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The notable rise in carbon emissions has profoundly affected humanity’s sustainable development. 
Achieving the "dual-carbon" goal requires understanding how enterprises can effectively reduce 
their carbon footprint. To elucidate the dynamic correlation of environmental regulation, corporate 
technological innovation, and corporate carbon emissions, this study employs a Panel Vector 
Autoregression model to analyze data from listed firms between 2005 and 2021, using GMM 
regression, impulse response analysis, and variance decomposition. The key findings are: (1) 
Environmental regulation, corporate technological innovation, and corporate carbon emissions 
exhibit self-reinforcing mechanisms, though the effect weakens over time. (2) Environmental 
regulation reduces corporate carbon emissions significantly, and this effect is partially mediated 
through corporate technological innovation. (3) A bidirectional relationship exists between corporate 
technological innovation and corporate carbon emissions, where corporate technological innovation 
has a stronger positive effect on reducing corporate carbon emissions. (4) Environmental regulation 
promotes corporate technological innovation, while corporate technological innovation gradually 
mitigates the stringency of environmental regulation. The findings herein offer actionable insights 
for enterprises to adopt cleaner production strategies and offer a scientific basis for policymakers to 
enhance environmental regulations in pursuit of a low-carbon economy.
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Global warming is a widely recognized issue on a worldwide scale1,2. To address this challenge, governments and 
organizations have taken measures to alleviate and postpone environmental deterioration3. The Paris Agreement 
of 2015, adopted by 178 nations, creates a durable framework for global endeavors to cope with the issue of 
climate change4. Recognized as a prominent global manufacturing hub, China has made significant strides in 
enhancing its industrial chain and expanding its manufacturing processing capacity. Still, this progress has 
resulted in accelerated carbon emissions (CE), and based on the data from the Global Carbon Atlas (GCA), 
China’s cumulative carbon dioxide (CO2) emissions experienced a significant increase from 799 million metric 
tons (Mt) in 1963 to 11,903 Mt in 2023 for a substantial growth of 1,390%, positioning the nation as the leading 
emitter globally. It can be seen that the alignment between its economic development and environmental 
capability is inadequate5. As a responsible emerging nation, China declared during the 75th session of the United 
Nations General Assembly in 2020 its commitment to accomplish the “dual carbon” goal by 2030 and 2060, as 
outlined in Objective 3060.

Tanthanongsakkun et al.6 emphasized that corporations contribute significantly to global greenhouse gas 
emissions. As shown on the "Carbon Emission Ranking of Listed Companies in China (2024)", CE from listed 
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companies in China for 2023 will amount to approximately 5.161 billion tons, representing a share of about 
41% of the overall emissions. It’s well-documented that significant CE may jeopardize a company’s value7. To 
effectively tackle global warming, enterprises that serve as the primary drivers of economic activities need to 
reduce their emissions8. Chen et al.9 and Chen10 both pointed out that as stakeholders in carbon emission 
reductions and trading, firms are pivotal in advancing a low-carbon economy. Of the many means of reducing 
emissions, technological innovation (TI) presents a significant potential for companies11, which cuts CE by 
tackling resource and environment limitations.

According to Dwivedi et al.12, technology is pivotal in achieving net-zero emissions globally. Green 
technology innovations can optimize energy efficiency and boost profits13. Chang et al.4 assert that implementing 
green technology innovation constitutes an effective strategy to mitigate environmental damage. They further 
emphasize the significance of governmental intervention in augmenting the efficacy of TI. One explanation 
for this phenomenon is that corporate environmental governance behavior generates positive externalities. 
Despite incurring significant governance costs, corporations can’t reap the benefits independently. As a result, 
corporations are inclined to prioritize profit over environmental benefits without constraints14. Alternatively, they 
may engage in some “greenwashing” activities15, which refers to the deliberate exaggeration or misrepresentation 
of environmental behavior by companies16. Therefore, the environmental regulation (ER) is essential.

Based on that, the current paper believes a strong link exists between ER, corporate technological innovation 
(CTI), and corporate carbon emissions (CCE). Therefore, this study employed the Panel Vector Autoregression 
(PVAR) model with GMM regression to examine the static correlations of them. It subsequently investigates 
the dynamic correlations via the impulse response model. After that, we ultimately assess the contribution of 
various disturbances to the fluctuations of core variables through variance decomposition. The elucidation of the 
interconnections among the three factors is essential for improving business competitiveness, meeting national 
carbon emission reductions goals, and promoting sustainable human development.

In contrast to the related literature, the present research contributes in the following areas. (1) The assessment 
of ER involves word division processing using R software, which is founded on the text analysis approach of local 
Government Work Reports. The level of regulation is then measured by counting the frequency of environmental 
protection-related words. Compared to unitary indicators such as the ecological investment ratio and traditional 
pollution control costs, the Government Work Report can provide an objective and comprehensive response 
to the regional regulatory level, mitigating the endogeneity issue with traditional measurement indicators. (2) 
This study uses the PVAR model to confirm the Interaction between ER, CTI and CCE. Most current research 
assesses the unidirectional association between the two variables instead of the interactive effect of the three, 
potentially resulting in cognitive bias. (3) China is a developing economy, and synergistic development of the 
environment and economy is critical. Consequently, Chinese scholars have undertaken extensive research into 
CE. Nonetheless, most focus on the meso-level, utilizing provincial panel data as observational samples to 
analyze the determinants affecting the economic effects of CO2 emissions, rarely investigated from the company 
perspective.

The following parts of the paper are structured as outlined below. Section "Literature review" presents the 
notion of core variables, literature review, and theoretical mechanism. Section "Methodology" delineates the 
approach, variables, and the data selection process. Section "Empirical analysis" displays the empirical findings. 
Section "Conclusions" offers a thorough summary of the conclusions. Section "Policy recommendations and 
future directions" presents the policy recommendations and future directions.

