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To promote sustainable economic development in the Belt and Road region of
China, reducing carbon emissions is essential. The construction industry is a
major contributor to carbon emissions in China. Therefore, studying the dynamic
evolution of carbon emissions from the construction industry in this region and its
driving factors is of great significance for effectively controlling emissions and
achieving China’s carbon peak and carbon neutrality targets. This paper first
employs the Slope model, Moran’s | index, and standard deviation ellipse to reveal
the spatial-temporal characteristics of carbon emissions from the construction
industry, and then applies the geographical detector model to identify the main
driving factors of carbon emissions. The results indicate that: (1) From 2006 to
2021, the total carbon emissions showed a fluctuating growth trend, and there
were significant differences in emissions among different regions. (2) Carbon
emissions in most provinces exhibited a moderate growth trend, and there was
significant spatial correlation and aggregation of inter-provincial emissions.
Regional carbon emissions from 2006 to 2021 showed a spatial distribution
pattern from northeast to southwest, with a weakening trend, and the center of
gravity mainly distributed in the east of the region. (3) Labor input, urbanization
rate, total output value of the construction industry, degree of opening up, and
energy intensity are the main factors influencing the spatial heterogeneity of
carbon emissions from the construction industry, and the majority of the
interaction types between factors were bivariate enhancement. This study
aims to provide theoretical support for policymakers to formulate appropriate
policies for building energy conservation and emission reduction.

Belt and Road, carbon emissions, spatial-temporal characteristics, driving factors,
geographical detector model

1 Introduction

The Sixth Assessment Report of the United Nations Intergovernmental Panel on
Climate Change (IPCC, 2021) states that there is a nearly linear relationship between
cumulative anthropogenic CO, emissions and global warming, with each 1000 Gt CO,
cumulative emissions leading to a global surface temperature increase of approximately
0.45°C (IPCC, 2021). The source of carbon dioxide is closely related to the use of energy (Ali
et al,, 2012), the excessive use of fossil energy in the pursuit of development in developing
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countries has resulted in the emission of large quantities of carbon
dioxide, which further aggravates global warming (Ali et al., 2019).
According to the latest Greenhouse Gas Bulletin, in 2022, CO,
accounted for about 64% of the warming effect, with its global
average concentration approximately 50% higher than pre-
industrial levels (WMO, 2023). Therefore, limiting CO, emissions
is crucial for mitigating global climate change. China has taken
proactive measures to mitigate global climate change and reduce
CO, emissions. In 2020, China formally proposed the “dual carbon”
goals of peaking CO, emissions by 2030 and achieving carbon
neutrality by 2060 at the 75th session of the United Nations
General Assembly. In 2023, at the National Ecological and
Environmental Protection Conference, it was emphasized to
accelerate the promotion of green and low-carbon development
patterns, forming green production and lifestyle. These measures
demonstrate China’s determination to accelerate green and low-
carbon development and strengthen energy conservation and
emission reduction efforts.

The construction industry is a pillar industry of China’s national
economy, characterized by high energy consumption and significant
carbon emissions (Hu et al., 2022). According to the “2022 Global
Construction Industry Status Report,” the energy demand for
buildings reached 135EJ in 2021, representing an increase of
approximately 4% compared to the previous year (UNEP, 2022).
The carbon emissions generated from building operations reached
approximately 10 billion tons, reaching a historical peak (UNEP,
2022). According to the “China Building Energy Consumption and
Carbon Emissions Research Report (2022),” the total energy
consumption and carbon emissions of the entire construction
process in 2020 accounted for 45.5% and 50.9% of the total
national energy consumption and carbon emissions, respectively
(CABEE, 2022). Therefore, promoting energy conservation and
emissions reduction in the construction industry is crucial for
achieving the “dual carbon” goals as scheduled.

In 2013, China proposed the Belt and Road Initiative, which has
garnered widespread attention from the international community.
The implementation of the “Belt and Road” strategy has not only
promoted regional economic development in China but has also
resulted in a significant amount of carbon emissions. The
construction industry is the primary contributor to carbon
emissions in China, making it essential to study carbon emissions
from the construction industry in this region to effectively control
emissions. Additionally, the uneven economic development along
the “Belt and Road” route has led to spatial differences in carbon
In this clarifying the
characteristics of carbon emissions

emissions. context, spatial-temporal
from the construction
industry in provinces along the Belt and Road and conducting
in-depth analysis of their influencing factors is necessary. This
not only provides a scientific basis for the government to
formulate differentiated policies for reducing carbon emissions in
the construction sector but also helps further advance China’s efforts
in building energy conservation and emission reduction.
Currently, scholars have conducted relevant research on the
spatial distribution and differences of carbon emissions, yielding
certain research outcomes. Regarding the research areas, studies
have primarily focused on Chinese provincial-level areas (Wang and
Zheng, 2021), municipal-level areas (Liu et al., 2022), the Yellow

