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Abstract
As a key low-carbon-oriented transport infrastructure, the opening of high-speed 
rail (HSR) has been widely recognized as a critical enabler to support China’s national 
carbon peaking and carbon neutrality strategic targets. This study employs the 
dynamic network slacks-based measure (DNSBM) framework to estimate urban 
green total factor energy efficiency (GTFEE), accounting for both internal production 
linkages and cross-period production inertia. Our causal identification based on the 
time-varying staggered difference-in-differences (DID) model revealed that HSR 
opening exerts a significant positive impact on urban GTFEE, and this core conclusion 
remained consistent across several robustness checks, including propensity score 
matching DID estimation, counterfactual placebo test, exclusion of concurrent 
policy shocks, and alternative measurement of core variables. Heterogeneity tests 
further indicated that the GTFEE improvement effect of HSR opening is particularly 
pronounced in three subgroups: smart-city pilot cities, high-innovation-level cities, 
and cities with advanced industrial structures. Mediating mechanism analysis 
verified that HSR opening promotes urban low-carbon transformation through three 
core transmission paths: stimulating economic agglomeration, driving industrial 
structure optimization, and enhancing green innovation capacity. Furthermore, 
the Goodman–Bacon decomposition test for heterogeneous treatment effects 
confirmed that the potential estimation bias of staggered DID is negligible in this 
study, further supporting the reliability of our baseline estimation results.
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1. Introduction
China’s decades-long, high-growth model, marked by high energy consumption and 
pollution, has propelled its economic take-off but also made it the world’s largest energy 
consumer and industrial polluter. Against this backdrop, improving green total factor 
energy efficiency (GTFEE) has emerged as a core policy priority to support China’s low-
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carbon transition and high-quality development, covering 
industrial upgrading, energy structure optimization, and 
overall production efficiency enhancement.

As a low-carbon transport infrastructure with the lowest 
per capita energy consumption, high-speed rail (HSR) has 
been increasingly recognized as a critical enabler for green 
development.1 Existing studies have demonstrated that 
HSR can not only directly reduce transport-related carbon 
emissions by replacing high-emission passenger transport 
modes2 but also indirectly drive regional low-carbon 
transformation through factor reallocation, technological 
innovation, and industrial structure adjustment. Against 
the background of the “eight vertical and eight horizontal” 
HSR network construction proposed in the 2016 Medium 
and Long-Term Railway Network Plan, the current study 
attempts to answer two core questions: Can HSR opening 
significantly improve urban GTFEE? If the effect exists, 
what are the underlying transmission mechanisms?

Compared with existing studies, we make three 
marginal contributions: First, we employed a time-
varying staggered difference-in-differences (DID) model 
to identify the causal effect of HSR on GTFEE, providing 
new evidence for evaluating the environmental benefits of 
transport infrastructure. Second, we adopted the dynamic 
network slacks-based measure (DNSBM) model (Section 
A1), incorporating inter-sector link variables and inter-
temporal carry-over variables to measure urban GTFEE, 
thereby improving the accuracy of efficiency measurement 
compared with traditional static methods. Third, we used 
the Goodman–Bacon decomposition to address potential 
estimation bias in staggered DID settings, ensuring the 
robustness of causal identification.

2. Literature review
2.1. Environmental and efficiency effects of high-
speed rail opening

Existing research shows that, on the one hand, the HSR 
opening can promote regional coordinated development3-8 
and improve social fixed asset investment and overall 
national welfare.9-11 On the other hand, there may be a 
negative siphon effect.12 As a core low-carbon transport 
infrastructure, the environmental effects of HSR operation 
have become a research hotspot in transportation and 
environmental economics in recent years. Compared 
with traditional road and air transport, HSR has inherent 
advantages of lower carbon intensity per passenger 
turnover and higher energy efficiency,13 and its large-
scale adoption has been shown to significantly reduce 
emissions of conventional air pollutants and CO2.

14 Song 
et al.1 found that the proportion of railway passenger 
transport is significantly positively correlated with regional 

ecological efficiency, directly verifying the environmental 
dividend of HSR development. Dalkic et al.,2 based on 
Turkish HSR data, also confirmed that HSR reduces fossil 
energy consumption and thus curbs regional carbon 
emissions. From the perspective of indirect mechanisms, 
existing studies have explored two core paths for HSR to 
affect urban environmental performance: First, the factor 
flow effect brought by HSR can reduce the cost of cross-
regional innovation cooperation, driving enterprises to 
improve their energy conservation and emission reduction 
technology levels and achieve cleaner production.15 Second, 
HSR can promote the agglomeration of low-carbon tertiary 
industries, optimize the regional industrial structure, and 
reduce overall energy consumption intensity.16,17

2.2. Measurement and driving factors of green total 
factor energy efficiency

Green total factor energy efficiency is the core explanatory 
variable in this study, and its scientific measurement is the 
premise of accurate causal identification. Early GTFEE 
measurement studies mostly used static data envelopment 
analysis (DEA) models, such as the Charnes–Cooper–
Rhodes and Banker–Charnes–Cooper models, which 
only consider expected outputs and ignore undesirable 
outputs such as pollutant emissions, leading to substantial 
estimation bias.18 To address this limitation, Tone19 
proposed the non-radial slacks-based model–DEA model 
incorporating undesirable outputs, which has become the 
mainstream method for GTFEE measurement in recent 
years. However, these static measurement methods still 
have obvious limitations: they are usually constructed 
under the assumption that input–output correlation 
remains unchanged during the investigation period, 
thereby ignoring the dynamic inter-temporal correlation of 
input factors (e.g., capital stock carry-over) and the internal 
network connections among production activities across 
sectors. The DNSBM model can effectively address this 
problem by introducing link variables to characterize inter-
sector connections and carry-over variables to characterize 
inter-temporal factor transmission, but its application in 
urban-level GTFEE measurement remains very limited. 
In terms of the driving factors of GTFEE, existing studies 
have confirmed that green technology innovation,20-23 
environmental regulatory policies,24,25 industrial structure 
upgrading, and transportation infrastructure are core 
factors affecting urban GTFEE levels.26-31

2.3. Intersectional research gaps between high-
speed rail and green total factor energy efficiency

Sorting through existing literature, it can be seen that 
three key research gaps remain to be filled, directly 
corresponding to the marginal contributions of this study: 
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First, although existing studies have separately discussed 
the environmental effects of HSR opening and the driving 
factors of GTFEE, few studies have included the two into 
a unified causal identification framework. The net effect 
and internal transmission mechanisms of HSR opening on 
urban GTFEE are still unclear. Second, the application of 
dynamic GTFEE measurement methods that account for 
both intra-urban production linkages and inter-temporal 
factor carry-over remains limited, which may lead to bias 
in the evaluation of HSR’s efficiency-improvement effect. 
Third, existing relevant studies mostly use traditional 
staggered DID models for causal identification, without 
accounting for potential estimation bias caused by 
heterogeneous treatment effects in multi-period policy 
settings. In addition, the heterogeneous impact of HSR 
opening on GTFEE of different types of cities has not been 
fully explored. This study aims to systematically address 
the three research gaps outlined above.

3. Theoretical analysis and research hypotheses
3.1. Overall effect of high-speed rail opening on 
urban green total factor energy efficiency

As a disruptive upgrade to the modern transportation 
system, HSR opening fundamentally breaks the 
administrative and spatial barriers to cross-regional factor 
flows.32,33 From the perspective of input–output efficiency 
matching: On the one hand, HSR directly reduces the 
energy consumption intensity of the transport sector by 
replacing high-emission road and air passenger transport, 
and alleviates urban road congestion to reduce additional 
carbon emissions from vehicle idling, which directly 
reduces the undesirable output of the urban production 
system. On the other hand, HSR improves the cross-
regional allocation efficiency of high-end factors such as 
talent, research and development (R&D) capital, and green 
technologies, thereby optimizing the input structure of 
the urban production system and improving the expected 
output level per unit of energy input.34,35 Based on the 
above analysis, we proposed the first research hypothesis:

Hypothesis 1: HSR opening has a significant positive 
promotion effect on urban GTFEE.

3.2. Mediating mechanisms of high-speed rail 
affecting green total factor energy efficiency

3.2.1. Economic agglomeration mediating channel

The time–space compression effect brought by HSR opening 
attracts enterprises, capital, and labor to agglomerate in 
cities along the line, generating a significant scale effect in 
economic activities. For the DNSBM-measured GTFEE, 
this agglomeration effect improves efficiency from two 
aspects: First, the spatial concentration of production 

entities optimizes upstream and downstream industrial 
linkages, reduces resource waste caused by information 
asymmetry, and directly improves the energy efficiency of 
the material production sector. Second, the concentration 
of industrial enterprises reduces the cost of environmental 
supervision for local governments, and the unified 
environmental supervision standard will urge enterprises 
to reduce illegal pollution discharge, thus reducing the 
undesirable carry-over output of the urban system.

3.2.2. Industrial structure optimization mediating 
channel

High-speed rail opening significantly increases cross-city 
passenger flow and drives the agglomeration of high-
value-added tertiary industries (producer services, high-
end commercial services, etc.) with low pollution-emission 
intensity.36 This structural change is directly aligned 
with the inter-sector labor link variable in our DNSBM 
model: the flow of labor from high-energy-consumption 
secondary industries to low-energy-consumption tertiary 
industries optimizes the cross-sector allocation of the core 
link variable, reduces the overall energy consumption 
intensity of the urban industrial system, and thus improves 
GTFEE. 

3.2.3. Innovation-driven mediating channel

The convenient HSR transportation network reduces 
the communication costs of cross-regional innovation 
cooperation and accelerates the spillover of green 
technology and low-carbon management experience. 
These effects directly act on the R&D innovation sector in 
our DNSBM framework: the increase of innovation output 
(invention patents, green technologies, etc.) not only 
improves the expected output of the R&D sector but also 
penetrates the material production sector to promote the 
application of energy-saving technologies, thus realizing 
the overall improvement of GTFEE across departments. 
Based on the above analysis of the three mediating 
mechanisms, we proposed the second research hypothesis:

Hypothesis 2: HSR opening improves urban 
GTFEE through three mediating channels: economic 
agglomeration effect, industrial structure optimization 
effect, and innovation-driven effect.

