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Abstract

As China’s capital and a global megacity, Beijing has experienced sustained and rigid growth 
in energy demand driven by rapid population and economic expansion, rendering the anal-
ysis of energy intensity critically imperative for optimizing its energy system, alleviating 
resource and environmental pressures, and advancing toward carbon neutrality. By con-
structing a long-term comparable-price series, this study applies multi-period comparative 
structural decomposition analysis (SDA) across five benchmark years, spanning major pol-
icy cycles. It disaggregates changes in energy intensity into energy technology, production 
technology, and final demand structure effects across six sectors and five energy categories. 
The principal findings are threefold. First, Beijing’s aggregate energy intensity exhibited a 
consistent downward trajectory, declining from 0.33699 tons of standard coal equivalent 
(tce) per 10,000 yuan in 2007 to 0.16393 tce per 10,000 yuan in 2020 (at constant 2012 prices). 
Second, the direct, indirect, and total energy consumption coefficients for all six sectors 
exhibited a broadly downward trend, with the largest reduction in the freight and postal 
sector, followed by industry. Third, energy technology change was the predominant driver 
of the decline in both aggregate energy intensity and consumption intensity across the five 
energy categories. Production technology and final demand structure changes exhibited het-
erogeneous effects across sectors and sub-periods. These findings provide policy-relevant 
insights for optimizing Beijing’s energy structure, and several targeted recommendations 
are proposed.

Keywords: structural decomposition analysis; Beijing; comparable prices; energy intensity

1. Introduction
Growing attention to energy transition has led governments worldwide to focus more 

on improving energy efficiency. A nation’s energy consumption is primarily influenced by 
its Gross Domestic Product (GDP), the level of advancement in energy technologies, and 
industrial structure [1]. With the booming economy and accelerating urbanization, energy 
demand has been rising steadily, resulting in continued growth in energy consumption [2]. 
Energy intensity is a vital measure for analyzing the balance between energy efficiency and 
economic output [3]. For many nations, energy intensity not only provides an intuitive 
understanding of the economic benefits of energy use, but also serves as a valuable tool 
for long-term tracking [4]. Additionally, energy intensity serves as a key indicator for 
assessing the vulnerability of energy supply [5], which explains its widespread use. Index 
Decomposition Analysis (IDA), Structural Decomposition Analysis (SDA), and Production 
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Decomposition Analysis (PDA) are the primary methods for decomposing energy-related 
factors [6]. Each method has its specific applicability. IDA is relatively simple to calculate 
and requires minimal data, decomposing energy intensity into accumulative or multiplica-
tive factors by aggregating departmental output and energy utilization data. However, 
IDA is unable to directly quantify the indirect impacts of factors such as technological 
advancements and efficiency changes on energy intensity, which restricts its applicability. 
PDA is an energy productivity decomposition method based on production theory, which 
reflects the contributions of technological changes and production efficiency improvements. 
Although it provides useful economic interpretations and policy implications, PDA has 
limitations in measuring industrial structural effects and energy substitution effects [7,8]. In 
contrast, SDA decomposes changes in the research object into the effects of various known 
influencing factors, allowing for an examination of the impact of a single factor while keep-
ing others constant. This approach helps to identify the root causes of changes and clarify 
the contributions of each factor. SDA is particularly useful for considering factors such as 
industrial structure and consumption structure from a demand-side perspective and is a 
key tool for decomposing energy intensity and carbon emission driving forces [1,3,9,10].

China’s rapid urbanization and industrialization have significantly increased energy 
consumption [11]. The structure of energy consumption and per capita GDP are key factors 
that influence energy efficiency [12]. By decomposing China’s energy intensity from 1995 
to 2015, it has been found that economic growth has been a significant driver of energy 
consumption [13]. An empirical analysis of China’s provincial energy intensity reveals that 
urbanization, per capita income, and industrialization positively affect energy intensity [14]. 
The fossil-dominated energy structure has exerted considerable pressure on China’s envi-
ronment. Achieving the goal of energy transition poses significant challenges [15].

As China’s capital and a global megacity, Beijing has long faced dual pressures from 
rigid growth in energy demand and increasingly tight resource and environmental con-
straints. From 2007 to 2020, Beijing’s permanent population grew from 16.76 million to 
21.89 million, its GDP increased from 1042.55 billion yuan to 3594.33 billion yuan, and 
its total energy consumption rose from 62.85 million tons of standard coal equivalent to 
67.62 million tons. This sustained growth in energy demand poses severe challenges to the 
city’s resource security and low-carbon transition. An in-depth analysis of the evolution 
of energy intensity and its driving factors is therefore of great practical significance for 
optimizing Beijing’s energy system, alleviating resource and environmental pressures, and 
advancing the ‘‘dual-carbon’’ goals.

The period 2007–2020 fully covers the 11th, 12th, and 13th Five-Year Plan periods for 
Beijing and represents a critical transition stage in which the capital’s industry shifted from 
‘‘incremental expansion’’ to ‘‘reduction and intensification.’’ During the 11th Five-Year 
Plan period, Shougang initiated its relocation, Zhongguancun was upgraded to a national 
independent innovation demonstration zone, and the technological content of Beijing’s 
industry increased significantly. During the 12th Five-Year Plan period, Beijing defined its 
strategic positioning as the ‘‘four centers,’’ launched the relocation of non-capital functions, 
and transformed Shougang from a ‘‘steel giant’’ into a high-end comprehensive industrial 
service area [16]. During the 13th Five-Year Plan period, Beijing implemented the first 
national ‘‘Catalogue of Industries Prohibited and Restricted from New Development,’’ 
carried out the ‘‘Relocation, Rectification, and Improvement’’ initiative, accelerated the 
clustering of high-precision and advanced industries, and initially formed the Beijing–
Tianjin–Hebei collaborative model of ‘‘R&D in Beijing, transformation in Tianjin and Hebei.’’ 
These policy and industrial changes have profoundly altered Beijing’s energy consumption 
patterns, providing a unique policy experiment for examining the stage-specific driving 
mechanisms of energy intensity.
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However, existing studies still have notable shortcomings in characterizing the long-
term evolution of Beijing’s energy intensity. Most studies end in 2012 or earlier and thus 
fail to reflect the latest effects of non-capital function relocation and energy transition. In 
particular, a structural decomposition analysis of Beijing’s energy intensity for 1997–2012 
was conducted using a physical–monetary input–output table [17], but the analysis ended 
in 2012, focused on aggregate trends, and did not disaggregate energy categories or indus-
trial sectors. Moreover, the existing literature tends to focus on aggregate trends, rarely 
conducting systematic decomposition from both energy category and sectoral dimensions 
simultaneously, nor aligning decomposition intervals precisely with major policy windows, 
which weakens the policy attribution capacity of their conclusions. In addition, due to the 
lack of long-term comparable-price input–output series, existing studies are also limited in 
terms of price comparability and temporal continuity.

To address these gaps, this study constructs a comparable-price energy input–output 
series for Beijing covering five time points—2007, 2010, 2012, 2017, and 2020—and applies 
multi-period comparative SDA across five benchmark years to systematically examine 
changes in aggregate energy intensity, intensity across five energy categories, and intensity 
across six sectors. The four decomposition intervals (2007–2010, 2010–2012, 2012–2017, and 
2017–2020) are aligned with major policy windows during the 11th to 13th Five-Year Plan pe-
riods. The contributions of this study lie mainly in extending and deepening the application 
of existing methods. First, by integrating input–output tables with energy balance tables, it 
constructs a comparable-price energy input–output series covering five time points from 
2007 to 2020, thereby addressing the limitations of existing studies in temporal continuity 
and price comparability and providing a data foundation for long-term dynamic tracking 
and policy-stage assessment. Second, it extends the application of SDA to a two-dimensional 
analysis of ‘‘energy categories–industrial sectors,’’ decomposing energy intensity changes 
at both the energy category and sectoral levels and further disaggregating final demand 
structure into consumption, investment, and net output, thereby identifying heterogeneous 
drivers across different dimensions. Third, it aligns the decomposition intervals with major 
policy windows during the 11th to 13th Five-Year Plan periods, enabling the decomposition 
results to serve policy-stage attribution analysis and enhancing the policy relevance of the 
conclusions. It should be noted that the single-region input–output framework used here 
captures changes within Beijing‘s territorial production structure; conclusions regarding 
supply chain or embodied energy reductions should be interpreted with this accounting 
boundary in mind. The remainder of this paper is organized as follows: Section 2 reviews 
the literature on energy intensity decomposition; Section 3 describes the modeling methods 
and data sources; Section 4 presents the empirical results; and Section 5 concludes the study 
and provides policy recommendations.