River Basin (Wang et al., 2022), the Yangtze River Delta region (Wei
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et al, 2022) and the Beijing-Tianjin-Hebei region (Zhang et al,
2023). From a spatial geography perspective, research has validated
that inter-provincial carbon emissions in China exhibit significant
spatial dependence and clustering (Tong et al., 2018). In terms of
research subjects, the focus has mainly been on industries such as
industrial (Wang et al, 2023), agricultural (Ke et al, 2023),
construction (Zhou et al., 2023), power (Liao et al, 2022), land
use (Gao and Yuan, 2019), and energy consumption (Zhang and Li,
2022). For the construction industry specifically, Chen and Bi.
(2022) analyzed the dynamic evolution of carbon emissions
during the operational phase of Chinese buildings and found
uneven spatial distribution of building carbon emissions, with
significant differences between different regions. Ma et al. (2022)
analyzed the spatial-temporal characteristics and regional
differences in carbon emissions from commercial buildings in
eight economic zones from 2006 to 2019. The study indicated
significant differences in the contribution rates of carbon
emission increments among different economic regions, with
inter-regional differences far exceeding intra-regional differences.

In terms of the influencing factors of carbon emissions, most
scholars have utilized methods such as Index Decomposition
Analysis (IDA), Structural Decomposition Analysis (SDA), and
spatial econometric models. The IDA method primarily involves
constructing models such as the LMDI model (He et al., 2022; Wu
etal, 2022), the Kaya Identity (Yang et al., 2020; Zeng and He, 2023),
and the STIRPAT model (Pan and Zhang, 2020; Fan and Lu, 2022)
to thoroughly analyze various influencing factors. The SDA method,
based on the input-output model, has also been widely applied in the
field of carbon emissions. Cao et al. (2019) explored the driving
factors of regional carbon emission intensity in China based on an
extended structural decomposition model, revealing significant
differences in the driving effects of carbon emission intensity
across different regions. Cai et al. (2020) utilized the SDA
method to analyze the driving factors behind the changes in
China’s carbon footprint from 2009 to 2016, finding that the
emission intensity effect and primary input effect played a crucial
role in reducing the carbon footprint. With the development of
spatial econometrics, some scholars have begun to apply spatial
econometric models to the study of factors influencing carbon
emissions. Wang et al. (2018) used the Geographically Weighted
Regression (GWR) model to analyze the effects of urbanization,
industrial structure, and energy intensity on inter-provincial carbon
emissions in China, while Li et al. (2022a) employed the
Geographically and Temporally Weighted Regression (GTWR)
model to analyze the spatial-temporal heterogeneity of the
impacts of different factors on carbon emissions in the Chinese
construction industry. Sun et al. (2023) utilized the Spatial Durbin
Model (SDM) to analyze the effects of different factors on carbon
emissions in the construction industry.

In summary, there is relatively limited research on the spatial
distribution and differences of carbon emissions in China’s Belt and
Road region. Most studies on the influencing factors of carbon
emissions have mainly considered the temporal aspect, neglecting
spatial differences in the research area. Moreover, many studies have
been confined to examining the impact of single factors on the
dependent variable, making it challenging to reveal the interactions
between different variables. To address these research gaps, this
study applies spatial analysis methods to analyze the spatial-
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temporal characteristics of carbon emissions in the construction
industry. This research contributes to further enriching the study
outcomes regarding the spatial-temporal heterogeneity of regional
carbon emissions and introduces the geographic detector model.
This model helps reveal the driving factors behind the spatial-
temporal differences in carbon emissions from the construction
industry and their interactive effects from the perspective of spatial
heterogeneity.

The rest of the article is organized as follows. Section 2 describes
the research area, data sources, and research methods. The results
and analyzes are presented in Section 3. Section 4 discusses the
results of the study. Section 5 summarizes this study and puts
forward policy recommendations.

2 Materials and methods
2.1 Research area

According to the “Vision and Actions on Jointly Building Silk
Road Economic Belt and 2Ist-Century Maritime Silk Road”
(National Development and Reform Commission, 2015), the final
blueprint of the Belt and Road Initiative (BRI) delineates five key
areas within China, covering a total of 18 provinces, as detailed in
Figure 1. The implementation of the BRI provides China with more
opportunities for international cooperation, promoting increased
cross-border trade and investment activities and enhancing
economic exchanges in the regions along the routes. The
construction industry, as one of the pillar industries of China’s
national economy, is one of the largest energy consumers and plays a
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significant role in carbon emissions. Due to differences in
development levels and technological innovation capabilities
among the provinces along the Belt and Road, the construction
industry consumes a considerable amount of energy, resulting in
substantial carbon emissions. Therefore, achieving carbon reduction
in the construction industry is of great significance for promoting
the development of a green Belt and Road.

2.2 Data sources

Due to the severe lack of energy consumption data for Tibet in
the statistical yearbook, Tibet was not included in this study.
Therefore, the research was conducted only on the 17 provinces
along the Belt and Road. The data required for carbon emissions
accounting and analysis of carbon emission influencing factors for
the remaining provinces from 2006 to 2021 were obtained from the
“China Construction Industry Statistical Yearbook,” “China Energy
Statistical Yearbook,” “China Statistical Yearbook” and various
regional statistical yearbooks. For missing values in some original
data, linear interpolation was used to complete them.

