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Impacts and threshold effects of total factor energy
efficiency on carbon emissions and carbon
neutrality across China’s cities
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Enhancing total factor energy efficiency (TFEE) is an important strategy for effectively

reducing carbon emissions and achieving carbon neutrality. However, there is a lack of

studies that quantitatively analyze the threshold effects of TFEE on carbon emissions and

carbon neutrality. This study investigates the impact of total factor energy efficiency (TFEE)

on carbon emission levels and carbon neutrality, utilizing panel data from 252 prefecture-

level cities in China from 2006 to 2019. Using a variety of econometric models, including

fixed-effects regression and threshold analysis, we find that TFEE has a significant negative

effect on both carbon emission levels and carbon neutrality. Specifically, in medium-sized

cities, TFEE shows a stronger impact on reducing carbon emission levels and promoting

carbon neutrality compared to large or small cities. Moreover, threshold analysis reveals that

the effect of TFEE on carbon emission levels and carbon neutrality varies significantly at

different levels of energy consumption. As energy consumption increases, the impact of TFEE

on carbon emission levels diminishes, while the relationship with carbon neutrality follows a

U-shaped pattern, initially inhibiting and later promoting carbon neutrality. These findings

suggest that improving TFEE is a viable strategy for reducing carbon emission levels and

achieving carbon neutrality, especially in cities with moderate energy consumption. These

findings highlight significant policy implications, particularly for medium-sized cities, where

targeted energy efficiency improvements can significantly contribute to carbon neutrality

goals.
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Introduction

The ongoing issue of global warming presents the most
significant threat that humanity currently faces and is
likely to confront in the coming decades. The negative

effects of global warming on both natural ecosystems and human
societies have already been documented and are anticipated to
become increasingly pronounced and rapid in the future (Arias
et al., 2021). In response to challenges like climate change and
global warming, nations around the world are navigating a crucial
phase of economic transformation. In 1992, 197 countries came
together to sign the United Nations Framework Convention on
Climate Change, primarily aimed at reducing greenhouse gas
emissions, which was followed by the Kyoto Protocol and the
Paris Agreement. An ecological civilization, rooted in the pursuit
of carbon neutrality, seeks to harmonize human material devel-
opment with the Earth’s ecosystems, fostering a high standard of
both material and spiritual well-being for sustainable and green
progress. The digital economy, as a new economic form with data
resources as the key element and modern information networks
as the main carrier, has become an important force driving
economic development and plays an important role in promoting
carbon neutrality. Therefore, it is particularly important to study
effective ways to reduce carbon emission levels for sustainable
development. The use of renewable energy plays an important
role in maintaining the quality of the environment (Behera et al.,
2024). The study by Caglar et al describes the application of
Sustainable Development Goals (SDGs) policies focusing on
research and development of energy technologies and suggests
that the country should adopt carbon emission reduction poli-
cies(Caglar et al., 2024). There are also studies that show that
green investment and green innovation, economic growth and
trade openness can have an impact on the environment that is
not conducive to sustainability (Caglar et al., 2024). The gen-
eration of energy technologies has a severe dependence on
mineral inputs. Strict climate policies may have a certain inhi-
bitory effect on mineral consumption in the long run (Fikru et al.,
2024). Meanwhile, in some regions, there is a positive relationship
between environmental degradation and economic growth
(Kilinc-Ata, 2025). Therefore, the strictness of the policy envir-
onment may also be a strategy to promote the decline of carbon
emission levels and drive sustainable development.

Total factor energy efficiency (TFEE) refers to the energy
efficiency of all factors (including energy, labor, capital, etc.)
required to produce the same output. When TFEE increases, it
indicates that, with the same resources and technology, the output
capacity of an enterprise or a country tends to strengthen, and the
efficiency of resource utilization tends to improve. Consequently,
TFEE serves as a crucial measure of the efficiency and competi-
tiveness of an enterprise or a country. Compared to the general
single factor energy efficiency, TFEE offers better accuracy in
measuring energy efficiency. Within the analysis framework of
total factors, TFEE also considers the impacts of other production
factors besides energy on outputs, such as capital and labor. This
aspect addresses the limitations of the single-factor framework,
which solely focuses on energy input (Lin and Tan, 2016). Studies
have shown that TFEE is associated with economic development,
economic complexity, low-carbon policies, and other factors
(Djeunankan et al., 2023; Gao et al., 2023; Ohene-Asare et al.,
2020).

Existing studies have indicated that the factors influencing
carbon emissions include population agglomeration (Yi et al.,
2022), economic agglomeration (Jiang et al., 2019), environ-
mental regulation (Zhang et al., 2023), green innovation index
(Khurshid et al., 2023), industrial structure (Qiu et al., 2017),
energy consumption (Porta and Zapperi, 2024; Armengol et al.,
2024), among others. Research has demonstrated that enhancing

energy efficiency can effectively limit carbon emissions (Hasanov
et al., 2024; Liu et al., 2023; Amin et al., 2020). However, carbon
emissions tend to increase gradually as energy consumption
increases (Chen et al., 2021), suggesting that the influence of
TFEE on carbon emissions may vary. Kazemzadeh et al. showed
that shifting the energy consumption structure from fossil fuels to
clean energy can improve environmental quality (Kazemzadeh
et al., 2023). Nevertheless, there is a lack of studies quantitatively
analyzing the effects of TFEE on both carbon emissions and
carbon neutrality. Given the complexity of human activities and
the myriad factors that affect carbon emissions and neutrality, the
relationship between TFEE and these outcomes is likely multi-
faceted. Utilizing threshold regression can provide a more precise
quantification of this relationship. Furthermore, existing literature
predominantly investigates linear correlations between energy
efficiency and carbon emissions, with insufficient focus on
threshold effects, particularly in the context of China’s diverse
cities. To fill these research gaps, this paper analyzes the influence
of TFEE on carbon emissions and carbon neutrality while
accounting for significant variations in city size and regional
energy consumption. The analysis primarily employs panel data
models, incorporating fixed effects of cities and years to better
control individual characteristics that do not vary over time, as
well as time-related characteristics that do not vary across
regions.

As the largest developing country with a large population,
China faces extremely arduous tasks of economic development
and livelihood improvement. China ranks second globally in
terms of carbon dioxide emissions, so the pressure to reduce
emissions should not be underestimated (Hasanov et al., 2024).
As shown in Fig. 1, the dotted lines represent trends, China’s
carbon emissions have risen year after year in recent years.
Reducing carbon emissions and achieving carbon neutrality is
conducive to improving global warming, realizing sustainable
development, and addressing the current state of climate change.
This paper calculates TFEE in each region as one of the main
variables in the regression, enriching the research perspective on
the effects of energy efficiency on carbon emissions and carbon
neutrality (Brown et al., 2017; Nam and Jin, 2021). Additionally,
this study explores the connection between TFEE and carbon
emissions as well as carbon neutrality, contributing to the studies
on the influencing factors of carbon emissions and carbon neu-
trality (Liu et al., 2023; Amin et al., 2020; Chen et al., 2021; Dou
et al., 2022; Wei et al., 2023) and providing valuable information
for environmental protection, energy conservation and emission
reduction in each region.

There are three questions discussed in this paper: (1) Does
TFEE, which provides a more accurate measure of energy

Fig. 1 Trend of CO2 emissions from waste in China, 2006–2019. Source:
EDGAR—Emissions Database for Global Atmospheric Research.
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efficiency, have an impact on carbon emission levels and carbon
neutrality? (2) Will this impact be influenced by city size and
energy consumption? (3) Does TFEE have the threshold effects
on carbon emission levels and carbon neutrality as energy con-
sumption changes? To tackle these questions, we gather data on
all pertinent variables from 252 prefecture-level cities in China for
the years 2006 to 2019. We utilize the SBM model to assess TFEE
and calculate carbon emissions, carbon intensity, carbon density,
and carbon neutrality for each region to evaluate their carbon
emission levels. A panel data model is then applied to empirically
analyze the relationship between TFEE and both carbon emission
levels and carbon neutrality. The findings indicate that
enhancements in TFEE significantly reduce emissions, subse-
quently aiding carbon neutrality. Further examination shows that
energy consumption moderates the relevance between TFEE and
carbon emission levels, as well as carbon neutrality. Heterogeneity
analysis reveals that in medium-sized cities, TFEE exerts a
stronger influence on carbon emission levels and carbon neu-
trality. Additionally, threshold effect analysis suggests that as
energy consumption rises, the influence of TFEE on carbon
emission levels diminishes, while its effect on carbon neutrality
follows a U-shaped trajectory, initially inhibiting and later pro-
moting it.

