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ABSTRACT. The green and low-carbon transformation of the energy sector is the critical pathway to
achieving China’s “carbon peak and carbon neutrality” goals. Although considerable progress has been
made in separate studies on the new energy industry and Green Total Factor Productivity (GTFP), research
exploring their relationship, especially at the industrial level, remains scarce. Based on panel data of 30
Chinese provinces from 2013 to 2023, this study proposes the Convexificated Support Vector Frontiers-
Malmquist method, a novel approach based on structural risk minimization, to measure industrial GTFP.
The entropy weight method is employed to construct composite scores for three sub-systems of the new
energy industry: innovation, coordination, and greenness (foundation). A two-way fixed effects model is
then applied to examine the impact of these sub-systems on industrial GTFP. The empirical results demon-
strate that New Energy Industry Innovation (NEII) and Coordination of New Energy Industry (CNEI) sig-
nificantly promote industrial GTFP, with coefficients of 0.4530 and 0.5088 respectively, both significant
at the 1% level. In contrast, the New Energy Industry Foundation (NEIF) does not exhibit a statistically
significant effect. These findings remain robust across endogeneity tests using the two-stage least squares
(2SLS) method with lagged instrumental variables, as well as robustness checks including Winsorization
and exclusion of pandemic-affected samples. The study contributes to the literature by introducing the
CSVF-Malmquist model with superior generalization ability and frontier estimation accuracy, and by pro-
viding empirical evidence that innovation capacity and supply-demand coordination in the new energy
sector are key drivers of industrial green productivity improvement in China.

Keywords. New energy industry, Green total factor productivity (GTFP), CSVF-Malmquist model,
Two-way fixed effects, Entropy weight method, Carbon Peak and Carbon Neutrality.
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1. INTRODUCTION

The Outline of the 14th Five-Year Plan for National Economic and Social Development and the Long-
Range Objectives Through 2035 of the People’s Republic of China explicitly proposes building a modern
energy system, advancing the energy revolution, and constructing a clean, low-carbon, safe, and effi-
cient energy system to enhance energy supply security. Since energy activities are the primary source
of carbon emissions, the green and low-carbon transformation of the energy sector is the critical path-
way to achieving the “carbon peak and carbon neutrality” goals. Under the guidance of this national
strategy, China’s new energy industry has achieved remarkable progress, with non-fossil energy expe-
riencing leapfrog development.

China has adhered to the parallel development of centralized and distributed energy systems, accel-
erating the construction of large-scale wind power and photovoltaic (PV) bases. As of the end of August
2025, the cumulative installed capacity of wind power and PV generation exceeded 1.69 billion kilo-
watts, more than tripling the 2020 level, contributing approximately 80% of the nation’s newly added
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power generation capacity over the past five years. The share of non-fossil energy in total energy con-
sumption increased from 16.0% in 2020 to 19.8% in 2024, rising by nearly 1 percentage point annually,
while the share of wind and PV power generation in total national electricity output increased by an
average of 2.2 percentage points per year.

The multi-energy complementary system has also become increasingly sophisticated. China has
continued to advance the construction of hydropower bases in the southwest, while steadily and safely
developing coastal nuclear power. As of the end of August 2025, the installed capacity of conventional
hydropower reached approximately 380 million kilowatts, and nuclear power installed capacity reached
125 million kilowatts, both ranking first in the world. Demonstration applications of biomass energy,
geothermal energy, ocean energy, and green hydrogen have also been advancing in an orderly manner
with positive results.

The regulatory capacity of the energy system has been continuously strengthened. To accommodate
the large-scale grid integration of new energy sources, China has accelerated the construction of a new-
type power system and promoted the flexibility retrofitting of coal-fired power units. Currently, over
50% of coal-fired units have achieved deep peak-shaving capability. The new energy storage industry
has developed rapidly; by the end of 2024, the installed capacity of new-type energy storage reached
73.76 million kilowatts—20 times that of 2020—accounting for over 40% of the global total.

Thanks to these developments, China’s energy structure has been continuously optimized. The share
of fossil energy in total energy consumption declined from 84.0% in 2020 to 80.2% in 2024. According
to relevant plans, by 2030, non-fossil energy is expected to account for 50% of total electricity gener-
ation, with total energy consumption controlled within 6 billion tonnes of standard coal equivalent.
At present, the new energy industry has become a core pillar supporting China’s energy security, re-
sponse to global climate change, and pursuit of high-quality development. (Data sources: National
Development and Reform Commission, Strategy for Energy Production and Consumption Revolution;
State Council Information Office, China’s Actions on Carbon Peak and Carbon Neutrality White Paper.)