2. Literature Review
Initially emphasizing inter-sectoral dependencies, the input–output framework has 

evolved substantially, enabling a more precise capture of the extensive and profound im-
pacts of non-economic factors—such as energy consumption patterns and environmental 
changes—on various sectors [18]. SDA has proven effective in decomposing the evolu-
tion of energy intensity into its driving factors over time. Methodological refinements in 
SDA [1,10] have further improved its accuracy and applicability, and recent research has cou-
pled SDA with sensitivity analysis to identify the sectoral hotspots driving emission intensity 
changes [19]. The existing literature can be broadly categorized into three strands: national-
level studies, cross-country comparative analyses, and regional- or city-level investigations.

(1) National-level research. Energy intensity characteristics vary significantly across 
countries and stages of development [20]. A decomposition of U.S. energy intensity 
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(1997–2002) reveals that economic structural changes exerted a greater impact on reduc-
ing energy intensity than improvements in energy efficiency [21]. Over the four decades 
following the mid-20th century, the decline in U.S. energy intensity resulted from both 
industrial structural changes and technological advancements [22]. Energy prices and per 
capita income further affect energy intensity by influencing energy efficiency [23]. Notably, 
even within the same country, the driving factors may differ across periods. China’s energy 
intensity decline from 1981 to 1987 is mainly attributed to production technology innova-
tion rather than shifts in final demand [24]. However, from 2002 to 2007, China’s rising 
energy intensity was associated with changes in final demand—particularly a higher export 
share—and a shift toward energy-intensive industries [25]. From 1992 to 2010, investment 
was the main driver of China’s energy consumption, while technological progress helped 
reduce it by approximately 5% annually [26]. Between 1997 and 2016, both technological 
progress and industrial restructuring jointly contributed to reducing China’s energy in-
tensity [27]. Furthermore, structural decomposition analysis based on constant-price and 
non-competitive input–output tables has been used to analyze the drivers of China’s CO2 
emissions, highlighting the significant roles of energy intensity reduction and final demand 
expansion [28]. A recent SDA study found that between 2007 and 2019, imports significantly 
influenced China’s energy consumption, with the import input effect increasing energy con-
sumption by about 15% and the demand import effect reducing it by 5% [29]. Foreign direct 
investment has also been regarded as a channel for transferring highly energy-consuming 
technologies from developed to developing countries, thereby increasing their energy in-
tensity [30]. Similar investigations have been conducted for Canada [31], Japan [32], and 
Thailand [33]. International trade is likewise considered a key factor, stemming from 
differences in the energy intensity of consumption goods and investment.

(2) Cross-country comparative studies. Energy intensity exhibits significant hetero-
geneity across countries, with large variations between economies and regions. Cross-
national studies offer valuable insights into the underlying causes of these disparities. An 
analysis of energy use in 40 economies revealed that technological advancements are the 
key drivers of reductions in energy intensity [34]. Between 2003 and 2014, the energy 
intensity of EU member states generally decreased, but differences between countries were 
substantial, with varying rates of change [35]. A detailed analysis of the factors behind 
energy intensity differences among EU member states identified direct energy intensity 
effects and final demand effects as the main contributors [36]. A comparison of energy 
intensity between China and the U.S. in 1997, 2002, and 2007 highlighted technological 
factors and industrial structure as key contributors to their differences [37]. Using SDA, 
a comparison of developed countries (U.S., Germany, U.K.) with developing countries 
(China, Brazil, India) showed that both final demand and production structure significantly 
affect energy use, with varying contributions across countries [2].

(3) Regional- and city-level studies. A production theory-based decomposition of 
energy intensity in Chinese cities shows that technological changes and capital–energy sub-
stitution can effectively reduce energy intensity. An analysis of regional factors influencing 
Japan’s energy intensity indicated that population agglomeration increases energy inten-
sity [38]. Despite significant progress in reducing energy intensity, a study of provincial 
energy intensity in China between 1995 and 2017 revealed that disparities were gradually 
widening [39]. An analysis of data from 86 prefecture-level cities in China between 2006 
and 2017 showed a significant reduction in energy intensity in eastern and central cities, 
while western cities saw increases [40]. Changes in energy input coefficients and final 
demand were the primary drivers of the reduction in Beijing’s energy intensity from 1997 
to 2012 [17]. More recently, energy intensity reduction has been shown to be the primary 
driver of carbon emission reduction in Beijing, with significant spatial spillover effects [41]. 
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An LMDI analysis indicated that economic output and population growth were significant 
drivers of carbon emission increases in Beijing from 2010 to 2017. Additionally, panel data 
regression has been utilized to investigate provincial-level energy intensity in China [42], 
its influencing factors [43], and its energy-saving potential [44]. Although these studies 
examined various factors influencing energy intensity from different perspectives, few have 
focused on its long-term evolution at the city level. The structural decomposition analysis 
of Beijing’s energy intensity (1997–2012) examined factors such as energy consumption 
coefficients, total demand coefficients, final demand, demand structure coefficients, and 
total energy consumption, but its focus on aggregate trends left limited room for the detailed 
analysis of energy categories and industrial sectors [17].

Research gap and positioning of this study. Existing studies extend only to 2012 and 
thus fail to capture the latest trends in Beijing’s energy intensity, limiting the timeliness 
and applicability of their results. The period 2007–2020, however, encompasses key policy 
cycles for Beijing’s energy transition and industrial adjustment—including the 2007 Olympic 
preparations, the 2012 coal-to-gas and clean air actions, the 2014 initiation of functional 
decentralization, and the 2017 ‘‘Relocation, Rectification, and Improvement’’ initiative—
which profoundly shaped energy intensity changes and provide clear policy windows for 
stage-specific decomposition. To address these gaps, this study constructs a comparable-
price energy input–output table for Beijing (2007, 2010, 2012, 2017, and 2020) and develops 
structural decomposition models for four intervals (2007–2010, 2010–2012, 2012–2017, and 
2017–2020), exploring the driving factors behind Beijing’s overall energy intensity, energy 
intensity by energy category, and energy intensity across six major industrial sectors. Com-
pared with Ref. [17], this study extends the analysis to 2020, constructs comparable-price 
tables for additional benchmark years, introduces energy-type disaggregation, and further 
provides a more detailed decomposition of final demand components.

3. Model Construction
3.1. Basic Input–Output Model

Aphysical value-type energy input–output table is established, as shown in Table 1.

Table 1. Physical value-based energy input–output table.

Inter 
Demands Final Demands

Total Output
Industrial 

Sector
Final 

Consumption
Capital 

Formation Net Exports

Inter-put Industrial 
Sector zij Yi xj 

Primary Input vj 

Total Input xj 

Energy 
Consumption

1
2
3
…
m

𝑒𝑘𝑗
𝑒𝑘𝑓

ek 

This table extends the standard input–output table by incorporating the physical 
quantities of energy consumption. As shown in Table 1, zi j  represents the demand from 
sector j for products of sector i; Yi  indicates the final demand for the products of sector i; xi 
is the total output of sector i; xj  is the total input of sector j; vj  refers to the initial input of 
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sector j; ekj  denotes the demand for energy type k by sector j; ekf  represents the final use of 
energy type k; and ek  indicates the total output of energy type k.