This study makes contributions in two primary areas. First, in
contrast to prior research that typically employs a single-
dimensional approach to assess the relationship between energy
efficiency and carbon emissions, this paper analyzes the effects of
TFEE on carbon emissions, carbon intensity, carbon density, and
carbon neutrality from these four distinct perspectives. This
multifaceted approach enhances the completeness and robustness
of the findings. Second, the study develops a moderating effect
model and a panel threshold model to investigate the threshold
effects of TFEE on carbon emission levels and carbon neutrality
across varying levels of energy consumption, while also analyzing
the underlying mechanisms. The results indicate that TFEE
exhibits threshold effects on both carbon emission levels and
carbon neutrality, depending on energy consumption levels, with
the influence on carbon neutrality following a U-shaped trajec-
tory. As energy consumption rises, the inhibiting effect of TFEE
on carbon emission levels and carbon neutrality diminishes,
potentially reversing into a facilitating effect. Utilizing city-level
data for our empirical analysis addresses the limitations of pro-
vincial data, which may overlook city-specific nuances, and the
challenges of accessing county-level data, thereby providing
improved regional variability and data quality. The originality of
this study lies in its innovative use of the Super-efficiency SBM
model and threshold analysis to explore the complex relationship
between TFEE, carbon emission levels, and carbon neutrality in
China’s cities.

This study investigates the role of TFEE in reducing carbon
emissions and promoting carbon neutrality across 252 prefecture-
level cities in China from 2006 to 2019. Using econometric
techniques such as fixed effects regression, threshold analysis, and
propensity score matching, we examine the multifaceted effects of
TFEE, including its moderating and threshold effects. Each of
these methods serves to confirm the robustness of the findings
and to address different potential issues (e.g., endogeneity,
selection bias, non-linearity) that might otherwise compromise
the validity of the conclusions. The methods complement each
other, providing a more reliable and comprehensive analysis of
the research question. The findings provide actionable insights for
policymakers targeting sustainable development. The study
expands the existing body of literature by incorporating a novel
methodological approach that combines TFEE (TFEE) with non-
linear threshold analysis to understand its impact on carbon
emission levels and carbon neutrality. By examining the

relationship between TFEE and carbon emission, this study
contributes to the theoretical understanding of energy efficiency’s
role in climate change mitigation. Practically, our findings suggest
that improving TFEE is crucial for cities, especially medium-sized
ones, to meet carbon neutrality goals. Policymakers should focus
on targeted energy efficiency policies, such as incentivizing green
innovations in high-emission sectors.

The remainder of the paper is structured as follows: Section
“Literature review and research hypothesis” offers a literature
review and presents the research hypotheses. Section “Research
Design” outlines the models, variables, and data utilized in this
study. Section “Empirical analysis” discusses the correlation
analysis and empirical findings. Section “Further Analysis” con-
ducts additional analyses, Section “Discussion” discusses the
research, and finally, Section “Conclusions and Policy Recom-
mendations” concludes with insights and related policy
suggestions.

Literature review and research hypothesis
Total factor energy efficiency, carbon emission levels, and
carbon neutrality. There are many studies on the factors influ-
encing carbon emission levels and carbon neutrality, which
generally include the following aspects: (1) Economic and
financial factors, including agricultural and pastoral economy, tax
level, financial development, income per capita, human resources,
etc (Liu et al., 2023; Amin et al., 2020; Wei et al., 2023; Bayat
et al., 2023; Caglar et al., 2024). (2) Policy factors such as
environmental regulations (Chen et al., 2021; Shaikh et al., 2023;
Dao et al., 2024). (3) Natural factors like natural disasters (Dou
et al., 2022).

Electrification of road transport and air pollution due to eco-
innovations can have health impacts leading to premature deaths
(Kazemzadeh et al., 2022; Koengkan et al., 2023). Silva et al.
(2024) considered economic, socio-political, and human geo-
graphic drivers of environmental performance. Yavuz et al.
(2024) investigated the applicability of the Environmental Phillips
Curve (EPC) in Turkey and showed that employment and
environmental policies cannot be successful at the same time.
There is a correlation between renewable energy and CO2

emissions. Moreover, the increase in CO2 emissions may have a
favorable impact on the expansion of renewable energy (Kilinc-
Ata and Dolmatov, 2023). In contrast, Behera et al. (2023)
showed that renewable energy sources and green technologies
reduce carbon emissions in the long run and short run, with
renewable energy sources having a greater impact. Several studies
have shown that while trade openness may pose challenges to
environmental sustainability, the use of renewable energy and
industrial competitiveness have significantly improved environ-
mental quality and renewable energy has a positive impact on
improving environmental quality (Caglar et al., 2024), but
insufficient capacity for solid waste conversion remains a major
obstacle (Caglar et al., 2024). Meanwhile, the capacity of fossil
energy R&D remains limited, whereas investments in renewable
energy R&D have significantly improved ecological outcomes
(Caglar et al., 2024).In addition, for different economies, some
studies have also found a contradiction between low-carbon
conversion energy security, economic efficiency, and environ-
mental sustainability (Caglar et al., 2024).

This paper examines carbon emissions and carbon neutrality in
Chinese cities based on SDGs and ESG theories. In recent years,
the SDGs and ESG frameworks have gained prominence in
research aimed at advancing global sustainable development and
combating climate change. Studies have shown that economic
growth, renewable energy use, and governance factors have a
significant impact on carbon emissions and climate policy
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uncertainty and play a key role in the achievement of the SDGs
(Işık et al., 2024; Işık et al., 2025). Particularly in OECD countries,
G7 countries, and emerging economies, ESG factors are seen as
key to achieving a balance between economic growth and
environmental sustainability (Işık et al., 2024). In addition,
related studies have emphasized the potential value of incorpor-
ating economic dimensions (ECON) into the ESG framework for
enhancing energy efficiency and sustainable distribution of global
supply chains, which provides important theoretical support for a
low-carbon transition and the achievement of carbon neutrality
goals (Işık et al., 2024).

The relationship between energy efficiency and carbon
emission levels as well as carbon neutrality has garnered
widespread attention. There is a negative correlation between
the clean energy transition and military expenditure. In a
subsequent study, Kilinc-Ata et al. (2024) confirmed that the
digital industry can have a positive impact on the clean energy
transition. Brown et al. (2017) empirically found that the clean
energy transition can be made more affordable by improving the
efficiency of energy use, and that energy efficiency can also avoid
adverse effects and reduce carbon emissions by scaling down the
expansion of natural gas plants. In the empirical study by Mohd
et al. (2023), the long-term effects have indicated that a 1%
increase in energy efficiency would lead to a reduction of over 1%
in carbon emissions in the transportation sector. Nam and Jin
(2021) shown that due to inefficient energy use, every 1% increase
in energy intensity would lead to a 0.74% increase in carbon
emissions, implying that energy efficiency is the most effective
energy policy tool to mitigate climate change. Previous studies
have shown that energy efficiency has a restraining effect on
carbon emissions in a region. Specifically concerning TFEE, the
study by Zhu and Han (2023) has shown that the improvement in
TFEE has a significantly restraining effect on carbon emissions
nationwide, although it varies across regions, and that there is no
literature studying the effect of TFEE on carbon neutrality for the
time being.

Based on the above analysis, this paper proposes the following
hypothesis.

H1: The improvement in TFEE can reduce carbon emission
levels and contribute to carbon neutrality.

Total factor energy efficiency, energy consumption, carbon
emission levels, and carbon neutrality. Significant variations
exist in TFEE across different energy-consuming industries, with
high-energy sectors exhibiting a more rapid growth rate com-
pared to those with lower energy consumption (Cao and Han,
2022). The study by Liao et al. (2021) has indicated that energy
consumption can inhibit energy efficiency. Besides, energy con-
sumption also varies among different sectors, but as a whole,
energy efficiency brings about significant energy-saving effects
(Su et al., 2022). However, some researchers have identified a
rebound effect associated with enhanced energy efficiency, which
can lead to increased energy consumption and emissions (Wang
and Nie, 2018).

Furthermore, it has been established that energy consumption
influences carbon emission levels, with higher energy use
correlating to greater carbon emissions (Azam et al., 2022).
There is a positive relationship between carbon emissions and
various energy sources, including total energy, natural gas,
petroleum, electricity, and coal (Porta and Zapperi, 2024).
Among various sectors, energy consumption in transportation
accounts for a larger proportion of carbon dioxide emissions
(Modise et al., 2021). Mirza et al. demonstrated that, in the long
term, a bidirectional causal relationship exists between energy
consumption and carbon dioxide emissions (Armengol et al.,

2024), indicating that increased energy consumption drives up
carbon dioxide emissions within the economy (Armengol et al.,
2024). Kazemzadeh et al. (2023) determined that economic
complexity and fossil energy consumption are sufficient condi-
tions for high carbon emission intensity through Necessary
Condition Analysis (NCA) model analysis and proposed the role
of economic growth, urbanization, fossil energy consumption and
institutional quality in reducing carbon emissions through Fuzzy
Set Qualitative Comparative Analysis (fsQCA). Otim et al. (2025)
showed that the promotion of renewable energy has a significant
positive effect on mitigating carbon emissions, while the level of
urbanization and economic growth have different effects on
carbon emissions at different stages. Given this context, this paper
hypothesizes that energy consumption may moderate the
relationship between TFEE and carbon emissions.