Based on previous studies on the driving factors of carbon
emissions in the construction industry (Du et al., 2017; Wu et al,
2019; Li et al., 2022b; Chen and Bi, 2022; Huo et al., 2022; Zhu et al.,
2022; Guo and Fang, 2023; Huo et al., 2023; Li et al., 2023; Shi et al,,
2023), and considering data availability and the characteristics of the
research area, this study selected nine factors from four aspects:
population, economy, technology, and the construction industry as
independent variables to explore the driving factors of carbon
emissions in the construction industry (see Table 1).
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TABLE 1 Descriptions of the driving factors.
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Variable Driving factor Definition
LI (X,) Labor input labor force of construction industry/total population %
Population
UR (Xy) Urbanization rate Urban population/total population %
Total output value of th tructi
TOV (X3) otal output va'ue of the construction Total output value of the construction industry 10* yuan
industry
Economy
oU (Xy) Degree of opening up Total imports and exports of goods in the region 10° dollars
EI (X2) Energy intensity Energy consumption of construction industry per unit construction Ton of stanzdard
area coal/m
Technology CIBM (X¢) Consumption intensity of building Consumption of building materials/total output value of the Ton/10* yuan
materials construction industry ¥
CI (X;) Construction intensity Building construction area/labor force of construction industry m?*/person
LP (Xy) Labor producti\fit;r iII the construction Total output value of (:tons?ructiAor(li Intdustryllabor force of Yuan/person
Construction industry construction industry
industry CIR (X,) Construction industry ratio Total output value of the construction industry/gross regional %

product value

2.3 Research methods

2.3.1 Carbon emissions accounting

This article adopts the carbon emission factor method to
account for carbon emissions in the construction industry. The
total carbon emissions from the construction industry are divided
into three stages: building materials production and transportation,
building construction and demolition, and building operation, as
shown in Eqs 1-4. The carbon emission coefficients for various
building materials and energy sources, as well as their calculation
methods and formulas, are sourced from the “China Construction
Industry Statistical Yearbook,” “China Energy Statistical Yearbook,”
“General Rules for Calculation of the Comprehensive Energy
Consumption GB/T 2589-2020,” “Standard for Building Carbon
Emission Calculation GB/T 51366-2019” and IPCC.

E=E, +Equ+E, (1)
5 5

Ey =Y EFixQ x (1-r;)+ Y EF, x Qy x D, )
i=1 i=1

Eq=) EF, xE, x NCV,, + EF, x E. + EF, xE,  (3)
Eyp =Y EF, x Eyy x NCV,, + EF, x E, + EF, x E,  (4)

Where Ep, Ecq and E,, respectively represent the carbon
emissions in the three stages of building material production and
transportation, building construction and demolition, and building
operation. EF; represents the CO, emission coefficient of the i-th
building material, Q; represents the consumption of the i-th building
material, and r; represents the recovery coefficient of the i-th
building material. EF,, represents the CO, emission coefficient of
the n-th transportation mode, Q;, represents the quantity of the i-th
building materials transported by the n-th transportation mode, and
D,, represents the average distance of goods transported by the n-th
transportation mode. EF,, represents the CO, emission coefficient
per unit of heat for the m-th energy, E,, represents the consumption
of the m-th energy, and NCV,, represents the average lower heating
value of the m-th energy. EF, and EF, respectively represent the
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CO, emission coefficient for the Chinese regional power grid and the
CO, emission coefficient for heat supply. E, and E; represent the
electricity and heat consumption of the construction industry
respectively.

It is worth noting that although the carbon emissions calculation
formula for the building operation phase is the same as that for the
building construction and demolition phase, the sources of various
energy consumption are different. The energy consumption of the
building operation stage comes from three categories in the energy
balance sheet of the “Wholesale, Retail Trade and Hotel,
Restaurants,” “Others,” and “Residential Consumption” in the
“China Energy Statistical Yearbook.” The energy consumption of
the building construction and demolition stage comes from the
“Construction” category in the energy balance sheet of the “China
Energy Statistical Yearbook.”

2.3.2 Temporal trends of carbon emissions

To reveal the temporal trend of carbon emissions in the
construction industry, this study established a simple linear
regression model between construction industry carbon emissions
and time, and calculated the variation in slope value (Slope) from
2006 to 2021. The calculation formula is shown in Eq. 5:

n n n
n X inEi - ZX{ZE,‘
i=1 i=1 i=1 (5)

n n 2
nxyx}- (lei>
=

i=1

Slope =

where n represents the total number of years from 2006 to 2021,
which is equal to 16; x; is the year order (2006 is the first year); E;
represents the carbon emissions from the construction industry in
year i. If Slope > 0, carbon emissions show an increasing trend; if
Slope < 0, carbon emissions show a decreasing trend.

