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Considering the backdrop of indirect carbon emissions, this paper aims to
examine the patterns and influencing factors of total factor carbon emission
productivity (TFCEP) in China’s manufacturing sub-sectors and propose policy
recommendations for improving carbon emission performance. Based on
empirical data from China’s manufacturing industry from 2005 to 2020
(covering the 11th Five-Year Plan (FYP) to the 13th FYP), this paper combines
direct and indirect carbon emissions to present a more comprehensive formula
for calculating sectoral CO2 emissions. The global Malmquist–Luenberger (GML)
productivity index is used to calculate TFCEP, followed by an analysis of the
influencing factors using a mixed regression model. Despite an average annual
increase of 3.4% in the TFCEP of the overall manufacturing sector, contributing
34.7% to output growth, comparative analysis indicates a decline in the sector’s
overall TFCEP across the three FYPs. The TFCEP decomposition index of the
manufacturing sub-sectors shows industry heterogeneity. Empirical analyses
have proven that technological innovation and environmental regulatory
policies are the most effective means to enhance TFCEP and may serve as the
primary leverage to achieve the “dual carbon” goals. The level of electrification is
innovatively introduced to characterize the energy structure, and its relationship
with TFCEP exhibits an inverted U-shaped curve. This finding suggests that
electrification policies should be tailored to the specific electrification stage of
each industry.
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1 Introduction

As global climate change and environmental degradation intensify, the transition to low-
carbon energy systems has become a critical strategy for nations worldwide to mitigate these
challenges. Among these efforts, achieving “carbon neutrality” has emerged as a central goal,
particularly for countries with significant carbon footprints. China, as the world’s largest carbon
emitter (IEA, 2024), plays a pivotal role in global climate governance. Its commitment to peaking
carbon emissions by 2030 and achieving carbon neutrality by 2060 (People’s Daily, 2021)
represents not only a strategic national policy but also a significant contribution to global climate
goals. China has made significant progress in reducing its carbon emission intensity (CEI),
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achieving a 48.4% decrease from 2005 to 2020 (Xinhua News Agency,
2022). However, the decoupling of economic growth from carbon
emissions remains incomplete, particularly in themanufacturing sector,
which accounts for a substantial proportion of China’s energy
consumption and carbon emissions. This underscores the need for a
more nuanced understanding of the factors driving carbon emissions in
this sector.

From the perspective of energy consumption and CO2 emissions
(see Figure 1a), direct CO2 emissions from China’s manufacturing
industry (MCE) have been decreasing year by year since 2011, but
indirect emissions are still increasing along with economic progress. As
a result, total MCE remain on an upward trend. As shown in Figure 1b,
the intensities of energy consumption and CO2 emissions have
significantly decreased. However, despite decades of rapid growth in
the manufacturing industry’s GDP, carbon emissions have not been
decoupled from economic expansion (Wang and Su, 2020; Wu and
Wan, 2024), resulting in a continued increase in CO2 emissions. As the
world’s largest carbon emitter, China’s carbon emissions primarily
originate from its manufacturing sectors. The manufacturing
industry plays a pivotal role in achieving the dual carbon goals.
Therefore, it is crucial to analyze the factors influencing carbon
emissions and emission efficiency in manufacturing and identify
effective pathways for carbon emission reduction.

Although there is an abundance of research on carbon emissions
and energy efficiency, existing studies often ignore the comprehensive
analysis of both direct and indirect carbon emissions, particularly at the
industry level. This gap results in limitations and one-sidedness in the
study of carbon emissions and energy efficiency, which may impact the
precision of policy formulation. This study addresses these gaps by
uniquely combining direct and indirect carbon emissions to provide a
comprehensive assessment of MCE at the industry level. Focusing on
the period from 2005 to 2020, this study employs the global
Malmquist–Luenberger (GML) index to calculate TFCEP and
analyze its influencing factors using a mixed regression approach.

The contributions of this study are threefold. First, it provides a
holistic framework for calculating MCE by integrating both direct
and indirect emissions, thus addressing the limitation in the

existing literature. Second, it introduces the electrification level
as a key indicator of energy structure at the industrial level and
reveals an inverted U-shaped curve relationship between the
electrification level and TFCEP. This finding suggests that
electrification policies should be tailored to the specific
electrification stage of each industry. Third, it not only
highlights the role of technological innovation and
environmental regulation but also emphasizes the importance of
energy supply-side measures, such as reducing fossil fuel use and
developing smart energy systems, to complement demand-side
strategies. These findings not only deepen the professional
understanding of carbon emissions and their efficiency but also
offer a scientific foundation for policymakers to design more
effective carbon reduction strategies. This contributes to China’s
efforts to achieve its dual carbon goals and actively participate in
global climate governance. Moreover, the insights gained may
serve as valuable references for other countries.

The remainder of this study is organized as follows: Section 2
provides a literature review, and Section 3 details the data
calculation and analytical methods, including the calculation
of sub-sectors carbon emissions, the measurement and
decomposition of TFCEP, and the regression model for the
influencing factors. Section 4 presents the results and
discussion. Finally, Section 5 summarizes the main findings
and proposes policy recommendations for improving carbon
emission performance (CEP), along with their global
applicability. Table 1 presents the abbreviations frequently
used throughout this article.

2 Literature review

2.1 Theoretical studies

Currently, researchers are highly concerned with addressing
various issues in the fields of energy and environment. The
theoretical research on CEP primarily focuses on the
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conceptual framework and measurement methods of carbon
emissions and their efficiency, particularly within the context
of the manufacturing industry. In performance measurement
frameworks that account for both expected and unexpected
outputs, the non-parametric data envelopment analysis (DEA)
model demonstrates superior capability over parametric methods
by effectively addressing challenges related to irregular data and
inconsistent variable dimensions (Zhou et al., 2017). Different
types of DEA methods have become the most common
estimation methods for environmental-sensitive productivity
and its growth recently (Sueyoshi et al., 2017; Zhou et al.,
2008). Regarding DEA methods, Chung et al. (1997) employed
the directional distance function (DDF) in the Malmquist index
and created the Malmquist–Luenberger (ML) productivity
method, which facilitates calculation and decomposition. Oh
(2010) proposed the GML index, which employed the global
production possibility set (PPS). Compared with the ML index,

the GML index overcomes the disadvantages of spurious
technical regression and problems without feasible solutions in
cross-period DDF (Oh and Heshmati, 2010). It can estimate
TFCEP more accurately and therefore has widespread
applications. A multi-hierarchy meta-frontier DEA method
was introduced by Feng et al. (2017), and a global multi-
hierarchy meta-frontier DEA model was proposed by Yang
et al. (2020), which can assess the heterogeneity in CEP
measurement.

2.2 Empirical research

Given this study’s focus on carbon emission performance in
China’s manufacturing sector, this paper categorizes the
empirical literature on manufacturing CEP into three levels
based on research scope: regional, industrial, and national.
Studies at the regional level generally focus on the
measurement and comparison of CEP across different
provinces or regions in China. At the industrial level, studies
calculate and decompose CEP across manufacturing sub-sectors,
with some research extending the analysis to provincial-level
sub-industries. The cross-country study encompasses both

TABLE 1 Abbreviations frequently used in this article.