H2: Energy consumption plays a moderating role in the impact
of TFEE on carbon emission levels and carbon neutrality.

When energy consumption is low, TFEE has a more noticeable
impact on carbon emission levels and carbon neutrality. Low
carbon energy consumption contributes to environmental
sustainability (Caglar et al., 2024). Compared to baseline
buildings, low energy-consuming buildings can reduce carbon
emission intensity by more than 30% to 40% in all climate zones
and public buildings (Zhang et al., 2023). Moreover, reducing the
energy consumption of enterprises can effectively improve their
TFEE thereby promoting carbon reduction (Fu and Zhu, 2020).
As energy consumption rises, the long-term effects of elevated
energy use within industries can lead to negative environmental
consequences (Modise et al., 2021). High levels of energy
consumption may hinder the energy-saving benefits of enter-
prises, potentially resulting in increased carbon emissions (Liu,
2022). Additionally, the restructuring industrial chains can
facilitate carbon reduction by enhancing energy efficiency, with
this effect being particularly significant in high-energy-
consuming sectors (Lin and Teng, 2024). Overall, the relationship
between TFEE and carbon emission levels, as well as carbon
neutrality, may not be linear and can vary based on differing
levels of energy consumption. This study draws on the
Environmental Kuznets Curve (EKC) hypothesis, which suggests
that as economies develop, environmental degradation increases,
but beyond a certain point, the relationship becomes inverted,
leading to improvements in environmental outcomes with higher
income levels (Behera et al., 2024). Additionally, Technology
Innovation Theory posits that advancements in energy-efficient
technologies can drive reductions in emissions. Although existing
studies have explored the relationship between energy efficiency
and carbon emissions, there is still a lack of in-depth research on
the nonlinear effects of TFEE in energy consumption contexts. To
explore the potential threshold effect of energy consumption on
the relationship between TFEE and both carbon emission levels
and carbon neutrality, this paper proposes the following
hypothesis.

H3: There is a threshold effect of TFEE on carbon emission
levels and carbon neutrality based on different energy
consumption.

The impact model of TFEE on carbon emissions and carbon
neutrality and the relationships among three hypotheses are
shown in Fig. 2.

Research design
Empirical model. We use the Green Solow Model to construct
the empirical model. The Green Solow Model shows that total
factor productivity of energy affects carbon emissions. According
to the coordination theory of energy economy environment
system, the improvement of total factor productivity of energy
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directly promotes the growth of carbon productivity, affecting
carbon emissions and carbon neutrality. Therefore, this paper
first constructs the following panel data model to reckon the
impact of TFEE on carbon emission levels and carbon neutrality.

lnðCE=CI=CDÞi;t ¼ β0 þ β1TFEEi;t þ β2Controlsi;t þ Yeart þ Cityi þ ϵi;t

ð1Þ
CNi;t ¼ β0 þ β1TFEEi;t þ β2Controlsi;t þ Yeart þ Cityi þ ϵi;t

ð2Þ
Here, CEi;t denotes the carbon emissions of region i in year t; CIi;t
indicates the carbon intensity of region i in year t; CDi;t indicates
the carbon density of region i in year t; CNi;t stands for the
carbon neutrality of region i in year t; TFEEi;t identifies the TFEE
of region i in year t; Controlsi;t are other control variables,
including population agglomeration (POP), economic agglom-
eration (ECO), environmental regulation (ENVIR), green inno-
vation index (GPIL) and industrial structure (IS); Yeart denotes
time fixed effect; Cityi denotes city fixed effects; ϵi;t is the random
disturbance term; β0, β1 and β2 are the parameters to be
estimated.

To further investigate the mechanism through which TFEE
affects carbon emission levels and carbon neutrality, energy
consumption is selected as a moderating variable, leading to the
development of the following moderating effect model to test
Hypothesis 2.

lnðCE=CI=CDÞi;t ¼ β0 þ α1TFEEi;t þ γ1lnECi;t þ δ1lnECi;t

´TFEEi;t þ α2Controlsi;t þ Yeart þ Cityi þ ϵi;t
ð3Þ

CNi;t ¼ β0 þ α1TFEEi;t þ γ1lnECi;t þ δ1lnECi;t ´TFEEi;t

þα2Controlsi;t þ Yeart þ Cityi þ ϵi;t
ð4Þ

Here, ECI;t denotes the energy consumption of region i in year t,
while the definitions of the other variables remain accordant with
those provided in the previous section.

The EKC theory states that at different stages of economic
development, there is an inverted U-shaped relationship between
the level of environmental pollution and per capita income, i.e., as
the economy grows, the level of environmental pollution rises and
then falls. By inference, TFEE improvement may present a
nonlinear impact on carbon emissions. So this paper further
examines the threshold effect of TFEE on carbon emission levels
and carbon neutrality. It also investigates how the threshold level

of energy consumption influences the impact of TFEE on these
outcomes, examining whether there are notable differences in the
effects when energy consumption is below or above specific
threshold(s). In previous studies on threshold effects, grouping
tests or introducing interaction terms were commonly used.
However, when considering continuous variables such as energy
consumption as grouping indicators for the samples, the grouping
values are often chosen based on subjective judgments, making it
difficult to determine the exact threshold values of the threshold
variables. This problem can be addressed by the threshold
regression model, which excels in automatically identifying the
sample data to estimate the specific threshold quantities and
values, as well as conducting significance tests for the threshold
effect. Hansen (1999) first proposed the static panel threshold
regression modeling method based on fixed effects. Following
Hansen (1999), this study develops a single-panel threshold
model using energy consumption as the threshold variable.

lnðCE=CI=CDÞi;t ¼ β0 þ β1TFEEi;t ´ IðECi;t ≤ λÞ þ β2TFEEi;t

´ IðECi;t > λÞ þ β3Controlsi;t þ Yeart þ Cityi þ ϵi;t

ð5Þ
CNi;t ¼ β0 þ β1TFEEi;t ´ IðECi;t ≤ λÞ þ β2TFEEi;t

´ IðECi;t > λÞ þ β3Controlsi;t þ Yeart þ Cityi þ ϵi;t
ð6Þ

Here, λ denotes the threshold value, and Ið�Þ represents the
threshold characteristic function. If the expression in the
parentheses is true, then Ið�Þ ¼ 1; otherwise, Ið�Þ ¼ 0. It can be
observed that the impacts of TFEE on carbon emission levels and
carbon neutrality are represented by β1 and β2 respectively when
energy consumption is below the threshold value (ECi;t ≤ λ) or
surpasses the threshold value (ECi;t > λ). The definitions of the
remaining variables are the same as those mentioned in Eq. (1).
The threshold regression model not only jointly estimates the
threshold value λ of energy consumption and the slope values (β1
and β2), but also facilitates the significance test of the threshold
effect, i.e., testing Ho:β1 = β2. Rejecting this null hypothesis
implies a significant difference in the impact of TFEE on carbon
emission levels and carbon neutrality at various levels of energy
consumption.

Equations (5) and (6) only establish a single threshold value for
the energy consumption index, but there might be two threshold
values. The double-threshold regression models are formulated as
Eqs. (7) and (8).

lnðCE=CI=CDÞi;t ¼ β0 þ β1TFEEi;t ´ IðECi;t ≤ λ1Þ
þβ2TFEEi;t ´ Iðλ1 <ECi;t ≤ λ2Þ
þβ3TFEEi;t ´ IðECi;t > λ2Þ þ β4Controlsi;t
þYeart þ Cityi þ ϵi;t

ð7Þ
CNi;t ¼ β0 þ β1TFEEi;t ´ IðECi;t ≤ λ1Þ þ β2TFEEi;t ´ Iðλ1 <ECi;t ≤ λ2Þ

þβ3TFEEi;t ´ IðECi;t > λ2Þ þ β4Controlsi;t þ Yeart þ Cityi þ ϵi;t

ð8Þ
Similarly, if there are multiple threshold values, similar multi-

threshold regression models can still be constructed for analysis.