To further classify the growth rate of carbon emissions, this
study adopts standard difference levels to classify the growth trend
of carbon emissions from the construction industry into four types
as Table 2.
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TABLE 2 Classification criteria for change trend types.

Growth type

10.3389/fenvs.2024.1398328

Slope value <x-0.5s

X-0.55~X+0.5s

X+0.55~x+1.5s >X+1.5s

Note: X represents the average slope value; s represents the standard deviation of the slope.

2.3.3 Global spatial autocorrelation analysis
Global Moran’s I can be used to test for the global correlation of
spatial data. The calculation formula is shown in Eq. 6:

ni‘i ilw,-j (x; - 92)(x]- - 32)
i=1j=

N ©
Yy wiY (x; - %)

i=1j=1 =1

where I represents Global Moran’s I; n represents the total number
of regions; x; and x; represent the carbon emissions of regions i and j
respectively; X is the average carbon emissions; wj; is the spatial
weight matrix, which is an inverse distance spatial weight matrix
constructed by using Geoda software. I € (—1,1). If I > 0, it indicates
a positive spatial correlation in the distribution of spatial elements;
if I <0, it indicates a negative spatial correlation in the distribution
of spatial elements; and if I = 0, it indicates that spatial elements
are randomly distributed in space, and there is no spatial
correlation.

2.3.4 Local spatial autocorrelation analysis

Global spatial autocorrelation analysis mainly reflects the overall
spatial correlation of the study area, while local spatial
autocorrelation analysis can test the spatial correlation between
individual local units. The calculation formula is shown in Eq. 7:

n? (X,‘ - QE) Zw,](x] - .92)
1= ! > 7)
22w, (x-%)
L J

The interpretation of the variables in the formula is the same as
in Eq. 6.

The local Moran’s I results can be used to generate the Moran
scatter plot. The Moran scatter plot is divided into four quadrants.
Quadrants I and III represent high-high and low-low clustering,
indicating positive spatial correlation. Quadrants IT and IV represent
low-high and high-low clustering, indicating negative spatial
correlation.

2.3.5 Standard deviation ellipse

Standard deviation ellipse can be used to describe the overall
spatial distribution characteristics and spatial-temporal evolution
process of the research object. Its basic parameters include the
mean center (spatial center of gravity), long axis, short axis,
and azimuth.

The coordinate formula of the mean center is shown in Eq. 8:

zwixi Zwi}’i
x5 =" 8)
QWi QWi
i=1 i=1

The azimuth is calculated as shown in Eq. 9:
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Where x; =x; - X, y, = yi—y
Axis standard deviation is calculated as shown in Eqs 10-11:

i[i,v cos 0 — 3, sin 6]’
0, = \“:1 (10)
n
i[&,- sinf - 3, cos 0]
0, = \1 - (11)

Where (X, y) is the gravity center; n represents the total number
of regions; w; is the spatial weight; x; and y; represent the horizontal
and vertical coordinates of the region i, respectively; 0 is the azimuth
of the standard deviation ellipse; 0, and o, represent the standard
deviation on the X and Y axes, respectively.

2.3.6 Geographical detector model

The geographical detector model is a statistical method used to
detect spatial heterogeneity and uncover its underlying drivers
(Wang et al, 2016). There are four types of detectors in
geographic detectors, namely factor detector, interaction detector,
ecological detector, and risk detector (Wang et al., 2010). In recent
years, an increasing number of scholars have applied geographical
detectors to the field of carbon emissions (Zhang and Zhao, 2018; Xu
et al, 2021; Chen and Bi, 2022). This study utilizes factor detector
and interaction detector. Since the geographic detector model
requires explanatory variables to be categorical variables, this
paper employs the optimal discretization method to discretize
continuous variables into continuous categories (Song et al., 2020).

The factor detector is used to analyze the explanatory power of a
certain influencing factor on the spatial heterogeneity of carbon
emissions in the construction industry. The degree of explanation is
measured by g-value. The formula of the g-value is shown in Eq. 12:

L )
_ 2iaNuoy
No?

=1-2C o (12)
whereh=1,2, ..., Lis the layer of explanatory variable X; N, and N
are the numbers of units in layer h and the entire area, respectively;
o and o7 are the variance in the entire area and h layer, respectively;
SST and SSW represent the total variance of the entire area and the
sum of variances within each layer, respectively. The q-value ranges
from 0 to 1. A higher g-value indicates a greater influence of X.
The interaction detector can be used to identify the interaction
between the two factors. By comparing the q-value of factor X,,, and X,,
with the interaction g-value of (X,,nX,), the interaction relationship
between X,,, and X, can be determined, thus assessing the strength of
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TABLE 3 Types of interaction.
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Description Interaction

q (XmNXp) < Min (q Xm),q (X))

Weakened, nonlinear

Min (q (Xm),q (Xn)) < @ XpnNX,) < Max (q (Xim),q (Xn))

q XmNX,) > Max (q (Xm).q (Xa))

Weakened, single factor nonlinear

Enhanced, bivariate

q KmNXn) = q Xm) + q (Xn)

q XanXo) > q Xm) +q (Xn)

Independent

Enhanced, nonlinear
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Total carbon emissions from the construction industry in “Belt and Road" provinces from 2006 to 2021.

the interaction between the two factors. There are five types of
interaction relationships between factors, as shown in Table 3.