Existing research on the new energy industry includes the following contributions. Wang [24] con-
structed an evaluation index system for the high-quality development of China’s new energy industry,
noting that the overall level exhibits a fluctuating upward trend. The study further identified an “anti-
Matthew effect,” with inter-provincial disparities narrowing over time. Human capital and financial
support are important factors promoting high-quality development of China’s new energy industry,
while exchange rate volatility and import tariffs tend to inhibit it. Wang [25] pointed out that vigorously
developing new energy is an inevitable choice for improving China’s energy structure, ensuring na-
tional energy security, and realizing the vision of carbon peak and carbon neutrality. The development
of new energy technologies and the construction of industrial chains can effectively drive the growth of
related industries such as equipment manufacturing, scientific research and development, and support-
ing services, thereby promoting technological innovation and industrial upgrading, cultivating new
economic growth points, and holding significant implications for accelerating the optimization and
upgrading of China’s industrial structure and enhancing comprehensive economic competitiveness.
Zhang [34] argued that the new energy industry, characterized by green GDP, high technological con-
tent, and broad market prospects, is a key area for promoting industrial structure optimization and
upgrading and cultivating new economic growth points. Wang [26] proposed strengthening regional
collaboration and economic linkages to strike a balance between energy conservation, emission re-
duction, and economic growth, thereby promoting the sustainable development of low-carbon cities.
Chen [6] contended that although China’s industrial sector as a whole has shifted toward technology-
driven growth, high-energy-consuming industries still need to improve energy-efficiency technologies
to achieve fully sustainable development.

Data Envelopment Analysis (DEA) is a non-parametric evaluation method first proposed by Charnes,
Cooper, and Rhodes [4] from the United States. It is often used to evaluate the relative efficiency of
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DMUs with multiple input and output factors. DEA is a non-parametric method of linear program-
ming, which has developed rapidly and been widely applied. The DEA method does not require pre-
specification of the specific form of the production function nor pre-assumption of the distribution of
inefficiency terms. The evolution of Total Factor Productivity (TFP) indices based on the DEA method
is as follows: (1) TFP indices based on current-period DEA, including Malmquist productivity index,
Luenberger productivity index, and Malmquist-Luenberger productivity index. Fire et al. [10], based
on the constant returns to scale CCR model, used the Malmquist index method to decompose total fac-
tor productivity into technological progress and technical efficiency improvement. Chambers et al. [3]
proposed the Luenberger index method, further decomposing the total factor productivity growth rate
into three components: technological progress rate, technical efficiency change, and scale efficiency
change. Chung et al. [8] proposed the Malmquist-Luenberger productivity index method, decompos-
ing technological progress and technical efficiency from total factor productivity. Thanassoulis et al.
[21] constructed a cost Malmquist index model using price information of input factors, and the index
was decomposed to explain differences in technical and cost production efficiency. Long [14] evaluated
the eco-efficiency and effectiveness of sustainable urban development in 35 major Chinese cities from
2011 to 2015 using a super-efficiency SBM—-DEA model with undesirable outputs and the Malmquist-
Luenberger index, and further integrated urban HDI and life satisfaction to measure development ef-
fectiveness. Liang and Zhang [15] proposed modified radial Malmquist-Luenberger index models to
address the infeasibility problem in productivity measurement with undesirable outputs and applied
them to evaluate the productivity changes of 28 Chinese banks from 2007 to 2016. Yang and Huang
[31] assessed the mining eco-efficiency of 27 Chinese provinces from 2008 to 2018 by integrating an
undesirable output SBM-DEA model and the Malmquist-Luenberger index, revealing overall improve-
ment with significant spatial disparities and identifying the impact of non-desired outputs like carbon
emissions and violation cases. Lacka and Brzezicki [12] used the non-radial SBM model and Malmquist
index to evaluate the efficiency and productivity of National Innovation Systems in 27 European coun-
tries from 2012 to 2019, finding that newer EU members often achieved higher efficiency despite having
smaller innovation inputs. Zhu et al. [36] constructed a Global Malmquist-Luenberger index based on
a novel production technology that considers the weak disposability between energy inputs and CO,
emissions to measure and decompose the total factor carbon emission productivity of 41 industrial
sectors in China from 2013 to 2016. Jebali and Essid [11] employed the Malmquist-Luenberger produc-
tivity index to evaluate and decompose the total factor environmental productivity of Mediterranean
countries from 2009 to 2014, finding an overall negative developmental trend primarily driven by tech-
nological change rather than efficiency gains.