Variables
Dependent variables—carbon emission levels and carbon neu-
trality. (1) Carbon emission levels. Following the methods used in
previous studies (Wu et al., 2021; Hu et al., 2022), this paper
measures carbon emission levels using carbon emission (CE),
carbon intensity (CI), and carbon density (CD). Carbon emis-
sions (CE) represent the total carbon dioxide emissions from

Fig. 2 The Impact Model of TFEE on Carbon Emissions and Carbon
Neutrality: The arrows in the figure indicate the impact generated, and the
circles indicate the assumptions corresponding to the respective impacts.
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natural gas, liquefied petroleum gas, electricity usage, and heat
supply in the region over a specific period, as shown in Eq. (9).

CEi;t ¼ NGi;t ´ α1 þ LPGi;t ´ α2 þ EWSi;t ´ α3 þ THi;t ´ α4 ð9Þ
Here, NGi;t , LPGi;t , EWSi;t and THi;t respectively indicate the
natural gas supply, liquefied petroleum gas supply, total electricity
consumption and total heat supply of region i in year t. And α1,
α2, α3 and α4 are the carbon emission coefficients of natural gas,
liquefied petroleum gas, electricity and heating, respectively.

Carbon intensity (CI) refers to the carbon dioxide emissions
per unit of Gross Domestic Product (GDP). It is calculated using
the ratio of regional carbon emissions to GDP, and the specific
formula is as follows.

CIi;t ¼
CEi;t

GDPi;t
ð10Þ

Here, GDPi;t denotes the GDP of region i in year t.
This paper uses carbon emissions per capita to measure the CD

of a region, as shown in Eq. (11).

CDi;t ¼
CEi;t

Pi;t
ð11Þ

Here, Pi;t is the total population of region i at the end of the year
t.

(2) Carbon neutrality. Carbon neutrality (CN) refers to the
total carbon dioxide or greenhouse gas emissions generated,
either directly or indirectly, by a region over a defined period.
These emissions are balanced through measures such as
afforestation, energy conservation, and emission reduction,
leading to a relative state of “zero emissions”. This paper
measures carbon neutrality with reference to the study by Li et al.
(2023), calculating it as the difference between carbon emissions
and carbon sequestration. The specific calculation formula is as
follows.

CNi;t ¼ CEi;t � CSi;t ð12Þ
Where, CSi;t denotes the carbon sequestration of region i in year
t.

Explanatory variable—total factor energy efficiency. Energy, being
an input factor, must be combined with other input factors to
produce economic output. Therefore, compared to the traditional
energy efficiency indices based on single input factors, TFEE
which is calculated using a multi-input model, better reflects
reality. TFEE represents the ratio of the target energy input to the
actual energy input needed for a certain amount of effective
output, assuming unchanged technological levels and other pro-
duction factor inputs (Lv et al., 2020). The calculation formula is
as follows.

TFEE ¼ Etarget input=Eactual input ;Etarget ¼ Eactual input � Eadjustment amount

ð13Þ
In practical production, the actual energy input typically

exceeds the predetermined target input, and the disparity between
them is termed the energy adjustment amount, indicating the
additional energy input necessary in actual production. Conse-
quently, TFEE values fall within the range[0,1], with higher values
indicating greater TFEE. The energy adjustment amount denotes
the variance between actual energy input and the minimum
energy input, signifying the potential energy input reduction
achievable in production. There exist parametric and non-
parametric methods for measuring TFEE. Presently, the non-
parametric Data Envelopment Analysis (DEA) method can
effectively handle the efficiency evaluation of decision-making
units (DMUs) in complex situations with multiple inputs and

outputs. This method has been widely applied in TFEE
evaluation.

DEA method is a non-parametric statistical approach for
evaluating the comparative effectiveness among DMUs with
multiple inputs and outputs (Wang and Wang, 2022; Xu et al.,
2020). By comparing the efficiency of a particular unit with the
performance of a group of similar units providing the same
service, it attempts to maximize the efficiency of the service unit.
In this process, some of the units obtaining 100 per cent efficiency
are referred to as relatively efficient units, while others with
efficiency ratings below 100 per cent are referred to as inefficient
units. A non-parametric frontier line is constructed by utilizing
sample point data, and points on this line are considered efficient
while other points are deemed inefficient. The relative size of the
inefficient points can be adjusted based on the specified direction
for comparative evaluations.

The traditional DEA model faces challenges in comparatively
evaluating multiple efficient DMUs and fails to adequately
consider input and output slack variables. To address the
shortcomings of the traditional DEA model, Tone (2002)
proposed the Super-efficiency SBM model, which takes into
account undesirable outputs and slack variables.

Suppose there are n DMUs and m input variables as well as s
output variables in the measurement system of the SBM model.
The input variable of the j-th DMU is denoted as xj= (x1j,
x2j,…,xmj) and the output variable as yj= (y1j,y2j,…,ysj). Here, xij
identifies the i-th input while yrj stands for the r-th output. The
calculation principle of the Super-efficiency SBM model is that,
when calculating the j-th unit, if its inputs and outputs can be
expressed as a linear combination of other DMUs’ inputs and
outputs, then this unit should be excluded and considered to have
an efficiency greater than 1. If the inputs of an efficient DMU can
be increased in proportion, the ratio of the increase is the result of
super-efficiency. The analytical formula for the super-efficiency of
the j0-th unit is as follows.

min ϕ;

∑
n

j ¼ 1

j≠j0

ηjxij þ S�i ¼ ϕxj0; i ¼ 1; ¼ ;m ð14Þ

∑
n

j ¼ 1

j≠j0

ηjyrj � Sþr ¼ yj0 ; r ¼ 1; ¼ ; s ð15Þ

ηj; S
�
i S

þ
r ≥ 0; j� 1; ¼ ; n ð16Þ

Here, ϕ denotes the efficiency value of this unit; ηj indicates the
combination ratio of the j-th DMU in a reconstructed effective
DMU combination to the j0-th DMU; S�i and Sþr are called slack
variables, representing input overruns and output deficits
respectively. The implications of the model are as follows: (1)
when the efficiency value ϕ is greater than 1, the DMU is
technically-efficient, meaning that inputs cannot decrease pro-
portionally without altering output. (2) When the value ϕ is less
than 1, the DMU is technically-inefficient, implying that inputs
can decrease proportionally without changing output. (3) When
the value ϕ equals 1, the scenario varies: a. when slack variables
S�i and Sþr are non-zero, the DMU is weakly efficient, indicating
that inputs cannot decrease proportionally, but some may be
reduced; b. when both slack variables S�i and Sþr are zero, the
DMU is strongly efficient, suggesting that no inputs can be
reduced. Suppose K ¼ 1=ðϕ �∑n

j¼1
j≠j0

ηjÞ: when K is greater than 1,

scale efficiency is in the increasing returns stage; when K equals 1,
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scale efficiency is optimal; when K is less than 1, scale efficiency is
in the decreasing returns stage.

The fundamentals of the Super-efficiency SBM model are
illustrated in Fig. 3, which depicts an input-oriented radial Super-
efficiency model. Points A, B, C, and D constitute the frontier
surface, while points G and F represent inefficient points. To
calculate the efficiency value at point C, one can connect it with
other efficiency points to form a new frontier surface. If C lies
outside the new frontier, it indicates that C is superior to the
other efficiency points. If the adjustment amount is given radially,
an ‘OC’ line is introduced from the origin, and the efficiency
value at point C is OC‘/OC, which is greater than 1.

In this paper, TFEE measured by the segmented Super-
efficiency SBM model with variable radial returns to scale is used
as the explanatory variable in the baseline regression. Addition-
ally, TFEE measured by the global Super-efficiency SBM model
with variable radial returns to scale is used as the alternative
variable for the robustness test.

Moderating and threshold variables. There is a significant varia-
tion in TFEE among different energy-consuming industries
(Kazemzadeh et al., 2023). Su et al. (2022) identified a strong
correlation between overall energy efficiency and energy savings in
their regional analysis. Additionally, an increase in energy con-
sumption induce carbon emissions, and this consumption may also
affect the relationship between TFEE and carbon emissions (Azam
et al., 2022). Based on Nathaniel et al. (2022), this study uses the
logarithmic value of energy consumption as a moderating variable
to explore how TFEE influences carbon emissions.

As energy consumption rises, its effect on the relationship
between TFEE and carbon emissions becomes significant. To
analyze this moderating effect, this paper adopts the logarithmic
value of energy consumption as a threshold variable to examine
the threshold effects of TFEE on both carbon emission levels and
carbon neutrality.