3 Results

3.1 Analysis of carbon emissions from
construction industry

Figure 2 illustrates the trend of total carbon emissions from
regional construction industry from 2006 to 2021. There was a
steady increase from 2006 to 2011, followed by a sharp rise to its
peak in 2012. From 2012 to 2016, carbon emissions were controlled,
leading to a decrease and subsequent stabilization in total emissions.
However, from 2016 to 2021, carbon emissions gradually increased
again. Additionally, it is evident from Figure 2 that the carbon
emissions from the stages of building material production and
transportation and building operation are much higher than those
from the construction and demolition stages.

Figure 3 displays the average carbon emissions from the
construction industry in various provinces within the region from
2006 to 2021. In the southeastern coastal areas such as Zhejiang,
Fujian, Guangdong, and Liaoning, carbon emissions are relatively
high. In contrast, in the northwestern inland regions such as Gansu,
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Qinghai, and Ningxia, carbon emissions are lower, significantly smaller
than those in the eastern coastal areas.

In summary, from 2006 to 2021, total carbon emissions showed
a fluctuating growth trend, reaching its peak in 2012. There are
significant differences in carbon emissions from the construction
industry in different regions, with higher emissions in the
southeastern emissions in the
northwestern inland areas. Additionally, the carbon emissions

coastal areas and lower

from the construction and demolition stages are relatively low.

3.2 Temporal characteristics of
carbon emissions

Further utilizing the Slope model to calculate the growth
trends in carbon emissions, the results indicate that carbon
emissions in most provinces are showing a moderate growth
trend, while the carbon emissions in the southeastern coastal
areas are rapidly increasing, and those in the northwestern inland
regions are growing slowly, as shown in Figure 4. From 2006 to
2021,
Guangdong, Fujian, and Zhejiang provinces have grown

carbon emissions from the construction industry in

rapidly, while those in Gansu, Qinghai, Ningxia, Hainan, and
Jilin have increased slowly. Carbon emissions in the remaining
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The growth trends in carbon emissions from the construction industry in provinces along the Belt and Road Initiative.

provinces have grown at a moderate pace. Moreover, the
number of provinces with moderate growth rates exceeds half
of the total number of provinces in the region, indicating that
overall, the growth rate of carbon emissions from the
construction industry in the region has been somewhat
controlled, and the effectiveness of energy conservation and
carbon reduction in the construction industry within the
region is evident.
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3.3 Characteristics of the spatial evolution of
carbon emissions

3.3.1 Characteristics of global spatial
autocorrelation

The results of Global Moran’s I are presented in Table 4. From
Table 4, we can observe that in the selected 16 sample years, the
majority of the years’ global Moran’s I indices pass the significance
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TABLE 4 Global Moran's | and its test of the carbon emissions from
construction industry.

Year Moran’s | Z score p-value
2006 0.252 2.1208 0.032
2007 0.254 2.1071 0.034
2008 0.237 2.0272 0.033
2009 0.246 2.0427 0.033
2010 0.232 1.9498 0.035
2011 0.171 1.5267 0.081
2012 0.040 0.9892 0.143
2013 0211 1.8089 0.054
2014 0219 1.8311 0.052
2015 0.251 22141 0.027
2016 0.200 1.9674 0.041
2017 0.296 24733 0.024
2018 0320 24393 0.025
2019 0371 2.6857 0.012
2020 0320 23836 0.023
2021 0.295 22161 0.029

level test at the 95% confidence interval (p < 0.05), and each year’s
Global Moran’s I is greater than 0, indicating a significant positive
spatial correlation in carbon emissions across the region during the
study period. Looking at the time series, the Global Moran’s I

10.3389/fenvs.2024.1398328

remained relatively stable from 2006 to 2016, with a fluctuating
growth trend from 2016 to 2021, indicating that the spatial
clustering of carbon emissions increased over time.

3.3.2 Characteristics of local spatial
autocorrelation

To examine the local spatial autocorrelation, Moran scatter plot
analysis was conducted in this study. Due to the large timespan of
the research, Moran scatter plots for the years 2006, 2011, 2016, and
2021 were selected for analysis. The distribution of points in the
Moran scatter plots is shown in Table 5. The majority of provinces
were located in the high-high and low-low clustering areas,
accounting for about two-thirds of all provinces. Conversely, the
number of provinces in the low-high and high-low clustering areas
was relatively small, indicating significant spatial clustering
characteristics of carbon emissions across provinces. The number
of provinces in the high-high clustering area remained relatively
stable over time, with Zhejiang, Fujian, and Guangdong consistently
located in this region. Meanwhile, the number of provinces in the
low-low clustering area showed an increasing trend, with Yunnan,
Gansu, Qinghai, Ningxia, and Xinjiang consistently situated in this
region. Compared to 2006 and 2011, the number of provinces in the
low-low clustering area increased by one in both 2016 and 2021,
indicating a growing trend in the spatial clustering of low-carbon
emission provinces.