4. Model construction, variable selection, 
and data source
4.1. Model construction

Building on the aforementioned theoretical mechanism 
analysis, this study adopted the staggered DID model as 
the baseline empirical method to accurately identify the 
net policy effect of HSR opening on GTFEE.
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it it it i t itGTFEE HSR Xα β η µ ϕ ε= + + + + + 	 (1)

For the baseline econometric model (Equation 1), 
the subscript i denotes the prefecture-level city in the 
research sample, and the subscript t corresponds to 
the observation year. The explanatory variable GTFEEit 
measures the GTFEE level for city i in year t, and is 
estimated by the DNSBM model incorporating non-
expected outputs. The core explanatory variable HSRit is 
a dummy variable that characterizes the HSR operation 
status of city i. The estimated coefficient β captures 
the average causal treatment effect of HSR opening on 
urban GTFEE. To alleviate omitted-variable bias caused 
by observable confounding factors, we included a set of 
control variables Xit in the model, specifically covering 
economic development level, urbanization rate, foreign 
direct investment, local government fiscal expenditure 
scale, and urban total factor productivity. To further 
eliminate the interference of unobservable time-invariant 
city characteristics and common macro-shocks that affect 
all cities in the same year, we also controlled for the city 
fixed effect μi and the year fixed effect tϕ  in the model. εit is 
the idiosyncratic error term, which is clustered at the city 
level to adjust for potential heteroskedasticity and serial 
correlation within the same city, satisfying the classical 
econometric assumptions.

4.2. Variable definition and measurement

4.2.1. Explainatory variable: Green total factor energy 
efficiency

This study adopted the DNSBM model to calculate the 
urban GTFEE. This model integrates multi-sector input–
output indicators, inter-temporal carry-over variables, and 
inter-sector free link variables into a unified evaluation 
framework to obtain more accurate dynamic efficiency 
measurement results. The specific indicator systems are 
shown in Figure 1. We developed two parallel modules in 
the DNSBM model framework: the material production 

sector and the R&D innovation sector. For the material 
production sector, total urban energy consumption is 
selected as the core input, and actual GDP, adjusted by the 
price deflator (base year 2000), is the desired output. For the 
R&D innovation sector, local government annual science 
and technology expenditure is used as an innovation 
input, and the number of invention patents granted in the 
current year is used as an innovation output. For cross-
sector connection rules, the total urban labor force is 
treated as a free-link variable connecting the two sectors 
to characterize the free allocation of human resources 
between production and innovation activities. For inter-
temporal carry-over variables capturing the cross-period 
lag effect of production factors, we divided them into two 
categories: (i) Desirable free carry-over variable: urban 
fixed capital stock, calculated by the perpetual inventory 
method with 2000 as the base period; and (ii) Undesirable 
bad carry-over variable: industrial CO2 emissions and 
PM2.5 concentration. For special indicator processing, 
since prefecture-level CO2 emission statistics are not 
publicly available in China, we estimated CO2 emissions 
using calibrated nightlight data and a top-down inversion 
method. For PM2.5 data, in view of the lack of historical 
monitoring data before 2013, we integrated National 
Aeronautics and Space Administration (NASA) satellite 
remote sensing data and national ground monitoring data 
into a two-stage spatial statistical model for correction, 
and matched the results with China’s prefecture-level 
administrative vector boundaries through ArcGIS software 
(10.8, Environmental Systems Research Institute, United 
States of America) to obtain accurate annual average 
PM2.5 concentration data for each sample city. Based on 
the above input, output, carry-over and link variables, we 
substituted all data into the DNSBM model to calculate the 
GTFEE for 265 prefecture-level and above cities in China 
during the study period.

4.2.2. Core independent variable: Urban high-speed 
rail operation

As a landmark upgrade of China’s intercity transportation 

Figure 1. Inter-temporal dynamic change process of urban green total factor energy efficiency (GTFEE)
Abbreviations: GDP: Gross domestic product; R&D: Research and development.
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infrastructure system, the operation of HSR was selected 
as the core policy shock variable in this study. Following 
the standard setting of staggered DID models, we defined 
this variable as a time-varying dummy variable: for sample 
city i, if its first HSR line was officially put into operation 
in year t, the variable HSRit is assigned a value of 1 in year 
t and all subsequent years; otherwise, it is assigned a value 
of 0.

4.2.3. Control variables

To alleviate the potential estimation bias caused by 
observable confounding factors, we selected five city-
level characteristic variables as controls in the baseline 
regression, with specific definitions as follows: 

(i)	 Urban economic development level (Gdp): Measured 
by the natural logarithm of the city’s actual per capita 
gross domestic product (GDP), which is adjusted by 
the provincial consumer price index (base year 2000) 
to eliminate the interference of price fluctuations. 

(ii)	 Urbanization rate (Urbanrate): Calculated as the 
proportion of non-agricultural registered population 
in the total registered population of the city at the end 
of the statistical year. 

(iii)	Foreign direct investment intensity (Fdi): Measured 
by the proportion of the city’s annual actual utilized 
foreign direct investment in the city’s GDP of the same 
year. 

(iv)	 Government fiscal expenditure scale (Gov): Measured 
by the natural logarithm of the local government’s 
annual general public budget expenditure.

(v)	 Urban labor productivity (Pro): Calculated as the ratio 
of the city’s annual actual GDP to the total number of 
employed persons at the end of the year, reflecting the 
per-capita output level of the city’s labor force.

4.3 Data sources and descriptive statistics

All data were collected from three official authoritative 
sources: First, the HSR opening date data of each city 
were manually sorted from the official announcements of 
the National Railway Administration, the annual China 
Railway Statistical Yearbook, and special bulletins on 
railway passenger and freight transport, and cross-checked 
with public authoritative information such as the 12306 
official platform to ensure data accuracy. Second, city-
level macroeconomic data, including GDP, urbanization 
rate, fiscal expenditure, and other control variables, were 
sourced from the China City Statistical Yearbook over the 
sample period, with a small number of missing values filled 
by linear interpolation. Third, the energy consumption data 
required for GTFEE calculation were obtained from the 
annual China Energy Statistical Yearbook. The descriptive 
statistics for all core variables are shown in Table 1.

5. Results and discussion
5.1. Baseline regression results

This study adopted the time-varying staggered DID 
framework, with city- and year-fixed effects, to empirically 
identify the net causal effect of HSR opening on urban 
GTFEE. The specific baseline regression outputs are 
summarized in Table 2. Column (1) presents the estimation 
result, including only the core explanatory variable and 
two-way fixed effects (TWFEs), without adding any control 
variables. The coefficient for the HSR dummy variable 
was significantly positive at the 1% level, preliminarily 
confirming that HSR opening can effectively promote 
improvements in urban GTFEE. Columns (2–6) report the 
regression results as control variables are gradually added, 
while retaining the TWFEs specification. The results 

Table 1. Descriptive statistics of variables

Variable Obs. Mean SD Min. Max.

Green total factor energy efficiency 5,035 0.2759 0.4470 0 1

Urban economic development level 5,035 10.0730 0.8464 4.5951 13.0557

Urbanization rate 5,035 0.4131 0.2255 0.0381 1

Foreign direct investment 5,035 11.3165 2.0918 2.4932 16.8742

Government financial expenditure 5,035 13.4190 1.2480 8.3603 18.2405

Urban productivity 5,035 12.3044 0.7215 8.7073 14.4988

Abbreviation: Obs.: Observation.
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showed that the estimated coefficient of the HSR dummy 
variable remained significantly positive at the 5% level or 
higher, and the coefficient magnitude remained relatively 
stable, indicating that the promotion effect of HSR opening 
on GTFEE is not affected by the inclusion of confounding 
factors. Overall, the baseline regression results consistently 
support the core conclusion that HSR opening has a 
significant positive effect on improving urban GTFEE, 
thereby verifying the validity of our Hypothesis 1.

5.2. Parallel trend test

The core precondition for the validity of the staggered DID 
estimation framework is that the treatment group and 
control group satisfy the parallel trends assumption before 
policy implementation, to ensure that the estimated net 
policy effect is not confounded by pre-existing divergent 
trends between the two groups. Specifically, before the 
opening of HSR, the trend in GTFEE should remain 

largely consistent across cities that later opened HSR (the 
treatment group) and those that did not open HSR during 
the sample period (the control group). To verify whether 
this assumption holds, we adopted the event study method 
to dynamically test the temporal heterogeneity of HSR 
opening’s impact on urban GTFEE and, accordingly, to 
judge the validity of the parallel trend hypothesis. We took 
the year immediately before HSR opening (d_1) as the 
reference base period, where d_k (k = −4, −3, −2, −1, 0, 
1, 2, 3, 4, 5) denotes the dummy variable for the k-th year 
relative to the year of HSR opening.