Literature review
Environmental regulation and corporate carbon emissions
ER refers to the limits imposed by the government on environmental stakeholders, serving as a sort of social 
regulation that mitigates polluting behaviors through prohibitions, environmental levies, and subsidies for 
clean energy, with the aim of achieving integrated economic and environmental development. The majority of 
research on the effect of ER on CE targets the meso-level, which can be categorized into the following views.

Some scholars believe that ER could effectively monitor the environment17, constrain the polluting behavior 
of enterprises18, and create a "back-forced emission reduction." Kou et al.19 propose that informal-ER will 
mitigate corruption, thereby decreasing CO2 emissions. Gu et al.20 examine prefecture-level cities in China and 
assert that carbon market policy, as a kind of environmental management, facilitates the reduction of urban 
energy use. Xiao et al.21 indicated that while there are advantages, the environmental tax will mitigate the adverse 
impact of CO2, albeit at the cost of certain economic factors. Liao et al.22 argued that ER favors the synergistic 
emission reduction of CO2 and atmospheric pollutants but is affected by the regional economy level. Khan et 
al.23 point out that ER inhibits the growth of carbon emissions in both the long and short term.

Conversely, some academics argue that ER increases CE. Sinn24 introduces the idea of the "green paradox," 
which holds that measures taken by the Government to combat climate change cause the consumption of 
petrochemical energy to increase, raising greenhouse gas emissions and ultimately worsening the environment. 
Sinn24 contends that due to the pessimism of fossil energy proprietors over future energy laws, they proceed 
with their extraction initiatives to circumvent more stringent rules. In addition, the abundant supply will allow 
prices to decrease, which will, in turn, stimulate greater demand and result in a quick surge in carbon, referred 
to as the green paradox. The green paradox discloses that "good motivation does not always cause good behavior 
effect"25,26. According to Wang & Wei27, strict environmental rules may lead to an increase of carbon emissions 
in emerging economies. Baloch et al.28 examine the nations of BRICS, where ER stimulates carbon emissions 
that worsen the ecosystem. Cao et al.29 also point out that ER shows significant negative impacts in the western 
of China.

Furthermore, others advocate for the inverted U-shaped relationship30, N-shaped relationship31, threshold 
effect32, and cyclical link2 between ER and CE. Certain experts contend that ER is superfluous, asserting that a 
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decrease in natural resources correlates with a reduction in CE. The influence of ER on CE remains ambiguous 
due to the dual roles of "back-forced emission reduction" and "green paradox." The reasons for this are that many 
factors drive CE, and the effect of ER on CE may be last-long. Simultaneously, when CE reaches excessive levels, 
governments may be compelled to implement more stringent ER to combat climate change due to international 
and popular pressure. Consequently, the dynamics and intricacies of the link between ER and CE require further 
investigation.

Environmental regulation and corporate technological innovation
One well-balanced primary notion for leading the shift to a low-carbon development pattern is innovation2. 
However, Rennings33 suggests that eco-innovation has double externalities, i.e. knowledge spillovers and 
environmental spillovers. The former refers to the situation where R&D firms find it hard to fully internalize the 
benefits of innovation due to the fact that some firms can benefit from imitation or diffusion without incurring 
R&D costs. And the latter refers to the fact that although investment in environmental optimization related to 
R&D can create environmental benefits for society as a whole, it is difficult for enterprises to directly convert 
it into economic profits. This results in insufficient motivation for enterprise eco-innovation, causing market 
failure, which necessitates government intervention through instruments to promote it33. The same applies 
to technological innovation. Many empirical studies indicate a strong correlation between ER and TI34–36. 
Nonetheless, distinct outcomes are produced by various environmental regulating tools and disparate firm 
resource endowments37. As a result, opinions differ regarding how ER affects TI38,39. Pertinent studies can be 
essentially divided into two perspectives: "follow the cost" and “innovation offset”.

Some scholars contend that ER drives firms to engage in environmental governance40, crowding out firms’ 
R&D expenditures and inhibiting innovative behavior. According to some academics, ER drives up the amount 
of money spent on environmental R&D, suppressing expenditures in non-environmental ones and lowering 
overall levels of innovation41, creating "follow the costs." Using a representative selection of provinces and cities 
in China, Fang and Shao42 highlight that command-based regulations drive away R&D expenditures and stifle 
local green innovation. Gao et al.43 point out that while government subsidies stimulate firms’ technological 
innovation strategies, they also “crowd out” banks’ green bond issuance, thus undermining firms’ technological 
innovation strategies.

This perspective has been challenged by numerous experts, notably "Porter’s hypothesis", which asserts that 
sensible ER can foster TI44. Companies can enhance their competitiveness by modernizing industrial processes 
and optimizing energy efficiency, leading to an “innovation offset” effect that mitigates the adverse effects of 
"follow the cost." Cainelli et al.45 assert that ER can catalyze green innovation and compel enterprises to enhance 
waste reduction and material utilization. Researchers propose that ER may foster TI by enhancing optimization46 
and enticing “new entrants” into the market39, whereas Manu et al.47 contend that more stringent regulations 
can catalyze environmental innovation. Some scholars hold the view that government subsidies can enhance 
private sector corporate social responsibility (CSR)48,49, and a robust sense of CSR will incentivize enterprises to 
engage in innovation50. Fan & Liang51 also propose that environmental target constraints markedly augment TI, 
particularly in places characterized by less budgetary pressure and elevated economic development.

Some other academics contend that the relationship between ER and CTI is ambiguous and influenced 
by variables such as firm size52, affiliation with a significantly polluting industry53,54, and regional and policy 
disparities55,56. The effect of ER on CTI remains ambiguous due to the conflicting influences of “innovation 
offset” and "follow the cost." TI can foster economic growth while ensuring environmental governance57,thus, 
a rise in TI will mitigate environmental degradation51, consequently diminishing the intensity of ER. Prior 
research has rarely examined the inverse impact of TI on ER. In conclusion, the dynamic relationship of ER on 
TI requires more examination.