3.3.3 Standard deviation ellipse analysis of
carbon emissions

To explore the dynamic evolution characteristics of carbon
emissions from the construction industry, this study utilized
standard deviation ellipse to describe the spatial distribution and

TABLE 5 Scatter distribution of carbon emissions in the construction industry over time.

Year Quadrant Provinces

I (High-High) Shanghai, Zhejiang, Fujian, Guangdong
1I (Low-High) Hainan, Guangxi, Heilongjiang, Jilin

2006
III (Low-Low) Chonggqing, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang
IV (High-Low) Inner Mongolia, Liaoning
I (High-High) Zhejiang, Fujian, Guangdong
1I (Low-High) Shanghai, Heilongjiang, Jilin, Hainan

o III (Low-Low) Guangxi, Chongqing, Yunnan, Gansu, Qinghai, Ningxia, Xinjiang
IV (High-Low) Shaanxi, Inner Mongolia, Liaoning
I (High-High) Zhejiang, Fujian, Guangdong, Heilongjiang
1I (Low-High) Shanghai, Jilin

2016
III (Low-Low) Guangxi, Hainan, Chongqing, Yunnan, Gansu, Qinghai, Ningxia, Xinjiang
IV (High-Low) Shaanxi, Inner Mongolia, Liaoning
I (High-High) Zhejiang, Fujian, Guangdong
1I (Low-High) Shanghai, Guangxi, Hainan, Chongqing

o III (Low-Low) Inner Mongolia, Heilongjiang, Jilin, Yunnan, Gansu, Qinghai, Ningxia, Xinjiang
1V (High-Low) Liaoning, Shaanxi
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FIGURE 5

Ellipse distribution of carbon emission standard deviation and the movement trajectory of gravity center in the Belt and Road region.

TABLE 6 The main parameters of carbon emission standard deviation ellipse.

Center of gravity
coordinates

X-axis standard deviation (km)

Y-axis standard deviation (km)

Azimuth (degree)

X-axis (km) Y-axis (km)

2006 933.069 3,567.236 1,085.374 1,289.296 11.102
2009 937.294 3,607.211 1,055.370 1,300.095 11.677
2013 962.141 3,636.574 1,040.147 1,345.398 20.081
2016 922.723 3,598.508 1,127.519 1,281.725 11.457
2019 900337 3,447.186 1,082.993 1271911 4763

2021 832915 3,430.797 1,271.403 1,127.375 175.026

variation characteristics of carbon emissions. The results are shown  trajectories of the standard deviation ellipses rotated

in Figure 5, with the main parameters summarized in Table 6. To
ensure the clarity of the trajectories of the standard deviation
ellipses, this study selected the six interval years, namely 2006,
2009, 2013, 2016, 2019, and 2021, to intuitively demonstrate the
spatial evolution of carbon emissions. From 2006 to 2021, the overall
spatial pattern of regional carbon emissions showed a northeast-
southwest pattern, with a weakening trend. The center of gravity
mainly distributed in the east of the region. The trajectories of the
standard deviation ellipses rotated clockwise from 2006 to 2013,
gradually shifting towards the northeast. From 2013 to 2021, the
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counterclockwise, shifting from northeast to southwest. The
trajectory of gravity center of the standard deviation ellipses
changed significantly from 2006 to 2021, with the longest
displacement observed between 2016 and 2019, indicating the
fastest movement of the gravity center during this period. From
2006 to 2021, the azimuth increased from 11.102° to 175.026°,
indicating a transition in the spatial pattern of carbon emissions
from northeast-southwest to northwest-southeast. The length of the
major axis decreased from 1,289.296 km in 2006 to 1,127.375 km in
2021, suggesting a contraction trend of carbon emissions in the
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TABLE 7 Detection results of driving factors of carbon emissions from construction industry.

Driving factors Average
LI (X)) 0.4450 0.4756 0.5165** 0.4790 4
UR (X2) 06945 0.5998** 0.4608"* 0.5850 3
TOV (X5) 0.8851* 0.8115%* 0.8948"+ 0.8638 1
OU (Xy) 0.6311% 0.5871%* 07242 0.6475 2
EI (Xs) 05723 03018 03692 0.4144 5
CIBM (Xe) 0.1035 0.1254 0.2626 0.1638 9
CI (X;) 05614 02551 02030 03398 8
LP (Xy) 0.5495 02101 03193 03596 6
CIR (Xo) 0.2848 04277 03281 0.3469 7

Note: *** and ** represent significance at the 1% and 5% levels, respectively.

northeast-southwest direction during this period. The length of the
minor axis increased from 1,085.374 km in 2006 to 1,271.403 km in
2021, indicating a dispersion trend of carbon emissions in the
northwest-southeast direction over this period.