The direct consumption coefficient is defined as:

𝑎ij =
𝑧ij

𝑥𝑗
(1)

The total consumption coefficient, denoted as bij , represents the combined direct and 
indirect consumption of products from sector j:

𝑏ij = 𝑎ij +
𝑛

∑
𝑘=1

𝑏ik𝑎kj (2)

The total consumption coefficient matrix B is composed of the total consumption 
coefficients bij , i.e., B = [bij ]. In matrix form, it is expressed as:

𝐵 = (𝐼 − 𝐴)−1 − 𝐼 (3)

where A = [aij ] is the direct consumption matrix and I is the identity matrix of the same 
order as A. The basic input–output model is:

𝑋 = (𝐼 − 𝐴)−1𝑌 = 𝐿𝑌 (4)

where X is the total output vector, Y is the final demand vector, and L = (I − A)−1  is the 
Leontief inverse matrix.

3.2. Energy Intensity and Structural Decomposition Model
Following the approach used by the IEA and other international organizations, this 

study measures energy efficiency using energy intensity, defined as energy consumption 
per unit of GDP (Ie ), expressed in tons of standard coal per 10,000 yuan.

(1) Energy consumption intensity

𝐼ek =
𝐸𝑘

GDP (5)

where Iek  represents the energy consumption intensity of energy type k. Ek  is the total 
consumption of k types of energy, and GDP is gross domestic product.

(2) Direct energy consumption coefficient

𝑎𝑒
𝑘𝑗

=
𝐸𝑘𝑗

𝑥𝑗
(6)

where Ekj  is the consumption of energy type k in sector j. xj  is the total output of sector 
j, 𝑎𝑒

𝑘𝑗
 represents the direct consumption of energy type k per unit of output in sector 

j. The matrix Ae  denotes direct energy consumption per unit of total output across 
sectors. Based on Equations (5) and (6), the following holds:

𝐸 = 𝐴𝑒𝑋 (7)

Let M = Y/GDP and substitute X = (I − A)−1 Y into Equation (7):

𝐼 =
𝐸

GDP =
𝐴𝑒𝑋
GDP =

𝐴𝑒(𝐼 − 𝐴)−1𝑌
GDP = 𝐴𝑒LM (8)

where L = (I − A)−1  is the Leontief inverse matrix, and M = Y/GDP is the final demand 
structure vector, whose components sum to 1.

The SDA model generally has four variations: (1) retaining cross-terms; (2) excluding 
cross-terms and assigning different weights to each variable; (3) using a weighted average 

https://doi.org/10.3390/en19215135

https://doi.org/10.3390/en19215135


Energies 2026, 19, 5135 7 of 20

method; and (4) employing a bi-polar decomposition method. Among these, the bi-polar 
method provides a more accurate approximation and is therefore widely used in energy 
intensity decomposition [1,10]. In this study, the bi-polar method is adopted to decompose 
changes in energy intensity. This choice rests on three considerations.

Δ𝐼𝑒 = 𝐼1
𝑒 − 𝐼0

𝑒 = 𝐴1
𝑒𝐿1𝑀1 − 𝐴0

𝑒𝐿0𝑀0
= 1

2 (Δ𝐴𝑒𝐿1𝑀1 + Δ𝐴𝑒𝐿0𝑀0)
+ 1

2 (𝐴0
𝑒Δ𝐿𝑀1 + 𝐴1

𝑒Δ𝐿𝑀0)
+ 1

2 (𝐴0
𝑒𝐿0Δ𝑀 + 𝐴1

𝑒𝐿1Δ𝑀)

(9)

where superscript 0 denotes the base period and 1 the reporting period. Δ𝐴𝑒 = 𝐴1
𝑒 − 𝐴0

𝑒 , 
ΔL = L1 − L0 , and ΔM = M1 − M0 . The three terms represent the effects of energy technology 
change, production technology change, and final demand structure change, respectively.

Similarly, let Iei  represent the energy intensity of sector i, then:

𝐼ei = (
𝑛

∑
𝑗=1

𝑎ej𝑙ji)𝑁𝑖 (10)

where aej  is the direct energy consumption coefficient of sector j, lji  is the element in the j-th 
row and i-th column of the Leontief inverse matrix L, and Ni  = Yi /Vi  is the ratio of final 
demand to value added for sector i. Thus, the change in sectoral energy intensity can be 
decomposed as:

Δ𝐼ei = 𝐼1
ei − 𝐼0

ei =
𝑛
∑
𝑗=1

𝑎1
ej𝑙1ji𝑁1

𝑖 −
𝑛
∑
𝑗=1

𝑎0
ej𝑙0ji𝑁0

𝑖

=
1
2(

𝑛
∑
𝑗=1

Δ𝑎ej𝑙1ji𝑁1
𝑖 +

𝑛
∑
𝑗=1

Δ𝑎ej𝑙0ji𝑁0
𝑖 )

+
1
2(

𝑛
∑
𝑗=1

𝑎0
ejΔ𝑙ji𝑁1

𝑖 +
𝑛
∑
𝑗=1

𝑎1
ejΔ𝑙ji𝑁0

𝑖 )

+
1
2(

𝑛
∑
𝑗=1

𝑎0
ej𝑙0jiΔ𝑁𝑖 +

𝑛
∑
𝑗=1

𝑎1
ej𝑙1jiΔ𝑁𝑖)

(11)

To further analyze how changes in demand structure affect energy intensity, the final 
demand for sector i is divided into three parts: Yi  = Wi  + Ki  + Pi . Here, Wi  represents 
final consumption, Ki  stands for capital formation, and Pi  denotes net output. Thus, final 
demand changes can be divided into three effects: consumption structure, capital formation, 
and net output.

1
2(

𝑛
∑
𝑗=1

𝑎0
ej𝑙0jiΔ𝑁𝑖 +

𝑛
∑
𝑗=1

𝑎1
ej𝑙1jiΔ𝑁𝑖)

=
1
2(

𝑛
∑
𝑗=1

𝑎0
ej𝑙0jiΔ𝑁Wi +

𝑛
∑
𝑗=1

𝑎1
ej𝑙1jiΔ𝑁Wi)

+
1
2(

𝑛
∑
𝑗=1

𝑎0
ej𝑙0jiΔ𝑁Ki +

𝑛
∑
𝑗=1

𝑎1
ej𝑙1jiΔ𝑁Ki)

+
1
2(

𝑛
∑
𝑗=1

𝑎0
ej𝑙0jiΔ𝑁Pi +

𝑛
∑
𝑗=1

𝑎1
ej𝑙1jiΔ𝑁Pi)

(12)

3.3. Data Source
(1) Sector Classification

This study employs Beijing’s input–output tables for 2007, 2010, 2012, 2017, and 2020, 
all sourced from the Beijing Municipal Bureau of Statistics. The four decomposition inter-
vals (2007–2010, 2010–2012, 2012–2017, and 2017–2020) align closely with Beijing’s major 
policy windows. To clarify trends in Beijing’s economic structure, the original sectors are 
consolidated into six main categories: Agriculture; Industry (covering sub-sectors such 
as coal mining and metal ore mining); Construction; Freight and Postal Services (cov-
ering transport, storage, postal, and information technology services); Commercial and 
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Catering Services (encompassing wholesale, retail, accommodation, and catering); and 
Other Services (including finance, real estate, leasing, and business services). The orig-
inal input–output tables contain 42 sectors (including 24 industrial sub-sectors) in 2007 
and 2010 and 43 sectors (including 25 industrial sub-sectors) in 2012, 2017, and 2020 due 
to statistical adjustments. To ensure strict comparability across all benchmark years, the 
data are harmonized into 43 unified sectors (including 25 industrial sub-sectors). The 
division into six sectors is a trade-off among data matching, policy relevance, analytical 
feasibility, and readability. The detailed concordance between the original 43 sectors and 
the six aggregated sectors is provided in Supplementary Table S1.

(2) Energy Consumption Data

This study uses data from energy balance tables for each year to construct the physical 
part of the energy input–output table. The focus is on measuring energy consumption in 
each sector for accuracy and comparability. Consumption is measured in tons of standard 
coal equivalent (tce) per 10,000 yuan. The consumption of each energy type is calculated 
in standard units and then adjusted using the corresponding conversion factor for stan-
dard coal. The original energy categories and their aggregation rules are documented in 
Supplementary Table S3, while the standard coal conversion coefficients are provided in 
Supplementary Table S2. Electricity and other secondary energy forms are treated using 
the terminal consumption approach. The sectoral concordance used to allocate energy 
consumption to the six sectors is provided in Supplementary Table S1.