The parallel trend test results are shown in Figure 2, 
where the solid line connecting the point estimates reflects 
the dynamic marginal effect of HSR opening on GTFEE, 
and the upper and lower dashed lines represent the 90% 
confidence intervals of the estimated coefficients. It can 
be seen from Figure 2 that the estimated coefficients of 

Table 2. Benchmark regression results

Variable
GTFEE

(1) (2) (3) (4) (5) (6)

HSR 0.0119*
(0.0066)

0.0120*
(0.0066)

0.0116*
(0.0065)

0.0115*
(0.0065)

0.0149**
(0.0061)

0.0154**
(0.0062)

Gdp 0.0004
(0.0081)

−0.0002
(0.0082)

0.0006
(0.0082)

0.0088
(0.0085)

0.0052
(0.0083)

Urbanrate 0.0181
(0.0203)

0.0183
(0.0203)

0.0212
(0.0199)

0.0244
(0.0198)

Fdi −0.0013
(0.0015)

0.0003
(0.0014)

0.0001
(0.0014)

Gov −0.0535***
(0.0055)

−0.0541***
(0.0054)

Pro 0.0098
(0.0069)

_cons 0.1402***
(0.0018)

0.1364*
(0.0816)

0.1403***
(0.0018)

0.1417*
(0.0819)

0.7562***
(0.1043)

0.6807***
(0.1230)

City FE Y Y Y Y Y Y

Year FE Y Y Y Y Y Y

n 5,035 5,035 5,035 5,035 5,035 5,035

R2 0.539 0.539 0.539 0.539 0.570 0.570

Notes: Values in parentheses are heteroskedasticity-robust standard errors clustered at the city level. Column (1) includes only the core explanatory 
variable and two-way fixed effects. Columns (2–6) report the regression results as control variables are gradually added, while retaining the two-way 
fixed effects specification. *p < 0.10, **p < 0.05, ***p < 0.01.  
Abbreviations: FE: Fixed effect; GTFEE: Green total factor energy efficiency.
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the relative time dummy variables before HSR opening 
fluctuated around 0, and none of them were statistically 
significant at the 10% level, indicating that there is no 
significant systematic difference in the GTFEE changing 
trend between the treatment group and the control 
group before HSR opening. Therefore, the parallel trend 
assumption required for DID estimation was satisfied in 
this study.

Furthermore, following the approach of Biasi and 
Sarsons,37 we conducted a parallel trend sensitivity 
analysis of the GTFEE enhancement effect of urban 
HSR opening by calculating the maximum deviation 
degree of parallel trends (Mbar; defined as 1 × standard 
error) and the corresponding confidence intervals for the 
processed point estimates. Figure 3 shows the parallel 
trend sensitivity test results for the treatment effect of the 
policy implementation year under constraints on relative 
deviation degree and smoothness. It can be observed that, 
regardless of the constraints, there are confidence intervals 
that do not include zero values, indicating that the impact 
of HSR opening on promoting urban GTFEE improvement 
is robust.

5.3. Robustness test
5.3.1. Propensity score matching–difference-in-

differences test

To mitigate self-selection bias caused by inherent 
differences between HSR-opened cities and non-HSR-
opened cities, and to further improve the robustness of the 
estimation results, we used the propensity score matching–
DID method for re-estimation. Specifically, we first 
treated all the aforementioned city-level control variables 
as matching covariates and used the nearest-neighbor 
matching method with a 1:1 ratio to pair the treatment 
group and control group. Then, we re-estimated the net 
effect of HSR opening on GTFEE using the staggered DID 
model based on the successfully matched samples. The 
regression results are reported in Columns (1–2) of Table 
3. The coefficient of HSR remained significantly positive 
regardless of whether control variables were added, 
consistent with the baseline regression conclusion.

To rule out potential bias caused by the subjective 
setting of matching ratios, we further adjusted the 
nearest-neighbor matching ratio to 1:3 for re-matching 
and regression estimation, with the results presented in 
Columns (3–4). The coefficient for the core explanatory 
variable, HSR, remained significantly positive at the 
5% level. On this basis, we also replaced the nearest-
neighbor matching method with the kernel matching 

Figure 2. Results of the parallel trend test

https://doi.org/10.36922/AJWEP026110068
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method to reconstruct the counterfactual control group 
for robustness testing, and the corresponding estimation 
results are reported in Columns (5–6). Across the three 
specifications above, the estimated coefficients for HSR 
remained consistently positive, fully verifying that the core 
conclusion of this study is not affected by the choice of 
propensity score matching methods and is robust.

5.3.2. Counterfactual placebo test

To rule out the potential confounding effects of unobserved 

time-varying city-level characteristics and random 
estimation errors on the baseline findings, we designed 
a counterfactual placebo test by artificially shifting the 
timing of HSR opening. Specifically, for each city in the 
treatment group, we respectively advanced its actual first 
HSR operation year by 1, 2, 3, and 4 years to construct 
four sets of pseudo-policy shock dummy variables, and 
generated the corresponding interaction terms between 
these pseudo-dummy variables and the treatment group 
indicator. These constructed pseudo-interaction terms 

Figure 3. Sensitivity tests of the parallel trend hypothesis under (A) the constraint of relative deviation degree, and (B) smoothness constraint

Table 3. Robustness test I

Variable

GTFEE

PSM-DID 1:1 PSM-DID 1:3 Nuclear radius matching

(1) (2) (3) (4) (5) (6)

HSR 0.0141**
(0.0067)

0.0172***
(0.0064)

0.0123*
(0.0066)

0.0156**
(0.0062)

0.0125*
(0.0065)

0.0158**
(0.0061)

_cons 0.1416***
(0.0020)

0.6999***
(0.1243)

0.1403***
(0.0018)

0.6760***
(0.1264)

0.1361***
(0.0017)

0.6852***
(0.1285)

Control variables N Y N Y N Y

City FE Y Y Y Y Y Y

Year FE Y Y Y Y Y Y

n 4,743 4,743 4,970 4,970 4,683 4,683

R2 0.540 0.571 0.539 0.570 0.529 0.562

Notes: Values in parentheses are heteroskedasticity-robust standard errors clustered at the city level. Columns (1, 3, 5) are without control variables, 
while Columns (2, 4, 6) are with control variables. *p < 0.10, **p < 0.05, ***p < 0.01.  
Abbreviations: DID: Difference-in-differences; FE: Fixed effect; GTFEE: Green total factor energy efficiency; PSM: Propensity score matching.
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were then included in the baseline TWFEs model for 
re-estimation. The estimation results of the placebo test are 
shown in Columns (1–4) of Table 4. The coefficients of the 
pseudo-HSR variables were not statistically significant at 
the conventional 10% level, showing a pattern completely 
different from the significant positive promotion effect 
captured in the benchmark specification. This result 
confirms that the positive effect of HSR opening on urban 
GTFEE is not driven by pre-existing divergent time trends 
or other unobserved systematic confounding factors, 
further supporting the robustness of the core conclusion.

Table 4. Robustness test Ⅱ

Variables
GTFEE

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

HSR 0.0005
(0.0061)

−0.0050
(0.0056)

−0.0045
(0.0053)

0.0014
(0.0064)

_cons 0.7100***
(0.1237)

0.7078***
(0.1234)

0.7079***
(0.1238)

0.7102***
(0.1237)

Control 
variables Y Y Y Y

City FE Y Y Y Y

Year FE Y Y Y Y

n 5035 5035 5035 5035

R2 0.569 0.569 0.569 0.569

Notes: Values in parentheses are heteroskedasticity-robust standard 
errors clustered at the city level. Columns (1–4) indicate advanced high-
speed rail (HSR) operation by 1, 2, 3, and 4 years, respectively. ***p < 
0.01. 
Abbreviations: FE: Fixed effect; GTFEE: Green total factor energy 
efficiency.

We further conducted permutation tests to distinguish 
the statistical significance and random variability of 
the estimated results. Among them, the null hypothesis 
was that the opening of HSR has no significant impact 
on urban GTFEE, and the policy implementation time 
and experimental group subjects were reset based on 
the randomization method. We randomly assigned 
the implementation timing of pilot policies to various 
prefecture-level cities and established experimental groups 
in each policy pilot city. Drawing on the research method 
of Liu and Lu,38 an indirect placebo test was conducted. 
The estimation coefficient β̂  of HSR can be expressed as:

( )
( )

, |ˆ
|

cov post treat C
var post treat C

ε
β β γ

×
= +

×
	 (2)

where C represents a series of control variables and fixed 
effects included in the baseline regression, γ is used to 
capture the potential impact of unobservable factors on 
urban GTFEE, and β̂  is an unbiased estimator when and 
only when γ = 0. Due to the inability to directly verify 
whether γ is equal to 0, indirect placebo testing was used 
to randomize the implementation time and subjects of the 
pilot policy, resulting in false estimates of β̂ . At this point, 
the actual policy treatment effect is 0. If the estimated β̂  is 
also 0, it can be inferred that γ = 0, and the estimated result 
is unbiased. Using a Monte Carlo simulation, the above 
process was repeated 500 times and 500 distributions 
were plotted, as shown in Figure 4. From the distribution 
chart of the estimated coefficient β̂  and the p-value 
reported in Figure 4, it can be seen that β̂  followed a 
normal distribution centered at 0, and the true estimated 
coefficient values were clearly outliers, indicating that the 
virtual processing effect constructed in this study does 
not exist. Therefore, the regression results in the previous 
section were not caused by unobservable accidental factors, 
which is in line with placebo testing expectations, and the 
benchmark conclusion remains robust.

5.3.3. Endogeneity test

To address potential endogeneity issues, we first used the 
Heckman two-stage model to test for sample self-selection 
bias. Specifically, in the first stage of regression, the Probit 
model was used to calculate the inverse Mills ratio (imr) 
by taking whether the city becomes a location for HSR 
opening as the dependent variable, and incorporating it 
back into the second stage regression equation to address 
potential sample selection bias in the benchmark model. 
According to the empirical test results of the Heckman 
model shown in Column (1) of Table 5, it can be seen 
that the estimation coefficient of HSR was still positively 
significant; that is, after controlling for sample selection 
bias, the positive impact of HSR opening on promoting 
urban GTFEE improvement is still significant.

Secondly, to address potential reverse causality, we 
used the average slope for each city as an instrumental 
variable for HSR opening. The cost of building HSR in 
areas with steep terrain is often higher than in areas with 
lower terrain. Geographical slopes are an important factor 
affecting the cost of HSR construction and meet the relevant 
requirements. Besides, geographic slope is a natural 
condition unaffected by human factors and cannot directly 
affect the GTFEE level of the region, thus meeting the 
exogenous condition. It is cross-sectional data that needs 
to be multiplied by the time trend term to form panel data. 
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Figure 4. Permutation tests

At the same time, considering the consistency of variable 
directions, the reciprocal of the average geographic slope 
was taken and multiplied, and the resulting value was used 
as an instrumental variable for the HSR. The two-stage 
least squares (2SLS) method was used for estimation, and 
the instrumental-variable results are shown in Columns 
(2–3) of Table 5. The results of the first stage showed that 
the instrumental variable (IV) coefficient was significantly 
positive and passed the non-identification test and weak-
identification test. The results of the second stage show 
that the HSR coefficient remained significantly positive, 
indicating that HSR opening significantly improves urban 
GTFEE.