(2) TFP index extensions, such as TFP productivity indices of sequential DEA, global DEA-based
TFP productivity indices, window DEA-based TFP productivity indices, and TFP productivity indices
of intertemporal DEA. Shestalova [20] introduced a sequential Malmquist productivity index, which
constructs the best-practice production technology frontier by utilizing the production technology set
defined by current and past observations of DMUs. The decomposition of this index resembles that of
the conventional Malmquist index, differing only in the reference production frontier. Since sequential
DEA assumes that no period’s technology is superior to others, Pastor and Lovell [19] put forward the
idea of building a production technology set comprising data from all periods of all DMUs as a global
benchmark to compute the Global-Malmquist productivity index. The fundamental concept behind
window DEA is to segment the study period into several windows of a fixed width, treating the same
DMU in different windows as distinct entities, thereby effectively increasing the number of DMUs.
A drawback of this approach, however, is that it may lead to low discrimination in relative efficiency
[28]. Productivity measurement often presupposes that all evaluated units share the same technological
level—that is, they operate on a common production frontier. In reality, however, heterogeneity arises
due to differences in internal characteristics or external environments among the units being evaluated
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[7]. Chen et al. [5] used a sequential DEA model to compare the efficiency of the urban water sectors
in China and major OECD countries from 1998 to 2017, and analyzed the impact of factors such as
capital deepening and water stress on efficiency. Liu and Huang [17] applied a virtual frontier DEA
model and Malmquist productivity index to measure and decompose the efficiency of China’s high-
tech industry across 29 provinces from 2011 to 2015, addressing the issue of tied ranks among efficient
DMUs and analyzing the drivers of productivity change. Wang et al. [27] proposed a global DEA-
Malmquist productivity index to measure the bias of technical change in China’s industrial energy and
environmental productivity, and identified labor, energy consumption, and CO, emissions as the main
drivers of technological progress through empirical analysis. Brzezicki [2] systematically reviewed the
origin, evolution, and various methodological extensions of the Malmquist Productivity Index based
on Data Envelopment Analysis, categorizing its developments into adaptations from DEA, novel MPI
frameworks, and integrations with other dynamic analysis methods. Mitropoulos [18] employed a two-
stage network DEA model and Malmquist index to evaluate the trade-off between production efficiency
and service quality in EU healthcare systems during the 2009-2013 economic crisis, revealing that
efficiency gains were often achieved at the expense of patient satisfaction and safety. Shen and Wang
[35] used a spatial econometric model to analyze the inverted U-shaped impact of forestry industry
total factor productivity on CO, emissions in China, revealing significant spatial spillover effects and
regional heterogeneity.

(3) Extension of TFP indices based on DEA. The HMB index considers input and output directions and
does not require a choice between input and output directions. Under constant or variable returns to
scale, the HMB index retains the characteristics of total factor productivity, and the strong disposability
of inputs and outputs enables it to satisfy the decisive axiom, avoiding the problem of no feasible
solution [1]. The Malmquist index method constructs the TFP index using geometric weighting. Yin
and Duan [33] drew on the idea of Malmquist but used arithmetic weighting to derive the efficiency
allocation equation in order to decompose total factor productivity, technological progress, etc., into
corresponding factor efficiencies, and conducted an empirical analysis using Chinese provincial data.
Ding and Dong [9] employed the HMB index, Theil index, kernel density estimation, and Markov chain
analysis to measure and examine the spatiotemporal evolution of green total factor productivity in
China’s sports industry (2013-2022), revealing an overall wave-like upward trend driven mainly by
pure technical efficiency, significant regional disparities with the eastern region leading in growth,
and strong state-dependence with limited cross-level transitions. Yang and Meseretchanie [30] used a
dynamic panel model and HMB index to analyze the mediating role of farmland transfer in the impact of
digital financial inclusion on agricultural total factor productivity in China, finding that digital finance
promotes productivity primarily through improved scale and allocation efficiency.

The Malmquist model for analyzing productivity changes is a theoretical extension of the super-
efficiency DEA model. One of its drawbacks is the problem of no feasible solution under the assumption
of variable returns to scale.