(3) Price Index Adjustment

To ensure comparability across input–output tables from different years, this study 
converts current-price tables into comparable-price tables using 2012 as the base year 
and deflates each sector with its corresponding price index. The specific price indices 
used for each aggregated sector are based on the closest available proxies from the Beijing 
Statistical Yearbooks (various years): the Producer Price Index for Agricultural Producers for 
Agriculture; the Producer Price Index for Industrial Producers for Industry; the Price Index 
for Investment in Fixed Assets for Construction (the 2019 value is used as a proxy for 2020 
due to data discontinuation); the Consumer Price Index for transport and communication 
for Freight and Postal Services; the Retail Price Index for Commercial and Catering Services; 
and the Consumer Price Index for services for Other Services. Due to adjustments in sectoral 
classifications during the study period and the unavailability of complete sub-sector price 
indices, a single index is applied to each aggregated sector. The intermediate transaction 
matrix, final demand, output, and value-added components were deflated consistently 
using the same sectoral price indices. After converting to constant prices, no additional 
balancing procedures were required to ensure the accounting balances of the input–output 
tables. A full sensitivity analysis using alternative deflators was not conducted due to data 
limitations and conceptual mismatches. However, for the industrial sector, the alternative 
Purchasing Price Index for Industrial Producers yields a cumulative factor of approximately 
0.929, very close to 0.9122, indicating that the decomposition results are robust to this 
alternative choice. This is acknowledged as a limitation. It should be noted that this 
paper adopts a single-region input–output framework, whose accounting scope is limited 
to changes within Beijing’s local production structure; therefore, conclusions regarding 
supply chains or embodied energy reduction should be interpreted cautiously within this 
accounting boundary.

The definitions of the main symbols used in this paper are shown in Table 2.
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Table 2. Symbol Definitions.

Symbol Definition

A Direct consumption coefficient matrix
aij Element of A, aij =  zij / xj 
L Leontief inverse matrix, L = (I − A)−1 
lji Element of L
Ae Matrix of direct energy consumption coefficients
aej Direct energy consumption coefficient of sector j
M Final demand structure vector, M = Y/GDP
Ni Ratio of final demand to value added for sector i, Ni  = Yi /Vi 

Wi , Ki , Pi Final consumption, capital formation, and net output of sector i
Δ Difference between reporting and base periods

4. Empirical Analysis
4.1. Energy Consumption Coefficient

This study computes the direct, indirect, and total energy consumption coefficients for 
six sectors in Beijing in 2007, 2010, 2012, 2017, and 2020 (Table 3). Figures 1 and 2 illustrate 
the dynamic trends of the direct and indirect energy consumption coefficients for these 
sectors, respectively, from 2007 to 2020.

Table 3. Energy consumption coefficients for six sectors in Beijing from 2007 to 2020. Unit: 
tce/10,000 yuan.

Industry Sector Year
Direct Energy 
Consumption 

Coefficient

Indirect Energy 
Consumption 

Coefficient

Total Energy 
Consumption 

Coefficient

Agriculture

2007 0.19406 0.29002 0.48407
2010 0.18361 0.1996 0.38322
2012 0.17063 0.20128 0.37192
2017 0.13459 0.11482 0.24941
2020 0.13142 0.11113 0.24256

Industry

2007 0.20281 0.52867 0.73149
2010 0.11643 0.31610 0.43253
2012 0.07500 0.26553 0.34053
2017 0.04299 0.12693 0.16993
2020 0.04263 0.10007 0.14270

Construction

2007 0.02193 0.28231 0.30424
2010 0.03377 0.27278 0.30655
2012 0.02437 0.25954 0.28391
2017 0.02436 0.25573 0.28009
2020 0.01415 0.20006 0.21421

Freight and Postal 
Industry

2007 0.24634 0.47716 0.72350
2010 0.18068 0.27386 0.45454
2012 0.16271 0.18866 0.35137
2017 0.07867 0.09502 0.17368
2020 0.03308 0.05754 0.09061
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Table 3. Cont.

Industry Sector Year
Direct Energy 
Consumption 

Coefficient

Indirect Energy 
Consumption 

Coefficient

Total Energy 
Consumption 

Coefficient

Commercial and 
Catering Services

2007 0.13026 0.21693 0.34718
2010 0.05044 0.16438 0.21482
2012 0.05552 0.12347 0.17899
2017 0.04523 0.06973 0.11496
2020 0.05095 0.05186 0.1028

Other Services

2007 0.06515 0.26722 0.33237
2010 0.03934 0.18482 0.22415
2012 0.04961 0.13115 0.18077
2017 0.02822 0.09261 0.12083
2020 0.02636 0.07257 0.09893

Note: Price factors are excluded with 2012 as the base year. Data are rounded to five decimal places. 
The same procedure is applied to subsequent tables.

Figure 1. Changes in direct energy consumption coefficients of six sectors in Beijing from 2007 to 2020.

Figure 2. Changes in indirect energy consumption coefficients of six sectors in Beijing from 2007 
to 2020.

(1) Direct versus indirect energy consumption patterns. Agriculture, industry, and 
freight and postal services exhibited relatively low direct energy consumption coefficients 
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but markedly higher indirect coefficients. In particular, the indirect coefficient of industry 
has persistently exceeded twice its direct coefficient, while that of freight and postal services 
approached twice its direct coefficient. For industry, the direct coefficient declined from 
0.20281 in 2007 to 0.04263 in 2020, and the indirect coefficient fell from 0.52867 to 0.10007; 
nevertheless, indirect consumption consistently accounted for approximately 70% of total 
consumption. For freight and postal services, the direct coefficient decreased from 0.24634 
to 0.03308, and the indirect coefficient fell from 0.47716 to 0.05754. Construction and other 
services had very low direct coefficients (construction was merely 0.01415 in 2020), yet indi-
rect consumption remained dominant (the indirect coefficient of construction was 0.20006, 
about 93% of its total; for other services, the indirect share declined from approximately 80% 
in 2007 to about 73% in 2020, still representing the majority). This pattern indicates that 
the energy consumption of most sectors in Beijing is concentrated not in direct production 
but is embedded in the upstream supply chain. The high indirect coefficients arise because 
these sectors rely heavily on energy-intensive intermediate inputs—such as electricity, heat, 
steel, cement, and chemical materials—whose embodied energy is incurred upstream but 
attributed to the consuming sector through input–output linkages. Notably, the reduction 
in local direct energy consumption is consistent with the relocation of energy-intensive 
segments rather than an absolute decline in whole-chain energy consumption. As Beijing 
has phased out or relocated high-energy industries such as petroleum processing and metal 
smelting, local direct energy use has fallen, but the city’s demand for energy-intensive 
intermediate goods produced elsewhere persists.

(2) Sectoral ranking by consumption type. With respect to direct consumption, freight 
and postal services ranked highest in most years, followed by industry, agriculture, and 
then construction and commercial and catering services. In terms of total consumption, 
industry ranked first in 2007 (0.73149), followed by freight and postal services (0.72350) and 
agriculture (0.48407). By 2020, the ordering had shifted to agriculture (0.24256) > construc-
tion (0.21421) > industry (0.14270) > commercial and catering services (0.10280) > other 
services (0.09893) > freight and postal services (0.09061). This reordering reflects not only 
differences in production structures and supply chain dependencies across sectors but also 
the differentiated effects of industrial relocation: the pronounced decline in industry’s total 
coefficient is consistent with the net output effect of relocating energy-intensive segments 
rather than solely with local efficiency improvements, whereas the relatively high total 
coefficients and modest reductions in agriculture and construction are related to the energy 
intensity rigidity of their upstream supply chains (e.g., fertilizers and building materials).

