827 1.000

Air Share of CO2

Emission
−0.470 −0.576 0.458 −0.560 0.152 0.986 0.561 −0.427 0.331 1.000

Exchange Rate −0.018 −0.033 0.030 −0.052 0.020 0.020 0.018 −0.048 0.009 0.012 1.000
Loan Rate −0.024 −0.024 −0.016 −0.013 0.012 −0.021 −0.022 −0.014 0.001 −0.025 0.039 1.000
Deposit Rate −0.016 −0.011 −0.027 −0.002 0.017 −0.014 −0.029 −0.007 0.009 −0.018 −0.261 0.929 1.000
Consumer Price Index −0.398 −0.361 0.137 −0.146 0.162 0.188 0.135 −0.141 0.189 0.188 −0.054 0.064 0.053 1.000
Total Trade 0.620 0.557 −0.193 0.239 −0.328 −0.267 −0.190 0.248 −0.364 −0.265 0.059 0.001 −0.001 −0.422 1.000
M2 Money Supply 0.133 0.137 −0.020 0.092 −0.082 −0.127 −0.032 0.083 −0.100 −0.121 0.059 0.049 0.021 0.010 0.234 1.000
Fiscal Expenditure 0.277 0.320 −0.200 0.268 −0.072 −0.383 −0.256 0.208 −0.158 −0.399 0.040 −0.001 −0.014 −0.106 0.425 0.389 1.000
Consumer Confidence

Index
−0.044 −0.057 0.062 −0.071 0.094 0.222 0.080 −0.057 0.121 0.214 −0.009 −0.072 −0.065 0.076 −0.050 −0.083 −0.009 1.000

Fixed Assets
Investment

0.626 0.592 −0.309 0.282 −0.235 −0.289 −0.303 0.252 −0.291 −0.302 0.036 0.022 0.028 −0.555 0.684 0.008 0.411 −0.059 1.000

Imported Crude Oil
Price Index

0.164 0.166 −0.165 0.127 −0.033 −0.044 −0.170 0.110 −0.070 −0.073 0.159 0.065 0.035 −0.028 0.182 −0.069 −0.083 0.162 0.166 1.000
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interpretabilities, but they also maximize the Bartlett’s Test for Sphericity based on the
number of factors observed.

Principal Component Analysis (PCA) and factor decomposition approaches are two
common methods used in multivariate data analysis. Both techniques are used to identify
underlying patterns in data and reduce the dimensionality of data. However, there are
some advantages of PCA over the factor decomposition approach:

. Simplicity (Jolliffe 2002): PCA is a simpler and more straightforward method than the
factor decomposition approach. It involves identifying the principal components of
the data and using them to explain the maximum variation in the data. In contrast,
the factor decomposition approach is a more complex process that involves identify-
ing factors that underlie the observed variables.

Table 5. Macro-economic variables factor extraction.
Macro-economy

Macro-Economic Variables

Macro-Economic Factors

Economic Activity Credit Policy Monetary and Fiscal Policy Inflationary Pressure

Exchange Rate (0.009) (0.147) 0.226 0.597
Loan Rate (0.029) 0.969 0.054 0.034
Deposit Rate 0.000 0.981 (0.029) (0.139)
Consumer Price Index (CPI) (0.784) 0.087 0.124 0.102
Total Trade 0.782 0.026 0.350 0.107
M2 Money Supply (0.062) 0.038 0.847 (0.032)
Fiscal Expenditure 0.340 (0.015) 0.743 (0.052)
Consumer Confidence Index (0.108) (0.060) (0.098) 0.521
Fixed Assets Investment 0.900 0.044 0.118 0.040
Imported Crude Oil Price Index 0.209 0.153 (0.161) 0.758
Kaiser-Meyer-Olkin Measure of Sampling Adequacy 0.440
Bartlett’s Test of Sphericity Chi-square 1064.782