Regarding research on Green Total Factor Productivity (GTFP), scholars have explored the topic from
multiple industries and perspectives. Early studies, such as Yang [32], applied total factor productivity
theory to the postal and telecommunications industry, using the Malmquist index to analyze produc-
tivity changes in China’s postal and telecommunications sector, and discussed key factors affecting the
industry from both macro and micro comparative perspectives. Subsequently, research gradually ex-
panded to logistics, industry, and other fields. For instance, Liang [16] adopted GTFP as an important
indicator for measuring the high-quality development of regional economies, assessing the green de-
velopment level of the logistics industry in the context of Beijing-Tianjin-Hebei integration, with the
aim of providing a basis for optimized resource allocation and low-carbon transformation. Meanwhile,
Wang [23] analyzed China’s GTFP from 1999 to 2012 and found that the average growth rate was 1.33%,
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with energy conservation and emission reduction performance making outstanding contributions, par-
ticularly with SO, emission reductions outperforming COD reductions.

Some research findings have emerged at the intersection of the new energy industry and GTFP.
Li [13], based on panel data from 282 prefecture-level cities in China and using a PSM-DID model,
found that the construction of new energy demonstration cities significantly enhanced urban GTFP.
Xie [29] further supported this conclusion, noting that the pilot policy of new energy demonstration
cities primarily improves GTFP by driving substantive green technological innovation, with industrial
structure optimization playing a positive moderating role. The policy effects are stronger in central and
western regions, non-resource-based cities, and cities with stronger environmental regulations.

In summary, while considerable achievements have been made in research on either the new en-
ergy industry or GTFP, studies exploring the relationship between the two remain relatively scarce.
Although some research has examined the connection between the new energy industry and GTFP,
virtually no study has specifically analyzed the relationship between the new energy industry and in-
dustrial GTFP. In light of this, the present study draws on data from 30 Chinese provinces covering the
period 2013-2023 (due to data unavailability, Tibet and the Hong Kong, Macao, and Taiwan regions
are excluded). It employs the CSVF-Malmquist method proposed herein to measure industrial GTFP,
uses the entropy weight method to calculate scores for three sub-systems of the new energy industry—
innovation, coordination, and greenness—and adopts a two-way fixed effects model to analyze their
impact on industrial GTFP.

This paper is organized as follows. In Section 2, the research methodology and data description are
provided, including the CSVF-Malmquist model, the regression model, variable selection and measure-
ment, and data sources. Section 3 presents the empirical analysis. The paper is concluded in Section
4.

2. RESEARCH METHODOLOGY AND DATA DESCRIPTION

The rest of the study is unfolded as follows. In Section 2, the CSVF-Malmquist method is employed
to measure industrial green total factor productivity, while the entropy weight method is used to calcu-
late composite scores for the three sub-systems of the new energy industry: innovation, coordination,
and greenness. In Section 3, a two-way fixed effects model is applied to examine the effects of new
energy industry innovation, coordination, and greenness on industrial GTFP. The paper is concluded
in Section 4.

2.1. Research methods.

2.1.1. The CSVF-Malmquist model. Based on the work of Valero-Carreras [22], this paper proposes a
novel method for measuring green total factor productivity. The SVF model presented therein is as
follows:

'S

min - fwl + Cy &
=1

sty —wqﬁgVF(xi) <0, i=1,...,n

(2.1)

WSy p(z:) —yi <e+&, i=1,....n
Witgeosyod < Whigets Vs, Vs;=1;—1, Vj=1,...,m

fizo, i:1,...,n
Then, the CSVF model:
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TaBLE 1. Symbols for Model (2.1)

Symbol Meaning

n The number of Decision Making Units (DMUs) in the learning sample
(training set).

m The dimensionality of the input variables.

i = (a:l(»l), , xgm)) € R The input vector of the i-th DMU, where xz(-j) denotes the value of the i-th
DMU on the j-th input dimension.
yi € Ry The actual output value of the i-th DMU (single-output case).

G A grid defined on the input space R". For each input dimension j (j =
1,...,m), there are k; knots 0 < tgj) < tgj) < e < t,(ci), partitioning
that dimension into k; intervals.