Control variables. To improve the accuracy of the empirical
results, this paper includes control variables in the regression that
may impact carbon emissions or carbon neutrality. (1) Popula-
tion Agglomeration (POP): A significant driver of urban energy
demand and emissions. The concentration of population in large

cities significantly increases their carbon emissions, and this effect
varies across different population levels (Yi et al., 2022). (2) ECO:
Represents sectoral concentration, which influences energy
intensity. Previous studies have suggested that most carbon
emissions transfers are concentrated in a few sectors, which often
represent ECO (Jiang et al., 2019). (3) Environmental Regulation
(ENVIR): Reflects policy-induced reductions in emissions.
Research by Zhang et al. has suggested that environmental reg-
ulation, influenced by spatial effects, can restrain carbon emis-
sions, impacting the pathway to carbon neutrality (Zhang et al.,
2023). (4) Green Innovation Index (GPIL): Captures the role of
sustainable technology. Khurshid et al. have found that green
innovation effectively reduces carbon emissions in both the short
and long term (Khurshid et al., 2023). (5) Industrial Structure
(IS): Affects emissions via energy-intensive industries. Industrial
structure can affect both carbon emissions and the carbon neu-
trality process. Qiu et al. (2017) have discovered that carbon
emission intensity is higher in declining resource-based cities
compared to mature resource-based cities, followed by non-
resource-based and regenerative resource-based cities. This paper
measures industrial structure using the ratio of the output value
of the secondary industry to that of the tertiary industry Table 1.

To ensure the validity and availability of data, because of the
large number of missing and unavailable data used for the
calculations of post-2019 carbon emissions data and TFEE, we
ultimately select annual panel data from 252 prefecture-level
cities in China for the period 2006–2019 as the primary dataset
for empirical analysis. The data on carbon emission levels and
carbon neutrality are sourced from the Statistical Yearbook and
the Urban Construction Statistical Yearbook for various regions.
TFEE is assessed using the Super-efficiency SBM model, with
relevant data obtained from the China City Statistical Yearbook.
Data for the control variables are collected from regional
Statistical Yearbooks, the National Bureau of Statistics, and
Carbon Emission Accounts & Datasets (CEADs).

In this analysis, the capital stock, labor force, and total
electricity consumption of the 252 prefecture-level cities during
2006–2019 serve as input indicators. The nominal GDP of each
city is treated as a desirable output indicator, while industrial
wastewater emissions, industrial sulfur dioxide emissions, and
industrial soot emissions are classified as undesirable output
indicators for measuring TFEE. The complete indicator system is
presented in Table 2.

Empirical analysis
Correlation analysis. As illustrated in Fig. 4, there is a negative
correlation among TFEE and carbon emissions, carbon intensity,
and carbon density. This suggests an inverse relationship between
TFEE and carbon emissions levels, aligning with the previously
discussed hypotheses. The absolute values of the correlation coef-
ficients for the other control variables are predominantly below 0.5,
which means the model constructed based on these variables
generally meets the requirement of non-multicollinearity.

Baseline regression results. To reduce the problem of hetero-
skedasticity and autocorrelation among the variables, this paper
uses fixed effects to regress models (1) and (2), and the baseline
regression results are shown in Fig. 5. The findings indicate that
TFEE significantly reduces carbon emissions, carbon intensity,
carbon density, and carbon neutrality, the regression coefficients
are −0.629***, −1.506***, −0.932*** and −7.137* respectively.
Among them, the absolute value of the regression coefficient of
carbon intensity is larger and at the highest level of significance,
indicating that TFEE has a better inhibiting effect on carbon
emissions per unit of GDP. These results align with the findings

Fig. 3 Schematic diagram of the Super-efficiency model. Source: DEA
Methods and MAXDEA Software.
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of Mahapatra and Irfan (2023), which suggest that improvements
in TFEE can significantly lower carbon emissions, thereby con-
firming the validity of hypothesis H1.

Endogeneity problems
Instrumental variables regression. There may be endogeneity
problems with models (1) and (2) in this study. Firstly, unob-
servable factors could potentially affect TFEE, carbon emission

levels, and carbon neutrality simultaneously, leading to omitted
variable bias. Secondly, lower carbon emission levels or carbon
neutrality might also enhance TFEE, resulting in reverse causality
problems.

To address the above endogeneity problems, this study follows
the method proposed by Yuan et al. (2022) and employs the
existence of a railway network in 1933 as an instrumental variable
to conduct two-stage least squares estimations of models (1) and
(2). The historical presence of the railway network influenced
industrialization and energy consumption in the past, which, in
turn, has a lasting impact on contemporary TFEE levels. Since the
railway network’s effect on modern carbon emissions is indirect,
we argue that it satisfies the relevance and exogeneity conditions
for a valid instrument. The results, detailed in Table 3, reveal that
the chosen instrumental variables are significantly positively
correlated with the endogeneity variables, thereby confirming the
relevant hypothesis. In the second stage, TFEE shows a significant
negative correlation with carbon emission levels at the 1% level
and a significant positive correlation with carbon neutrality after
addressing the endogeneity concerns.

Furthermore, this paper utilizes Anderson canon. corr. LM
statistic for testing non-identifiability. The results across columns
(1) to (4) consistently reject the null hypothesis at the 1% level
(18.58***). Moreover, the weak instrumental variable test is
conducted using the Cragg-Donald Wald F statistic (Hausman et
al., 2005; Stock et al., 2002). The statistic value of 18.57 exceeds
the critical value of 16.38 at the 10% level, allowing for a strong
rejection of the null hypothesis that the instrumental variables are
weak. Additionally, this paper utilizes Anderson-Rubin Wald test
and Stock and Watson LMS statistic for the test, and the results
across columns (1) to (4) also reject the null hypothesis at the 1%

Table 1 Definitions of main variables.

Variable Name Definition

CE Carbon Emissions Carbon dioxide emissions by region for the year (104 tons)
CI Carbon Intensity Carbon emission intensity by region for the year (104 tons/one billion yuan)
CD Carbon Density Carbon emissions per capita by region for the year (tons/people)
CN Carbon Neutrality Carbon neutrality by region for the year (million tons)
TFEE Total Factor Energy

Efficiency
Total factor energy efficiency by region for the year

EC Energy Consumption Logarithmic level of energy consumption by region for the year
POP Population Agglomeration POP ¼ Year�end registered population=Year�end regional registered population

Administrative area=Regional administrative area

ECO Economic Agglomeration ECO ¼ Urban employment=Regional urban employment
Administrative area=Regional administrative area

ENVIR Environmental Regulation ENVIR ¼ Investment in completing regional industrial pollution control
Regional value�added industrial output

GPIL Green Innovation Index Green Innovation Index by region for the year, expressed as the logarithmic value of the number of green
inventions obtained in the year

IS Industrial Structure IS ¼ Tertiary industry output
Secondary industry output

Source: Regional Statistical Yearbook, Carbon Emission Accounts & Datasets (CEADs), National Bureau of Statistics.

Table 2 Indicator system of the SBM model.

Type Index Definition

Input Capital Stock (10,000 yuan) Capital stock of fixed assets per region
Labor Force (10,000 people) Total number of employees in urban establishments, private and self-

employed establishments
Total Electricity Usage (million kWh) Total electricity usage in the whole society

Output Nominal GDP output (billions) GDP by region
Undesirable Outputs of Industrial Wastewater Emissions
(104 tons)

Citywide industrial wastewater emissions

Undesirable Outputs of Industrial Sulfur Dioxide Emissions
(tons)

Citywide industrial sulfur dioxide emissions

Undesirable Outputs of Industrial Soot Emissions (tons) Citywide industrial soot emissions

Fig. 4 Correlation Analysis Heatmap: In the upper part of the graph, the
color of the circle indicates the correlation coefficient, while the size of
the circle reflects the significance of that correlation coefficient. The
specific values of the correlation coefficients are given in the bottom half of
the figure.
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level (Stock and Watson, 2008), further suggesting a strong
correlation between the instrumental variables selected in this
paper and the endogeneity variables. These findings, summarized
in Table 3, indicate that the instrumental variables utilized in this
study are indeed appropriate.

Propensity score matching. To control potential selection bias, this
study employs the Propensity Score Matching (PSM) method to
restructure the control group. First, based on the median value of

TFEE for each year, we categorize the cities in our sample into a
high TFEE group and a low TFEE group. Then, a propensity
score is calculated using a Logit model, where the dependent
variable is a binary indicator of whether a city belongs to the high
or low TFEE group. The propensity score reflects the likelihood
that a city belongs to the high TFEE group based on its observed
characteristics. Next, a one-to-one matching procedure is used to
match each high TFEE city with a low TFEE city that has a
similar propensity score. This approach ensures that the cities in

Fig. 5 Base Regression Forest Plot: The length of each horizontal line represents the confidence interval of the regression coefficient of its
corresponding variable, respectively. Different colors and shapes represent different independent variables, as shown in the legend.