(3) Declining trends and driving forces. When ranked by the magnitude of reduction in the 
total coefficient from 2007 to 2020, the sectors are: freight and postal services (0.72350 → 0.09061, 
about 87.5%) > industry (0.73149 → 0.14270, about 80.5%) > commercial and catering services 
(0.34718 → 0.10280, about 70.4%) > other services (0.33237 → 0.09893, about 70.2%) > agri-
culture (0.48407 → 0.24256, about 49.9%) > construction (0.30424 → 0.21421, about 29.6%). 
The freight and postal sector achieved the largest reduction, while construction saw the 
smallest. This ranking indicates that the pace of energy intensity reduction varied consid-
erably across sectors, which is consistent with differences in production structure, supply 
chain dependencies, and the timing of policy interventions. It also suggests that no single 
factor can fully explain the sectoral heterogeneity; rather, the relative importance of energy 
technology, production technology, and final demand structure differs across sectors and 
sub-periods. A detailed decomposition of these driving forces is therefore provided in 
Section 4.4, following the aggregate and energy category analyses in Sections 4.2 and 4.3.
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4.2. Structural Decomposition Analysis of Total Energy Consumption Intensity
As shown in Figure 3, Beijing’s total energy consumption intensity declined across 

all four sub-periods examined. During 2007–2010, aggregate energy intensity declined by 
0.00937 tce/10,000 yuan—the smallest reduction among the four sub-periods—with energy 
technology change contributing a reduction of 0.14291 tce/10,000 yuan and final demand 
structure change slightly reducing intensity by 0.00326 tce/10,000 yuan, while production 
technology change increased intensity by 0.13679 tce/10,000 yuan, almost entirely offsetting 
the energy-saving gains. This pattern is consistent with the combined effects of energy 
technology improvement and final demand restructuring. As shown in Table 4, similar 
decomposition dynamics can be observed across the subsequent sub-periods.

Figure 3. Trends in total energy consumption intensity in Beijing from 2007 to 2020.

Table 4. Structural decomposition of changes in Beijing’s total energy consumption intensity. Unit: 
tce/10,000 yuan.

Contribution 
VALUE

Energy 
Technology 

Change

Production 
Technology 

Change

Final Demand 
Structure 
Change

Total Effect

2007–2010 −0.14291 0.13679 −0.00326 −0.00937
2010–2012 −0.03712 −0.00520 0.00618 −0.03614
2012–2017 −0.10402 0.04073 0.00215 −0.06114
2017–2020 −0.03572 −0.03689 0.00620 −0.06641

From 2010 to 2012, aggregate intensity fell by 0.03614 tce/10,000 yuan, with energy tech-
nology change contributing 0.03712 tce/10,000 yuan and production technology change turn-
ing negative for the first time (−0.00520 tce/10,000 yuan), forming a synergistic reduction. 
However, final demand structure change increased intensity by 0.00618 tce/10,000 yuan, 
partially offsetting the gains. This synergistic pattern reflects the combined effects of energy 
technology improvement and final demand restructuring during the early 12th Five-Year 
Plan period.

During 2012–2017, aggregate intensity decreased by 0.06114 tce/10,000 yuan; energy 
technology change contributed 0.10402 tce/10,000 yuan, whereas production technology 
change raised intensity by 0.04073 tce/10,000 yuan, offsetting nearly 40% of the technological 
savings. Final demand structure change added a small increase of 0.00215 tce/10,000 yuan. 
This indicates that adjustments in intermediate input composition during industrial relo-
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cation imposed short-term constraints on energy conservation, though cumulative policy 
effects substantially expanded the total reduction compared with 2010–2012.

From 2017 to 2020, aggregate intensity declined by 0.06641 tce/10,000 yuan, with energy 
technology and production technology contributing 0.03572 and 0.03689 tce/10,000 yuan, 
respectively, marking another instance of a dual-driven synergistic reduction. Final demand 
structure change again slightly increased intensity (0.00620 tce/10,000 yuan). This dual-
driven pattern reflects breakthroughs in both energy use efficiency and intermediate chain 
optimization under the ‘‘Relocation, Rectification, and Improvement’’ initiative.

Over the full 2007–2020 period, energy technology change consistently served as 
the primary driver (cumulative reduction of 0.31977 tce/10,000 yuan), while production 
technology change followed a pattern of alternating opposition and alignment (obstacle–
facilitator–obstacle–facilitator), and final demand structure change exerted varying effects 
across sub-periods. The magnitude of reduction expanded progressively over time (from 
0.00937 to 0.06641), suggesting that the energy-saving effects of non-capital function reloca-
tion and industrial transfer policies are characterized by significant cumulativeness and 
phase-specific characteristics: the deeper and more extensive the policy implementation, 
the weaker the structural drag against technological progress, and the stronger the synergy 
between the two forces.

4.3. Decomposition of Energy Intensity Structure by Energy Type
Table 5 reports the structural decomposition results of changes in energy consumption 

intensity by energy category in Beijing from 2007 to 2020, covering five categories—coal, oil, 
natural gas, electricity, and other energy—and decomposing them into three driving factors: 
energy technology change, production technology change, and final demand structure 
change. Overall, the consumption intensity of all five energy categories exhibited a declining 
trend, yet the magnitude of reduction, volatility, and dominant factors displayed pronounced 
heterogeneity across categories, indicating that Beijing’s energy transition did not proceed 
synchronously or linearly across all categories but rather followed a differentiated pathway 
characterized by coal and oil declining first, natural gas and electricity fluctuating in stages, 
and synergistic reduction in the later period.

Energy technology change constituted the primary driver of the decline in intensity 
across all five categories, contributing negatively in the vast majority of categories and 
sub-periods. Moreover, this factor is not an abstract ‘‘technological progress’’ but comprises 
a series of identifiable specific technological measures and policy interventions: in the coal 
sector, it primarily benefited from clean energy retrofitting of coal-fired boilers, coal-to-
electricity conversion, and coal-to-gas conversion; in the oil sector, it relied on fuel quality 
upgrading, the electrification of transportation, and fuel substitution in industrial kilns; 
in the natural gas sector, it was driven by pipeline network optimization and efficient 
utilization; and in the electricity sector, it stemmed from end-use efficiency improvement, 
the promotion of high-efficiency motors, and substitution by imported green electricity.

By category, the total effects for coal intensity across the four sub-periods were −0.01353, 
−0.02669, −0.02851, and −0.00362, respectively; the reduction peaked in 2012–2017 and 
then narrowed. Energy technology change consistently dominated the reduction (−0.05883, 
−0.02789, −0.02879, and −0.00228), underpinned by the continuous promotion of coal-fired 
boiler retrofitting, coal-to-electricity conversion, and coal-to-gas conversion. Production 
technology change was positive in 2007–2010 and 2012–2017 (+0.04105 and +0.00318), 
indicating that the intermediate input structure once tilted toward higher energy intensity, 
but later turned negative (−0.00145), suggesting a gradual optimization of the supply 
chain structure. The total effects for oil intensity were −0.01403, −0.00814, −0.01969, and 
−0.04224, respectively, with the reduction expanding significantly in 2017–2020. Energy 
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technology change was negative in all stages (−0.05533, −0.01362, −0.05196, and −0.03326), 
with fuel quality upgrading, transportation electrification, and industrial fuel substitu-
tion constituting the core forces of sustained reduction. Production technology change 
fluctuated considerably, and final demand structure change was positive in some sub-
periods, indicating that demand-side structural shifts exerted a certain upward pressure on 
oil intensity.

Table 5. Decomposition results of factors influencing changes in energy intensity for five types of 
energy from 2007 to 2020. Unit: tce/10,000 yuan.