5.3.4. Excluding concurrent policy interference

Urban GTFEE is likely to be simultaneously affected 
by a series of energy conservation and environmental 
governance policies implemented during the sample 
period. To address this concern, we manually identified 
major national policies and exogenous shocks that may 
affect urban energy efficiency during the sample period, 
and controlled for them one by one in the regression. The 
policies included are as follows: 

(i)	 New energy vehicle industry subsidy pilot: Since 2009, 
the Ministry of Finance has jointly launched a financial 

incentive policy for the new energy vehicle industry 
with relevant departments, providing fiscal support 
for R&D, production and end-user consumption 
of new energy vehicles. This policy will promote 
the optimization of the urban passenger transport 
structure and industrial green transformation, thus 
affecting the GTFEE levels of pilot cities. 

(ii)	 Comprehensive demonstration pilot of energy 
conservation and emission reduction fiscal policies: 
In 2011, the Ministry of Finance and the National 
Development and Reform Commission launched 
this pilot policy, focusing on supporting key projects 
including industrial energy efficiency transformation, 
renewable energy application and urban low-carbon 
infrastructure construction, which directly promotes 
the low-carbon transformation process of pilot cities.

(iii)	Construction of national high-tech industrial 
development zones: High-tech zones gather a large 
number of technology-intensive enterprises and R&D 
institutions, which can effectively promote industry–
university–research collaborative innovation and the 
agglomeration of green technology industries, thus 
boosting the development of the urban low-carbon 
economy. 

(iv)	 Low-carbon city pilot policy: The National 
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Development and Reform Commission launched 
the first batch of low-carbon province and city pilot 
projects in 2010. This policy encourages pilot cities 
to independently explore differentiated low-carbon 
development paths, thereby significantly enhancing 
their motivation to pursue low-carbon technology 
innovation and to accelerate the low-carbon 
transformation process. 

(iv)	 2008 global financial crisis shock: The crisis led to a 
sharp tightening of the external financing environment 
for enterprises, especially for cities with a high degree 
of opening up. When enterprises face strong financing 
constraints, they usually cut high-uncertainty R&D 
investments first, which can inhibit the development 
of low-carbon technologies and thus negatively impact 
GTFEE improvement.39

Table 5. Robustness test III

Dependent variable
GTFEE HSR GTFEE

(1) (2) (3)

HSR 0.0150**
(0.0062)

0.0629***
(0.0163)

IV 0.0038***
(0.0012)

imr 0.0559
(0.0483)

_cons 0.5953***
(0.1463)

1.5667***
(0.5291)

0.5257***
(0.0753)

Control variables Y Y Y

City FE Y Y Y

Year FE Y Y Y

Non-identification test 310.106
(<0.01)a

Weak identification test 311.563
(16.38)b

n 5,035 5,016 5,016

R2 0.5444 0.6263 0.5573

Notes: Values in parentheses are heteroskedasticity-robust standard 
errors clustered at the city level. a The corresponding p-value. b The 
critical values at the 10% level. Column (1): Heckman model; Columns 
(2–3): Two-stage least squares model. **p < 0.05, ***p < 0.01.  
Abbreviations: FE: Fixed effect; GTFEE: Green total factor energy 
efficiency; HSR: High-speed rail.

To control for the confounding effects of the concurrent 
events above, we constructed corresponding time-varying 

dummy variables for each policy or shock. For a specific 
event, if city i was affected by the event in year t, the 
corresponding dummy variable was assigned 1; otherwise, 
0. We added these dummy variables individually to the 
baseline regression model for re-estimation, with the 
results reported in Table 6. After controlling for all the 
above concurrent interference factors, the estimated 
coefficient for HSR remained significantly positive at the 
5% level or higher. This indicates that the promotion effect 
of HSR opening on urban GTFEE is not disturbed by other 
concurrent policies or exogenous shocks, and the core 
conclusion remains robust.

5.3.5. Additional robustness checks

We further conducted a series of supplementary robustness 
tests across three dimensions: adjustment of the model 
estimation method, replacement of the measurement of 
the core explanatory variable, and elimination of extreme-
value interference, to ensure the stability of the core 
conclusion. First, considering that the measured value of 
urban GTFEE was distributed in the range [0,1], which is a 
typical left- and right-censored limited dependent variable, 
the baseline fixed-effect model may be biased due to the 
truncated distribution of the explanatory variable. To 
address this concern, we adopted the two-limit panel Tobit 
model as an alternative estimation method to re-estimate 
the baseline specification. The regression result is reported 
in Column (1) in Table 7; it is consistent with the baseline 
conclusion. Second, we adjusted the measurement setting 
for GTFEE in the re-estimation: we replaced the original 
constant returns-to-scale assumption with a variable 
returns-to-scale assumption in the DNSBM efficiency 
measurement framework and recalculated the urban 
GTFEE accordingly. The regression result based on the 
re-measured GTFEE is shown in Column (2), where the 
promotion effect of HSR opening on GTFEE remained 
statistically significant. Furthermore, we adjusted the 
indicator composition of undesirable carry-over variables 
in the DNSBM model: we retained only CO2 and CO2 and 
PM2.5 concentrations as the bad carry-over indicators, 
and recalculated GTFEE under the constant-returns-
to-scale assumption for regression analysis. The results 
are presented in Columns (3–4), and the estimated HSR 
coefficient remained significantly positive. To mitigate 
the interference of extreme outliers in GTFEE on baseline 
estimation results, we adopted two outlier-processing 
methods: bilateral winsorization and bilateral truncation 
on the GTFEE variable at the 5th and 95th percentiles, 
respectively, and then re-ran the baseline regression. The 
results, shown in Columns (5–6), consistently confirm 
that HSR opening significantly improves urban GTFEE. 
Considering that the estimation results of the event study 
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Table 6. Robustness test IV

Variable
GTFEE

(1) (2) (3) (4) (5)

HSR 0.0155**
(0.0060)

0.0151**
(0.0062)

0.0153**
(0.0062)

0.0153**
(0.0062)

0.0125**
(0.0060)

HSR*dum −0.0019
(0.0162)

0.0087
(0.0108)

0.0099*
(0.0059)

0.0039
(0.0099)

0.0536***
(0.0125)

_cons 0.6817***
(0.1243)

0.6816***
(0.1235)

0.6858***
(0.1231)

0.6796***
(0.1231)

0.6032***
(0.1216)

Control variables Y Y Y Y Y

City FE Y Y Y Y Y

Year FE Y Y Y Y Y

n 5,035 5,035 5,035 5,035 5,035

R2 0.570 0.570 0.571 0.570 0.576
Notes: Values in parentheses are heteroskedasticity-robust standard errors clustered at the city level. Column definitions: (1) Controlling for new energy 
vehicle subsidy pilot policy; (2) Controlling for energy conservation and emission reduction fiscal pilot policy; (3) Controlling for national high-tech 
zone construction policy; (4) Controlling for low-carbon city pilot policy; and (5) Controlling for 2008 financial crisis shock. *p < 0.10, **p < 0.05, ***p < 
0.01.  
Abbreviations: FE: Fixed effect; GTFEE: Green total factor energy efficiency.

Table 7. Other robustness tests

Variable
GTFEE

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

HSR 0.0154***
(0.0062)

0.0184***
(0.0056)

0.0182***
(0.0062)

0.0121*
(0.0065)

0.0140***
(0.0047)

0.0134***
(0.0044)

0.0181***
(0.0065)

_cons 0.9391***
(0.1342)

0.5557***
(0.1146)

0.6339***
(0.1299)

0.3722***
(0.1200)

0.6275***
(0.1037)

0.6379***
(0.0992)

0.9873***
(0.1681)

Control 
variables Y Y Y Y Y Y Y

City FE Y Y Y Y Y Y Y

Year FE Y Y Y Y Y Y Y

n 5,035 5,035 5,035 4,240 5,035 4,535 3,051

R2 - 0.530 0.510 0.580 0.598 0.553 0.587

Notes: Values in parentheses are heteroskedasticity-robust standard errors clustered at the city level. Column definitions: (1) Two-limit panel Tobit 
model estimation, addressing the truncated distribution of GTFEE; (2) GTFEE recalculated under variable returns-to-scale assumption; (3) GTFEE 
recalculated with only CO2 as undesirable output; (4) GTFEE recalculated with only CO2 and PM2.5 as undesirable outputs; (5) GTFEE Winsorized at 
the 5th and 95th percentiles to exclude outliers; (6) GTFEE truncated at the 5th and 95th percentiles to exclude outliers; and (7) Robustness test with 
adjusted event study window width. *p < 0.10, ***p < 0.01.  
Abbreviations: FE: Fixed effect; GTFEE: Green total factor energy efficiency.
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method are sensitive to the selection of event windows, this 
study again selected the three phases after the opening of 
the urban HSR as the window width for robustness testing. 
The empirical results are shown in Column (7), indicating 
that the opening of HSR still has a significant effect on 
improving urban GTFEE.