Table 3 Results of instrumental variables regression.

lnCE lnCI lnCD CN

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

Regression Results in the second stage
TFEE −8.956*** (2.097) −5.539*** (1.185) −6.073*** (1.563) 169.194*** (54.310)
POP 0.223*** (0.072) 0.017 (0.041) −0.169*** (0.054) 5.210*** (1.862)
ECO 0.083*** (0.016) 0.070*** (0.009) 0.172*** (0.012) 1.637*** (0.418)
ENVIR 0.147 (0.230) −0.124 (0.130) −0.093 (0.171) −8.713 (5.950)
GPIL 0.545*** (0.040) 0.105*** (0.022) 0.289*** (0.030) −1.232 (1.028)
IS 0.122 (0.086) 0.054 (0.049) −0.165** (0.064) −10.392*** (2.228)
Constant Y Y Y Y
Fixed Effects Y Y Y Y
N 2975 2975 2975 2975
Regression Results in the first stage
IV −0.040*** (0.009) −0.040*** (0.009) −0.040*** (0.009) −0.040*** (0.009)
Control Variable Y Y Y Y
Constant Y Y Y Y
Fixed Effects Y Y Y Y
Non-identifiability Test
Anderson canon. corr. LM statistic 18.58*** 18.58*** 18.58*** 18.58***
Test of Weak Instrumental Variables
Cragg-Donald Wald F statistic 18.57 [16.38] 18.57 [16.38] 18.57 [16.38] 18.57 [16.38]
Robust Inference of Weak Instruments
Anderson-Rubin Wald test 127.02*** 48.56*** 35.46*** 22.91***
Stock-Wright LM S statistic 121.82*** 47.78*** 35.04*** 22.73***

Critical values at the 10% level provided by Stock and Watson (2008) are in parentheses. *, ** and *** indicate that the variables are significant at the 10%, 5% and 1% significance levels, respectively.
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the treatment and control groups are comparable and helps
reduce selection bias. After matching, we use the matched sam-
ples to re-estimate the regression model. In this way, we can
examine the effect of TFEE on carbon emission levels and carbon
neutrality while controlling for observed differences between
cities. Table 4 below presents the regression results of the PSM
and the OLS. In Table 4 below, the results in columns (2), (4), (6),
and (8) demonstrate a persistent significant negative correlation
between TFEE and carbon emissions, carbon intensity, carbon
density, and carbon neutrality at the 1% level, even after applying
the PSM. The conclusions align with the above findings, sug-
gesting that TFEE is still significantly negatively correlated with
carbon emission levels and carbon neutrality after addressing
endogeneity problems.

Robustness test
Alternative variable. This study employs the global Super-
efficiency SBM model with variable radial returns to scale to
measure total factor energy efficiency (TEEE_1) as an alternative
variable for the robustness test, with the regression results dis-
played in Table 5. At the 1% significance level, TFEE continues to
demonstrate a significant negative effect on carbon emissions,
carbon intensity, carbon density, and carbon neutrality. These
results are consistent with the baseline regression findings, con-
firming the robustness of the conclusions.

Alternative technique. Considering the potential hetero-
skedasticity and autocorrelation problems, we re-estimate Eqs. (1)
and (2) using the feasible generalized least squares (FGLS)
method, and the regression results are shown in Table 6. The
regression results of the FGLS show that TFEE is significantly
negatively correlated with carbon emissions, carbon intensity,
carbon density, and carbon neutrality. This is consistent with the
benchmark regression results, indicating that the results are
robust.

Further analysis
Heterogeneity analysis. The expansion of city size reduces the
number of cities and thus global pollution, suggesting that city
size has an impact on polluting gas emissions (Pflüger et al.,
2021). Brand’s Law states that the larger the city, the more sus-
tainable and green it is. Higher density leads to better social
interactions and creates efficient interactions while maintaining
the quality of urban life (Batty, 2013). Therefore, this study
examines whether the influence of TFEE on carbon emission
levels and carbon neutrality varies according to city size. To assess
city size, the sample cities are categorized into large, medium, and
small-sized cities based on their registered population at year-end.
Cities with populations of 5 million or more are classified as large,
those with populations between 3 million and 5 million as
medium, and those with populations below 3 million as small.

Table 6 and Fig. 6 present the results of the heterogeneity
analysis segmented by city size. The findings reveal that TFEE
significantly negatively affects carbon emissions, carbon intensity,
and carbon density across all city sizes. Notably, the absolute
value of the regression coefficient is greatest in medium-sized
cities. Additionally, the regression coefficients of TFEE on carbon
neutrality demonstrate a significant negative correlation only in
medium-sized cities. These results suggest that TFEE effectively
mitigates carbon emission levels and promotes carbon neutrality
in cities of varying sizes. However, the magnitude of this impact
varies with city size. Particularly, TFEE exhibits the most
pronounced restraining effect on carbon emission levels and
carbon neutrality in medium-sized cities. The reason may be
attributed to several factors. Small-sized cities typically have a T
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smaller scale and less carbon emissions, limiting the potential for
significant emission reductions. Conversely, large-sized cities
possess a larger scale and higher carbon emissions, resulting in a
slower impact of TFEE improvement on social production and a
delayed effect on carbon emission reduction. For the effect of
TFEE on carbon neutrality, the effect of TFFE may be weakened
by weak infrastructure or the complexity of energy consumption
in small and large cities, making the regression results
insignificant.

Analysis of moderating effect. Energy consumption influences
the levels of carbon emission levels and carbon neutrality within a
region (Qiu et al., 2017; Porta and Zapperi, 2024). Therefore,
whether energy consumption moderates the negative impact of
TFEE on carbon emission levels and carbon neutrality is inves-
tigated. The regression results of the moderating effect of energy
consumption are represented in Table 7. The findings indicate
that the interaction coefficients between energy consumption and
carbon emissions, carbon intensity, carbon density and carbon
neutrality are all significantly positive, with the estimated coeffi-
cients of TFEE being −0.660, −2.060, −1.370 and −36.330,
respectively. This indicates that energy consumption can mod-
erate the relationship between TFEE and carbon emission levels
as well as carbon neutrality. Specifically, energy consumption
significantly reduces the negative impacts of TFEE on carbon
emission levels and carbon neutrality, indicating that an increase
in energy consumption can weaken the restraining effect of TFEE
on carbon emission levels and hinder progress toward achieving
carbon neutrality. These results support Hypothesis 2.

Analysis of threshold effect. As discussed in the prior section,
energy consumption can moderate the relationship between
TFEE and carbon emission levels as well as carbon neutrality.
This section aims to further investigate whether a threshold

effect exists based on energy consumption regarding TFEE’s
impact on carbon emission levels and carbon neutrality. The
minimum amount of change or magnitude of change neces-
sary for one economic factor to be able to have an effect or
change on the other of two related economic factors is the
threshold value. If it is less than this amount of change, the
former will have no effect or influence on the change in the
latter. At the same time, we can call this relationship between
the two factors the “threshold effect” relationship. Table 8
presents the results of estimating threshold quantities and
values and the test of threshold effect. The findings reveal that
the double-threshold effect is significant for carbon emissions
(CE) and carbon density (CD), and the significance of the
single-threshold model surpasses that of the double-threshold
effect for carbon intensity (CI) and carbon neutrality (CN). In
the double-threshold model for carbon emissions and carbon
density, the threshold values for energy consumption are
2.6660, 4.5713 and 2.8820, 4.571, respectively, with sig-
nificance at the 1% level. This indicates a notable difference in
the impact of TFEE on carbon emissions and density in low,
medium and high energy-consuming ranges. In the single-
threshold model for carbon intensity and carbon neutrality,
the threshold values for energy consumption are 2.6660 and
5.8991. This implies that there is a significant difference in the
impact of TFEE on carbon intensity and neutrality in low and
high energy-consuming ranges.

The reason for this phenomenon may be that at lower levels of
energy consumption, improvements in TFEE increase energy
efficiency, thereby reducing carbon emissions and promoting
carbon neutrality. As energy consumption increases, the
“rebound effect” may partially offset these gains, thereby
weakening the positive impacts of TFEE. However, at higher
levels of energy consumption, technological advances, structural
changes and increased adoption of renewable energy sources may
further enhance carbon neutrality.

Table 5 Results of alternative variable.

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

lnCE lnCI lnCD CN2

TFEE_1 −1.157*** (0.093) −2.618*** (0.081) −1.844*** (0.116) −21.957*** (4.150)
POP −0.001 (0.016) −0.085*** (0.014) −0.301*** (0.020) 10.285*** (0.729)
ECO 0.055*** (0.006) 0.046*** (0.005) 0.149*** (0.007) 2.012*** (0.256)
ENVIR −0.421*** (0.065) −0.340*** (0.057) −0.404*** (0.081) 5.131 (2.922)
GPIL 0.431*** (0.010) 0.055*** (0.009) 0.223*** (0.012) 1.397** (0.448)
IS −0.177*** (0.017) −0.108*** (0.015) −0.355*** (0.021) −4.184*** (0.756)
Constant 6.000*** (0.063) 2.511*** (0.055) 1.378*** (0.078) −33.703*** (2.800)
Fixed Effects Y Y Y Y
N 2975 2975 2975 2975
F 711.397*** 243.461*** 342.031*** 198.692***
R2 0.5909 0.3308 0.4098 0.2875

*, ** and *** indicate that the variables are significant at the 10%, 5% and 1% significance levels, respectively.