Corporate technological innovation and corporate carbon emissions
The green transition has emerged as a major subject in the discourse on reducing carbon emissions58. Academics 
have also claimed that accomplishing the Sustainable Development Goals (SDGs) depends on TI59–62. However, 
the influence of TI on CO2 emissions is a topic of discussion. Braungardt et al.63 suggest that the “rebound effect” 
is the reason for the lengthy debate on the impact of innovation on climate goals. At present, the academic 
community holds the following perspectives.

One perspective posits that TI might mitigate CE, i.e., the "carbon reduction effect." Scholars have indicated 
that technical advancements can facilitate carbon emission reductions across countries, utilizing samples from 
EU-27 nations64 and BRICS countries65. Song et al.66 assert that green product innovation not only mitigates 
resource depletion and enhances utilization efficiency, but also increases product recycling rates and diminishes 
environmental contamination. Scholars from the digital investment perspective point out that TI is a crucial 
avenue for enhancing carbon emissions efficiency67. Lin et al.57 analyze panel data from 264 prefectural-level 
cities in China spanning 2006 to 2017, indicating that post-2010, TI positively influenced urban carbon emission 
reductions and could indirectly decrease CE through industrial structure improvement. Chen et al.68 also reveal 
that carbon emissions positively influence urban green technological innovation.

A different perspective highlights the "rebound effect." This effect indicates that TI lowers energy consumption 
and boosts productivity. However, higher productivity simultaneously increases market demand by lowering 
the price of commodities, consequently raising CE and energy consumption. According to Yang and Li69, 
macro-level technical advancement promotes economic expansion, which increases energy consumption. In 
order to assess the macro carbon renewable energy in 30 provinces of China, Wu et al.70 combine DEA and 
SML models. Their empirical findings demonstrate that it does have a carbon rebound effect, meaning that 
technical advancement’s impact on carbon emissions reduction is limited. The existence of “rebound effects” on 
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carbon emissions regarding energy technology innovation71 and digital technology innovation72 has also been 
confirmed by scholars.

Some other academics contend that there is a nonlinear relationship between TI and CE73,74. Du et al.75 
determined, utilizing panel data from 71 economies, that there exists a singular inflection point regarding the 
influence of green technology innovation on CO2emissions, which may be attributable to the substantial cost 
investments required for the dissemination of technical advancements. Some scholars believe that there is no 
significant relationship between TI and CE. Utilizing the IPAT/STIRPAT paradigm, Weina et al.76 illustrate that 
the extent of green technology had a negligible impact on the performance of 95 Italian regions from 1990 to 
2010.

Prior researches have largely overlooked the inverse impact of CE on TI. Only a few academics have noted 
that SMEs frequently experience funding pressures when improving carbon emission reductions77 and that 
carbon emission reductions can mitigate financing limitations and facilitate TI78. The relationship between CE 
and TI remains ambiguous and requires further examination. In conclusion, the literature has not agreed on 
the relationship between ER, CTI, and CCE, probably due to research methodology, research object, and model 
selection variations. The previous literature focuses on the unidirectional association between the two of them, 
omitting any examination of the dynamic interaction among the variables, the endogeneity of the variables, and 
the lagging issue. Therefore, the current study examines the dynamic interaction among ER, CTI, and CCE with 
the PVAR model. The following section explores the interactive mechanism between these three variables.

Theoretical foundation of environmental regulation, corporate technological innovation, 
and corporate carbon emissions
Interaction between environmental regulations and corporate carbon emissions
"Coase’s theorem" underscores the significance of well-defined property rights in resource allocation79. Effective 
ER can elucidate the property rights associated with emission allowances, and a robust property rights framework 
can incentivize enterprises to innovate80 and enhance energy utilization efficiency. Furthermore, penalties, 
energy levies, clean energy incentives, and various regulatory mechanisms might encourage businesses to use 
clean energy, diminish CE81, and fulfill the objective of "back-forced emission reduction".

The “green paradox” suggests that stricter environmental regulations could lead owners of high-carbon 
energy resources, anticipating a grim future for their assets, to accelerate the extraction and use of these 
resources. This would, in turn, increase the overall supply of carbon-intensive energy. Surplus supply diminishes 
energy prices, stimulating corporate acquisitions and increasing CCE24. Conversely, an escalation in CCE will 
profoundly affect the environment and society, altering government regulatory actions and creating a "Feedback 
Regulation Effect".

Interaction between environmental regulation and corporate technological innovation
"Porter’s hypothesis" posits that suitable ER could drive firms to innovate and improve their competitiveness44 , 
while the "induced innovation theory" indicates that firms will be motivated to develop some new technologies 
in reaction to increasing resource prices or new regulatory demands. Li et al.82 indicate that well-designed ER can 
stimulate firms to innovate and reduce the business risks of heavily polluting firms. To be specific, government 
agencies can elevate the cost of pollution for economic agents by imposing sewage charges, energy taxes, and 
other obligatory regulatory measures to internalize these costs. Furthermore, the government may implement 
incentive-based regulatory measures, such as energy subsidies, to internalize the positive externalities generated 
by innovative behaviors, thereby enhancing the technological innovation of enterprises and creating an 
“innovation offset”.

According to the "rent-seeking theory," firms may pursue ostensibly “useless” technological breakthroughs 
to evade government regulation or get subsidies, tax incentives, and other assistance forms, displacing R&D 
expenditures. Zhang54 indicates that firms with high financing constraints positively engage in “greenwashing” 
behavior. Conversely, the increase in "follow the costs," namely the escalation of environmental management 
expenses83, constrains R&D resources and reduces TI. CTI diminishes pollutant emissions, and surpassing 
regulatory criteria may enable environmental regulators to ease regulatory intensity, resulting in a "technical 
decoupling effect".