Type of Energy Time Period
Energy 

Technology 
Change

Production 
Technology 

Change

Final Demand 
Structure 
Change

Total Effect

Coal

2007–2010 −0.05883 0.04105 0.00425 −0.01353
2010–2012 −0.02789 0.00460 −0.00340 −0.02669
2012–2017 −0.02879 0.00318 −0.00289 −0.02851
2017–2020 −0.00228 −0.00145 0.00011 −0.00362

Oil

2007–2010 −0.05533 0.05127 −0.00997 −0.01403
2010–2012 −0.01362 −0.00575 0.01122 −0.00814
2012–2017 −0.05196 0.01981 0.01245 −0.01969
2017–2020 −0.03326 −0.01842 0.00943 −0.04224

Natural Gas

2007–2010 −0.01089 0.00370 0.00092 −0.00627
2010–2012 0.00413 −0.00256 −0.00059 0.00098
2012–2017 −0.01157 0.00716 −0.00243 −0.00684
2017–2020 0.00115 −0.00560 −0.00150 −0.00596

Electricity

2007–2010 −0.01776 0.04083 0.00155 0.02462
2010–2012 −0.00063 −0.00147 −0.00101 −0.00311
2012–2017 −0.01220 0.01024 −0.00489 −0.00685
2017–2020 −0.00194 −0.01115 −0.00168 −0.01477

Other Energy

2007–2010 −0.00010 −0.00006 0 −0.00016
2010–2012 0.00089 −0.00004 −0.00003 0.00082
2012–2017 0.00050 0.00033 −0.00009 0.00074
2017–2020 0.00062 −0.00027 −0.00017 0.00018

Natural gas intensity fluctuated markedly, with total effects of −0.00627, +0.00098, 
−0.00684, and −0.00596, respectively. Energy technology change was positive in 2010–2012 
(+0.00413), which was the main contributing factor to the increase in that sub-period, 
consistent with the additional energy consumption brought about by pipeline construction 
and facility retrofitting in the early stage of natural gas substitution. Thereafter, energy 
technology change turned negative, and the clean and efficient advantages of natural gas 
were gradually released, indicating that natural gas substitution exhibits a phased charac-
teristic of increasing consumption first, then reducing it, with the degree of infrastructure 
completeness being the key. Electricity intensity was positive in 2007–2010 (+0.02462), 
the only category with a substantial increase during the study period, possibly related to 
post-Olympic economic stimulus, surging electricity demand, and the structure of imported 
electricity. In the subsequent three sub-periods, it turned to reduction (−0.00311, −0.00685, 
and −0.01477), with the magnitude of reduction gradually expanding. Energy technology 
change was negative in all stages (−0.01776, −0.00063, −0.01220, and −0.00194), and the 
improvement of end-use electricity efficiency, the promotion of high-efficiency motors and 
variable frequency technologies, smart grid construction, and the increase in the share of 
imported green electricity (14.56 TWh in 2020, accounting for 12.5% of total society electric-
ity consumption) jointly contributed to the substantial later decline in electricity intensity. 
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Regarding the “Other Energy” category, although its annual fluctuations were relatively 
small, its cumulative total effect over the study period was slightly positive (+0.00158), 
indicating a minor upward pressure on the overall energy intensity.

In sum, energy technology change was the largest contributing factor across all five 
categories, while production technology and final demand structure effects varied by 
category and sub-period.

4.4. Structural Decomposition of Energy Intensity Across Industry Sectors
This section presents the structural decomposition results for six sectors in Beijing 

from 2007 to 2020, identifying the contributions of energy technology, production technol-
ogy, and final demand structure (further decomposed into consumption, investment, and 
net output).

In the agricultural sector (Figure 4), energy intensity declined continuously across all 
four sub-periods, with total effects of −0.35608, −0.03870, −0.27122, and −0.01969, respec-
tively. The net output structural effect was the core driver of reduction, notably contributing 
−1.13288 in 2007–2010 and −1.62328 in 2012–2017, reflecting a shift in agricultural output 
composition toward products with lower embodied energy. Energy technology change 
consistently reduced intensity across all stages, owing to the diffusion of water-saving irriga-
tion, precision fertilization, and optimized insulation and ventilation in facility agriculture. 
However, the consumption structure effect exerted marked upward pressure in 2012–2017 
(+1.47032) and 2017–2020 (+0.17848), which is consistent with the upgrading of household 
food consumption structurally elevating agricultural energy use.

Figure 4. Decomposition of factors driving changes in agricultural energy intensity in Beijing from 
2007 to 2020.

Turning to the industrial sector (Figure 5), total effects were negative in all four sub-
periods (−0.47994, −0.06362, −0.35889, and −0.03074), indicating a continuous decline in 
total energy intensity. Energy technology change reduced intensity in all stages (−0.17252, 
−0.07759, −0.07714, and −0.00158), associated with industrial boiler retrofitting, high-
efficiency motors, waste heat recovery, and digital energy efficiency management. Produc-
tion technology change contributed to reduction in 2007–2010 (−0.07431) and 2010–2012 
(−0.02597) but shifted to an increasing effect after 2012 (+0.03465 and +0.09504), which 
is consistent with the disruption of local supply chains during industrial relocation in-
creasing purchased intermediate inputs and thus embodied energy consumption. The net 
output structural effect became a sustained and significant reducing force from 2010 on-
ward (−0.33213 in 2012–2017 and −0.16230 in 2017–2020), consistent with output structure 
optimization brought about by the relocation of energy-intensive industries. While the net 
output effect dominated, the consumption and investment structure effects were relatively 
minor across the four sub-periods.

https://doi.org/10.3390/en19215135

https://doi.org/10.3390/en19215135


Energies 2026, 19, 5135 16 of 20

Figure 5. Decomposition of factors driving changes in industrial energy intensity in Beijing from 2007 
to 2020.

The construction sector (Figure 6) saw a slight increase in total effect in 2007–2010 
(+0.07027), followed by continuous declines (−0.15021, −0.03392, and −0.37934). Invest-
ment structure change played a dominant reducing role in 2012–2017 (−1.61223), reflecting 
growing demand for energy-efficient building investment; however, this reduction was 
largely offset by a substantial increase in the net output effect (+1.65329) during the same pe-
riod. Energy technology change also continued to reduce intensity after 2010, consistent with 
mandatory green building standards and energy-saving retrofitting of existing buildings.

Figure 6. Decomposition of factors driving changes in construction energy intensity in Beijing from 
2007 to 2020.

In the freight and postal sector (Figure 7), energy intensity declined steadily, with 
total effects of −0.85362, −0.33717, −0.59102, and −0.26141 across the four sub-periods. 
Energy technology progress (−0.33880, −0.09398, −0.39319, and −0.08244) and production 
technology change (−0.26805, −0.17170, −0.21689, and −0.18756) formed a dual-driven 
pattern, consistent with the promotion of new-energy trucks, railroad intermodal transport, 
and green logistics park construction.

For the commercial and catering sector (Figure 8), total effects remained negative 
(−0.10123, −0.01229, −0.03277, and −0.00320), with energy technology progress (e.g., 
efficient lighting, kitchen equipment, and intelligent temperature control) as the main 
contributor, while production technology and final demand structure changes increased 
intensity in some sub-periods.
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Figure 7. Decomposition of factors driving changes in freight and postal energy intensity in Beijing 
from 2007 to 2020.

Figure 8. Decomposition of factors driving changes in commercial and catering energy intensity in 
Beijing from 2007 to 2020.

In other services (Figure 9), total effects also declined continuously (−0.26983, 
−0.10086, −0.07078, and −0.07978), with energy technology progress and the net output 
structural effect jointly contributing to the reduction; however, energy technology change 
increased intensity in 2010–2012 (+0.07401), possibly related to the expansion of emerging 
energy-intensive service formats such as data centers.

Figure 9. Decomposition of factors driving changes in other service industries’ energy intensity in 
Beijing from 2007 to 2020.

These sectoral differences underscore the need for differentiated policy interventions, 
which are discussed in Section 5.
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5. Conclusions
This study constructs a comparable-price energy input–output table for Beijing cover-

ing 2007–2020 and applies multi-period comparative structural decomposition analysis to 
examine changes in aggregate energy intensity, intensity across five energy categories, and 
intensity across six sectors. The principal findings are as follows.