3.4 Analysis of driving factors of
carbon emission

3.4.1 Factor analysis

Using the factor detector, the impact of driving factors on the
spatial heterogeneity of regional carbon emissions was examined,
and the results are presented in Table 7. Under the premise of
passing the significance test (p < 0.05), a higher g-value indicates a
stronger influence of driving factors on the spatial heterogeneity of
regional carbon emissions. From a time-series perspective, in 2006,
the driving factors were ranked in the order of intensity depending
on the g-value as TOV (X;3)>UR (X,)>0U (X4)>EI (Xs). In 2014, the
driving factors were ranked in the order of intensity depending on
the g-value as TOV (X;3)>UR (X;)>0U (X,). In 2021, the driving
factors were ranked in the order of intensity depending on the
g-value as TOV (X3)>0OU (X4)>LI (X;)>UR (X;). According to the
average q-value of the five factors that passed the significance test,
the driving factors were ranked in the order of intensity as TOV (X3)
>0U (X4)>UR (X,)>LI (X;)>EI (Xs). Looking at the trend of single
driving factor intensity, LI (X;), TOV (X;), and OU (X,) showed an
overall increasing trend, while UR (X;) and EI (Xs) showed a
decreasing trend year by year. In summary, LI (X;), UR (X;),
TOV (X;3), OU (X4), and EI (Xs) are the main factors affecting
carbon emission changes, among which UR (X;), TOV (X3),and OU
(X4) are the key factors influencing carbon emission changes.

3.4.2 Interaction analysis

This study only analyzed the interaction effects of the five main
factors in 2021, and the results are shown in Table 8. The results
indicate that the majority of the interaction types are bivariate
enhancement, meaning that the combined effect of two driving
factors on carbon emissions in the construction industry is greater
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than the effect of a single factor, indicating that the impact of
interactions on spatial heterogeneity is significant. This indirectly
suggests that the spatial distribution of carbon emissions is the result
of the combined effects of multiple factors. Significantly, in the
interaction factor pairs, the interactions between TOV (X3) and OU
(X4), UR (X;) and TOV (X3), LI (X;) and TOV (X3), TOV (X;3) and
EI (X5) in 2021 were all very high, reaching 0.9505, 0.9280, 0.9110,
and 0.9063, respectively. It is evident that the interaction effect of
TOV(X3) with other factors is very significant.

4 Discussion

In response to the 2008 global financial crisis, the Chinese
government implemented a 4 trillion-yuan comprehensive
economic stimulus package to further boost domestic demand
and promote economic growth. This stimulus plan led to rapid
development of infrastructure construction across various regions of
China, with provinces engaging in extensive infrastructure and
construction projects. Consequently, a significant amount of
energy was consumed, leading to a continuous increase in carbon
emissions from the construction industry, peaking in 2012. The
Global Moran’s I reached its lowest value of 0.040 in 2012, failing to
pass the significance test, possibly due to a significant surge in
construction material consumption in Jilin Province in 2012, which
led to a sudden increase in carbon emissions and shifted the gravity
center of carbon emission towards the northeast, thereby weakening
the spatial clustering characteristics of carbon emissions. Local
spatial autocorrelation analysis revealed that Zhejiang, Fujian,
and Guangdong remained consistently in the high-high clustering
area. These provinces are economically developed coastal provinces
with favorable geographical locations and high levels of openness,
facilitating the development of the construction industry. As these
provinces rapidly developed their construction industries, they also
drove the development of the construction industry in adjacent
provinces, leading to increased carbon emissions in both their own
provinces and neighboring ones. Conversely, Yunnan, Gansu,
Qinghai, Ningxia, and Xinjiang consistently remained in the low-
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TABLE 8 Interaction between driving factors of carbon emissions from construction industry.

Variable X]_ X2 X3 X4 X5
X, 0.5165*
X, 0.5837%* 0.4608*
X; 0.9110% 0.9280*%* 0.8948*
Xy 0.7340%% 0.7423%%* 0.9505*** 0.7242%
Xs 0.53747%* 0.5354%* 0.9063*** 0.6634** 0.3692*

Note: * represents single factor; ** represents single factor nonlinear weakness; *** represents bivariate enhancement.

low clustering area due to their relatively underdeveloped
economies, limited talent, technology, and funding, resulting in
slower development of the construction industry and lower
carbon emissions in both their own provinces and neighboring
ones. The increasing number of provinces with low-low clustering
indicates the continuous implementation of China’s energy-saving
and emission-reduction policies and the widespread application of
building energy-saving technologies in the construction industry.
From 2006 to 2013, carbon emissions exhibited a spatial distribution
pattern from northeast to southwest with a strengthening trend,
mainly due to the more developed economy in the eastern coastal
areas, which exerted a more significant pull on carbon emissions in
the western regions. From 2013 to 2021, the spatial distribution
pattern of carbon emissions from northeast to southwest gradually
weakened. On one hand, this was influenced by national
macroeconomic policy adjustments, resulting in a decrease in
industry and a
slowdown in its development pace, along with the gradual

investment intensity in the construction
implementation of energy-saving and emission-reduction policies.
On the other hand, the spillover effect of construction technology in
the eastern regions drove carbon emissions reduction in the
northeast and southwest regions.