Cu..1,, The unique cell in grid G indexed by (I1,...,l,), defined as Cy, ;,, =
{x e R : tl(f) <zl < tl(f)+1’ j=1,....,m}h
a1, The lower extreme kndt-point of cell Cy,. 4, ie ay. .1, =
(t 1),
by, .1, The upper extreme knot-point of cell Cp,. 4., ie by .4, =
(1) (m)
(41t 41)
d The number of cells per input dimension, which determines the granular-

ity of grid G.
©)

A binary activation function: value 1 when z() > t,°”, and 0 otherwise.

Ly, ., (2) The activation function for cell Cj, ;. , defined as Ly g, (x) =
m j )
[T, B(z) — b ).
Gy () The SVF transformation function, mapping input vector x to a binary vec-
tor. Dimensionis ¢ = ki - ko - - - k.
w The parameter vector of dimension ¢ = kj - ko - - - ky,. Each component
wy,..1,, € R corresponds to a cell in grid G.
& (i=1,...,n) Non-negative slack variables measuring the empirical error of the i-th
DMU.
Wity The cumulative weight, definedas Wy, ;= 2?1:1 e El;l:l Wsy s,
lwl1 The L1 norm of the parameter vector.
CeRy The regularization parameter, balancing the regularization term and the
empirical error term.
ee Ry The e-insensitive margin, defining upper and lower “correcting surfaces”.
y < Z Nyt fsvr(ai,..1,,)
l1=1,....k1
ln=1;....km
D> N Ne? L Vi=1..m
lhi=1,...,k1
7 1 .
Tesve =4 (z,y) e RTH: :
lm=1,....km
> Mg, =1
l1=1,....,k1
ln=1,....km
)\ll A Zoa vzla 7VIm

(2.2)
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TaBLE 2. Symbols for Model (2.2)

Symbol Meaning
Tesvr The convexified production possibility set, satisfying the convexity assumption.
(z,y) € RTH The input-output combination to be tested for membership in the production pos-
sibility set.
aiy..1,, = (tl(ll), . ,t§:>) The lower extreme knot-point of cell Cy, .. 4, in the grid.
al(f ?_‘lm The j-th input-dimension component of the lower extreme knot-point ai, ..., -
fsvr(ai,..1,,) The value of the Model (2.1) step-function estimate at the point ay; .. 1,, -
Ayt 20 Convex combination weights (intensity variables).
Z Ayt =1 The convexity constraint, corresponding to the Variable Returns to Scale (VRS)

assumption.

TaBLE 3. Symbols for Model (2.3)

Symbol  Meaning

K Total number of grid cells = d™ (d partitions, m input dimensions)
ay Lower-left vertex of the k-th cell (input vector)

fSVF(ak) Estimated output at that vertex
Ak Convex-combination weight of the k-th extreme point

Based on the above model, we propose the CSVF-Malmquist model. Compared with previous models, this
model is constructed based on structural risk minimization, exhibiting better generalization ability, stronger ro-
bustness, and more accurate frontier estimation. It can significantly reduce bias and MSE. The model is as follows:

Dt(x!, y!): evaluate period ¢ against its own period-t frontier.

K
SN Flan) = 6yl (23)

A >0, j7=1,....m, i=1,....n

After calculating the data for different periods, the Malmquist model can be used to calculate GTFP. The model
is as follows:

D (i it

EFFCH; = ;
D (xf, ;)
Dt(xitL, yitt Dt(xt, yt
TECH; = - Exl T Yi +)1 X — +§X“fyl)f : (2.4)
D™y ™) DU, )

DI ) Dk )
DG ) DI, )

TFPCH,; = EFFCH; x TECH; = \/
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TaBLE 4. Symbols for Model (2.5)

Symbol Meaning

GTFP;; Green Total Factor Productivity of the Industrial sector
NEIL;¢ New Energy Industry Innovation

CNEIL; Coordination of New Energy Industry

NEIF;, New Energy Industry Foundation

IA;: Industrial Agglomeration
OU;; Level of Opening-up
ER;; Environmental Regulation
Gl; Government Intervention
) Province
t Year
Q; Individual Fixed Effect
Ve Time Fixed Effect

B1,B2,83  Coefficients of new energy industry-related variables
d1,02,03,d4 Coefficients of core explanatory variables
Eit Random Disturbance Term

TaBLE 5. Input-Output Indicator System

Primary Indicator ~ Secondary Indicator ~Meaning Unit
Capital Input Fixed asset investment in the industrial 100 million yuan
Input sector
Energy Input Industrial electricity consumption 100 million kWh
Labor Input Employment in the industrial sector 10,000 persons
Output Desirable Output  Industrial output value 100 million yuan
Undesirable Output Pollution discharge fee 100 million yuan

In our study, for simplicity, we set each grid to a uniform width, as testing all hyperparameter combinations
would be computationally prohibitive. We arbitrarily assigned the following values to each hyperparameter:
C €{0.1,0.5,1,2,5}, e € {0,0.001,0.01,0.1,0.2}, d € {3,6,9,12,15}.