Abbreviation Full-name

FYP Five-year plan

GML Global Malmquist–Luenberger

ML Malmquist–Luenberger

TFCEP Total factor carbon emission productivity

GTFP Green total factor productivity

DEA Data envelopment analysis

PPS Production possibility set

DDF Directional distance function

DMU Decision-making unit

MCE CO2 emissions from the manufacturing industry

CEI CO2 emission intensity

CEP Carbon emission performance

MTOV Total output value of the manufacturing industry

ER Environment regulation

CD Capital deepening

ES Energy usage structure

R&D Research and development

RD Ratio of the expenditure on R&D projects to MOV

SOEs State-owned enterprises

HMTFEs Enterprises with Hong Kong, Macao, Taiwan, and foreign
funds

PEs Private enterprises

FIGURE 1
(a) CO2 emissions from China’s manufacturing sector; (b)
intensity of China’s energy and CO2. CO2 emissions are calculated
using formulas 1–3 provided in Section 3 and based on data from the
China Energy Statistical Yearbook. Energy consumption data are
sourced from the China Statistical Yearbook.
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developed economies (e.g., the EU and the United States) and
developing nations, thus offering diverse research perspectives.
Research at the national level outside China includes studies on
the factors influencing carbon emissions in different countries. A
synopsis of various research studies on CEP is shown in Table 2.

The influencing factors of carbon emission performance in the
manufacturing sector have remained a persistent research priority in
environmental economics literature. Technological innovation
represents the first key determinant. Fan et al. (2015) and Zhu
et al. (2023) decomposed TFCEP and identified technological
change and technical efficiency change as the primary drivers of
TFCEP variation. Chen and Golley (2014) demonstrated that R&D
intensity exerts a significant positive impact. Specifically, Liao et al.
(2024) revealed the nonlinear impact of green technology
innovation on carbon CEP. Furthermore, renewable energy
innovation typically interacts with other factors to jointly
influence regional TFCEP (Su et al., 2023).

Environmental regulation policies have demonstrated significant
impacts on carbon emission performance (Afshan et al., 2023; Shao

et al., 2019; Tan et al., 2020; Yang et al., 2017). Furthermore, Wang and
Shen (2016) revealed an industry-specific “inverted U-shaped”
relationship between environmental regulation intensity and energy
productivity. Hu and Xiong (2021) empirically demonstrated threshold
effects in environmental regulations, substantiating the same viewpoint.
Other energy-saving policies, such as promoting energy-efficient
technologies, eliminating outdated production capacity, and reducing
overcapacity, are necessary measures for improving green performance
(Li and Lin, 2016).

From a capital deepening perspective, empirical studies reveal
that industries with higher capital–labor ratios exhibit systematically
lower growth rates of GTFP (Chen and Golley, 2014; Fan et al.,
2015). Subsequent research has yielded varying conclusions,
suggesting that capital deepening has a facilitative effect on
carbon emission performance (Shao et al., 2016; Faisal et al.,
2021). Tu et al. (2024) revealed that while every 1%
enhancement in industrial intelligence level boosts local CEP by
2.747%, it simultaneously creates adverse spillover effects on the
neighboring regions’ emission performance.

TABLE 2 Synopsis of various research studies on CEP.

Scope Key reference Key finding

Regional
level

Cheng et al. (2023) Digital financial inclusion drives GTFP growth by facilitating green innovation and entrepreneurial
activities

Qu et al. (2020), Zhang et al. (2024), and Hao et al.
(2025)

Positive impact of financial agglomeration on energy efficiency

Liao et al. (2024) Existence of nonlinear and threshold effects in green technology innovation on CEP

Cheng and Shi (2018) Impact of industrial structural adjustment on TFCEP of the province level

Lv et al. (2021) Measure and analyze the persistent and the transient components of TFCEP

Wang et al., 2023 Direct enabling impact of digital economy and open innovation on green and low-carbon
development

Du and Wang (2022), Zhou et al. (2023) Effect of the innovative city pilot policy

Industry
level

Chen and Golley (2014) Growth patterns of GTFP in industrial levels

Yang et al. (2017) Effects of CEI control policy on the industrial GTFP.

Li and Cheng (2020) and Tan et al. (2020) Total factor carbon efficiency of manufacturing in China and its industrial heterogeneity

Wang et al. (2019) Measure the TFCEP and the CO2 emission reduction potential of industrial sectors in a special region

Fan et al. (2015) Estimate and decompose TFCEP of Shanghai industrial sub-sectors

Du et al. (2018), Lin and Wang (2015), and Zhang and
Choi (2013)

CEP of a special industrial sub-sector, such as power industry, cement industry, the iron and steel
sector, and automakers

Feng et al. (2017), Yang et al. (2020), Zhu et al. (2023) Assess CEP of China’s industry or manufacturing sectors

National
level

Shaari et al. (2021) and Wu and Wan (2024) Coupling relationship between energy consumption and economic growth in different types of
countries

Wang et al. (2024) Artificial intelligence contributes to carbon emission reduction, mediated by trade openness

Wang et al., 2023 GVC embeddedness and carbon emissions in developing countries exhibit an inverted U-shaped
relationship

Hassan et al. (2020) The environmental Kuznets curve for 64 countries reveals the impact of energy use intensity and
global integration on carbon emissions

Li et al. (2022) G7: the asymmetric relationship between institutional quality and environmental sustainability

Clò et al. (2017) Government control over power companies in Europe can improve environmental quality

Rubashkina et al. (2015) and Mehmood et al. (2023) The impact of environmental policies on carbon emissions exhibits fluctuating characteristics
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The digital economy’s growing role in facilitating green and low-
carbon development has garnered significant scholarly attention
(Allal-Chérif et al., 2023; Wang et al., 2025; Zhang et al., 2024).
Empirical research by Qin et al. (2023) identified a direct enabling
impact of the digital economy and open innovation on green and
low-carbon development. Additionally, comparative institutional
analyses (Xie et al., 2017; Cheng and Kong, 2022) revealed that
both command-and-control and market-based regulatory
approaches offer unique context-dependent advantages for
governing industrial emissions. Sun et al. (2023) empirically
demonstrated that the relationship between GVC embeddedness
and carbon emissions in developing countries follows an inverted
U-shaped curve.

2.3 Identification of literature gaps

The evaluation and investigation of CEP, particularly in
China’s manufacturing sector, have advanced significantly, yet
several gaps persist in the literature. First, findings on policy
effectiveness are inconsistent, with some studies showing that
strict environmental regulations and government ownership
improve TFCEP, while others show minimal impact,
indicating a need for a deeper analysis of policy design and
implementation. Second, indirect emissions are often
overlooked. Many studies focus only on direct CO2 emissions
from industrial activities and neglect significant indirect
emissions from electricity and heat consumption, leading to
incomplete assessments. Meanwhile, estimating energy
structures based solely on direct fossil fuel consumption is
inaccurate as it overlooks the broader context of emissions.
Third, the distinction between the energy demand-side and
supply-side is frequently ignored, particularly in efficiency
analyses of the industrial sector, which includes energy
production and supply sub-sectors. This conflation hinders a
detailed understanding of emission patterns and their drivers.

To address these gaps, this article recalculates MCE based on
more comprehensive data and analyzes CEP from the perspective of
the main energy demand side, offering a more realistic assessment.
Building on this, the analysis of factors influencing production
efficiency will provide a new perspective for identifying pathways
to enhance TFCEP under varying energy consumption
characteristics of manufacturing industries.

3 Data and methodology

3.1 Data on CO2 emission

To accurately calculate the total carbon emissions at the sectoral
level, it is essential to account for indirect carbon emissions within
the sector. This section first discusses the differences between carbon
emission measurements at the regional and sectoral levels.