5.4. Heterogeneity analysis

5.4.1. Pilot policies for smart cities

We first conducted the test based on the smart city pilot 
policy attribute. The smart city pilot policy launched in 
2012 in China promotes the deep application of digital 
technology and an intelligent governance model in urban 
operation, improves urban governance efficiency and 
green technology innovation investment, and provides 
a technical and institutional foundation for low-carbon 
transformation. We divided the research samples into 
smart-city pilot cities and non-pilot cities to conduct group 
regression and examine the heterogeneous impact of HSR 
opening on GTFEE. The estimation results are shown in 
Table 8. The promotion effect of HSR opening on GTFEE 
was significantly positive in the smart-city pilot cities, and 
the estimated coefficient was not significant in the non-
pilot cities. The inherent logic of this heterogeneity lies 
in that smart-city construction empowers environmental 
governance efficiency through digital technology and 
builds a collaborative innovation platform for industry–
university–research, providing sufficient capital, talent, 
and policy support for low-carbon technology R&D and 
achievement transformation. The factor flow convenience 
brought by HSR opening can further amplify this policy 
dividend, making the low-carbon promotion effect of HSR 
more prominent in pilot cities. During the construction of 
smart cities, active cooperation with enterprises and social 
parties ensures the supply of capital and knowledge required 
for urban low-carbon development, further strengthening 
the positive promoting effect of HSR opening on GTFEE 
improvement in the smart-city pilot cities.

5.4.2. Urban innovation activity

The development of urban GTFEE is closely related to 
technology, talent, funding, and other factors, and an active 
level of urban innovation can accelerate the emergence of 
new technologies. Therefore, we divided the level of urban 
innovation into two groups: low-innovation-level cities and 
high-innovation-level cities. The heterogeneity test results 
are shown in Table 8, where the estimated HSR coefficient 
was significantly positive only in high-innovation-level 
cities. In areas with higher levels of urban innovation, rapid 
technological iteration is already a characteristic, further 
strengthened by the opening of HSR. Green technology 
innovation enterprises can grow rapidly with the help of 

regional innovation infrastructure, thereby enhancing the 
urban GTFEE.

5.4.3. Differences in initial industrial structure

The higher the degree of upgrading of the urban industrial 
structure, the more solid the local foundation of the digital 
industry, and the easier it is to attract a concentration of 
clean industry and digital high-end talent, which, in turn, 
affects the net effect of urban HSR opening. Based on this, 
we measured the advanced level of local industrial structure 
by calculating the industrial structure hierarchy coefficient 
for each city and further dividing it into two groups: cities 
with low levels of industrial structure and cities with high 
levels of industrial structure. The heterogeneity test results, 
as shown in Table 8, demonstrated that the estimated 
coefficient of HSR was significantly positive only in cities 
with high levels of industrial structure. The possible reason 
is that cities with advanced industrial structures provide a 
more complete introduction, foundation, and application 
scenarios for the agglomeration of clean industries and 
the research and development of low-carbon technologies, 
thereby making the promotion of GTFEE by the opening 
of HSR more significant in the sample of cities with higher 
industrial structure levels.

5.5. Transmission mechanism test 

5.5.1. Measurement of mechanism variables

Several measurements of mechanism variables were 
performed:

(i)	 Economic agglomeration level: We selected output 
density as the proxy variable, which can both reflect 
the economic output scale per unit geographical space 
and accurately capture the agglomeration intensity of 
urban economic activities. Specifically, this indicator 
was calculated as the ratio of the total added value of 
non-agricultural industries to the built-up area of the 
prefecture-level city. 

(ii)	 Industrial structure upgrading: This variable measures 
the dynamic evolution process of the urban industrial 
system from a primary and secondary industry-
dominated structure to a high value-added tertiary 
industry-dominated structure. In this study, the 
measure was the proportion of the tertiary industry’s 
added value in the city’s annual GDP.

(iii)	Urban innovation level: We adopted the urban 
innovation index released in the 2017 China Urban 
and Industrial Innovation Capacity Report40 as the 
proxy variable. This index comprehensively covers 
invention patents, utility model patents, and design 
patents, and assigns different weights according to the 
actual industrialization value of each patent, thereby 
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more accurately reflecting the actual innovation 
output level of prefecture-level cities.

5.5.2. Sobel–Goodman mediation tests

The empirical test results based on the Sobel–Goodman 
mediation effect are shown in Table 9. Column (1) indicates 
that the opening of urban HSR can significantly improve 
urban GTFEE. Column (2) demonstrated that HSR 
opening significantly promoted economic agglomeration 
(Scale) at the 1% level, confirming that the change of 
the mediating variable is driven by the policy shock. In 
Column (3), economic agglomeration had a significant 
positive impact on GTFEE at the 1% level, indicating that 
economic agglomeration significantly promotes urban 
low-carbon transformation. After controlling for economic 
agglomeration, the HSR coefficient decreased from 0.0153 
to 0.0121, and the Sobel–Goodman test confirmed that the 
indirect effect was significant at the 1% level. The mediating 
effect of economic agglomeration accounted for 21.00% of 
the total effect of HSR on GTFEE, indicating that economic 
agglomeration is an important transmission channel for 
HSR to promote urban low-carbon transformation.

Column (4) shows that the HSR opening significantly 

promoted industrial structure (Ind) upgrading at the 1% 
level. The result in Column (5) shows that the industrial 
structure upgrading had a significant positive impact on 
urban GTFEE. After controlling for industrial structure 
upgrading, the HSR coefficient decreased to 0.0149, and 
the Sobel–Goodman test confirmed that the indirect effect 
was marginally significant at the 10% level. The mediating 
effect of industrial structure upgrading accounted for 
2.88% of the total effect, indicating that industrial structure 
upgrading is another transmission channel for HSR to 
promote GTFEE.

The empirical results in Column (6) demonstrate that the 
HSR opening significantly promoted urban technological 
innovation (Innov) at the 1% level. According to the results 
in Column (7), technological innovation had a significant 
positive impact on urban GTFEE at the 1% level. After 
controlling for technological innovation, the HSR 
coefficient decreased to 0.0135, and the Sobel–Goodman 
test confirmed that the indirect effect was significant at the 
1% level. The mediating effect of technological innovation 
accounted for 29.7% of the total effect, making it the most 
important transmission channel for HSR to promote urban 
GTFEE. 

Table 8. Heterogeneity analysis

Variable

GTFEE

Smart-city pilot 
cities

Non-smart-city 
pilot cities

High-innovation-
level cities

Low-innovation-
level cities

Cities with 
high levels 

of industrial 
structure

Cities with 
low levels of 

industrial 
structure

HSR 0.0203**
(0.0079)

0.0087
(0.0102)

0.0185**
(0.0079)

0.0074
(0.0077)

0.0219***
(0.0080)

0.0107
(0.0081)

_con 0.4277**
(0.1777)

0.9468***
(0.1653)

0.6483***
(0.1997)

0.8303***
(0.1386)

0.8930***
(0.1836)

0.6825***
(0.1660)

Control variables Y Y Y Y Y Y

City FE Y Y Y Y Y Y

Year FE Y Y Y Y Y Y

p-value for the inter-
group difference 
coefficient

0.080 0.050 0.050

n 2,869 2,166 1,672 3,363 1,672 3,363

R2 0.602 0.505 0.496 0.591 0.438 0.611

Notes: Values in parentheses are heteroskedasticity-robust standard errors clustered at the city level. The p-value for the inter-group difference coefficient 
was calculated using Fisher’s combination test. **p < 0.05, ***p < 0.01.  
Abbreviations: FE: Fixed effect; GTFEE: Green total factor energy efficiency.
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5.6. Extended analysis: heterogeneous treatment 
effect test

This study employed the time-varying staggered DID 
framework to identify the causal effect of HSR opening on 
urban GTFEE. However, recent econometric studies have 
identified a non-negligible estimation bias in the staggered 
DID setting, namely heterogeneous treatment effects over 
time.41,42 Specifically, when the policy implementation 
timing varies across units, the traditional TWFE estimator 
for staggered DID is essentially a weighted average of 
the estimation coefficients across all possible 2 × 2 DID 
comparison groups. Among these combinations, some 
comparisons treat earlier-treated units as the control group 
for later-treated units, which are referred to as “bad control 
groups” in existing methodological studies. If the policy 
effect presents dynamic heterogeneity with increasing 

treatment duration, such invalid comparisons will lead to 
biased TWFE estimates.

To examine whether the baseline estimation in this 
study is affected by heterogeneous treatment effect bias, 
we used the Goodman–Bacon decomposition method 
to decompose the TWFE estimations from the baseline 
model and calculated the average treatment effect and the 
corresponding weight for each 2 × 2 DID combination 
across different control group categories. The specific 
decomposition results are reported in Table 10. The average 
treatment effect estimated using “never-treated units” as 
the control group was 0.0108, and the average treatment 
effect estimated using “later-treated units” as the control 
group was 0.0130. These two types of “good control group” 
comparisons accounted for 98.16% of the total weight of 
all 2 × 2 DID combinations, and their estimated values 

Table 9. Sobel–Goodman mediation test

Variable
GTFEE Scale GTFEE Ind GTFEE Innov GTFEE

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

HSR 0.0154**
(0.0062)

0.3840***
(0.0497)

0.0121***
(0.0041)

0.3822***
(0.1025)

0.0149***
(0.0062)

0.3168***
(0.0200)

0.0135***
(0.0046)

Scale 0.0084***
(0.0012)

Ind 0.0012***
(0.0006)

Innov 0.0180***
(0.0035)

_cons 0.6807***
(0.1230)

3.0996***
(1.0132)

0.8146***
(0.0837)

14.9887***
(2.0908)

0.7787***
(0.0832)

7.7342***
(0.4229)

0.7019***
(0.0982)

Control variables Y Y Y Y Y Y Y

City FE Y Y Y Y Y Y Y

Year FE Y Y Y Y Y Y Y

Sobel 0.0032***
(5.1840)a

0.0004*
(1.7470)a

0.0057***
(4.8390)a

Goodman−1 
(Aroian)

0.0032***
(5.1600)a

0.0004*
(1.7000)a

0.0057***
(4.8310)a

Indirect effect 0.0032***
(5.1837)a

0.00304*
(1.7468)a

0.0057***
(4.8392)a

Proportion of the 
total effect that is 
mediated

21.00% 2.88% 29.72%

n 5,035 5,033 5,033 5,033 5,033 4,240 4,240

R2 0.570 0.661 0.575 0.384 0.571 0.898 0.626

Notes: Values in parentheses are heteroskedasticity-robust standard errors clustered at the city level. a The corresponding z value. *p < 0.10, **p < 0.05, 
***p < 0.01. 
Abbreviations: FE: Fixed effect; GTFEE: Green total factor energy efficiency.
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were very close to the baseline TWFE estimate of 0.0154, 
indicating that most of the causal variations identified in the 
baseline regression come from valid comparison settings. 
In contrast, the average treatment effect estimated using 
“earlier-treated units” as the control group was 0.2007, but 
this invalid comparison accounted for only 1.84% of the 
total weight, with negligible impact on the overall weighted 
average treatment effect.