Interaction between corporate technological innovation and carbon emissions
The "ecological modernization theory" posits that by optimizing production processes and fostering TI, 
environmental problems could be addressed. On the one hand, TI directly mitigates CE by implementing clean 
energy and low-carbon technology.   On the other hand, TI could enhance resource efficiency84, indirectly 
generating a "carbon reduction effect." Simultaneously, the "diffusion of innovation theory" posits that low-
carbon technology can attain a broader scope of carbon emission reductions via market diffusion, including 
collaborative innovation that facilitates comprehensive emission reductions across the industrial chain.

Nonetheless, the decline in energy prices resulting from technical advancements diminishes production 
costs85, stimulating greater production and consumption and escalating carbon emissions. The growth of 
corporate scale resulting from innovations in industrial automation technology would significantly elevate 
carbon emissions, ultimately causing the "rebound effect." Simultaneously, heightened CE will diminish 
enterprise competitiveness86, provoke consumer backlash, and invite stringent government regulation, 
stimulating enterprises to enhance their TI and decrease CE, resulting in the "induced innovation effect," which 
will undermine third-party government regulatory efforts.

A complex interaction link occurs among ER, CTI, and CCE. Prudent ER can stimulate TI and compel firms 
to decrease CE, but TI can trigger counterproductive effects while reducing emissions. The three factors must be 
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dynamically balanced in policy development and company operations to attain the mutually advantageous goal 
of economic progress and environmental preservation.

Based on this, this study points out that ER, CE, and TI interact with each other, and the path of action is 
shown in Fig. 1.

Methodology
Empirical model
Referring to the study conducted by Ganda87, the PVAR model is built to confirm the interaction and lagged 
effects among ER, CTI, and CCE. This model integrates the features of panel data and the Vector Autoregressive 
(VAR) model, enabling it to address both cross-sectional and time series data. Unlike the conventional single-
equation model, the PVAR model considers multiple variables as endogenous and examines their dynamic 
interactions using GMM estimation, Granger causality tests, and impulse response functions, thereby capturing 
lagged effects and evolutionary patterns among the variables. The model is designed as outlined below:

	
yi,t = α0 +

p∑
j=1

βi,jyi,t−j + χi + λt + εi,t� (1)

	
yi,t =

{
LNER
LNCT I
LNCCE

� (2)

Here, i = (1,2,3,…,n) denotes different listed firms; t denotes 2005 to 2021; j denotes lag order; yi,t denotes the 
column vector of endogenous variables; yi,t-j is the jth-order lag term of the endogenous vector; α 0 is the intercept 
term; β i,j is the matrix to be estimated; and χi + λt + εi,t are the individual fixed effects, time effects, and 
random perturbation terms, respectively. In this vein, Eq. (1) could be re-written as follows.

	
LNERi,t = α1 +

P∑
j=1

β11,jLNERi,t−j +
P∑

j=1

β12,jLNCT Ii,t−j +
P∑

j=1

β13,jLNCCEi,t−j + χ1,i + λ1,t + ε1,i,t� (3)

	
LNCT Ii,t = α2 +

P∑
j=1

β21,jLNERi,t−j +
P∑

j=1

β22,jLNCT Ii,t−j +
P∑

j=1

β23,jLNCCEi,t−j + χ2,i + λ2,t + ε2,i,t� (4)

	
LNCCEi,t = α3 +

P∑
j=1

β31,jLNERi,t−j +
P∑

j=1

β32,jLNCT Ii,t−j +
P∑

j=1

β33,jLNCCEi,t−j + χ3,i + λ3,t + ε3,i,t� (5)

Variables
Data selection and variable construction
The measurement of ER could be categorized into two basic types. The initial measurement pertains to the 
investment in industrial pollution control in the region where the listed enterprise is located to the industrial 
added value of that year88. The subsequent measurement involves the ratio of the frequency of environment-
related terms within the government work report of the enterprise’s location concerning the total number of 
words present4,89. Measuring with a single indicator likely results in endogeneity issues given the variety of 
environmental regulating tools, including pollution control, pollution control practitioners, and policies like 
clean energy subsidies and carbon trading. Government work reports can serve as a driving force in local work 

Fig. 1.  Theoretical mechanism.
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and economic growth since they are local programmatic papers representing the desires and agreements of 
various social groups. As a result, the endogeneity issue with the traditional measurement indicators can be 
alleviated by creating local environmental regulation indicators based on the percentage of word frequency 
linked to “environmental protection” in government work reports at all levels of total word frequency. This will 
reflect the regulation level of each location more thoroughly and objectively.

This investigation consequently uses the second method as the measurement standard. To assess the degree 
of ER in each city from 2005 to 2021, we referred to the studies of Chen and Chen90 and Lin et al.91, choosing 
27 words, such as "environmental protection," "environmental protection," "green water," "green mountains," 
"ecology," "pollution," etc., as the measurement of it. We created a Word set using R software to perform a textual 
analysis of work reports from the local government from 2005 to 2021. The original reports are from official 
government websites. All the selected terms are shown in Fig. 2.

We take into account the lengthy patent award period and the fact that applying for a patent might already 
help businesses reduce their carbon footprint. As a result, this study employs the number of patent applications 
filed by publicly traded companies to assess the level of CTI. The patent data is sourced from the China National 
Intellectual Property Administration.

According to Doda et al.92 and Haque et al.93, the majority of mainstream measurements of corporate carbon 
emissions are based on ESG or CSR report disclosures and use the total of Scope I: Direct Emission and Scope 
II: Indirect Electricity Emission for measurement. Unfortunately, data availability is unsatisfactory, and there is 
an absence of voluntary carbon disclosures by Chinese-listed corporations. As a result, the following formula is 
used by this study to estimate company carbon emissions based on industrial carbon emissions, using Chen’s94 
measurement:

	 CCE = Corporate Carbon Emission Factor (CEF) ∗ Industry Carbon Emissions� (6)

	 CEF = Corporate Main Business Revenue / Industry Main Business Revenue� (7)

In the above equation, the business cost of enterprises comes from the CSMAR database. The CE of industries 
are from the China Carbon Emission Accounting Database. The business cost of industries is from the China 
Industrial Yearbook. The variables, code, and construction method are shown in Table 1.