The literature review shows that researchers frequently adopt
the sectoral approach, as recommended in the IPCC
2006 Guidelines for National Greenhouse Gas Inventories, to
calculate carbon emissions. The sectoral approach takes sector
economic activities as the accounting objects and calculates CO2

emissions of each sector by multiplying fuel consumption by fuel
type over a certain period (e.g., 1 year) with three parameters,
namely, lower heating value of the fuel, carbon content per unit
of heating value, and oxidation rate (the product of these three
parameters can be regarded as the CO2 emission factor). Then, the
total carbon emissions generated from energy utilization in
economic activities are calculated by summing up the sectoral
emissions. This method is accurate when conducting regional
carbon emission analysis since it accounts for the total energy
consumption across all industries. In addition, emissions from
the usage of electricity or heat generated within region
boundaries were allocated to the electricity generation sector.
However, when conducting industry-level carbon emission
research, the calculation using the industrial sector’s terminal
energy consumption (physical) only considers the direct CO2

emissions from fossil energy use in each industry without taking
into account the indirect CO2 emissions from the net purchase of
electricity and heat (such as steam), which are many industries’main
energy sources. For most industries outside of high-energy
manufacturing, the purchase of external electricity is one of the
primary sources of greenhouse gas emissions and represents the
most critical lever for reducing CO2 emissions. The CO2 emissions
calculations in the literature not only greatly underestimate the CO2

emissions caused by the manufacturing-sector production activities
but also fail to provide effective ideas for saving energy and reducing
emissions in economic development.

In view of the abovementioned considerations, referring to the
“Guidelines for Accounting and Reporting of Greenhouse Gas
Emissions for Specific Industries (hereafter referred to as
Guidelines for Specific Industries)” (NDRC, 2015), the paper
recalculates the CO2 emissions of various manufacturing sub-
sectors. Calculations are based on the industrial final energy
consumption (in physical units) of each sub-sector from the
annual China Energy Statistical Yearbook (China National
Knowledge Infrastructure, 2006a). Direct CO2 emissions from all
181 types of fossil energy listed in the energy balance table are
calculated. For the electricity and heat consumption of each sector,
the annual electricity CO2 emission factor from the “Annual
Development Report of China’s Power Industry” (China
Electricity Council, 2021) and the default value of the CO2

emission factor for heat supply (110 tCO2/TJ) from the
“Guidelines for Specific Industries” (NDRC, 2015) are used to
estimate the indirect MCE of each sub-sector. Total CO2

emissions of the sector are then calculated by summing up the
direct and indirect emissions in order to comprehensively and
realistically consider the MCE of every sub-sector and provide
corresponding suggestions and strategies for energy conservation
and CO2 reduction. The calculation process is detailed in Equations
1-3 below:

CEjt � CEjt dir( ) + CEjt ind( ), (1)

1 There are 29 fossil fuels listed in the energy balance table in Energy

Statistical Yearbook from 2006 to 2021. We combined 29 fuels into

18 types due to the similar combustion characteristic and small

consumption of some fuels to that of others, as listed in Appendix A.
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CEjt dir( ) � ∑
i

ADijt × NCVi × CCi × OEij ×
44
12

( ), (2)

CEjt ind( ) � ADELjt × FELt + ADHjt × 0.11, (3)

where CEjt, CEjt(dir), and CEjt(ind) refer to the total CO2

emissions, direct CO2 emissions, and indirect CO2 emissions of
sector j in year t, respectively; ADijt indicates the consumption of fuel
type i in sector j and year t; net caloric value of fuel i (NCVi)
represents the heat generated by the combustion of a physical unit of
the fuel; CCi is the CO2 emissions corresponding to the unit heat
value of the fossil fuel; and OEij is the oxygenation efficiency of each
fuel in different sectors, which represents the oxidation ratio during
combustion. The values and units of NCVi, CCi, and OEi are
provided in Supplementary Table A1. ADELjt and ADHjt

represent the consumption of electric power and heat in sector j
and year t, respectively, and FELt is the CO2 emission factor of unit
electricity in year t. The calculation results are shown in Figure 1a.
The blue, red, and green curves in Figure 1a represent the direct,
indirect, and total MCE, respectively.

This study employs generic electricity carbon emission factors for
the calculation of indirect emissions. China has six regional power grids,
each with its own distinct emission factor. Due to the inability to match
manufacturing sub-sector data with specific regional power grids, the
use of generic emission factors overlooks regional heterogeneity,
thereby affecting the accuracy of industry-level carbon emission
data. However, as shown in Figure 1a, the indirect carbon emissions
of the manufacturing sector are significantly higher than its direct
emissions. Therefore, the bias introduced by using generic emission
factors to calculate indirect emissions does not undermine its practical
significance.

3.2 Measurement and decomposition
of TFCEP

3.2.1 Calculation method for TFCEP
In the literature review of Section 2.1, the paper summarizes the

evolution of the DEA model, a common estimation method for
addressing environmentally sensitive productivity and its growth.
Given the advantages of the GML index in overcoming spurious
technical regression and infeasibility issues in cross-period DDF,
thereby providing more accurate estimations (Chung et al., 1997; Fare
et al., 2007; Oh, 2010), this study adopts this method to calculate and
decompose the TFCEP of China’smanufacturing sub-sectors. First, a PPS
that includes both the expected and unexpected outputs is defined.
Constructing a panel of S DMUs and T time periods, the PPS
produces J inputs, K expected outputs, and L unexpected outputs.

Formally, by defining expected outputs with y ∈ R+
K, unexpected

outputs with b ∈ R+
L , and inputs with x ∈ R+

J , technology can be
described using the PPS in a very general form as specified in
Equation 4:

P x( ) � y, b( ): x can produce y, b( ){ }. (4)

To perform the calculation, a directional distance function
(DDF) is constructed. The DDF aims to increase the expected
outputs while reducing the unexpected outputs simultaneously.
Correlatively, it is denoted in Equation 5:

�D x, y, b;g( ) � max β
∣∣∣∣ y, b( ) + βg ∈ P x( ){ }, (5)

where g is the output scaled direction vector. In this case, g=(y,-
b). β denotes the ratio of comparison between the expected output
expansion and unexpected output contraction. As shown in formula
5, this DDF can measure the efficiency level of DMUs. The more
effective the DMU, the lower its DDF value.

Referring to Oh (2010), this article defines a global technology
benchmark as P

G
� P

1
∪ P

2
∪/∪ P

T
, establishing a single common

reference PPS, which envelops all relevant DMUs’ contemporaneous
benchmark technologies. In this paper, the GML index is defined
and decomposed as shown in Equation 6:

GMLt,t+1 xt, yt, bt, xt+1, yt+1, bt+1( )
� 1 + �D

G
xt, yt, bt( )

1 + �D
G

xt+1, yt+1, bt+1( ) � 1 + �D
t
xt, yt, bt( )

1 + �D
t+1

xt+1, yt+1, bt+1( )
×

1 + �D
G
xt, yt, bt( )( )/ 1 + �D

t
xt, yt, bt( )( )

1 + �D
G
xt+1, yt+1, bt+1( )( )/ 1 + �D

t+1
xt+1, yt+1, bt+1( )( )

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣ ⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
� ECt,t+1 × BPCt,t+1. (6)

It has been demonstrated that the GML index avoids the
infeasibility problem because the evaluated DMU is surely
included in the global reference set (Oh, 2010). Meanwhile, as
the reference frontier of different periods is the same global
benchmark, the GML index also possesses transitivity.