Table 10. Goodman–Bacon decomposition

2 × 2-DID control group type ATE Weight (%)

Never received the treatment 0.0108 49.66

Received the treatment later 0.0130 48.50

Received the treatment earlier 0.2007 1.84

Abbreviations: ATE: Average treatment effect; DID: Difference-in-
differences.

To visually present the decomposition results, we 
plotted the coefficient size and corresponding weight 
of each 2 × 2 DID combination in Figure 5. The vertical 
axis represents the estimated coefficient of each 2 × 2 DID 
group, the horizontal axis represents the weight of each 2 
× 2 DID coefficient in the overall TWFE estimator, and 
the horizontal dashed line refers to the weighted average 
of all 2 × 2 DID coefficients, that is, the baseline TWFE 
estimation result. As shown in the figure, the points 
corresponding to the “bad control group” comparisons are 
all located in the far-left area with extremely low weight, 
confirming that their contribution to the overall estimation 
is negligible. Moreover, the estimated coefficient for the 
“bad control group” was also positive, consistent with 
the baseline estimate’s sign, further excluding the risk of 
sign bias from heterogeneous treatment effects. Overall, 
the Goodman–Bacon decomposition results indicate that 
the heterogeneous treatment effect problem is not severe 
in this study, and the baseline TWFE estimates are not 
affected by the staggered DID estimation bias, further 
verifying the robustness of the core conclusion that HSR 
opening significantly improves urban GTFEE.

Figure 5. Goodman–Bacon decomposition results
Abbreviation: DID: Difference-in-differences.
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6. Conclusion
The expansion of China’s HSR network is a core policy 
instrument to support urban low-carbon transition and 
the national “double carbon” strategic targets. This study 
constructs a theoretical framework for the impact of HSR 
opening on urban GTFEE, clarifying three transmission 
mechanisms: economic agglomeration, industrial structure 
upgrading, and green innovation driving. We measured 
GTFEE using the DNSBM model incorporating inter-
temporal link and carry-over variables, and adopted a time-
varying staggered DID model for causal identification. 
The core findings are fourfold: (i) HSR opening exerts a 
significant positive effect on urban GTFEE, which remains 
robust after a series of tests; (ii) Heterogeneity analysis 
shows the promotion effect is more prominent in smart-
city pilot cities, high-innovation-level cities, and cities with 
high levels of industrial structures; (iii) Mechanism tests 
confirm the validity of the three proposed transmission 
paths; and (iv) Goodman–Bacon decomposition shows 
the potential estimation bias of staggered DID is negligible, 
further supporting the robustness of baseline conclusions.

These findings provide three targeted policy implications: 
First, implement region-specific HSR construction policies 
and coordinate green industry guidance, innovation 
subsidies, and environmental assessment tools tailored to 
local resource endowments to unlock the green dividends 
of transport infrastructure. Second, take the HSR opening 
as an opportunity to guide the agglomeration of high-end 
manufacturing, producer services, and green technology 
enterprises along HSR routes, and to build cross-city green 
technology collaborative innovation platforms to accelerate 
low-carbon technology spillover and industrial upgrading. 
Third, optimize the overall HSR network layout, increase 
investment in underdeveloped regions with high low-
carbon transformation potential, remove administrative 
barriers to cross-regional factor flows, and promote deeper 
integration of smart-city construction and HSR operation 
to achieve coordinated regional GTFEE improvement.

Acknowledgments
None.

Funding
The authors gratefully acknowledge the financial support 
from the Project Supported by Scientific Research Fund of 
Zhejiang Provincial Education Department (25096160-F) 
and the Startup Fund for Internal Projects of Zhejiang Sci-
Tech University (25092394-Y).

Conflict of interest
The authors declare they have no competing interests.

Author contributions
Conceptualization: Lan Yu, Chunheng Fu
Formal analysis: Lan Yu, Chunheng Fu, Ting Yu
Methodology: Lan Yu, Ting Yu
Writing–original draft: Chunheng Fu, Ting Yu, Yuntao Wei
Writing–review & editing: Lan Yu, Chunheng Fu, Ting Yu, 

Yuntao Wei

Availability of data
Data may be obtained from the corresponding author 
upon reasonable request.

References
1.	 Song M, Zhang G, Zeng W, Liu J, Fang K. Railway 

Transportation and Environmental Efficiency In 
China. Transp Res D Transp Environ. 2016;48:488-498. 

	 doi: 10.1016/j.trd.2015.07.003

2.	 Dalkic G, Balaban O, Tuydes-Yaman H, Celikkol-Kocak T. 
An Assessment of the CO2 Emissions Reduction in High 
Speed Rail Lines: Two Case Studies from Turkey.  J Clean 
Prod. 2017;165:746-761. 

	 doi: 10.1016/j.jclepro.2017.07.045

3.	 Chen Z, Xue J, Rose AZ, Haynes KE. The Impact of High-
Speed Rail Investment on Economic and Environmental 
Change in China: A Dynamic CGE Analysis. Transp Res A 
Policy Pract. 2016;92:232-245. 

	 doi: 10.1016/j.tra.2016.08.006

4.	 Ke X, Chen H, Hong Y, Hsiao C. Do China’s High-Speed-
Rail Projects Promote Local Economy? New Evidence from 
a Panel Data Approach.  China Econ Rev. 2017;44(3):203-
226. 

	 doi: 10.1016/j.chieco.2017.02.008

5.	 He Y, Lv B, Yu D. How Does Spatial Proximity to the 
High-Speed Railway System Affect Inter-City Market 
Segmentation in China: A Spatial Panel Analysis. Eurasian 
Geogr Econ. 2022;63(1):55-81. 

	 doi: 10.1080/15387216.2020.1828122

6.	 Wang J, Cai S. The Construction of High-Speed Railway and 
Urban Innovation Capacity: Based on the Perspective of 
Knowledge Spillover. China Econ Rev. 2020;63(10):1-20. 

	 doi: 10.1016/j.chieco.2020.101539

7.	 Schloetzer JD. Process Integration and Information Sharing 
in Supply Chains. Account Rev. 2012;87(3):1005-1032. 

	 doi: 10.2308/accr-10216

8.	 Guirao B, Campa JL, Casado-Sanz N. Labour Mobility 
between Cities and Metropolitan Integration: The Role of 
High Speed Rail Commuting in Spain. Cities. 2018;78:140-
154. 

https://doi.org/10.36922/AJWEP026110068
https://doi.org/10.1016/j.trd.2015.07.003
https://doi.org/10.1016/j.trd.2015.07.003
https://doi.org/10.1016/j.jclepro.2017.07.045
https://doi.org/10.1016/j.jclepro.2017.07.045
https://doi.org/10.1016/j.tra.2016.08.006
https://doi.org/10.1016/j.tra.2016.08.006
https://doi.org/10.1016/j.chieco.2017.02.008
https://doi.org/10.1016/j.chieco.2017.02.008
https://doi.org/10.1080/15387216.2020.1828122
https://doi.org/10.1080/15387216.2020.1828122
https://doi.org/10.1016/j.chieco.2020.101539
https://doi.org/10.1016/j.chieco.2020.101539
https://doi.org/10.2308/accr-10216
https://doi.org/10.2308/accr-10216
https://doi.org/10.1016/j.cities.2018.02.008


Asian Journal of Water,Asian Journal of Water,
Environment and PollutionEnvironment and Pollution How HSR opening improves urban GTFEE 

Volume 23 Issue 4 (2026)	 18� doi: 10.36922/AJWEP026110068

	 doi: 10.1016/j.cities.2018.02.008

9.	 Zhang F, Wang F, Ou J, Yao SJ. Role of High-Speed Rail on 
Social Fixed Assets Investments in China. J Chin Econ Bus 
Stud. 2019;17(3):221-244. 

	 doi: 10.1080/14765284.2019.1663697

10.	 Knaap T, Oosterhaven J. Measuring the Welfare Effects of 
Infrastructure: A Simple Spatial Equilibrium Evaluation of 
Dutch Railway Proposals. Res Transp Econ. 2011;31(1):19-
28. 

	 doi: 10.1016/j.retrec.2010.11.004

11.	 Zhou R, Yu Y, Wang Z, Dong L, Luo X. The Spatially 
Differentiated Impact of High-Speed Railway on 
Accessibility and Socio-Economic Development of 
Developing Regions: A Study in Southwest China. Socioecon 
Plann Sci. 2024;95:102037. 

	 doi: 10.1016/j.seps.2024.102037

12.	 Hall P. Magic Carpets and Seamless Webs: Opportunities 
and Constraints for High-Speed Trains in Europe.  Built 
Environ. 2009;35(1):59-69. 

	 doi: 10.2148/benv.35.1.59

13.	 Yue Y, Wang T, Liang S, et al. Life Cycle Assessment of 
High Speed Rail in China.  Transp Res D Transp Environ. 
2015;41:367-376. 

	 doi: 10.1016/j.trd.2015.10.005

14.	 Lin Y, Qin Y, Wu J, Xu M. Impact of High-Speed Rail on 
Road Traffic and Greenhouse Gas Emissions.  Nat Clim 
Change. 2021;11:952-957. 

	 doi: 10.1038/s41558-021-01190-8

15.	 Wang X, Xie Z, Zhang XB, Huang YP. Roads to Innovation: 
Firm-Level Evidence from People’s Republic of China 
(PRC). China Econ Rev. 2018;49:154-170. 