Data processing
The following criteria are used to clean the data as mentioned above: (1) remove Special Treatment (ST) and 
Particular Transfer (PT) firms; (2) remove firms with missing samples; and (3) remove financial industry 
enterprises. Ultimately, the panel data from 2005 to 2021 comprise 27,170observations from 3243 firms. The 
data are logarithmically treated in this work using R and Stata15 for data processing and empirical tests in order 
to minimize heteroscedasticity.

Variable Variable Code Construction Method

Environmental regulation ER Frequency of words related to environmental protection in the government work report / total frequency of words

Corporate technological innovation CTI Number of patent applications

Corporate carbon emissions CCE CCE = Corporate Carbon Emission Factor * Industry Carbon Emissions
Corporate Carbon Emission Factor = Corporate Main Business Revenue / Industry Main Business Revenue

Table 1.  Variable names and construction methods.

 

Fig. 2.  Selection of terms related to environmental protection.
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Characteristic statistics
The descriptive statistics for each variable are shown in Table 2. It demonstrates significant variations amongst 
the listed companies in China, with a mean carbon emissions value of 2.809. The TI value of firms ranges from 
0 to 9.394, signifying a discrepancy in the cultivated capacity for innovation among the firms. Additionally, each 
city’s average degree of ER is -5.789, suggesting that each reacts favorably to promoting the dual-carbon strategy.

Empirical analysis
Before commencing the PVAR analysis, the subsequent procedures must be executed. In order to avoid false 
regression, it is vital to do a unit root test on the data to verify its smoothness, regardless of whether the non-
smooth series requires single involution or counteraction. Subsequently, we ascertain the model’s ideal latency 
order to guarantee the parameter estimation’s precision. Stability testing and regression analysis then follow. 
Impulsive response analysis is employed to assess the dynamic influence of ER on CCE. Additionally, variance 
decomposition is utilized to compare the cumulative contributions of different variables.

Test of unit root
PVAR necessitates that the variables be in a smooth series to prevent the emergence of pseudo-regression; if they 
are not, differentiation must be done until they attain smoothness. Standard unit root examinations consist of 
the HT test, the LLC test, and the Fisher test. In our study, balanced processing substantially reduces the sample 
size by approximately 70%, so we do not employ this approach. Since the LLC test and HT test only support the 
balanced panel, we chose the ADF-Fisher test to determine the test’s smoothness. The outcomes appear in Table 
3. The unit root test generates results that reject the initial hypothesis that "the series is not smooth" at a 1% 
significance level for all variables. This indicates that the data are smooth and can be further analyzed using the 
PVAR model for regression analysis.

Determination of lag order
The current study aims to ascertain the lag order of the PVAR model using the Consistent Moment and Model 
Selection Criteria (CMMSC) proposed by Andrews and Lu95. The Hannan-Quinn Information Criterion (HQIC), 
Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC) are computed for each order in 
the model and compared to the minimal value, the lag order corresponding to this value is optimal. Based on 
the outcomes of the Table 4 test, it is evident that the optimal lag order for AIC is 4th order, whereas for BIC and 
HQIC is 2nd order. Consequently, the lag order of the PVAR model is established as the 2nd order as determined 
by this investigation.

Lags AIC BIC HQIC

1 8.222 11.921 9.429

2 6.421 10.580* 7.788*

3 6.325 11.033 7.883

4 6.262* 11.660 8.062

5 6.762 12.950 8.841

Table 4.  Optimal lag order of the PVAR model. * denotes the optimal lag order under the AIC, BIC, and 
HQIC.

 

LNCCE LNER LNCTI

Inverse chi-squared P 7799.645*** 7934.979*** 7217.190***

Inverse normal Z –7.296*** –17.622*** –9.952***

Inverse logit t I* –22.278*** –27.893*** –20.466***

Modified inv. chi-squared Pm 31.397*** 32.787*** 25.416***

Results Stationary Stationary Stationary

Table 3.  Results of unit root (ADF-Fisher) test for each variable. ***, **, and * denote significance at the 1%, 
5%, and 10%, respectively.

 

Variable Obs Mean Std. Dev Min Max

LNCCE 27,170 2.809 2.759 –5.254 11.847

LNER 27,170 –5.789 0.441 –8.773 –4.391

LNCTI 27,170 2.617 1.723 0 9.394

Table 2.  Descriptive statistics of variables.
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GMM regression estimation
Based on the above optimal second order, GMM is estimated for the sample listed firms to analyze the variables’ 
long- and short-term interactions. Table 5 shows the specific parameters of GMM.

According to the estimation outcomes in Table 5, we observe that when ER functions as the explanatory 
variable, ER in both periods positively correlates with the intensity of current period at the 1% level with 
coefficients of 0.660 and 0.291, respectively. Furthermore, the absolute value of lagged one-period is significantly 
greater than that of two-period, suggesting that ER is self-accumulating itself, but this cumulative effect declines 
over time. ER in the current period is inhibited by CTI during the two periods at the 1% significance level 
with coefficients of –0.065 and –0.029, respectively. This implies that the Government’s regulatory intensity 
diminishes as enterprises advance in technological sophistication. Furthermore, the significance test fails to 
apply to the impacts of lagged one-period and lagged two-period CCE on ER.