According to the GML index method, considering each
manufacturing sub-sector as a DMU, with gross product as the
desirable output and CO2 emission as the undesirable output, a sub-
sector’s TFCEP between time t and t+1 is indicated and decomposed
as shown in Equation 7:

TFCEPt,t+1 � GMLt,t+1 xt, yt, bt, xt+1, yt+1, bt+1( )
� ECt,t+1 × BPCt,t+1. (7)

TFCEPt,t+1 > 1 indicates that a PPS can achieve more expected
outputs and fewer unexpected outputs. ECt,t+1 is the technical
efficiency change index, which measures how closely a sub-sector
shifts to the technology benchmark for the same period. ECt,t+1 >
1 shows that the sub-sector moves toward the contemporaneous
benchmark across t to t+1 periods. BPCt,t+1 is the index of technical
change, which measures the degree to which a contemporaneous
benchmark moves toward the global technology benchmark.
BPCt,t+1 > 1 represents technological progress; otherwise, it
signifies technological regression.

3.2.2 Data on TFCEP
This paper focuses on the TFCEP of China’s manufacturing

sectors from 2005 to 2020, covering the period from the 11th FYP to
the 13th FYP. In order to unify the statistical caliber, all
manufacturing sectors in the China Statistical Yearbook (China
National Knowledge Infrastructure, 2006a) have been integrated
into 29 manufacturing sub-sectors (see Table 8).

In the calculation of TFCEP in this paper, input data include labor
input (L), capital stock (K), and energy input (E). L is measured by the
annual labor force at the end of each year in units of ten thousand
people. E is converted into standard coal equivalent, which is measured
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in units of ten thousand tons. According to Huang et al. (2002), capital
input refers to the operation ofmachinery and equipment and the use of
factory buildings in the production process. It represents the services
provided by the capital stock over a certain period rather than the
capital stock itself. Considering the complexity of capital aggregation,
this article uses the original value of fixed capital from the China
Statistical Yearbook (China National Knowledge Infrastructure, 2006a),
adjusted by the fixed investment price index, to obtain the value of K.
The output data in this study include the total output value of the
manufacturing industry (MTOV) and MCE. According to Chen,
(2010), the expected output is measured by the MTOV of each sub-
sector, adjusted by the producer price index. The MCE of each sub-
sector are considered unexpected outputs, and the specific estimation
method is detailed in Section 3 of this paper. All the data mentioned
above are derived from the China Statistical Yearbook (China National
Knowledge Infrastructure, 2006a), the China Industrial Statistical
Yearbook (China National Knowledge Infrastructure, 2006c), and
the China Energy Statistical Yearbook (China National Knowledge
Infrastructure, 2006b). The description and units of the input–output
data can be found in Supplementary Table C1.

3.2.3 TFCEP and its decomposition
In this paper, the calculation and decomposition of TFCEP are

conducted using MaxDEA software.

3.2.3.1 TFCEP and its decomposition of the overall
manufacturing industry

This paper calculates the TFCEP of China’s manufacturing
industry and its sub-sectors from 2005 to 2020, followed by
simultaneous decomposition of this index. Table 3 presents
the TFCEP status of the whole manufacturing industry. (1) It

can be observed that TFCEP in the manufacturing sector
increased in most years, with a geometric mean of 1.034 and
an average growth rate of 3.4%. However, the TFCEP for the years
2016–2017 and 2017–2018 is below 1, indicating negative growth.
Corresponding to the growth rate of manufacturing output,
which averaged 9.9% over the 15-year period, the output
growth was also negative in the 2 years when total factor
productivity decreased. This article also measures the
contribution of TFCEP to manufacturing growth, which
averaged 34.7% over the 15-year period and exceeded 50% in
some years. (2) Decomposing the TFCEP of the overall
manufacturing industry during this period shows that the
technical efficiency between any 2 years is consistently equal
to 1, which indicates that the DMU does not approach the
contemporaneous frontier over any two periods, its technical
efficiency does not change, and TFCEP = BPC. Therefore,
changes in TFCEP are all driven by technological changes.

3.2.3.2 Changes and contribution of TFCEP: comparison of
phases at the sectoral level

The years from 2006 to 2020, which coincided with the 11th FYP
to the 13th FYP, are divided into three FYPs for comparison. The
results are depicted in Figure 2. During the 11th FYP, the average
growth rate of the manufacturing industry was 20.6%, with an
average TFCEP of 8.1% and a contribution rate to output growth
of 39.5%. Sub-sectors maintained high growth rates, ranging from
8.76% to 48.93%. Except for a negative TFCEP change rate and
negative contribution to growth in C01 and C11 and a zero
contribution in C29, other sectors showed significant
contributions ranging from 6.54% to 64.04%. During the 12th
FYP, the growth rate of manufacturing output slowed down but

TABLE 3 Decomposition and contribution of TFCEP in the manufacturing industry.

t (Period) TFCEP (GML) EC BPC Output growth rate% TFCEP contribution rate%

2005–2006 1.138 1.000 1.138 23.8 58.2

2006–2007 1.159 1.000 1.159 24.9 63.7

2007–2008 1.054 1.000 1.054 17.9 30.0

2008–2009 1.005 1.000 1.005 14.6 3.5

2009–2010 1.058 1.000 1.058 22.2 26.4

2010–2011 1.049 1.000 1.049 12.5 39.2

2011–2012 1.025 1.000 1.025 14.1 18.1

2012–2013 1.012 1.000 1.012 13.0 9.5

2013–2014 1.021 1.000 1.021 10.1 20.7

2014–2015 1.005 1.000 1.005 6.4 7.9

2015–2016 1.004 1.000 1.004 6.4 6.4

2016–2017 0.995 1.000 0.995 −6.3 7.6

2017–2018 0.942 1.000 0.942 −10.7 54.1

2018–2019 1.055 1.000 1.055 2.0 276.3

2019–2020 1.011 1.000 1.011 4.7 24.3

Geometric mean 1.034 1.000 1.034 9.9 34.7
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still maintained a double-digit growth rate of 11.98%. The average
TFCEP was 2.2%, and the contribution decreased to 20.06%. During
this period, several sub-sectors experienced negative changes in
TFCEP, including C01, C05, C06, C08, C17, C21, C28, and C29,
which had a negative impact on economic growth. However, there
were also some sectors with TFCEP exceeding the average level and
even performing better than that of the 11th FYP, such as C11, C12,
C13, C16, C23, C24, C26, and C27, which also made significant

contributions to output growth. In the 13th FYP period, the Chinese
economymoved into an entirely novel phase that adjusted speed and
reduced gear. China implemented dual-control policies on energy
consumption along with supply-side structure reforms, with a focus
on the “three removals, one reduction, and one supplement” policy
(removing overcapacity, inventory, and leverage; reducing costs; and
compensating for deficiencies). During this period, the fixed price
output growth rate of the manufacturing industry was −1.01%, with

FIGURE 2
Sectoral comparison of TFCEP changes and contributions in three FYPs. (a) Geometric mean of manufacturing TFCEP. (b) Annual output growth
rate. (c) TFCEP contribution rate.

FIGURE 3
Heterogeneity of manufacturing sub-sectors.
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a slight positive growth of average TFCEP. Most sub-sectors had
negative output growth rates, except for C04, C13, C16, C24, C25,
C26, and C29, which maintained positive growth, and they
accordingly had outstanding TFCEP contributions (except for
C26, which had a TFCEP of 1). When there is negative output
growth, despite the negative sign of the contribution share, the
positive change in TFCEP still plays a beneficial role in the sector’s
economy by offsetting some of the drag caused by other factors.