p value 1.0971E-193
Degrees of freedom 45

Table 6. Transportation variables factor extraction.
Transportation

Transportation Variables

Transportation Factors

Road
Share

Waterway
Share Air Share

Railway
Share

Transportation
Footprint

Total Energy Use 0.049 (0.322) (0.211) (0.252) 0.886
Total Transportation CO2

Emission
0.133 (0.246) (0.292) (0.412) 0.816

Railway Share of Energy Use (0.074) 0.155 0.142 0.937 (0.264)
Road Share of Energy Use 0.511 (0.464) (0.284) (0.621) 0.238
Waterway Share of Energy Use (0.056) 0.978 0.028 0.012 (0.194)
Air Share of Energy Use (0.059) 0.119 0.965 0.130 (0.182)
Railway Share of CO2 Emission (0.101) 0.070 0.262 0.923 (0.250)
Road Share of CO2 Emission 0.519 (0.658) (0.176) (0.476) 0.197
Waterway Share of CO2 Emission (0.083) 0.932 0.154 0.206 (0.238)
Air Share of CO2 Emission (0.078) 0.082 0.934 0.274 (0.196)
Kaiser-Meyer-Olkin Measure of Sampling Adequacy 0.561
Bartlett’s Test of Sphericity Chi-square 7578.790

p value 0
Degrees of freedom 45
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. Independence of components (Abdi and Williams 2010): PCA assumes that the prin-
cipal components are independent of each other, which makes it easier to interpret the
results. In contrast, the factor decomposition approach assumes that the underlying
factors are correlated with each other, making it harder to interpret the results.

. Robustness (Hubert, Rousseeuw, and Vanden Branden 2005): PCA is a more robust
method than the factor decomposition approach. It can handle missing data and out-
liers more effectively, whereas the factor decomposition approach is more sensitive to
these issues.

. Data reduction (Jackson 1991): PCA can be used to reduce the dimensionality of data
by selecting the principal components that explain the most variation in the data. This
makes it easier to visualize and analyze large datasets. The factor decomposition
approach does not offer a straightforward method for dimensionality reduction.

4.6. Neural network

Neural networks are learning models that combine mathematical and artificial intelligence
techniques based on machine learning. By experience, they are able to distinguish under-
lying patterns, just like biological neural networks. NNs can compete with regression,
classification, and clustering in data analysis. Perceptrons are the simplest neural
network model, consisting of a single neuron, an activation function, and weights
linking inputs (predictors) to outputs (dependent variables). They are similar to multi-
variate statistical models (Faraway 2005). A NN learns the weights from required training
data to maximize forecast accuracy by uncovering their hidden interactions, whereas stat-
istical models estimate parameters or weights based on probability distributions. NNs
have been successfully used to identify complex nonlinear relationships between predic-
tors and dependent variables in transportation-related studies (Liu et al. 2016; Liu et al.
2017). Karlaftis and Vlahogianni provide a useful comparison of the merits and disadvan-
tages of neural network and statistical methods in the transportation field. They provide
guidance on how to choose the approach in different situations. Liu et al. (2017) designed
a system to account for the number of passengers in public transportation based on a con-
volutional neural network. Liu et al. (2016) proposed a gray neural network to offer a more
desirable prediction of market demand after transportation disruption.

Predictive models traditionally suffer from a trade-off between accuracy and interpret-
ation complexity. Prediction accuracy must be prioritized, as a validated predictive model
may be helpful even under challenging interpretations, but it is of little value without
statistical validation. As long as a series of robustness checks are conducted to remove
the forecasting bias, a predictive model can be validated. Forecasting bias can be miti-
gated by increasing or decreasing the number of hidden layers and perceptions. The
model considered for the NNs can be specified as follows:

Transportation Footprint = f(economic activity, credit policy, macroeconomic policy,
inflation, road share, air share, waterway share, railroad share). (4)

In other words, the main hypothesis is that China’s transportation footprint is directly
affected by macroeconomic factors. These factors are, in turn, influenced by the relative
shares of each mode of transportation regarding carbon emissions and energy consump-
tion. For example, using a specific eco-efficient mode of transportation may mitigate the
impact of macroeconomic factors on transportation.
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5. Data analysis and discussion of results