2.1.2. The regression model. In this section, a two-way fixed effects model is used. The model is as follows:

GTFPy = a;+7: +BINEIL; + BoCONEL + B3N ETFy + 611 Ajy + 620U + 03 E Ry + 04G I + €45 (2.5)

2.2. Variable selection and measurement.

2.2.1. Dependent variable. This paper selects the GTFP of the industrial sector as the dependent variable, and the
measurement methods use Model (2.3) and Model (2.4). TF PC H; represents the changes in green total factor
productivity. The index calculated by this method represents the change rate of GTFP in the measured province
relative to the previous year and cannot directly reflect the overall change in GTFP. Therefore, assuming that the
GTFP value in the first year of the study period, 2013, is 1, the GTFP value in subsequent years is equal to the
GTFP value of the previous year multiplied by the Malmquist index of the current year. Panel data of GTFP are
obtained using the cumulative method. This paper constructs the input-output indicator system of green total
factor productivity for 30 provinces in China from 2013 to 2023, as shown in Table 5.

Fixed asset investment is deflated to 2013 constant prices using the fixed asset investment price index; where
this index is unavailable, the CPI is used as a substitute. Output is defined as each province’s industrial output
value minus pollution discharge fee, deflated to 2013 constant prices using the PPI. The output indicators are
consolidated into a single output by subtracting the pollution discharge fee from the industrial output value.
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TaBLE 6. New Energy Industry Indicator System

Primary Indicator Secondary Indicator Tertiary Indicator Description Dir.
. Capital Input R&D expenditure (10,000 yuan) +
NEI Innovation Input Human Capital Input Full-time equivalent of R&D personnel (persons) +
Electricity Demand Total electricity consumption (100 million kWh) +
CNEI Energy Supply and Demand New Energy Power Generation New energy power generatlon (10,000 kWh) +
Coal Supply Coal production (10,000 tons) —
Petroleum Supply Oil supply (10,000 tons) —
Circulation Capacity R'allway Ml'leage Rallwa'y operatu'lg mileage (10,000 km) +
Highway Mileage Highway mileage (10,000 km) +
NEIF . . .
Communication Infra Optical Cable Length Long-distance optical cable route length (10,000 km)  +
' Mobile Phone Facility Mobile telephone exchange capacity (10,000 sub.) +

TaBLE 7. Descriptive Statistics

Variable N  Mean Std.Dev. Min P25  Median P75 Max
GTFP 300 0.9487 0.1157 0.6443 0.8916 0.9709 1.0151 1.3776
NEII 300 0.1925 0.2521 0.0001 0.0354 0.1059 0.2239 1.0001
CNEI 300 0.3072 0.1758 0.0958 0.1675 0.2518 0.3900 0.8332
NEIF 300 0.0915 0.1513 0.0101 0.0488 0.0644 0.0838 0.8969

1A 300 0.0258 0.0391 0.0004 0.0073 0.0153 0.0308 0.2171
ou 300 0.2524 0.2433 0.0076 0.0963 0.1436 0.3209 1.1338
ER 300 0.0028 0.0034 0.0001 0.0010 0.0019 0.0034 0.0310
GI 300 0.2504 0.1015 0.1066 0.1841 0.2259 0.2916 0.6430

2.2.2. Explanatory variable. Following Wang [24], the explanatory variables were divided into three components.
The entropy method was employed to measure the development levels of three types of new energy industries
across 30 provinces from 2013 to 2023. The indicator system is presented in Table 6.

2.2.3. Control variables. This study incorporates Industrial Agglomeration (IA), Level of Opening-up (OU), Envi-
ronmental Regulation (ER), and Government Intervention (GI) as control variables to enhance model robustness.
Specifically: IA is defined as the ratio of employed persons (in ten thousand) to administrative area (in square
kilometers); OU is the ratio of goods import and export value to regional GDP; ER is measured by the ratio of
completed investment in industrial pollution control to industrial value added; Gl is the ratio of fiscal expenditure
to regional GDP.