	 doi: 10.1016/j.chieco.2017.12.012

16.	 Guo H, Chen C, Dong X, Jiang C. The Evolution of Transport 
Networks and the Regional Water Environment: The Case of 
Chinese High-Speed Rail. Reg Stud. 2021;55(6):1084-1110. 

	 doi: 10.1080/00343404.2020.1862783

17.	 Luo Z, Wan GH, Wang C, Zhang X. Urban Pollution and 
Road Infrastructure: A Case Study of China.  China Econ 
Rev. 2018;49:171-183. 

	 doi: 10.1016/j.chieco.2017.04.008

18.	 Banker RD, Charnes A, Cooper WW. Some Models for 
Estimating Technical and Scale Inefficiencies in Data 
Envelopment Analysis. Manage Sci. 1984;30(9):1078-1092. 

	 doi: 10.1287/mnsc.30.9.1078

19.	 Tone K. A Slacks-Based Measure of Efficiency in Data 
Envelopment Analysis. Eur J Oper Res. 2001;130(3):498-509. 

	 doi: 10.1016/S0377-2217(99)00407-5

20.	 Yang J, Xiong G, Shi D. Innovation and Sustainable: Can 
Innovative City Improve Energy Efficiency?  Sustain Cities 
Soc. 2022;80:103761. 

	 doi: 10.1016/j.scs.2022.103761

21.	 Stucki T. Which Firms Benefit from Investments in Green 
Energy Technologies? The Effect of Energy Costs. Res Policy. 
2019;48(3):546-555. 

	 doi: 10.1016/j.respol.2018.09.010

22.	 Wu H, Han MY. Technology-Driven Energy Revolution: 
The Impact of Digital Technology on Energy Efficiency and 
Its Mechanism. Front Energy Res. 2023;11:1242580. 

	 doi: 10.3389/fenrg.2023.1242580

23.	 Peng H, Lu Y, Wang Q. How Does Heterogeneous Industrial 
Agglomeration Affect the Total Factor Energy Efficiency of 
China’s Digital Economy. Energy. 2023;268:126654. 

	 doi: 10.1016/j.energy.2023.126654

24.	 Yu YT, Zhang N. Does Smart City Policy Improve Energy 
Efficiency? Evidence from a Quasi-Natural Experiment in 
China. J Clean Prod. 2019;229:501-512. 

	 doi: 10.1016/j.jclepro.2019.04.316

25.	 Cheng J, Yi J, Dai S, Xiong Y. Can Low-Carbon City 
Construction Facilitate Green Growth? Evidence from 
China’s Pilot Low-Carbon City Initiative.  J Clean Prod. 
2019;231:1158-1170. 

	 doi: 10.1016/j.jclepro.2019.05.327

26.	 Wang Z, Feng C, Zhang B. An Empirical Analysis of 
China’s Energy Efficiency from Both Static and Dynamic 
Perspectives. Energy. 2014;74:322-330. 

	 doi: 10.1016/j.energy.2014.06.082

27.	 Zhu M, Han Z. Industrial Upgrading, Total Factor Energy 
Efficiency and Regional Carbon Emission Reduction in 
China. J Resour Ecol. 2023;14(3):445-453. 

	 doi: 10.5814/j.issn.1674-764x.2023.03.002

28.	 Yu B. Urban Spatial Structure and Total-Factor Energy 
Efficiency in Chinese Provinces. Ecol Indic. 2021;126:107662. 

	 doi: 10.1016/j.ecolind.2021.107662

29.	 Chen Y, Lin B. Understanding the Green Total Factor 
Energy Efficiency Gap Between Regional Manufacturing-
Insight from Infrastructure Development.  Energy. 
2021;237(3):121553. 

	 doi: 10.1016/j.energy.2021.121553

30.	 Zhang BB, Yu L, Sun CW. How Does Urban Environmental 
Legislation Guide the Green Transition of Enterprises? 
Based on the Perspective of Enterprises’ Green Total Factor 
Productivity. Energy Econ. 2022;110:106032. 

	 doi: 10.1016/j.eneco.2022.106032

31.	 Zhang BB, Yu L, Sun CW. How do the National Eco-

https://doi.org/10.36922/AJWEP026110068
https://doi.org/10.1016/j.cities.2018.02.008
https://doi.org/10.1080/14765284.2019.1663697
https://doi.org/10.1080/14765284.2019.1663697
https://doi.org/10.1016/j.retrec.2010.11.004
https://doi.org/10.1016/j.retrec.2010.11.004
https://doi.org/10.1016/j.seps.2024.102037
https://doi.org/10.1016/j.seps.2024.102037
https://doi.org/10.2148/benv.35.1.59
https://doi.org/10.2148/benv.35.1.59
https://doi.org/10.1016/j.trd.2015.10.005
https://doi.org/10.1016/j.trd.2015.10.005
https://doi.org/10.1038/s41558-021-01190-8
https://doi.org/10.1038/s41558-021-01190-8
https://doi.org/10.1016/j.chieco.2017.12.012
https://doi.org/10.1016/j.chieco.2017.12.012
https://doi.org/10.1080/00343404.2020.1862783
https://doi.org/10.1080/00343404.2020.1862783
https://doi.org/10.1016/j.chieco.2017.04.008
https://doi.org/10.1016/j.chieco.2017.04.008
https://doi.org/10.1287/mnsc.30.9.1078
https://doi.org/10.1287/mnsc.30.9.1078
https://doi.org/10.1016/S0377-2217(99)00407-5
https://doi.org/10.1016/S0377-2217(99)00407-5
https://doi.org/10.1016/j.scs.2022.103761
https://doi.org/10.1016/j.scs.2022.103761
https://doi.org/10.1016/j.respol.2018.09.010
https://doi.org/10.1016/j.respol.2018.09.010
https://doi.org/10.3389/fenrg.2023.1242580
https://doi.org/10.3389/fenrg.2023.1242580
https://doi.org/10.1016/j.energy.2023.126654
https://doi.org/10.1016/j.energy.2023.126654
https://doi.org/10.1016/j.jclepro.2019.04.316
https://doi.org/10.1016/j.jclepro.2019.04.316
https://doi.org/10.1016/j.jclepro.2019.05.327
https://doi.org/10.1016/j.jclepro.2019.05.327
https://doi.org/10.1016/j.energy.2014.06.082
https://doi.org/10.1016/j.energy.2014.06.082
https://doi.org/10.5814/j.issn.1674-764x.2023.03.002
https://doi.org/10.5814/j.issn.1674-764x.2023.03.002
https://doi.org/10.1016/j.ecolind.2021.107662
https://doi.org/10.1016/j.ecolind.2021.107662
https://doi.org/10.1016/j.energy.2021.121553
https://doi.org/10.1016/j.energy.2021.121553
https://doi.org/10.1016/j.eneco.2022.106032
https://doi.org/10.1016/j.eneco.2022.106032


Asian Journal of Water,Asian Journal of Water,
Environment and PollutionEnvironment and Pollution How HSR opening improves urban GTFEE 

Volume 23 Issue 4 (2026)	 19� doi: 10.36922/AJWEP026110068

Industrial Demonstration Parks Affect Urban Total 
Factor Energy Efficiency? Evidence from a Quasi-Natural 
Experiment. Energy Econ. 2023;126:107018. 

	 doi: 10.1016/j.eneco.2023.107018

32.	 Chen Z, Haynes KE. Impact of High Speed Rail on Housing 
Values: An Observation from the Beijing-Shanghai Line.  J 
Transp Geogr. 2015;43:91-100. 

	 doi: 10.1016/j.jtrangeo.2015.01.012

33.	 Huang Y, Wang Y. How Does High-Speed Railway Affect 
Green Innovation Efficiency? A Perspective of Innovation 
Factor Mobility. J Clean Prod. 2020;265:121623. 

	 doi: 10.1016/j.jclepro.2020.121623

34.	 Dong X, Zheng S, Kahn ME. The Role of Transportation 
Speed in Facilitating High Skilled Teamwork Across Cities. J 
Urban Econ. 2020;115:103212. 

	 doi: 10.1016/j.jue.2019.103212

35.	 Shaw SL, Fang ZX, Lu SW, Tao R. Impacts of High Speed 
Rail on Railroad Network Accessibility in China.  J Transp 
Geogr. 2014;40:112-122. 

	 doi: 10.1016/j.jtrangeo.2014.03.010

36.	 Shao S, Tian Z, Yang L. High Speed Rail and Urban Service 
Industry Agglomeration: Evidence from China’s Yangtze 
River Delta Region. J Transp Geogr. 2017;64:174-183. 

	 doi: 10.1016/j.jtrangeo.2017.08.019

37.	 Biasi B, Sarsons H. Flexible Wages, Bargaining, and the 

Gender Gap. Q J Econ. 2022;137(1):215-266. 

	 doi: 10.1093/qje/qjab026

38.	 Liu Q, Lu Y. Firm Investment and Exporting: Evidence from 
China’s Value-Added Tax Reform. J Int Econ. 2015;97(2):392-
403. 

	 doi: 10.1016/j.jinteco.2015.07.003

39.	 Yu L, Zhang BB, Yan ZJ, Cao LJ. How Do Financing 
Constraints Enhance Pollutant Emissions Intensity at 
Enterprises? Evidence from Microscopic Data at the 
Enterprise Level in China.  Environ Impact Assess Rev. 
2022;96:106811. 

	 doi: 10.1016/j.eiar.2022.106811

40.	 Institute of Scientific and Technical Information of China, 
National School of Development, Peking University.  2017 
China Urban and Industrial Innovation Capacity Report. 
Beijing, China: Scientific and Technical Documentation 
Press; 2017.