5.1. Parameter setting of the neural network and cross-validation

Tables 4 and 5 present the variables used in the NN analysis, which were extracted using
PCA. In addition to the transportation footprint, other variables were included as expla-
natory variables in the NN model (cf. Equation (4)). For the parameter settings of the
NN, Figure 2 shows the apparent Root Mean Square Error (RMSE) as a function of
the number of hidden layers in the NN, considering the differences between actual
and predicted values. The RMSE can be used to evaluate each predictive technique
across various hidden layers. The RMSE tends to decline with increasing hidden
layers, which suggests a preference for a higher number of hidden layers. Furthermore,
by using different bootstrapping and resampling methods, RMSE can distinguish model
performance within the validation process. Kuhn and Johnson provide detailed infor-
mation on this topic (2013).

Thus, when applying cross-validation techniques, a typical pattern can be observed in
Figure 3, where the RMSE peaks at lower values of hidden layers, decreases, and then
levels off within the range of 0.805 to 0.825 in some methods. The neural network
with the highest accuracy (RMSE = 0.7997215) was achieved using the 10-fold cross-
validation technique, with 19 hidden layers and a decay rate of 0.0090.

5.2. Relative importance and sensitivity analysis of the macro-economic factors

Regarding the NN results, Figure 4 shows the relative importance of macroeconomic
factors in predicting the transportation footprint. The Chinese government’s develop-
ment plans and initiatives aimed at sustaining accelerated economic growth have
made economic activity (trade and investment in fixed assets) and monetary and fiscal

Figure 2. Apparent RMSE for different numbers of hidden layers.
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policies (M2 money supply and fiscal expenditure) the main factors affecting energy con-
sumption and CO2 emissions in the transportation industry. Inflationary pressures
(Consumer Confidence Index (CCI) imported oil price index, and exchange rate) and
credit policy (loan rate and deposit rate) have a minor impact on transportation.
Thus, trade opportunities, fixed investments, and government actions significantly
influence CO2 emissions and energy consumption in goods and transportation.
However, exchange rates and oil prices have a minor impact, possibly due to the

Figure 3. RMSE values for different numbers of hidden layers using various cross-validation
procedures.

Figure 4. Relative importance of macro-economic factors and control variables.
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Chinese economic development model, which prioritizes the production and supply of
goods. The negative influence of increased economic activity and expansionary macro-
economic policy on the transportation footprint can be mitigated by using eco-
efficient transportation modes, including waterways and railways, which can minimize
CO2 emissions during the transportation of goods and people.

It is interesting to note that the railway share has greater importance thanmonetary and
fiscal policy, which suggests the soundness of the government’s efforts to encourage the use
of eco-efficient transportation. We further argue that these plans can be easily accommo-
dated in an expansionist economy driven by less restrictivemonetary and fiscal policies. In
light of this, the Chinese government should encourage the development of railway trans-
portation. The country had 67,212 kmof railways by the end of 2015, which ranked second
in the world in terms of length. The country had 19,000 kilometers of high-speed rail
(HSR), which ranked first in the world. Meanwhile, diesel locomotives have been almost
entirely replaced with electric ones in recent decades, which have higher energy
efficiency and emit less air pollution (Wanke et al. 2018a). Thus, it can be expected that
the railway share plays a more significant role in the transportation footprint, in parallel
with the dyad formed by economic activity and monetary and fiscal policies.

In the literature on transportation footprints, microeconomic factors have not been
adequately considered as far as directional impacts are concerned (Wanke et al.
2018b). Figure 5 shows a sensitivity analysis of the directional impact of macroeconomic
factors on the transportation footprint. In this sensitivity analysis, one explanatory vari-
able is changed while the others are held constant at their mean values, as recommended
by Faraway (2005). The contextual variables were standardized to have a mean of zero
and a standard deviation of one. All factors, except inflationary pressure, had a positive
impact on the transportation footprint. We should remind readers that, based on
Equation (4), a positive impact on the transportation footprint means that increases in
a given factor also contribute to increasing CO2 emissions and energy consumption in
the Chinese transport system. Economic prices tend to increase in the short term, result-
ing in fewer goods and people being transported, while all other factors, including money
supply, remain constant.