2.3. Data sources. This study selects panel data from 30 Chinese provinces spanning 2013-2023 as the research
sample. The data are primarily sourced from the China Statistical Yearbook, the China Statistical Yearbook on
Science and Technology, the China Environmental Statistical Yearbook, the China Industrial Statistical Yearbook
(2013-2023 editions), official government websites, provincial statistical yearbooks, the WIND database, the CN-
RDS database, and the EPS database. Individual missing data points are supplemented using interpolation meth-
ods.

Descriptive statistics for each variable are shown in Table 7.

3. EMPIRICAL ANALYSIS

3.1. Baseline regression analysis. Table 8 reports the benchmark regression results. This study employs a two-
way fixed effects model, simultaneously controlling for individual fixed effects and time fixed effects to eliminate
the interference of unobservable individual heterogeneity and time trends. Columns (1) to (3) sequentially add
core explanatory variables to examine the stability of the regression results.

Column (1) includes only NEII and control variables. The regression coefficient for NEII is 0.3116, passing the
10% significance level test, preliminarily indicating a positive impact of NEII on GTFP. Column (2) adds CNEI to
the model. The NEII coefficient increases to 0.4585 and is significant at the 1% level, while CNEI has a coefficient
of 0.5050, also significant at the 1% level. This indicates that controlling for CNEI makes the positive effect of
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TABLE 8. Baseline Regression Results

Variable (1) GTFP  (2) GTFP  (3) GTFP

NEII 0.3116*  0.4585™**  0.4530™**
(0.1597)  (0.1630)  (0.1640)
CNEI 0.5050***  0.5088***
(0.1534)  (0.1540)
NEIF —0.2995
(0.8055)
Controls Yes Yes Yes
Individual FE Yes Yes Yes
Time FE Yes Yes Yes
N 300 300 300

Note: *, **, and *** denote significance at the 10%,
5%, and 1% levels, respectively. Standard errors are
reported in parentheses

NEII on GTFP more robust, and CNEI also significantly promotes GTFP. (3) Adding NEIF to the equation yields
a NEII coefficient of 0.4530 (p < 0.01) and a CNEI coeflicient of 0.5088 (p < 0.01), both highly significant. The
magnitude and direction of these coefficients align with those in column (2), confirming that the core findings
remain unaffected by the inclusion of NEIF. The NEIF coefficient (—0.2995) failed to pass the significance test,
indicating that the impact of NEIF on GTFP remains statistically ambiguous. This demonstrates that both New
Energy Industry Innovation and Coordination of New Energy Industry promote GTFP.

3.2. Endogeneity test. To address potential endogeneity issues such as reverse causality or omitted variables
between the core explanatory variables and the dependent variable, this study employs the two-stage least
squares (2SLS) method for endogeneity treatment. The lagged value of the core explanatory variable is selected as
the instrumental variable. The rationale for this choice is twofold: first, the current explanatory variable exhibits
strong temporal correlation with its lagged value, satisfying the correlation condition for instrumental variables;
second, the lagged variable is unlikely to be affected by the reverse influence of the current dependent variable,
thus meeting the exogeneity condition.

Table 9 reports the 2SLS estimation results. The first-stage regression shows that the coefficient of NEII(¢-1)
on NEII is 0.7177 (p < 0.01), CNEI(¢-1) has a coefficient of 0.8184 (p < 0.01) on CNEI, and NEIF(¢-1) has a
coefficient of 0.5651 (p < 0.01) on NEIF. Each instrumental variable exhibits a significant positive relationship
with its corresponding endogenous variable. Furthermore, the F-statistics for the three first-stage equations were
108.20, 191.31, and 36.02, respectively, all substantially exceeding the empirical critical value of 10. This indicates
no weak instrumental variable problem exists, confirming the validity of the instrumental variable selection.

The second-stage regression results show that the coefficient for NEII is 0.4789, significantly positive at the 5%
level; the coefficient for CNEI is 0.7667, significantly positive at the 1% level. The coefficient for NEIF is —2.3368
but remains insignificant. Overall, these results are consistent with the benchmark regression findings.

3.3. Robustness test. To further validate the reliability of the research conclusions, this study conducted ro-
bustness tests from the following two dimensions, with results presented in Table 10.