Table 6 Results of alternative technique.

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

lnCE lnCI lnCD CN2

TFEE −0.072** (−2.87) −0.376*** (−14.34) −0.109*** (−4.24) −6.126*** (−11.87)
POP 0.116*** (9.03) −0.026* (−2.16) −0.070*** (−4.94) 10.427*** (61.33)
ECO 0.070*** (13.61) 0.033*** (7.69) 0.092*** (18.18) 1.976*** (24.06)
ENVIR −0.049 (−1.62) −0.115*** (−4.01) −0.033 (−1.22) 1.155 (1.72)
GPIL 0.101*** (21.17) −0.066*** (−16.76) 0.056*** (12.97) 0.821*** (11.21)
IS −0.113*** (−10.81) −0.063*** (−6.44) −0.122*** (−11.24) −2.988*** (−18.25)
Constant 5.739*** (164.23) 1.787*** (45.70) 0.186*** (4.85) −35.704*** (−59.24)
N 2975 2975 2975 2975

*, ** and *** indicate that the variables are significant at the 10%, 5% and 1% significance levels, respectively.
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Tables 9 and 10 represents the threshold model estimating the
impact of TFEE on carbon emissions, carbon intensity, carbon
density and carbon neutrality. The impacts of TFEE on carbon
emission levels and carbon neutrality are significantly different at
different stages of energy consumption. For carbon emissions and
density, when energy consumption is at the stage of low threshold
(EC ≤ 2.6660), the estimated coefficients of TFEE are −1.234 and
−1.168 respectively; when energy consumption is at the stage of
high threshold (2.6660 < EC ≤ 4.5713), the estimated coefficients of
TFEE are −0.470 and −0.446, indicating that the restraining effect
of TFEE on carbon emissions is diminished; when energy
consumption is over the high threshold (EC > 4.5713), the
estimated coefficients of TFEE are 0.157 and 0.154, suggesting
that TFEE exerts a slight promoting effect on carbon emissions. For
carbon intensity, when energy consumption is below the threshold
(EC ≤ 2.6660), the estimated coefficient of TFEE is −0.813; when
energy consumption is over the threshold (EC > 2.6660), the
estimated coefficient of TFEE is −0.530, indicating that the
restraining effect of TFEE on carbon intensity is diminished. For
carbon neutrality, when energy consumption is below the threshold
(EC ≤ 5.8991), TFEE significantly inhibits carbon neutrality
(the coefficient is −3.796); when energy consumption is over the
threshold (EC > 5.8991), TFEE promotes carbon neutrality at
the 1% level (the coefficient is 7.659), suggesting that the impact of

TFEE on carbon neutrality exhibits an inverted U-shaped pattern.
This may explain the positive correlation between TFEE and
carbon neutrality found in the earlier correlation analysis. The
above empirical results show that TFEE has a threshold impact on
carbon emission levels and neutrality, and that the restraining effect
of TFEE on carbon emission levels and carbon neutrality is
diminished or even transformed into a facilitating effect as energy
consumption increases.

Discussion
Using a panel fixed-effects model, this study found that an
increase in TFEE significantly suppresses carbon emissions,
which may be due to the fact that higher TFEE improves resource
utilization efficiency, reduces energy consumption per unit of
output, and promotes energy-saving technological innovations
and optimization of the energy structure, which in turn reduces
the dependence on high-carbon energy sources. Meanwhile, the
analysis with the moderating effect model reveals that energy
consumption has a moderating effect on the impact of TFEE on
carbon emission levels and carbon neutrality. In addition, the
analysis of the threshold effect model shows that the emission
reduction effect of TFEE is more significant at lower levels of
energy consumption, while at higher levels of energy

Fig. 6 Grouping plot of the heterogeneity analysis: The orange dotted lines in the figure show the baseline regression coefficients, which are −0.629,
−1.506, −0.932, and −7.137, the short vertical lines represent the standard errors, and the solid dots are the coefficients of heterogeneity analysis.
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consumption, this effect may be weakened or even reversed due
to the “rebound effect”.

This paper analyzes the impact of TFEE on carbon emis-
sions, carbon intensity, carbon intensity, and carbon neutrality
from these four different perspectives, and incorporates key
control variables to comprehensively assess the determinants of
carbon emissions and carbon neutrality. Population agglom-
eration, a significant driver of urban energy demand and car-
bon emissions, is associated with higher carbon emission levels
as its concentration increases. ECO indirectly affects carbon
emissions by influencing industrial concentration and thereby
energy intensity. Environmental regulation, through policy
guidance, reduces carbon emissions and plays a positive role in
achieving carbon neutrality. The green innovation index,
reflecting the application of sustainable technologies, effectively
lowers carbon emissions at higher levels of innovation.
Industrial structure significantly impacts carbon emissions and
the carbon neutrality process by affecting the proportion of
energy-intensive industries. The inclusion of these control
variables makes the research findings more comprehensive and
accurate.

The findings of this paper extend the study of Mahapatra and
Irfan (2023), which showed that the improvement of TFEE can
significantly reduce the level of carbon emissions. In addition, the
heterogeneity analysis in this paper provides strong evidence for
Pflüger’s (2021) argument that city size has an impact on pollu-
tant gas emissions. Furthermore, this paper supports the argu-
ments (Porta and Zapperi, 2024; Armengol et al., 2024) that
energy consumption has an impact on the level of carbon emis-
sions and carbon neutrality.

This paper measures the TFEE of each region as an expla-
natory variable, which provides a new research perspective for
examining the impact of energy efficiency on carbon emission
levels and enriches the relevant research on carbon neutrality
(Hasanov et al., 2024). The measurement results of TFEE of
each region and the findings of this study provide valuable
insights for energy conservation and emission reduction and
promoting sustainable development in various regions.

This study makes important theoretical contribution by
expanding the existing body of literature through a novel
methodological approach that combines TFEE with non-linear
threshold analysis to understand its impact on carbon emission
levels and carbon neutrality. By using the Super-efficiency SBM
model and panel threshold regressions, this study provides a
more nuanced understanding of how TFEE influences carbon
emissions at different levels of energy consumption across cities.
This methodological innovation fills a gap in the literature,
which predominantly focuses on linear relationships or fail to
consider threshold effects in energy efficiency research (Liu
et al., 2023). Furthermore, the findings challenge the conven-
tional view of energy efficiency as a straightforward linear
mechanism for emissions reduction (Amin et al., 2020). The
recognition of threshold effects, especially the non-linear U-
shaped relationship between energy consumption and carbon
neutrality, adds new dimensions to the theoretical under-
standing of the role of TFEE in achieving carbon neutrality.
This has the potential to shift the focus of future research
towards more dynamic, context-specific analyses of energy
efficiency.

The findings of this research hold practical importance for
reducing carbon emission levels and achieving carbon neu-
trality, offering valuable insights into the relationship among
TFEE, carbon emission levels and carbon neutrality. From a
practical perspective, the study’s findings are highly relevant for
policymakers and urban planners. By identifying how TFEE
influences carbon emission levels and neutrality in cities ofT
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different sizes, the study provides actionable insights for tar-
geted policy interventions. Policymakers can use these insights
to prioritize energy efficiency improvements, particularly in
medium-sized cities where TFEE shows the greatest impact. The
study also underscores the importance of considering energy
consumption thresholds when designing energy policies,
enabling more effective, context-sensitive strategies for achiev-
ing carbon neutrality.

Conclusions and policy recommendations
In this study, we collect data on all relevant variables for 252
prefecture-level cities in China from 2006 to 2019, measure TFEE
using the SBM model, calculate carbon emission levels, carbon
intensity, carbon intensity, and carbon neutrality in each region to
measure the level of carbon emissions, and empirically test the rela-
tionship between TFEE and carbon emission levels as well as carbon
neutrality using a panel data model. Empirical evidence indicates that

Table 8 Results of moderating effect.