3.2.3.3 Heterogeneity of sub-sectors
The decomposition indicators of TFCEP are depicted as a scatter

plot in Figure 3, illustrating the heterogeneity of TFCEP among sub-
sectors. The EC and BPC indices match the x-axis and y-axis,
respectively. Sub-sectors with positive TFCEP are marked by a
solid dot, while sub-sectors (C01 and C28) with negative TFCEP
are distinguished by bubbles. The circle’s diameter reveals the
geometric mean of the TFCEP. A larger dot implies better
performance, and a larger hollow round indicates worse
performance. For all 29 sub-sectors of the manufacturing
industry, “BPC ≥ 1” indicates that the technological frontier of
the manufacturing sector as a whole is advancing, with a number of
sub-sectors performing above the average. The majority of sub-
sectors have an EC ≥ 1, indicating that these sectors are in a constant
state of catching up. However, there are a few sub-sectors with an
EC < 1, suggesting that these sub-sectors are not effectively keeping
up with their technological frontiers. Following Fan et al. (2015), this
paper groups the sectors into four areas based on the combination of
the EC and BPC indices. Sub-sectors with an EC ≥ 1 are regarded as
catching up to the frontier, and sub-sectors with a BPC ≥ 1.034 (the
average value) are regarded as possessing outstanding innovative
ability. Thus, the 29 sub-sectors are divided into four groups, as
displayed in Figure 3. Groups 1, 2, 3, and 4 are labeled in green, blue,
dark blue, and purple, respectively.

C04, C14, C16, C19, C20, and C26 are gathered into the green
group (EC ≥ 1, BPC ≥ 1.034). They are in the process of catching up
to their frontier, and they are more innovative than others. Thus,
they are defined as catching-up and more innovative sub-sectors.
More sub-sectors lying in the blue group (EC ≥ 1 and 1 ≤
BPC<1.034) are considered to be catching-up and less innovative
sub-sectors, such as C03, C05, C08, C09, C11, C12, C13, C15, C18,
C22, C23, and C24. Sub-sectors in the dark blue group (EC < 1 and
BPC ≥ 1.034) are described as more innovative while lagging, and
C02, C10, and C25 are located in this area. Finally, C01, C06, C07,
C17, C21, and C28 are categorized in the purple group (EC < 1 and
1 ≤ BPC<1.034). They are considered less innovative and lagging
sub-sectors. The TFCEP of sub-sectors in group 1 shows better
performance, while that of sub-sectors in group 4 shows worse
performance. C01 and C28 even show negative productivity growth
(TFCEP<1) since they fall far behind the frontier.

3.3 Determinants of TFCEP

3.3.1 Econometric model for analyzing the
influencing factors

What factors influence the change in the TFCEP of China’s
manufacturing industry? To address this question, a dynamic panel
data model is considered as shown in Equation 8:

yit � α + xitβ + εit, (8)
where subscript i represents the manufacturing sub-sectors and
subscript t represents the time in years. The dependent variable
y is the TFCEP growth rate of each manufacturing sub-sector, and x
is a set of determinants of TFCEP. α is the intercept column vector of
the equation, β is the influence coefficient column vector of the
independent variable, and ε corresponds to the disturbance term.

3.3.2 Variable selection and data description
Based on the current literature and the present situation of the

manufacturing industry in China, this article considers that the
following factors significantly influence the TFCEP of the
manufacturing industry and its sub-sectors.

(1) Technology: the contribution of technological progress to
economic growth has been demonstrated by the existing
literature and empirical research. Scholars measure
technology with research and development (R&D)
intensity. When considering carbon emissions as an
unexpected output, the corresponding productive efficiency
is related to technologies that save energy consumption and
reduce carbon emissions. Due to the lack of specific data on
investment in energy-saving and carbon-reduction
technologies, this paper uses the ratio of expenditure on
R&D projects to MTOV (RD) as a proxy for technological
investment. A larger RD indicates stronger innovative
capacity within the sub-sector, which is conducive to
reconciling emission reduction with industrial development
(Fan et al., 2015). Hence, we expect its effect to be positive.

(2) Environment regulation (ER): stringency of regulation has
been mainly measured by emission abatement and control
expenditures (Rubashkina et al., 2015; Xie et al., 2017).
However, there is no separate accounting data for the
governance cost in reducing carbon emissions. Shao et al.
(2019) adopted a policy text quantification approach to
measure environmental regulation intensity, which is
suitable for provincial-level studies but difficult to attribute
to specific sectors in industrial research. Energy regulatory
policies are primarily command-based policies, and Wang
and Qi (2016) used the percentage decrease in energy
intensity as a policy indicator. This method represents a
policy-effect proxy approach, which this study follows by
using the decline rate of carbon emission intensity as a
performance indicator. In this paper, ER is measured by
the rate at which CO2 emissions in the current year
decrease compared to that in the previous year. A higher
ER indicates that the implementation of the energy regulation
policy in that year led to better carbon emission reduction
performance, which is expected to result in higher TFCEP
accompanied by lower CO2 emissions, implying a
positive effect.

(3) Capital deepening (CD): the ratio of K to L is a general
method for determining the degree of CD. The CD value of a
manufacturing sub-sector represents the technological
structure of the industry. Early researchers (Chen and
Golley, 2014; Fan et al., 2015) believed that sub-sectors
with high CD values have a significant and negative
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impact on GTFP. Subsequently, scholars reached opposing
conclusions (Shao et al., 2016; Faisal et al., 2021). Economic
growth involves substituting capital for labor, which, on one
hand, increases energy consumption and carbon emissions
and, on the other hand, enhances output efficiency. When the
efficiency improvement effect dominates, capital deepening
exerts a positive influence on TFCEP (Tao et al., 2024).
Although the existing literature is not unanimous on the
direction of the influence of capital deepening on carbon
emission efficiency, this paper argues that capital deepening is
an inevitable trend toward industrial structural advancement,
and it should have a positive impact on TFCEP.

(4) Energy usage structure (ES): many researchers describe the
energy structure by the share of coal in the terminal physical
energy consumption. Apart from several high-energy-
consuming industries, most sub-sectors of the
manufacturing industry rely primarily on purchased
electricity for energy input, while fossil fuels such as coal
and oil are primarily used as raw material inputs. When
people say that “China’s energy structure is coal-oriented,”
they are referring to the fact that coal is the primary raw
material used in China’s electricity production—a result of
China’s energy resource endowment. Under the mission of
“carbon neutrality,” China’s renewable energy is gradually
being utilized, leading to a decrease in the percentage of coal
in the energy input structure of electricity production.
Therefore, this article measures the ES of manufacturing
sub-sectors by the proportion of electricity in the final
energy usage, i.e., the level of electrification. Facing the
climate goals of carbon neutrality, replacing fossil fuels
with low-carbon electricity, and electrifying the energy
structure are the development directions of energy systems
worldwide. Based on the scatter plot of the distribution of
electrification degree and the RESET test, it is determined that
there exists a nonlinear relationship between ES and Y. This
paper introduces the logarithm of the electrification degree
indicator, lnES, and its squared term, ln2ES, into the model.