(1) Truncation treatment. To eliminate the interference of extreme values on estimation results, all con-
tinuous variables were subjected to truncation (Winsorization) at the 1% and 99% quantiles before re-regression.
The results show that the NEII coefficient remains significantly positive at 0.4247 (p < 0.01), while the CNEI
coefficient is 0.4614 (p < 0.01). Both coefficients are close in magnitude to those from the baseline regression,
indicating that extreme values do not substantially alter the core conclusions.

(2) Excluding samples from exceptional years. Considering the potential abnormal impact of the ex-
ogenous shock from the COVID-19 pandemic in 2020 on economic variables, this study re-estimated the model
after excluding the 2020 samples. The regression results show that the coefficient for NEII is 0.4497 (p < 0.05),
and the coefficient for CNEI is 0.5178 (p < 0.01). The direction and significance of the core variables remain
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TaBLE 9. 2SLS Estimation Results

First Stage Second Stage
Variable NEIT CNEI NEIF 2SLS
NEI(t-1) 07177
(0.0418)
CNEI(t-1) 0.8184***
(0.0363)
NEIF(¢-1) 0.5651***
(0.0552)
NEII 0.4789**
(0.2421)
CNEI 0.7667***
(0.2244)
NEIF —2.3368
(1.5016)
F-statistic 108.20 191.31 36.02
Controls Yes Yes Yes Yes
Individual FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
N 270 270 270 270

Note: Instrumental variables are the one-period lagged values of
NEII, CNEI and NEIF. ¥, **, and *** denote significance at the 10%, 5%,
and 1% levels, respectively. Standard errors are reported in parenthe-
ses

TaBLE 10. Robustness Test Results

Variable (1) Winsorization GTFP  (2) Excluding 2020 GTFP

NEII 0.4247*** 0.4497**
(0.1517) (0.1824)
CNEI 0.4614*** 0.5178***
(0.1442) (0.1629)
NEIF —0.3655 —0.2978
(0.7625) (0.8964)
Controls Yes Yes
Individual FE Yes Yes
Time FE Yes Yes
N 300 270
Note: (1) All variables are winsorized at the 1% level; (2) The year 2020
is excluded from the sample. * ** and *** denote significance at the
10%, 5%, and 1% levels, respectively. Standard errors are reported in
parentheses

fundamentally unchanged, indicating that the research conclusions are not distorted by the pandemic-affected
year.

4. CONCLUSION

Against the backdrop of China’s “carbon peak and carbon neutrality” strategic goals, this study uses panel
data from 30 Chinese provinces spanning 2013-2023 to examine the impact of new energy industry development
on industrial Green Total Factor Productivity (GTFP). This paper proposes the CSVF-Malmquist model, which
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is grounded in structural risk minimization and features better generalization ability and more accurate frontier
estimation than traditional DEA-based methods. Combined with the entropy weight method and a two-way fixed
effects regression framework, the study yields three key findings.

First, New Energy Industry Innovation (NEII) significantly promotes industrial GTFP, with a baseline coef-
ficient of 0.4530 (p < 0.01) and a 2SLS coefficient of 0.4789 (p < 0.05). This confirms that R&D investment
and human capital accumulation in the new energy sector effectively drive green productivity growth. Second,
Coordination of New Energy Industry (CNEI) exerts an even stronger positive effect, with a baseline coefficient
of 0.5088 (p < 0.01) and a 2SLS coefficient of 0.7667 (p < 0.01), indicating that optimizing the coordination
between new energy supply and energy demand is a crucial pathway for enhancing industrial green efficiency.
Third, the New Energy Industry Foundation (NEIF) does not show a statistically significant impact, possibly be-
cause infrastructure development operates as a long-term enabling factor whose effects on green productivity
are indirect and subject to time lags. These results are robust to endogeneity treatment using lagged instrumental
variables, Winsorization at the 1% level, and exclusion of the COVID-19-affected year 2020.

Based on these findings, the study offers the following policy implications: governments should increase
R&D investment in new energy technologies and cultivate innovative talent to strengthen innovation capacity;
efforts should be made to optimize the energy supply structure by accelerating the substitution of fossil energy
with new energy sources and improving the coordination between new energy power generation and electricity
demand; and while infrastructure investment remains essential, policymakers should adopt a patient, sustained
investment strategy given its long-term nature.

This study has certain limitations. The insignificance of the NEIF indicator warrants further investigation using
more granular data or alternative measurement approaches. Future research could explore the heterogeneous
effects across regions or industry sub-sectors, examine potential nonlinear relationships or threshold effects, and
incorporate spatial spillover effects among provinces.
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