(1) lnCE (2) lnCI (3) lnCD (4) CN

TFEE −0.660*** (−5.65) −2.060*** (−13.69) −1.370*** (−6.91) −36.330*** (−4.07)
TFEE × EC 0.127*** (5.31) 0.197*** (6.40) 0.213*** (5.25) 7.848*** (4.30)
EC 0.808*** (47.74) 0.460*** (21.13) 0.748*** (26.06) 7.211*** (5.58)
POP −0.064*** (−6.88) −0.130*** (−10.83) −0.367*** (−23.22) 9.360*** (13.18)
ECO 0.019*** (5.68) 0.0291*** (6.74) 0.115*** (20.26) 1.399*** (5.47)
ENVIR −0.020 (−0.52) −0.135** (−2.79) −0.037 (−0.58) 9.741*** (3.41)
GPIL 0.047*** (6.25) −0.197*** (−20.58) −0.158*** (−12.51) −3.651*** (−6.43)
IS −0.054*** (−5.39) −0.022 (−1.67) −0.238*** (−14.08) −3.166*** (−4.16)
Constant 2.505*** (29.16) 0.391*** (3.53) −1.919*** (−13.17) −64.850*** (−9.89)
Fixed Effect Y Y Y Y
N 2975 2975 2975 2975
F 2431.2*** 413.3*** 675.7*** 180.7***
R2 0.8682 0.5282 0.6467 0.3287

*, ** and *** indicate that the variables are significant at the 10%, 5% and 1% significance levels, respectively.

Table 9 Diagnosis of threshold value and significance analysis of threshold effect.

Threshold
Variables

Dependent
Variable

Threshold
Quantity

Threshold
Value

95% Confidence
Interval

F Value P Value Critical Value

10% 5% 1%

EC LnCE Single Threshold 2.6660 [2.6409, 2.7904] 468.06 0.0000 52.4993 61.4625 88.7949
Double Threshold 4.5713 [0.1302, 0.1334] 347.73 0.0000 41.7010 48.9631 67.8215

lnCI Single Threshold 2.6660 [2.6166, 2.7137] 40.08 0.0475 34.9717 39.5956 44.0305
Double Threshold — — 28.65 0.1125 29.5718 33.5131 44.5981

lnCD Single Threshold 2.8820 [2.6660, 2.9162] 449.37 0.0000 50.8764 60.3470 75.5342
Double Threshold 4.5713 [4.5521, 4.5806] 356.94 0.0000 36.9415 47.9170 79.1627

CN Single Threshold 5.8991 [5.8533, 5.9126] 118.07 0.0075 34.0379 46.4746 91.4987
Double Threshold — — 66.28 0.0125 31.3557 40.9567 71.2803

p values and critical values are obtained by Bootstrap iterative sampling 400 times.

Table 10 Threshold effect of TFEE on carbon emission levels and carbon neutrality.

lnCE lnCI

Range Coefficient Range Coefficient

EC EC≤ 2.6660 −1.234*** (0.049) EC≤ 2.6660 −0.813*** (0.054)
2.6660 < EC ≤ 4.5713 −0.470*** (0.040) EC > 2.6660 −0.530*** (0.043)
EC > 4.5713 0.157*** (0.045)

Constant 5.911*** (0.069) 1.966*** (0.077)
Control Variables Y Y
N 3402 3402
F 242.089*** 221.714***
R2 0.3807 0.3586

lnCD CN
Range Coefficient Range Coefficient

EC EC≤ 2.8820 −1.168*** (0.047) EC≤ 5.8991 −3.796*** (0.811)
2.8820 < EC≤ 4.5713 −0.446*** (0.040) EC > 5.8991 7.659*** (1.331)
EC > 4.5713 0.154*** (0.045)

Constant 0.109 (0.069) −18.570*** (1.506)
Control Variables Y Y
N 3402 3402
F 210.419*** 18.522***
R2 0.3482 0.0395

*, ** and *** indicate that the variables are significant at the 10%, 5% and 1% significance levels, respectively.
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improvements in TFEE can effectively reduce carbon emission levels
and enhance carbon neutrality. This underscores the potential of
enhancing TFEE as a viable strategy for emission reduction and
achieving carbon neutrality. Endogeneity tests and robustness tests
confirm the significant negative correlation between TFEE and carbon
emission levels, as well as carbon neutrality. In medium-sized cities
with a moderate city size, TFEE has a stronger impact on carbon
emission levels and a significant negative effect on carbon neutrality.
Additionally, energy consumptionmoderates the relationship between
TFEE and carbon emission levels, as well as carbon neutrality. As
energy consumption increases, the influence of TFEE on carbon
emission levels diminishes, while its effect on carbon neutrality follows
a U-shaped trajectory.

On the basis of the above research findings, we put forward the
following policy recommendations.

First, the improvement of TFEE can significantly curb carbon
emission levels and promote carbon neutrality, and we suggest that a
two-pronged approach be taken at both policy and technical levels to
improve TFEE. This entails government departments in all regions
introducing policies and taking steps to encourage enterprises and
individuals to enhance their energy efficiency. Additionally, energy
efficiency should be promoted through technological advancements.
Encouraging technological innovation and equipment upgrades can
facilitate the recycling of energy, which means the process of capturing
and reusing energy that would otherwise be wasted during production,
conversion, or utilization.

Second, the results of heterogeneity analysis show that the
TFEE of medium-sized cities has a greater impact on carbon
emission levels, and there is a significant negative impact on
carbon neutrality, so it is recommended to optimize the size of
the city to promote carbon emission levels reduction and achieve
carbon neutrality. Efforts should be made in utilizing resources
efficiently, improving transportation efficiency, enhancing public
service facilities, planning rationally, optimizing the city’s
industrial structure, improving the city’s economic efficiency and
competitiveness, and promoting sustainable development.

Finally, as energy consumption increases, the inhibitory effect of
TFEE on carbon emission levels and carbon neutrality is weakened or
even transformed into a facilitating effect, and we suggest multiple
measures to reduce energy consumption. Firstly, focusing on market
mechanisms, governments should establish an energy trading market
and promote energy conservation through these mechanisms. Sec-
ondly, governments, businesses, and research institutions should
extend support for the research and advance of energy-efficient

technologies, allocate more funding, and encourage enterprises to
adopt low energy-consuming technologies such as clean energy and
renewable energy. Thirdly, efforts in publicity and education should be
strengthened to raise public awareness of the importance of energy
conservation.

However, due to the limitation of data availability, this paper only
analyzes the data of some Chinese cities from 2006–2019, which may
cause our findings to lose some of their timeliness, as well as whether
similar phenomena are found in other countries or regions around the
world, which is not investigated in this paper. Subsequent studies
could try to collect carbon emission-related data from a broader range
of sources to study the relationship between energy efficiency and
carbon emissions over a wider time frame, or conduct studies on other
countries or regions to explore the similarities and differences in the
impact of energy efficiency on carbon emission levels among various
regions. In addition, although the existing model reveals the overall
relationship between TFEE and carbon emissions, it does not fully
explain the intermediate mechanism in the process, i.e., how efficiency
indirectly affects carbon emissions through other key variables.
Therefore, future research will analyze this causal pathway in more
detail, and clarify the intermediary variables through which the
improvement of TFEE may be transmitted to carbon emissions, so as
to enhance the rigor of the mechanism analysis and the scientific
validity of the conclusions. Furthermore, this study focuses on the
relationship between technical inefficiency and carbon emissions, but
the improvement paths of technical inefficiency and the emission
reduction of bad inputs are yet to be explored in greater depth. So,
future research can further refine the specific paths for each industry
or region, and combine green technology innovation and policy
support measures to build an effective mechanism for technical inef-
ficiency and emission reduction.

Data availability
All data generated or analysed during this study are included in
this published article.
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Appendix
Appendix: Baseline regression results

(1) (2) (3) (4)
lnce lnci lncd CN

TFEE −0.629*** (−9.93) −1.506*** (−26.32) −0.932*** (−11.72) −7.137* (−2.54)
POP −0.00642 (−0.39) −0.0935*** (−6.28) −0.311*** (−15.00) 10.06*** (13.75)
ECO 0.0603*** (10.44) 0.0589*** (11.28) 0.158*** (21.79) 2.108*** (8.21)
ENVIR −0.458*** (−6.95) −0.417*** (−7.00) −0.467*** (−5.64) 4.094 (1.40)
GPIL 0.427*** (42.25) 0.0479*** (5.25) 0.216*** (17.01) 1.263** (2.81)
IS −0.170*** (−9.86) −0.0877*** (−5.64) −0.346*** (−15.99) −4.209*** (−5.51)
Constant 5.884*** (95.90) 2.271*** (40.96) 1.175*** (15.25) −37.16*** (−13.64)
Fixed Effects Y Y Y Y
N 2975 2975 2975 2975
F 689.6*** 178.4*** 311.7*** 193.7***
R2 0.5834 0.2659 0.3876 0.2823

T-values are in parentheses; *, ** and *** indicate that the variables are significant at the 10%, 5%, and 1% significance levels, respectively; the same below.
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