41.	 Goodman-Bacon A. Difference-in-differences with 
Variation in Treatment Timing. J Econom. 2021;225(2):254-
277. 

	 doi: 10.1016/j.jeconom.2021.03.014

42.	 Sun L, Abraham S. Estimating Dynamic Treatment Effects 
in Event Studies with Heterogeneous Treatment Effects.  J 
Econom. 2021;225(2):175-199. 

	 doi: 10.1016/j.jeconom.2020.09.006

https://doi.org/10.36922/AJWEP026110068
https://doi.org/10.1016/j.eneco.2023.107018
https://doi.org/10.1016/j.eneco.2023.107018
https://doi.org/10.1016/j.jtrangeo.2015.01.012
https://doi.org/10.1016/j.jtrangeo.2015.01.012
https://doi.org/10.1016/j.jclepro.2020.121623
https://doi.org/10.1016/j.jclepro.2020.121623
https://doi.org/10.1016/j.jue.2019.103212
https://doi.org/10.1016/j.jue.2019.103212
https://doi.org/10.1016/j.jtrangeo.2014.03.010
https://doi.org/10.1016/j.jtrangeo.2014.03.010
https://doi.org/10.1016/j.jtrangeo.2017.08.019
https://doi.org/10.1016/j.jtrangeo.2017.08.019
https://doi.org/10.1093/qje/qjab026
https://doi.org/10.1093/qje/qjab026
https://doi.org/10.1016/j.jinteco.2015.07.003
https://doi.org/10.1016/j.jinteco.2015.07.003
https://doi.org/10.1016/j.eiar.2022.106811
https://doi.org/10.1016/j.eiar.2022.106811
https://doi.org/10.1016/j.jeconom.2021.03.014
https://doi.org/10.1016/j.jeconom.2021.03.014
https://doi.org/10.1016/j.jeconom.2020.09.006
https://doi.org/10.1016/j.jeconom.2020.09.006


Asian Journal of Water,Asian Journal of Water,
Environment and PollutionEnvironment and Pollution How HSR opening improves urban GTFEE 

Volume 23 Issue 4 (2026)	 20� doi: 10.36922/AJWEP026110068

Appendix 
A1. The mathematical formula of the dynamic network slacks-based measure model

For the dynamic network slacks-based measure (DNSBM) model employed in this study, we assume a total of n decision-
making units (DMUs), each corresponding to a prefecture-level city in our sample. Each DMU contains K internal sectors 
(sub-DMUs), and the analysis covers T time periods. In each period, assuming that the number of input and output factors 
in department k is km  and kr , respectively, representing the connecting variables between department k and department 
h, and the number of connecting variables is khL ( )1,..., khl L= , ( ), 1

l

t t
jkz +

 
representing the cross-period correlation of input 

factors in department k from the previous period to the current period and even the next period, where the number of 
cross-period variables is kL . The production, research, and development activities of various sectors within the economy 
and neighboring economies across different periods are linked through connecting and inter-temporal variables.

We construct a balanced panel covering T periods for efficiency estimation. Consistent with our theoretical framework, 
each DMU is set to include two parallel sectors: a material production sector and a research and development (R&D) 
innovation sector. For the material production sector, we include total urban energy consumption as a current-period input 
indicator and real gross domestic product (GDP) as the desirable output indicator. Capital stock is set as a free carry-over 
variable, given its ambiguous and lagged impact on energy efficiency and pollution abatement. Undesirable by-products 
of production (including CO2 and SO2 emissions) are set as bad carry-over variables, as these pollutants are long-lasting 
and cannot be naturally degraded in the short term. For the R&D innovation sector, annual local government science and 
technology expenditure is set as the input indicator, and the total number of invention patents granted is set as the desirable 
output indicator. Total urban employment is set as a free-link variable that can be allocated freely between the material 
production and R&D innovation sectors.

We define t
ijkx  as the i-th input factor of sector k in DMUj in period t; t

rjky  as the r-th output factor of sector k in 
DMUj in period t; ( )l

t
j khz  as the link variable flowing from sector k to sector h in DMUj in period t; and ( ), 1

l

t t
jkz +  as the car-

ry-over variable of sector k in DMUj transmitted from period t to period t+1, where kL  denotes the number of carry-over 
variables in sector k. The production possibility set 

( )
( )( ){ }, 1, , ,
k

t tt t t t
k k ikhP X Y Z Z += ( )1,...,t T=  

is defined as follows:

( )1
, ;nt t t

k jk jkj
x x k tλ

=
≥ ∀ ∀∑  (A1)

( )1
, ;nt t t

k k jkj
y y k tλ

=
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(A2)
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, ;nt t t

jkkh j khj
z z kh tλ

=
= ∀ ∀∑  (A3)
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, ;nt t t
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( ) ( ) ( ), 1 , 1
1

, ; ; 1,..., 1
k k

nt t t t t
l jl jk kj

z z l k t Tλ+ +

=
= ∀ ∀ = −∑  (A5)

( ) ( ) ( ), 1 , 1 1
1

, ; ; 1,..., 1
k k

nt t t t t
l jl jk kj

z z l k t Tλ+ + +
=

= ∀ ∀ = −∑  (A6)

( ) ( )1
1, ; ; 0, ; ;n t t

jk jkj
k t j k tλ λ

=
= ∀ ∀ ≥ ∀ ∀ ∀∑  (A7)

where t
jkλ  denotes the weight vector for sector k of DMUj in period t. For the target DMUo under evaluation, the production 

constraints can be specified as:

( ), ;t t t t
ok k k kox X s k tλ −= + ∀ ∀  (A8)

https://doi.org/10.36922/AJWEP026110068


Asian Journal of Water,Asian Journal of Water,
Environment and PollutionEnvironment and Pollution How HSR opening improves urban GTFEE 

Volume 23 Issue 4 (2026)	 21� doi: 10.36922/AJWEP026110068

( ), ;t t t t
ok k k koy Y s k tλ += − ∀ ∀

 
(A9)

( )1 ,t
ke k tλ = ∀ ∀

 
(A10)

( )0, 0, 0, ;t t t
k ko kos s k tλ − +≥ ≥ ≥ ∀ ∀

 (A11)

where ( )1 ,...,t t t
k k nkX X X=  and ( )1 ,...,t t t

k k nkY Y Y=  denote the input and output matrices, respectively; t
kos −  and t

kos +  denote the 
input slack (representing redundant inputs) and output slack (representing insufficient outputs) for DMUo, respectively.

The setting of link variables and carry-over variables is the core feature of the DNSBM model. For free link variables that 
can be optimally allocated across sectors, the linkage constraint is specified as:

( ) ( ) ( )( ), ,t t t t
h kkh free kh freeZ Z k h free tλ λ= ∀ ∀ (A12)

In Equation A12, ( ) ( ) ( )( ) ( )
1 ,..., kh freeL nt t t

kh free kh free n kh freeZ z z R ×
= ∈

. 
The values of link variables can be freely adjusted according to 

the optimal allocation of cross-sector factors. The corresponding slack constraint for free-link variables is:

( ) ( ) ( )
t t t t

ko kh free kh free o kh freez Z sλ= + (A13)

where ( )
khLt

o kh frees R∈  denotes the slack of the free link variable between sector k and sector h for DMUo. For carry-over 
variables transmitting across adjacent periods, the inter-temporal constraint is specified as:

( ) ( ) ( ), 1 , 1 1
1 1

, , 1,..., 1
l l

n nt t t tt t
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= =
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In Equation A14, α  represents two types of carry-over output relationships: bad and free. This constraint makes the 
economic activities in period t closely linked to those in period t + 1. For various carry-over variables, the production 
constraints are:

( ) ( ) ( ) ( ), 1 , 1 , 1
1
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l l l

nt t t t t tt
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1
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l l l

nt t t t t tt
ok free jk free jk ok free l kj

z z s k nfree k K t Tλ+ + +

=
= + = = =∑ (A16)

where ( ), 1
l

t t
ok bads +  and ( ), 1

l

t t
ok frees +  denote the slack of bad carry-over variables and free carry-over variables, respectively; knbad  and 

knfree  denote the number of bad carry-over variables and free carry-over variables in sector k, respectively. The definitions 
of core notations in the DNSBM model are summarized in Table A1.

We adopt the non-radial efficiency estimation framework (combining input-oriented and output-oriented adjustments) 
to calculate GTFEE. The overall efficiency of DMUo is estimated by solving the following optimization problem:
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where 
tW  denotes the weight of period t, and kw  denotes the weight of sector k, satisfying 1

1T t
t

W
=

=∑ ， 1
1K k

k
w

=
=∑ ，

0tW ≥ ， 0kw ≥ . The period-specific efficiency and sector-specific efficiency can be further derived as:
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Based on Equations A17–A19, by solving the optimal set, the non-radial optimal efficiency is defined as:
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If the optimal solution satisfies 1t
okρ ∗ = , the DMU is deemed overall efficient under the non-radial framework, with all 

slacks equal to 0t
ioks − =  ， 0t

roks + = ， ( ) 0
l

t
o kh frees = ， ( ), 1 0

l

t t
ok bads + = ， ( ), 1 0

l

t t
ok frees + = . Similarly, if 1t

oρ
∗ = , the DMU is efficient in 

period t; if 1okρ∗ = , the DMU is efficient in sector k. An overall efficient DMU is necessarily efficient in all periods and all 
sectors.

Table A1. Symbols and meanings of the dynamic network slacks-based measure model

Variable Category Notation Definition

Input variable
t
ijkx i-th input of sector k in DMUj in period t

Output variable t
ijky r-th input of sector k in DMUj in period t

Link variable ( )
t
j kh lz link variable from sector k to sector h in DMUj in period t

Carry-over variable ( ), 1t t
jklz + carry-over variable of sector k in DMUj from period t to t+1

Weight
t
jkλ weight of sector k in DMUj in period t

Input slack
t
ioks −

i-th input slack of sector k in DMUo in period t

Output slack t
roks + r-th output slack of sector k in DMUo in period t

Link slack ( )l
t
o khs α slack of link variable between sector k and h in DMUo in period t

Carry-over slack
( ), 1

l

t t
oks α

+
slack of carry-over variable of sector k from period t to t + 1
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