Beijing’s aggregate energy intensity declined consistently from 0.33699 tce/10,000 yuan 
in 2007 to 0.16393 tce/10,000 yuan in 2020, with reductions expanding progressively across 
the four sub-periods (0.00937, 0.03614, 0.06114, and 0.06641 tce/10,000 yuan, respectively). 
Energy technology change was the largest contributing factor to this decline, while produc-
tion technology and final demand structure effects varied across sectors and sub-periods.

By energy category, coal intensity fell consistently, but its reduction narrowed in 
2017–2020, leaving limited room for further cuts. Oil intensity dropped sharply in 2017–2020, 
consistent with the effects of transport electrification and fuel quality upgrading. Natural gas 
intensity exhibited an increase-then-decrease pattern, as early pipeline construction raised 
energy use before efficiency gains materialized. Electricity intensity rose in 2007–2010 
due to post-Olympic demand stimulus, then declined steadily with end-use efficiency 
improvements and expanded green electricity imports.

By sector, agriculture’s net output effect was the core contributing factor to reduction, 
but consumption structure upgrading created notable upward pressure after 2012. Industry 
saw negative total effects in all four sub-periods, with energy technology consistently reduc-
ing intensity and the net output effect contributing strongly after 2012; however, production 
technology turned to an increasing effect after 2012, which is consistent with embodied 
energy in purchased intermediate inputs due to supply chain disruption. Construction’s 
investment structure change dominated reduction in 2012–2017, but the net output ef-
fect increased substantially in the same period, offsetting some investment-driven savings. 
Freight and postal services benefited from dual contributing factors—energy technology 
and production technology—and achieved the largest reduction among the six sectors. 
Commercial and catering services benefited mainly from energy technology progress, while 
production technology and demand structure increased intensity in some sub-periods. 
Other services saw significant energy technology reductions, but an increase in 2010–2012 
possibly associated with data center expansion.

These findings suggest that sector-specific and energy-specific strategies are needed 
to sustain energy intensity reduction. The decomposition results directly support the 
conclusion that energy technology change is the dominant contributing factor and that 
production technology and final demand structure effects are heterogeneous across sectors 
and sub-periods. Based on these findings and broader policy considerations, possible 
directions include consolidating coal reduction, deepening transport electrification and 
fuel quality upgrading, expanding green electricity imports, promoting green supply chain 
coordination in the Beijing–Tianjin–Hebei region, and incorporating whole-chain embodied 
energy into energy-saving target assessment. It should be noted that the effectiveness of 
these broader policy measures is not directly evaluated by the single-region SDA framework 
used in this study, and future research could further examine them with multi-regional or 
extended analytical frameworks.
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Author Contributions: R.F.: Writing—review & editing, Writing—original draft, Methodology, 
Formal analysis, Visualization. Y.M.: Writing—original draft, Data curation, Methodology, Software. 

https://doi.org/10.3390/en19215135

https://www.mdpi.com/article/10.3390/en19215135/s1
https://www.mdpi.com/article/10.3390/en19215135/s1
https://doi.org/10.3390/en19215135


Energies 2026, 19, 5135 19 of 20

X.X.: Writing—review & editing, Investigation, Data curation, Formal analysis, Visualization. L.F.: 
Writing—review & editing, Funding acquisition, Resources, Supervision. All authors have read and 
agreed to the published version of the manuscript.

Funding: This study was funded by the National Natural Science Foundation of China, grant number 
NO. 72274212.

Data Availability Statement: The data supporting the findings of this study are available from the 
corresponding author upon reasonable request. The underlying source data are publicly available 
from the Beijing Municipal Bureau of Statistics and the China Energy Statistical Yearbook 2020. The 
sector concordance and energy conversion coefficients are provided in the Supplementary Material.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Su, B.; Ang, B.W. Structural decomposition analysis applied to energy and emissions: Some methodological developments. Energy 

Econ. 2012, 34, 177–188. [CrossRef]
2. Neto, A.B.F.; Perobelli, F.S.; Bastos, S.Q. Comparing energy use structures: An input–output decomposition analysis of large 

economies. Energy Econ. 2014, 43, 102–113. [CrossRef]
3. Wang, H.; Ang, B.W.; Su, B. Multiplicative structural decomposition analysis of energy and emission intensities: Some method-

ological issues. Energy 2017, 123, 47–63. [CrossRef]
4. Azhgaliyeva, D.; Liu, Y.; Liddle, B. An empirical analysis of energy intensity and the role of policy instruments. Energy Policy 

2020, 145, 111773. [CrossRef]
5. Weber, C. Energy Use and Flows in the US Economy, 1997–2002; Prepared for the National Academy of Sciences; Carnegie Mellon 

University: Pittsburgh, PA, USA, 2008.
6. Wang, H.; Yang, Y. Decomposition analysis applied to energy and emissions: A literature review. Front. Eng. Manag. 2023, 10, 

625–639. [CrossRef]
7. Wang, C. Decomposing energy productivity change: A distance function approach. Energy 2007, 32, 1326–1333. [CrossRef]
8. Lin, B.; Du, K. Decomposing energy intensity change: A combination of index decomposition analysis and production-theoretical 

decomposition analysis. Appl. Energy 2014, 129, 158–165. [CrossRef]
9. Wang, H.; Ang, B.W.; Su, B. Assessing drivers of economy-wide energy use and emissions: IDA versus SDA. Energy Policy 2017, 

107, 585–599. [CrossRef]
10. Dietzenbacher, E.; Los, B. Structural decomposition techniques: Sense and sensitivity. Econ. Syst. Res. 1998, 10, 307–324. 

[CrossRef]
11. Kongkuah, M.; Yao, H.; Yilanci, V. The relationship between energy consumption, economic growth, and CO2  emissions in China: 

The role of urbanisation and international trade. Environ. Dev. Sustain. 2022, 24, 4684–4708. [CrossRef]
12. Wang, X.; Lu, Y.; Chen, C.; Yi, X.; Cui, H. Total-factor energy efficiency of ten major global energy-consuming countries. J. Environ. 

Sci. 2024, 137, 41–52. [CrossRef] [PubMed]
13. Liu, H.; Wang, C.; Tian, M.; Wen, F. Analysis of regional difference decomposition of changes in energy consumption in China 

during 1995–2015. Energy 2019, 171, 1139–1149. [CrossRef]
14. Elliott, R.J.; Sun, P.; Zhu, T. The direct and indirect effect of urbanization on energy intensity: A province-level study for China. 

Energy 2017, 123, 677–692. [CrossRef]
15. Mi, Z.; Sun, X. Provinces with transitions in industrial structure and energy mix performed best in climate change mitigation in 

China. Commun. Earth Environ. 2021, 2, 182. [CrossRef]
16. Li, T.; Liu, Y.; Wang, C.; Olsson, G.; Wang, Z.; Wang, H. Decentralization of the non-capital functions of Beijing: Industrial 

relocation and its environmental effects. J. Clean. Prod. 2019, 224, 545–556. [CrossRef]
17. Zhang, J.; Li, L.; Yu, L.; Tang, L. Comprehensive evaluation of energy intensity change for 1997–2012 based on input-output 

analysis: Evidence from Beijing. Procedia Comput. Sci. 2016, 91, 1057–1063. [CrossRef]
18. Yasmin, T.; Refae, G.A.E.; Eletter, S. Capturing the sectoral performance in Swiss economy: An input-output structural decompo-

sition analysis (SDA). In Cutting-Edge Business Technologies in the Big Data Era; Yaseen, S.G., Ed.; Studies in Big Data; Springer: 
Cham, Switzerland, 2023; Volume 136. [CrossRef]

19. Li, L.; Zhang, J.; Tang, L. Coupling Structural Decomposition Analysis and Sensitivity Analysis to Investigate CO2  Emission 
Intensity in China. Energies 2019, 12, 2396. [CrossRef]

20. Fan, Y.; Xia, Y. Exploring energy consumption and demand in China. Energy 2012, 40, 23–30. [CrossRef]
21. Weber, C.L. Measuring structural change and energy use: Decomposition of the US economy from 1997 to 2002. Energy Policy 