(5) Ownership structure: in China’s manufacturing sectors, there
are three types of ownership: state-owned enterprises (SOEs),
private enterprises (PEs), and enterprises with Hong Kong,
Macao, Taiwan, and foreign funds (HMTFEs). The ownership
structure is commonly measured by the proportion of SOE’s
output value in the total MTOV (Chen and Golley, 2014; Shao
et al., 2019). Some studies also use the ratio of non-state-
owned economy’s output to represent the degree of
marketization (Wang et al., 2017; Yuan et al., 2021). For
the same industry, the coefficient of SOEs can also reflect,
from an inverse perspective, the impact of marketization
levels. The proportion of HMTFEs’ output is generally
used to measure the degree of the industry’s openness
(Chen and Golley, 2014; Shao et al., 2019; Yang et al.,
2017). This article uses the output shares of three types of
ownership enterprises (SOEs, PEs, and HMTFEs) within each
manufacturing sub-sector to represent different ownership
structure indicators. In the regression model, ownership
structure is included as a control variable. Due to the
collinearity among the three indicators, they are placed in
different models during the regression process. Different

ownership indicators will affect TFCEP from different
perspectives, and we expect the impact coefficients of these
three indicators to be negative, positive, and negative,
respectively.

Through the aforementioned model construction and variable
selection, this paper derived the following nonlinear regression
equation, as shown in Equation 9:

yit � α + β1RDit + β2ERit + β3CDit + β4ln ESit + β5ln
2 ESit + zitγ

+ εit.

(9)
In Equation 9, z represents the control variables, γ is the

parameter vector of the control variables, and the other variables
and parameters are the same as those in Equation 8. The data used
for the calculation of each variable in the model include electricity
consumption in sub-sectors, R&D investment, capital stock, and
proportion of different ownership forms. These data are sourced
from the China Statistical Yearbook (China National Knowledge
Infrastructure, 2006a), the China Energy Statistical Yearbook (China
National Knowledge Infrastructure, 2006b), and the China Science
and Technology Statistical Yearbook (China National Knowledge
Infrastructure, 2006d). The regression analysis in this paper was
conducted using STATA software. Table 4 provides the units and
statistical characteristics of each variable.

4 Empirical results and discussion

4.1 Empirical process and results

This section conducts a comprehensive and rigorous empirical
analysis of the influencing factors of the TFCEP in China’s
manufacturing industry to explore the characteristics of its
development and change. Through these research efforts, the
study aims to identify key factors for improving China’s
manufacturing TFCEP so that policy reference can be provided
for coordinating carbon reduction and industrial growth.

In this paper, endogeneity concerns are tested via
Durbin–Wu–Hausman procedures: RD and CD are tested
individually, while energy structure variables (lnES and ln2ES) are
tested jointly (see Table 5). ER is treated as exogenous because of its
policy nature.

After identifying the endogenous variables, this study addresses
endogeneity in the variables CD, lnES, and ln2ES using the
instrumental variables from Table 5. The analysis first employs
two-stage least squares (2SLS) regression with robust standard
errors, and then it verifies robustness through limited
information maximum likelihood (LIML) estimation, which is
less sensitive to weak instruments. Given the potential
heteroscedasticity, more efficient two-step generalized method of
moments (GMM) estimation is also conducted. For comparison,
pooled ordinary least squares (OLS) regression with industry-
clustered standard errors is included as a benchmark. Results in
Table 6 show that 2SLS, LIML, and GMM produce similar
coefficients with comparable significance levels, confirming model
robustness. However, when compared to the endogeneity-ignoring
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OLS estimates, the statistical significance of CD, lnES, and ln2ES
decreases noticeably despite stable coefficient magnitudes.

Since the variables representing the three ownership types
exhibit multicollinearity when included in a single model,
separate linear regression and instrumental variable regression
models were estimated for each ownership indicator. These were
then compared with the baseline model that excludes ownership
variables, resulting in a total of eight models presented in Table 7. As
a previous analysis showed, the significance levels of endogenous
variables’ coefficients decrease when endogeneity is accounted for.
To facilitate the comparison of this significance reduction,
probability values are reported in parentheses below the
coefficients in Table 7. Across all 2SLS specifications, the
significance levels of endogenous variables’ coefficients are
consistently lower, demonstrating that ignoring endogeneity
creates a false impression of higher significance and reduces
model reliability. Given the robustness of 2SLS models
established earlier, their results are used for analyzing TFCEP
determinants.

4.2 Key findings and discussion

The consistent positive relationship between RD and TFCEP
(β1: 0.918–1.09, significant at 5%–10%) aligns with China’s national
strategy of innovation-driven green development. Although RD data
represent the R&D density of sub-sectors rather than innovation
inputs specifically aimed at carbon reduction, it is highly correlated

with the innovation funds allocated to energy conservation and
carbon reduction. The elasticity between R&D intensity and the
TFCEP gain of approximately 1:1 corroborates the innovative
mechanism by which China’s manufacturing sector achieves a
“dual dividend” of productivity growth and emissions reduction
through improvements in energy efficiency and the substitution of
clean energy.

ER is used to measure the intensity of carbon reduction policies
by indicating the extent of CO2 emission reduction. In all models, its
coefficient β2 is relatively stable and significant at the 1% level. The
stable and highly significant impact of environmental policy
stringency reflects the evolving effectiveness of China’s regulatory
system. The command-and-control measures have created a unique
policy environment where even a 1% marginal reduction in carbon
intensity yields a 0.23% observable improvement in TFCEP. For
instance, the dual-control system for energy consumption during
the 13th Five-Year Plan period significantly enhanced energy
efficiency and slowed energy consumption growth. This
demonstrates the distinctive “compulsory + incentive”
mechanism and policy advantages inherent in China’s
economic system.

CD has a relatively stable positive effect on TFCEP, with a
coefficient β3 ranging from 0.027 to 0.039 and significance levels
between 5% and 10%. The positive effect of capital deepening on
TFCEP challenges conventional academic perceptions (Chen and
Golley, 2014; Fan et al., 2015) of capital-intensive growth models. In
the Chinese context, this finding aligns with recent observations in
advanced manufacturing clusters such as the Yangtze River Delta,

TABLE 4 Summary of statistics.

Variable Units Obs Mean SD Minimum Median Maximum

Y % 450 2.808 7.852 −40.817 3.026 21.700

RD RMB/104RMB 450 0.891 0.643 0.000 0.749 3.720

ER % 450 4.597 14.966 −130.779 7.089 59.754

CD RMB/person 450 35.236 31.154 3.287 26.530 201.591

lnES 450 3.574 0.635 1.531 3.737 4.497

HMTFE % 450 25.689 14.022 0.000 24.529 84.048

SOE % 450 16.736 20.922 0.298 9.046 99.648

PE % 450 57.575 20.501 0.301 61.599 94.143

TABLE 5 Endogeneity test of explanatory variables.

Variables Instrumental variable Relevance F(p) Overid χ2 (p) Endogenous χ2 (p) F (p) Result

RD L.RD and R&D expenditure 805 (0.00) 1.52 (0.22) 0.52 (0.47) Not endogenous

0.49 (0.49)

CD L.CD and L2.CD 1,426 (0.00) 1.81 (0.18) 5.9 (0.02) Endogenous

9.4 (0.02)

ER Assumed exogenous

lnES L2.lnES and L3.lnES 1,678 (0.00) 2.41 (0.3) 4.0 (0.094) Not endogenous

Ln2ES (L2.lnES)2 and (L3.lnES)2 1,863 (0.00) 1.85 (0.095)
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where automation upgrades are systematically coupled with energy-
efficient equipment retrofits, forming a novel pathway distinct from
traditional “pollution-intensive substitution” patterns. Meanwhile,
optimization of industrial technological structure leads to higher
efficiency, and although output growth is accompanied by
increasing CO2 emissions, TFCEP increases due to the
improvement in energy utilization efficiency.