In contrast, the impact of different transportation modes on sustainability is well
understood. Waterways, railroads, and airplanes typically emit more CO2 and
consume more energy since they specialize in moving larger volumes of goods and pas-
sengers at lower speeds or smaller volumes of goods and passengers at higher speeds.
However, contrary to preconceived expectations, the roadway share has the lowest coeffi-
cients of all transportation modes, as indicated in the sensitivity analysis presented in
Figure 5. This reflects the fact that roadway transportation has much less room left to
contribute to sustainable development in China. For the past few years, the Chinese gov-
ernment has implemented restrictive CO2 emission regulations. The sensitivity analysis
indicates that all three other modes of transportation consume substantially more energy
to meet considerably higher transportation demands. Moreover, as railway transpor-
tation shares increase, the impact of railway transportation on the transportation foot-
print decreases. Railway transportation will eventually diminish China’s transportation
footprint as its share of transportation increases. This may be explained by railway trans-
portation’s network scale effects (Xu et al. 2018). Therefore, an improved and increased
railway infrastructure provides augmenting returns to scale in freight and people
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Figure 5. Sensitivity analysis on the directional impact of each factor on the transportation footprint.
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transportation while enhancing the system’s energy efficiency (Blair et al. 2017; Tsionas,
Chen, and Wanke 2017; Darroch, Beecroft, and Nelson 2018). This finding is also con-
sistent with the conclusion of Zuo et al. (2018), who analyzed the situation of the railway
transportation mode in the U.K.

All these discussions have policy implications. Economic activity (trade and investment
in fixed assets), as well as monetary and fiscal policies, should strongly focus on utilizing
the higher efficiency of railways, airways, and waterways (rail, air, and water), which are
most intensive in CO2 emissions and energy consumption. This is evident from the
quasi-S shaped sensitivity curves presented in Figure 5. For the current state-of-the-art
of technology, the transportation footprint may increase proportionally less as these
shares increase. This quasi-S shape does not appear in the roadway mode sensitivity
result, which rather shows a straight line. In combinationwith the low-scale transportation
of goods and people, this suggests that automotive emission restrictions have so far pro-
duced the desired effect. Furthermore, multimodal network structures should be built to
facilitate easy transshipment between modes to ensure widespread returns to scale for
the Chinese transport system. It is cheaper to construct multimodal connections than to
expand existing infrastructure. Consequently, these two alternative investments (multi-
modal connections vs. mode infrastructure) could be used countercyclically to mitigate
the effects of inflationary pressures on economic activity. Investments in multimodal con-
nections are lower when inflation rates are high, and monetary and fiscal policies are
restrictive and higher when the economy is expanding with low inflationary pressure.

6. Conclusions

The relationship between sustainability in transportation and the macroeconomic
environment in China was endogenous from 1999 to 2017, and analyses were conducted
across different transportation modes. The results of this study not only fill gaps in the
literature but also can aid the Chinese authorities in establishing effective policies and
investments to reduce CO2 emissions, especially since China is ambitious in reducing
carbon emissions and improving sustainable development. This study identified the
most significant determinants affecting transportation footprints by employing PCA
and NN. Besides investment conditions, economic activity, and macroeconomic
policy, several factors influence the transportation footprint regarding energy consump-
tion and CO2 emissions. To promote economic development, the government should
pay attention to these two indicators. As discussed above, the study also highlights
some policy implications. The first step in reducing emissions should be to clarify the
objectives of policymakers.

Furthermore, it is necessary to decompose the target by the transportation sector.
Railway transportation contributes significantly to carbon emissions in China as part
of the transportation sector. Considering that the use of waterways and airways has a
more substantial impact on energy consumption and CO2 emissions than the use of
roads, the government should give them more attention than roads.
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