2009, 37, 1561–1570. [CrossRef]

https://doi.org/10.3390/en19215135

https://doi.org/10.1016/j.eneco.2011.10.009
https://doi.org/10.1016/j.eneco.2014.02.001
https://doi.org/10.1016/j.energy.2017.01.141
https://doi.org/10.1016/j.enpol.2020.111773
https://doi.org/10.1007/s42524-023-0270-4
https://doi.org/10.1016/j.energy.2006.10.001
https://doi.org/10.1016/j.apenergy.2014.04.101
https://doi.org/10.1016/j.enpol.2017.05.034
https://doi.org/10.1080/09535319800000023
https://doi.org/10.1007/s10668-021-01628-1
https://doi.org/10.1016/j.jes.2023.02.031
https://www.ncbi.nlm.nih.gov/pubmed/36896847
https://doi.org/10.1016/j.energy.2019.01.067
https://doi.org/10.1016/j.energy.2017.01.143
https://doi.org/10.1038/s43247-021-00258-9
https://doi.org/10.1016/j.jclepro.2019.03.247
https://doi.org/10.1016/j.procs.2016.07.148
https://doi.org/10.1007/978-3-031-42455-7_4
https://doi.org/10.3390/en12122396
https://doi.org/10.1016/j.energy.2011.09.049
https://doi.org/10.1016/j.enpol.2008.12.027
https://doi.org/10.3390/en19215135


Energies 2026, 19, 5135 20 of 20

22. Wing, I.S. Explaining the declining energy intensity of the US economy. Resour. Energy Econ. 2008, 30, 21–49. [CrossRef]
23. Metcalf, G.E. An empirical analysis of energy intensity and its determinants at the state level. Energy J. 2008, 29, 1–26. [CrossRef]
24. Lin, X.; Polenske, K.R. Input–output anatomy of China’s energy use changes in the 1980s. Econ. Syst. Res. 1995, 7, 67–84. 

[CrossRef]
25. Zeng, L.; Xu, M.; Liang, S.; Zeng, S.; Zhang, T. Revisiting drivers of energy intensity in China during 1997–2007: A structural 

decomposition analysis. Energy Policy 2014, 67, 640–647. [CrossRef]
26. Xie, S.C. The driving forces of China’s energy use from 1992 to 2010: An empirical study of input–output and structural 

decomposition analysis. Energy Policy 2014, 73, 401–415. [CrossRef]
27. Luan, B.; Zou, H.; Chen, S.; Huang, J. The effect of industrial structure adjustment on China’s energy intensity: Evidence from 

linear and nonlinear analysis. Energy 2021, 218, 119517. [CrossRef]
28. Xiao, B.; Niu, D.; Guo, X. The Driving Forces of Changes in CO2  Emissions in China: A Structural Decomposition Analysis. 

Energies 2016, 9, 259. [CrossRef]
29. Sun, Y.-F.; Yu, S.; Zhang, Y.-J.; Su, B. How do imports change the energy consumption of China? An analysis of its role in 

intermediate inputs and final demands. Energy 2023, 270, 126947. [CrossRef]
30. Destek, M.A.; Okumus, I. Does pollution haven hypothesis hold in newly industrialized countries? Evidence from ecological 

footprint. Environ. Sci. Pollut. Res. 2019, 26, 23689–23695. [CrossRef] [PubMed]
31. Torrie, R.D.; Stone, C.; Layzell, D.B. Understanding energy systems change in Canada: 1. Decomposition of total energy intensity. 

Energy Econ. 2016, 56, 101–106. [CrossRef]
32. Okajima, S.; Okajima, H. Analysis of energy intensity in Japan. Energy Policy 2013, 61, 574–586. [CrossRef]
33. Supasa, T.; Hsiau, S.S.; Lin, S.M.; Wongsapai, W.; Wu, J.C. Has energy conservation been an effective policy for Thailand? An 

input–output structural decomposition analysis from 1995 to 2010. Energy Policy 2016, 98, 210–220. [CrossRef]
34. Croner, D.; Frankovic, I. A structural decomposition analysis of global and national energy intensity trends. Energy J. 2018, 39, 

103–122. [CrossRef]
35. Mussini, M. Inequality and convergence in energy intensity in the European Union. Appl. Energy 2020, 261, 114371. [CrossRef]
36. Alcantara, V.; Duarte, R. Comparison of energy intensities in European Union countries. Results of a structural decomposition 

analysis. Energy Policy 2004, 32, 177–189. [CrossRef]
37. Liu, H.; Polenske, K.R.; Guilhoto, J.J.M.; Xi, Y. Direct and indirect energy use in China and the United States. Energy 2014, 71, 

414–420. [CrossRef]
38. Otsuka, A.; Goto, M. Regional determinants of energy intensity in Japan: The impact of population density. Asia-Pac. J. Reg. Sci. 

2018, 2, 257–278. [CrossRef]
39. Shao, S.; Wang, C.; Guo, Y.; Yang, L.; Chen, S.; Yan, J.; Guan, D. Enlarging regional disparities in energy intensity within China. 

Earth’s Future 2020, 8, e2020EF001572. [CrossRef]
40. Zhou, P.; Zhang, H.; Zhang, L.P. The drivers of energy intensity changes in Chinese cities: A production-theoretical decomposition 

analysis. Appl. Energy 2022, 307, 118230. [CrossRef]
41. Li, G.; Zeng, S.; Li, T.; Peng, Q.; Irfan, M. Analysing the Effect of Energy Intensity on Carbon Emission Reduction in Beijing. Int. J. 

Environ. Res. Public Health 2023, 20, 1379. [CrossRef] [PubMed]
42. Yan, H. Provincial energy intensity in China: The role of urbanization. Energy Policy 2015, 86, 635–650. [CrossRef]
43. Yang, G.; Li, W.; Wang, J.; Zhang, D. A comparative study on the influential factors of China’s provincial energy intensity. Energy 

Policy 2016, 88, 74–85. [CrossRef]
44. Dong, K.; Sun, R.; Hochman, G.; Li, H. Energy intensity and energy conservation potential in China: A regional comparison 

perspective. Energy 2018, 155, 782–795. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual 
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury 
to people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/en19215135

https://doi.org/10.1016/j.reseneeco.2007.03.001
https://doi.org/10.5547/ISSN0195-6574-EJ-Vol29-No3-1
https://doi.org/10.1080/09535319500000011
https://doi.org/10.1016/j.enpol.2013.11.053
https://doi.org/10.1016/j.enpol.2014.05.035
https://doi.org/10.1016/j.energy.2020.119517
https://doi.org/10.3390/en9040259
https://doi.org/10.1016/j.energy.2023.126947
https://doi.org/10.1007/s11356-019-05614-z
https://www.ncbi.nlm.nih.gov/pubmed/31203539
https://doi.org/10.1016/j.eneco.2016.03.012
https://doi.org/10.1016/j.enpol.2013.05.117
https://doi.org/10.1016/j.enpol.2016.08.028
https://doi.org/10.5547/01956574.39.2.dcro
https://doi.org/10.1016/j.apenergy.2019.114371
https://doi.org/10.1016/S0301-4215(02)00263-X
https://doi.org/10.1016/j.energy.2014.04.089
https://doi.org/10.1007/s41685-017-0045-1
https://doi.org/10.1029/2020EF001572
https://doi.org/10.1016/j.apenergy.2021.118230
https://doi.org/10.3390/ijerph20021379
https://www.ncbi.nlm.nih.gov/pubmed/36674134
https://doi.org/10.1016/j.enpol.2015.08.010
https://doi.org/10.1016/j.enpol.2015.10.011
https://doi.org/10.1016/j.energy.2018.05.053
https://doi.org/10.3390/en19215135

	Introduction 
	Literature Review 
	Model Construction 
	Basic Input–Output Model 
	Energy Intensity and Structural Decomposition Model 
	Data Source 

	Empirical Analysis 
	Energy Consumption Coefficient 
	Structural Decomposition Analysis of Total Energy Consumption Intensity 
	Decomposition of Energy Intensity Structure by Energy Type 
	Structural Decomposition of Energy Intensity Across Industry Sectors 

	Conclusions 
	References