The impact of ES is composed of two parts: the coefficient of the
linear term (β4) is positive, while the coefficient of the quadratic term
(β5) is negative. Both coefficients are significant at the 10%–15%
level across different models, supporting the validity of the nonlinear
impact hypothesis. The values and signs of β4 and β5 indicate that
the effect of ES on Y follows an inverted U-shaped curve, which
reveals significant sectoral divergence. Further calculations reveal
that the critical point of this inverted U-shaped curve corresponds to
an lnES of approximately 3.1, which translates to an ES of
approximately 24%. As of 2020, sectors C2, C3, C13, C14, C18,
C19, and C29 are located on the ascending segment of the inverted
U-shaped curve, while the majority of other sub-sectors of China’s
manufacturing industry are positioned on the descending segment.
Sub-sectors on the ascending segment are classified as low
electrification sectors, where an increase in electrification levels
can enhance TFCEP. Conversely, sub-sectors on the descending
segment are categorized as high electrification sectors, where further
electrification leads to an increase in indirect carbon emissions that
surpasses the reduction in direct carbon emissions from decreased
fossil fuel consumption, thereby exerting a counterproductive effect
on TFCEP. Low electrification sectors are well-suited to enhance
TFCEP by increasing their electrification levels. This approach has
precedents. For example, Lechtenböhmer et al. (2016) explored the
feasibility of achieving deep decarbonization in Europe’s basic
materials industry through electrification and the mutual impacts

between these industries and the power system. In contrast, for high
electrification sectors, the focus on improving carbon emission
efficiency should be placed on energy conservation.
Simultaneously, this necessitates the electricity supply sector to
further reduce carbon emissions and generate electricity with a
lower carbon footprint. Europe also provides relevant case studies in
this regard. Improvements in energy efficiency, increased
penetration of renewable energy, and technological advancements
related to emission reduction are all key components of the
European Union’s energy strategy (Fragkos et al., 2017).

When accounting for ownership structure in the
instrumental variable model, the coefficient for SOEs is
positive (unlike in OLS) but statistically insignificant, failing
to provide robust support for the positive influence of public
ownership on environmental efficiency, as mentioned in the
previous literature (Clò et al., 2017). The coefficient of
HMTFEs is 0.0314 with a 15% significance level, indicating a
certain degree of significance. A 1% increase in foreign
investment share leads to a 0.0314% improvement in TFCEP.
As the indicator, HMTFEs represent the degree of industry
openness, and it suggests that the increase in openness during
this period has brought about more significant technology
spillover effects (Shao et al., 2019). The coefficient for PE
remains negative but with a smaller magnitude and no
statistical significance, which also does not support the
argument that “privatization is a more effective option for
pollution abatement” (Wang and Jin, 2007; World Bank, 1995).

Based on the comprehensive analysis above, this paper argues
that within the context of considering indirect carbon emissions, the
primary determinants influencing TFCEP are technology,
environmental regulation, capital deepening, and openness, all of
which positively contribute to the enhancement of TFCEP. Among
these factors, technological innovation and environmental
regulatory policies stand out as the most effective means of
enhancing TFCEP. The relationship between electrification levels
and TFCEP follows an inverted U-shaped curve, while the impact of
energy structure varies across manufacturing sectors with different
electrification characteristics. Consequently, it is essential to adopt
differentiated strategies when selecting pathways to enhance TFCEP.

5 Conclusion and policy
recommendations

5.1 Conclusion

This paper considers the indirect carbon emissions from
purchased electricity and heat in manufacturing and its sub-
sectors and calculates the total carbon emissions on this basis.
The results indicate that the MCE are still on the rise.
Considering CO2 emissions as an unexpected by-product, this
paper adopts the GML index method to calculate TFCEP of
China’s 29 manufacturing sub-sectors over 2006–2020.

It was found that the annual TFCEP growth rate of the overall
manufacturing sector reached 3.4% during this period, contributing
34.7% to output growth, and the changes in TFCEP were driven by
the movement of the technological frontier. In the three FYPs, the
growth rate of the manufacturing output and the contribution of

TABLE 6 Instrumental variable method comparison.

Variables (1) (2) (3) (4)

OLS 2SLS LIML GMM

RD 0.919** 1.077** 1.081** 1.131**

(2.48) (2.03) (2.03) (2.15)

ER 0.237*** 0.222*** 0.222*** 0.227***

(7.41) (6.48) (6.47) (6.80)

CD 0.0311*** 0.0318* 0.0315* 0.0320**

(3.10) (1.93) (1.91) (1.97)

ES 6.653* 6.589^ 6.638^ 5.990*

(1.79) (1.16) (1.16) (1.07)

ES2 −1.093* −1.097* −1.106* −1.010*

(−1.97) (−1.34) (−1.34) (−1.25)

_cons −9.573 −9.760 −9.802 −8.814

(−1.51) (−0.97) (−0.97) (−0.89)

N 450 360 360 360

R2 0.204 0.211 0.211 0.211

Note: t statistics in parentheses: ^, p < 0.15; *, p < 0.1; **, p < 0.05; and ***, p < 0.01.
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TFCEP decreased. During the 11th FYP, most sub-sectors
performed well, but the number of better performers gradually
decreased in the 12th and 13th FYPs, with only sectors C13,
C14, C24, and C26 being consistently included. Furthermore, the
results of TFCEP decomposition indicate that there is significant
heterogeneity among sub-sectors. According to different
combinations of EC and BPC indices, 29 sub-sectors are divided
into four groups with different characteristics. Only a few sub-
sectors that possess both innovative and catch-up capabilities act as
innovators, driving the entire industry’s frontier to extend outward.
These sectors include C04, C14, C16, C19, C20, and C26.

We also conducted an empirical analysis of the factors
influencing TFCEP in China’s manufacturing industry. As a
proxy variable for energy-saving and carbon-reduction R&D
investment, RD has the highest and statistically significant
coefficient in the regression equation, indicating that
technological innovation is the most effective path to improve
TFCEP. As a proxy variable for CO2 emission reduction policies,
ER exhibits a coefficient that is both significant and positive. This
suggests that environmental regulatory policies targeting the
reduction of carbon emission intensity are effective
mechanisms for enhancing TFCEP. Capital deepening is an
inevitable requirement for the advanced industrial structure.

The positive correlation coefficient of the capital/labor ratio
indicates that during the process of industrial advancement,
the TFCEP of industry is improved. To reduce carbon
emissions and enhance productivity, it is necessary to align
with the trend of industrial structure advancement. The
electrification rate serves as a more scientifically grounded
metric for evaluating energy structure as it aligns closely with
energy demand patterns and acts as a critical linkage between
energy supply and demand. The impact of the electrification rate
on TFCEP exhibits an inverted U-shaped curve, indicating that
the influence of energy structure varies across manufacturing
sectors with different electrification characteristics. Therefore,
when selecting pathways to enhance TFCEP, differentiated
strategies should be adopted. For sectors with low
electrification levels, it is advisable to continue increasing
electrification rates; meanwhile, for highly electrified sectors,
the focus should shift to the research and application of
energy-saving technologies. Simultaneously, the power sector
must achieve deep decarbonization to support these efforts.
The coefficient of the HMTFEs’ output share in a sub-sector is
significantly positive, indicating that the level of openness plays a
positive role in enhancing TFCEP. Therefore, it is necessary to
further expand the degree of openness.

TABLE 7 2SLS versus OLS regression comparison.