In the analysis of influencing factors, the g-value of TOV
consistently ranks first and passes the significance test of 1%. An
increase in TOV implies more construction projects and activities,
leading to greater consumption of building materials and energy.
Consequently, the completion of construction will inevitably result
in a significant increase in carbon emissions during the later
operational stages. Openness can promote economic development
and trade activities, attracting more capital flow into the
construction industry. The fluctuating increase in the g-value of
OU indicates that the cooperation between the regional construction
industry and the international market is becoming increasingly
close. On one hand, the regional construction industry can
obtain international financial support to expand its scale, leading
to increased energy consumption and higher carbon emissions. On
the other hand, local construction enterprises can introduce
advanced construction techniques and management experience to
improve building energy efficiency and environmental performance,
thereby reducing carbon emissions. As a labor-intensive industry,
the demand for labor in the construction industry is significant. The
q-value of LI increases annually, indicating its increasing impact on
carbon emissions. The g-value of UR peaked in 2006, reaching
0.6945, and then gradually declined. In 2006, China entered a period
of rapid urbanization, with dense urban populations and increasing
demand for urban construction. The intensified construction of
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infrastructure and the rising demand for residential housing
undoubtedly led to a significant increase in energy consumption
and carbon emissions. However, during the rapid urbanization
process, the government continuously introduced new low-
carbon policies and energy-saving plans, emphasizing green and
low-carbon development, resulting in a continuous weakening of the
impact of UR on carbon emissions. The g-value of EI shows a
downward trend, indicating that construction enterprises may have
introduced advanced building energy-saving technologies and
environmentally friendly building materials, resulting in reduced
carbon emissions and thus a diminished impact of EI on carbon
emissions. The interaction detector indicates that the interaction
between TOV and other factors significantly influences the variation
in carbon emissions. Regions with high total output value in the
construction industry often have well-developed urban
infrastructure, high degree of opening up, and high demand for
labor and energy. Therefore, the interaction between TOV and other
factors significantly influences the spatial differentiation pattern of

carbon emissions.

5 Conclusion and policy
recommendations

In this paper, the Slope model, Moran’s I index, and standard
deviation ellipse are firstly used to analyze the spatial-temporal
characteristics of carbon emissions from the construction industry
in the Belt and Road region of China from 2006 to 2021. Then, we
applied the geographical detector model to explain the spatial
heterogeneity  of emissions. The main

regional  carbon

conclusions are as follows.

(1) From 2006 to 2021, the total carbon emissions showed a
fluctuating growth trend, peaking in 2012. There were
significant differences in carbon emissions from the
construction industry among different regions, with higher
emissions in the southeastern coastal areas and lower
emissions in the northwestern inland areas. Additionally,
carbon emissions during the production and transportation
of building materials and during the operation phase of
buildings were much higher than those during
construction and demolition.

(2) Carbon emissions in most provinces exhibited a moderate
growth trend. Regional carbon emissions exhibited significant
spatial autocorrelation. The results of global spatial
autocorrelation that carbon

demonstrated regional
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emissions showed a significant positive correlation in space.
In terms of local spatial autocorrelation, the majority of the
provinces were located in the high-high and low-low
clustering areas, which indicates there was a strong spatial
clustering in carbon emissions among the provinces. The
spatial pattern of regional carbon emissions from 2006 to
2021 showed a northeast-southwest pattern, with a weakening
trend. The center of gravity mainly distributed in the east of
the region.
(3) Labor input (X;), urbanization rate (X,), total output value of
the construction industry (X;), degree of opening up (X,), and
energy intensity (Xs) were the main driving factors affecting
the spatial heterogeneity of carbon emissions from the
construction industry in the region, among which the
urbanization rate (X,), total output of the
construction industry (X;), and degree of opening up (X,)

value

were key factors. The effects of urbanization rate (X,) and
energy intensity (X5) on carbon emissions gradually
weakened, while the effects of labor input (X;), total
output value of the construction industry (X3), and degree
of opening up (X,) showed an increasing trend. The results of
the interaction detector showed that the majority of the
interaction types were bivariate enhancement, indicating
that the spatial distribution of carbon emissions is the
result of the combined effects of multiple factors.

Based on the above findings, the paper proposed some policy
recommendations as follows.

(1) Governments should formulate carbon reduction policies
tailored to local conditions. The northeastern and
southeastern coastal areas with high carbon emissions
should be the focus areas for controlling building energy
conservation and emission reduction. On one hand, higher
carbon reduction targets should be set, and government
supervision and law enforcement of carbon reduction
policies should be strengthened. On the other hand, efforts
should be made to promote the application of building energy
conservation technologies. In the northwest inland regions,
efforts should focus on increasing the development and
utilization of clean energy to reduce the use of fossil fuels.

(2) The construction industry has a significant demand for labor

and energy. Governments should increase investment in the

training of construction industry professionals and encourage
construction enterprises to introduce advanced foreign
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