The explanatory variable in this case is CTI. The current period is significantly influenced by the two periods 
of ER, as indicated by the significant coefficients of 1.034 and 0.716, both at the 1% level. This suggests ER 
may compel businesses to enhance their technological innovation capacity to satisfy market demands and 
environmental governance expectations; however, this facilitating effect diminishes over time. The CTI during 
the two time periods positively influences the innovation level of businesses during the current period. This 
conclusion is supported by a 1% significance test, which suggests that CTI has a self-promoting effect. The CTI 
is substantially hampered in the current period by CCE in the two periods with coefficients of -0.505 and -0.089, 
respectively, both significant at the 1% level. This suggests that the rise in CCE could result in increased expenses 
for environmental governance, which could impede R&D expenditures and inhibit TI.

In the case of CCEc as the explanatory variable, the current period’s level is influenced by the lagged one- and 
two- periods. The coefficients for these effects are –0.024 and 0.629, respectively, and statistically significant at 
the 5% level. These results indicate that CCE may exhibit a self-accumulating effect. At a 1% significance level, 
ER in both periods increases CCE in the current period. This suggests that ER is not achieving the intended 
short-term reduction of carbon emissions. The rebound effect may account for this. At the 1% significance 
level, CTI suppresses carbon emissions during both periods (coefficients of –0.105 and –0.052, respectively), 
indicating that better technological innovation can reduce emissions.

Unit circle test
The unit circle test evaluates the stability of PVAR through the computation of the model’s unit root eigenvalues. 
The test determines whether the model passes stability if all eigenvalues lie within the circle (with a value below 
1). The PVAR model developed in this study passes the stability test, as evidenced by all six estimation points 
within the unit circle (see Fig. 3). This signifies that the model creates a lasting and stable correlation among the 
variables over a prolonged duration.

Granger causality test
The Granger causality test is now implemented to examine the causal connection among the diverse economic 
variables. The original hypothesis is rejected when the P-value is below 0.1, suggesting a causal relationship 
between the variables. The P-values of all the tests, as presented in Table 6, reject the original hypothesis. This 
suggests a bidirectional Granger causality between ER and CTI, as well as between CTI and CCE, along with a 
unidirectional causality between ER and CCE. It indicates that all variables can be predicted from one another, 
except for the historical values of CCE, which cannot be used to predict ER. Impulse response analysis and GMM 
estimation of the variables are necessary to elucidate the immediate and prolonged correlation among the three.

Impulse response analysis
Because PVAR is a dynamic model and the aforementioned GMM estimation results represent a static interaction 
between ER, CTI, and CCE, impulse response analysis is required to validate the dynamic correlation among the 
three variables. While holding all other variables constant, the impulse response can simulate the dynamic effect 
of a standardized stimulus on one variable upon another variable in subsequent periods. In light of this study’s 
lengthy panel data time series, the shock duration is established at 20 periods. To simulate the impulsive response 
outcomes between the three periods, 500 Monte Carlo simulations are utilized. The periods are represented 
on the horizontal axis, responsiveness is depicted on the vertical axis, and the 95% confidence intervals are 
delineated on the upper and lower curves, as illustrated in Fig. 4.

	1)	� From 1a, 2a, and 3a of Fig. 3, the positive response to a one-standard-deviation shock to ER is rapid and at-
tains its peak value in the current period. Subsequently, the value fluctuates and declines until it approaches 

Variable h_LNER h_LNCTI h_LNCCE

L1.h_LNER 0.660*** 1.034*** 0.368***

L2.h_LNER 0.291*** 0.716*** 0.227***

L1.h_LNCTI –0.065*** 0.276*** –0.105***

L2.h_LNCTI –0.029*** 0.136*** –0.052***

L1.h_LNCCE –0.058 –0.505*** 0.629***

L2.h_LNCCE –0.009 –0.089*** –0.024**

Table 5.  GMM regression results. ***, **, and * denote significance at 1%, 5%, and 10%, respectively.
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zero in the sixth period, at which point it transforms into a weak negative impact by the eighth period. This 
indicates that ER has a positive superposition effect, and enterprises are influenced by the increasing inten-
sity of regulation each year. The response value of CTI remains above zero throughout all periods when ER 
has an impact of one standard deviation. The maximum value is observed in the second period, exhibiting 
an overall inverted U-shape pattern. The response value converges to zero by the tenth period, suggesting 
that ER has a more pronounced and enduring impact on the innovation capability of the enterprise. When 
confronted with a standard deviation shock caused by ER, CCE exhibits an inverted U-shape trend: initially 
increasing and subsequently decreasing. The seventh period of this pattern consists of a decline below the 
0 axis, followed by a convergence to 0 in the distant future. This could be attributed to the Government’s 
implementation of environment-related regulations aimed at raising the expenses associated with business 
environmental management. As a result, businesses are compelled to upgrade their technology, conserve en-
ergy, reduce emissions, transition to cleaner energy sources, and decrease their consumption of high-carbon 
energy sources. Hence, carbon emissions of corporations emit diminish. Nevertheless, heightened extrac-
tion has ensued in the short term due to supply-side anticipations of forthcoming energy policy contrac-
tions. This, in turn, expands the accessibility of high-carbon energy sources, culminating in reduced prices. 
Ultimately, it prompts corporations to augment their procurement and utilization of such sources, giving rise 
to the green paradox. In the long term, however, enhancing the competitiveness of businesses through tech-
nical advancement, industrial upgrading, and other means to reduce CCE is consistent with the objective of 
SDGs; thus, ER can ultimately impede CCE. Put differently, implementing ecological regulations to reduce 
CCE experiences a temporal delay.