Variables (1) (2) (3) (4) (5) (6) (7) (8)

OLS 2SLS OLS_SOE 2SLS_SOE OLS_HMTFE 2SLS_HMTFE OLS_PE 2SLS_PE

RD 0.919** 1.077** 0.920** 1.090** 0.696* 0.918* 0.829** 0.992*

(0.019) (0.043) (0.019) (0.041) (0.089) (0.077) (0.040) (0.059)

ER 0.237*** 0.222*** 0.238*** 0.219*** 0.236*** 0.221*** 0.231*** 0.218***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

CD 0.0311*** 0.0318* 0.0324** 0.0250^ 0.0422*** 0.0388** 0.0267** 0.0260^

(0.004) (0.053) (0.033) (0.133) (0.002) (0.025) (0.038) (0.147)

ES 6.653* 6.589^ 6.611* 6.584^ 7.969** 7.777* 7.432* 7.363*

(0.084) (0.146) (0.076) (0.147) (0.047) (0.082) (0.068) (0.097)

ES2 −1.093* −1.097* −1.086* −1.107^ −1.295** −1.271* −1.218** −1.227*

(0.058) (0.081) (0.050) (0.127) (0.030) (0.052) (0.042) (0.065)

SOE −0.00269 0.0135

(0.546) (0.608)

HMTFE 0.0474* 0.0314^

(0.052) (0.126)

PE −0.0178 −0.0206

(0.266) (0.342)

_cons −9.573^ −9.760 −9.523^ −9.565 −13.02* −12.58 −9.417 −9.251

(0.143) (0.333) (0.135) (0.346) (0.073) (0.233) (0.173) (0.363)

N 450 360 450 360 450 360 450 360

R2 0.204 0.211 0.204 0.209 0.209 0.214 0.206 0.211

Note: p-values in parentheses: ^, p < 0.15; *, p < 0.1; **, p < 0.05; and ***, p < 0.01.
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5.2 Policy recommendations

In light of the abovementioned conclusions, some policy
recommendations are proposed to obtain a proper level of TFCEP.

First, the effect of technological innovation in enhancing TFCEP
should be givenmore attention, as indicated by the analysis of the GML
index. On one hand, manufacturing enterprises should be encouraged
to engage in frontier technological innovation through R&D subsidies,

tax incentives, and accelerated patent approval for cutting-edge low-
carbon technologies (Kuhn and Teodorescu, 2021). On the other hand,
industry-wide technology diffusion should be promoted by establishing
sector-level technology sharing platforms in key industries such as steel
and chemicals while incentivizing leading firms to partially open their
patents, thereby enhancing overall technological advancement across
industries. Meanwhile, carbon footprint metrics should be incorporated
into technology evaluation systems, with sector-specific technology
roadmaps implemented to replace conventional production methods
with low-emission technological alternatives.

Second, the government needs to refine and improve its
environmental regulatory policies. The policies should include (1)
establishing sector-specific emission reduction targets with binding
timelines to clarify decarbonization pathways for each industry; (2)
developing cross-regional carbon budget allocation mechanisms that
specifically link production capacity quotas in energy-intensive
industries such as electrolytic aluminum to regional renewable
energy installation capacity, thereby achieving synergistic
optimization between industrial layout and clean energy supply (Bai,
et al., 2024); and (3) designing compliance implementation pathways to
ensure deep integration of industrial planning with energy transition
roadmaps, which will form systemic emission reduction synergies and
facilitate the achievement of carbon neutrality goals.

Third, on the energy demand side, promoting the green and low-
carbon transformation of manufacturing sectors is essential. From
the perspective of the overall structure of the manufacturing
industry, industrial upgrading requires the reduction,
intensification, and high-end development of energy-intensive
industries. The economy should shift from traditional sectors
such as steel, cement, and chemicals to strategic emerging
industries with lower energy consumption per unit of added
value, such as new materials, new energy vehicles, and high-end
equipment. Within sub-sectors, continuous upgrading and iterative
renewal of industrial technological structures are imperative.
Manufacturing enterprises should be encouraged to adopt more
intelligent equipment, implement AI-powered energy consumption
management systems, and undergo digital transformation to
optimize operational processes. During the process of industrial
structure upgrading, it is crucial to continuously improve energy
efficiency, further promote electrification of energy use in low-
electrification sectors, and encourage the development and
application of energy-saving technologies in highly electrified
sectors, thereby enhancing the overall energy efficiency of society.

Fourth, on the energy supply side, it is essential to continue
optimizing the energy supply structure and consistently improve
energy production efficiency. To achieve this, China should adopt a
dual approach. On one hand, it is crucial to reduce the consumption of
fossil fuels, particularly coal and oil, and replace them with low-carbon
and clean energy sources to mitigate emissions. This can be
accomplished by actively developing renewable energy; promoting
the integrated development of wind, solar, hydro, and energy storage
systems; and ensuring the safe and regulated development of hydrogen
energy. On the other hand, China should continue to advance smart
energy technologies by constructing smart grids and supporting
distributed power generation combined with energy storage systems.
These measures will facilitate the integration and management of clean
energy, thereby enhancing the overall efficiency of the energy system.

TABLE 8 Codes of manufacturing sectors.

Code Sector

C Manufacturing industry

C01 Processing of Food from Agricultural Products

C02 Manufacture of Foods

C03 Manufacture of Liquor,Beverages and Refined Tea

C04 Manufacture of Tobacco

C05 Manufacture of Textile

C06 Manufacture of Textile,Wearing Apparel and Accessories

C07 Manufacture of Leather,Fur,Feather and Related Products and
Footwear

C08 Processing of Timber,Manufacture of Wood,Bamboo,Rattan,Palm and
Straw Products

C09 Manufacture of Furniture

C10 Manufacture of Paper and Paper Products

C11 Printing and Reproduction of Recording Media

C12 Manufacture of Articles for Culture,Education,Arts and Crafts,Sport
and Entertainment Activities

C13 Processing of Petroleum,Coal and Other Fuels

C14 Manufacture of Raw Chemical Materials and Chemical Products

C15 Manufacture of Medicines

C16 Manufacture of Chemical Fibres

C17 Manufacture of Rubber and Plastics Products

C18 Manufacture of Non-metallic Mineral Products

C19 Smelting and Pressing of Ferrous Metals

C20 Smelting and Pressing of Non-ferrous Metals

C21 Manufacture of Metal Products

C22 Manufacture of General Purpose Machinery

C23 Manufacture of Special Purpose Machinery

C24 Manufacture of Transport Equipments

C25 Manufacture of Electrical Machinery and Apparatus

C26 Manufacture of Computers,Communication and Other Electronic
Equipment

C27 Manufacture of Measuring Instruments and Machinery

C28 Other Manufacture

C29 Utilization of Waste Resources
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Europe is at the forefront of renewable energy and smart grid
development, and China can learn from its advanced experiences.

The aforementioned policy recommendations exhibit a certain
degree of universality in the global context, and China’s experience
can serve as a valuable reference for other countries. Whether in
developed or developing nations, promoting the research,
development, and application of cutting-edge technologies remains
central to achieving low-carbon transitions. Environmental regulatory
policies are a critical tool for achieving carbon emission reduction
targets. Countries should formulate differentiated emission reduction
goals and implementation pathways based on their respective
economic development levels, resource endowments, and carbon
emission profiles. For instance, measures to enhance carbon
emission efficiency should vary across industries at different stages
of electrification. For developing countries, striking a balance between
economic growth and low-carbon transformation is particularly
crucial. For developing countries, it is particularly important to
strike a balance between economic growth and low-carbon
transformation.
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