	2)	� According to 1b, 2b, and 3b of Fig.  3, the response value of CTI to a standard deviation shock to itself 
reaches its maximum in the current period, but it declines quickly and eventually falls below the 0-axis after 
three periods. It tends to be close to 0 in the distant future, exhibiting a smooth characteristic. The results 
demonstrate that CTI has a specific self-reinforcing effect, but that effect is only temporary. It will exert some 
downward pressure on itself in the future, but this downward force will be minimal, which means corpora-
tions should hasten innovation potential. ER is less than 0 when one standard deviation of CTI is applied, 
except for the current period. It peaks in the third period and eventually approaches zero, with a U-shape 
overall pattern demonstrating that CTI sends positive signals and lowers government regulations. When 

Variable Test Item Chi2 Degrees of Freedom P Value Hypothesis Result

LNER
LNTI 17.164 2 0.000 LNCTI does not Granger cause LnER Refuse

LNCCE 2.707 2 0.258 LNCCE does not Granger cause LNER Accept

LNCTI
LNER 48.677 2 0.000 LNER does not Granger cause LNCTI Refuse

LNCCE 28.377 2 0.000 LNCCE does not Granger cause LNCTI Refuse

LNCCE
LNER 12.626 2 0.001 LNER does not Granger cause LNCCE Refuse

LNCTI 23.519 2 0.000 LNCTI does not Granger cause LNCCE Refuse

Table 6.  Granger causality test.

 

Fig. 3.  Roots of the companion matrix.
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CCE is subject to the standard deviation impact of CTI, the response value reaches its maximum value in 
the current period. After that, it exhibits an initial downward trend followed by an upward trend, peaking 
at a high value in the third period and eventually approaching zero in the tenth. The trend indicates in the 
short term that the enterprise will increase its carbon emissions due to higher production and other factors 
brought about by technological innovation; however, in the long run, it will reduce CCE thanks to decreases 
in energy consumption, an increase in the rate at which energy is utilized, etc. Consequently, even while CTI 
has a lag impact when promoting a decrease in carbon emissions, it ultimately optimizes the level of CCE.

	3)	� As demonstrated by 2c and 3c of Fig. 3, CTI does not respond to a one standard deviation increase in CCE 
in the present period, declines quickly after the first period, reaches an extreme value in the second period, 
and tends to zero in the long run. This suggests that CCE does not affect CTI; however, over time, rising 
environmental management costs due to increasing carbon emissions may stifle innovation levels and re-
duce R&D expenditures, which causes a drop in the degree of technological innovation. Alternatively, the 
Government regulates high levels of carbon emissions, sending negative signals to the market and creating 
financial challenges that lower CTI. A long-run self-accumulation impact of CCE is indicated by the fast 
positive reaction to a standard deviation shock in CCE, reaching its highest value in the present period and 
rapidly decreasing to zero in the fourth period. Due to the failure of the Granger test, the analysis does not 
include the examination of 1c, which pertains to the effect of CCE on ER.

A few predictions can be made based on the impulse response and the GMM estimation results. First, there 
are self-reinforcing mechanisms linking ER and CCE, but they will weaken over time. Additionally, CTI has 
a superimposed effect. Second, the impact of ER on CCE takes time to manifest. Moreover, the benefits of 
reducing carbon emissions must be sustained for a given time. While CTI influences ER, CCE does not directly 
affect ER. Third, CTI has an inhibitory effect on ER. Over time, ER will raise the degree of CT. Fourth, CTI spurs 
higher CCE in the short term but diminishes them over time. CCE continues to impede CTI.

Variance decomposition
Variance decomposition allows for quantifying the effects of various disturbance factors on the variability of 
endogenous variables. This approach enables a more precise assessment of the long-term interplay among ER, 
CTI, and CCE. Table 7 displays the outcomes of variance decomposition analysis, while the dataset used for 

Fig. 4.  Impulse-response analysis.
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analysis has 20 periods. As a result of spatial constraints, Table 7 exclusively presents a subset of the variance 
decomposition outcomes.

1) Two key factors primarily influence ER. First, it is influenced by itself. The initial era witnessed a significant 
ER change, with a 94.3% deviation from the baseline. However, this deviation gradually reduces over subsequent 
periods, stabilizing at 85.7% in the long term. Furthermore, it is impacted by self-driven technical advancements. 
The aforementioned influence manifests during the subsequent period and gradually increases, reaching a value 
of 10.9% in each subsequent period. Moreover, the fluctuating impact of CCE on ER is observed to be at a rate of 
3% throughout 20 periods. This relatively modest contribution reinforces the conclusion of no Granger causality 
between CCE and ER.

2) CTI is shaped by three key variables. The proportion of technological innovation’s contribution to itself 
experiences a decline from 84.2% in the initial period to 41.7% in the 10th period and remains stable over the 
long term. The long-term impact of ER on CTI also plays a role, starting at 5.4% in the 1st period and increasing 
to 48.9% in the 9th period before stabilizing. ER significantly influences the long-term effects of CTI. The 
influence of CCE on CTI exhibits a rather persistent nature, as observed throughout many periods. Specifically, 
the fraction of this impact fluctuates around 10% from the initial period to the 10th period, eventually settling 
at 9.4% in the long run.

3) CCE is impacted by three distinct levels. One of them is mainly influenced by itself. During the initial 
period, the influence on itself constitutes 100% of the overall impact. However, starting with the second period, 
the influences of ER and CTI progressively emerge and indicate a gradually increasing trajectory. The stability of 

Variable Forecast Period

Impulse Variable

LNCCE LNER LNCTI

LNCCE

1 1 0 0

2 0.949 0.027 0.024

3 0.851 0.078 0.071

4 0.779 0.105 0.115

5 0.734 0.114 0.151

6 0.709 0.113 0.178

7 0.695 0.110 0.195

8 0.686 0.108 0.206

9 0.681 0.107 0.212

10 0.677 0.107 0.216

15 0.670 0.111 0.219

20 0.669 0.112 0.218

LNER

1 0.057 0.943 0

2 0.041 0.938 0.020

3 0.033 0.924 0.043

4 0.030 0.907 0.063

5 0.028 0.893 0.079

6 0.028 0.882 0.091

7 0.028 0.873 0.099

8 0.029 0.868 0.103

9 0.03 0.864 0.106

10 0.031 0.861 0.108

15 0.034 0.857 0.109

20 0.034 0.857 0.109

LNCTI

1 0.104 0.054 0.842

2 0.089 0.184 0.727

3 0.078 0.338 0.584

4 0.082 0.413 0.504

5 0.086 0.455 0.459

6 0.090 0.474 0.436

7 0.092 0.483 0.425

8 0.093 0.487 0.420

9 0.093 0.489 0.418

10 0.094 0.489 0.417

15 0.094 0.489 0.417

20 0.094 0.489 0.417

Table 7.  Results of variance decomposition.
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carbon emissions’ contribution to itself is approximately 67%, whereas the contributions of ER and CTI exhibit 
fluctuations around 11.2% and 21.8%, respectively. A comparative analysis over different periods reveals that 
their persistence mostly drives CCE. Furthermore, the CCE is also influenced by ER and technical advancements, 
with the latter having an enormous impact.

The outcomes of the 15th and 20th forecast intervals exhibit a high degree of similarity, suggesting that 
following 15 forecast intervals, the impact of each variable’s shock on itself or the other two variables remains 
relatively constant. Over time, a sustained and reciprocal relationship exists among ER, CTI, and CCE.

Robustness test
To enhance the reliability of the estimation outcomes, this study uses the methodology of variable substitution. 
Given the comprehensiveness and accessibility of the data, the metric for assessing CTI is substituted by the 
count of filed patents of invention (PI) or patents of green innovation (GTI). The lag period that yields the best 
results remains at two periods. The outcomes of the unit root test exhibit stability, and the estimation results 
obtained by the GMM largely align with the symbol above. Furthermore, the observed variations in coefficients 
are minimal. The plots of the impulse response function and the variance decomposition findings demonstrate 
considerable similarity. Table 8 presents the results of the GMM regression exclusively. The empirical results 
discussed above are robust in this work.

Conclusions
The following conclusions are drawn from constructing a PVAR model to verify the long-term interaction of 
ER, CTI, and CCE using panel data of Shenzhen and Shanghai-listed companies in China from 2005 to 2021 as 
a sample.

First, the findings of the GMM and Granger causality test indicate a direct or indirect causal relationship 
among the three factors above. CCE and CTI have a bidirectional impact, with CCE having a more substantial 
impact on CTI. There is also a bidirectional causal relationship between ER and CTI, and the former has a 
more noticeable effect on the latter. ER has a direct impact on CCE. Besides, CCE has an indirect impact on ER 
through CTI. Figure 4 below illustrates the relationships among them.

Second, the impulse response function and GMM estimation findings demonstrate self-reinforcing 
mechanisms for ER, CTI, and CCE. In the short term, the green paradox raises emissions. Still, in the long term, 
ER lowers the amount of high-carbon energy businesses use and raises energy utilization efficiency, which can 
have a long-lasting inhibitory effect. CTI reduces the strength of ER, and ER drives CTI, and this impact lessens 
over time. CTI is a long-term driver of enterprise carbon emission reductions and can have the most potent 
inhibitory effect during lag periods. This suggests that increasing CTI levels can aid in achieving enterprise 
carbon emission reductions, but CCE impedes these efforts. Possible causes include rising carbon emissions, 
greater environmental governance costs, negative signals released to the market, and other factors affecting 
enterprise financing. These factors may contribute to insufficient enterprise R&D investment, lowering CTI.

Third, while CCE does not Granger cause ER, the variance decomposition results indicate that ER has the 
most significant impact on itself, followed by CTI. Moreover, CTI has a higher influence on CCE than ER, 
with the largest contribution coming from self-contribution. To lower the carbon emissions of corporations, 
the Government needs to focus on creating favorable conditions for firms, in addition to relying on reasonable 
environmental regulation policies.

Variable h_LNER h_LNPI h_LNCCE

Robustness Test-1

L1.h_LNER 0.560*** 0.354*** 0.185***

L2.h_LNER 0.237*** 0.294*** 0.123***

L1.h_LNPI –0.055*** 0.390*** –0.099***

L2.h_LNPI –0.223*** 0.166*** –0.047***

L1.h_LNCCE –0.007 –0.240*** 0.696***

L2.h_LNCCE –0.006 –0.041*** –0.019**

Variable h_LNER
h_
LNGTI h_LNCE

Robustness Test-2

L1.h_LNER 0.675*** –0.137*** 0.198***

L2.h_LNER 0.278*** –0.053* 0.105***

L1.h_LNGTI –0.107*** 0.204*** –0.135***

L2.h_LNGTI –0.056*** 0.097*** –0.095***

L1.h_LNCE 0.032 –0.087*** 0.791***

L2.h_LNCE –0.002 –0.006 –0.000

Table 8.  Robustness test.

 

Scientific Reports |         (2025) 15:8433 12| https://doi.org/10.1038/s41598-025-92456-0

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Policy recommendations and future directions
Policy recommendations
Drawing from the conclusions above, this study offers some specific recommendations.

First, the government should create favorable conditions to encourage CTI by increasing support, advocating 
firms’ R&D initiatives, and enhancing the long-term impact of carbon emission reductions. Since R&D 
activities have long cycles and are vulnerable to financial constraints, government subsidies, tax incentives, 
and green technology funds can provide companies with a conducive innovation environment. Financial 
support ensures economic stability and signals positively to the market, attracting social capital and fostering 
a virtuous cycle. However, enterprise R&D generates significant positive externalities, making it difficult for 
companies to fully capitalize on its benefits. Therefore, the government must strengthen intellectual property 
protection by optimizing the patent application process, reducing acquisition time, and safeguarding corporate 
IP rights. Additionally, advancing digitization and decentralization can help firms internalize CTI benefits. 
Lastly, enhancing transparency in corporate data related to CCE and CTI will improve public and investor 
understanding of environmental performance, promote corporate social responsibility, and support carbon 
reduction efforts.

Second, firms should enhance their awareness of TI and increase R&D investments by integrating TI into 
their core objectives and prioritizing sustained research in low-carbon and green technologies to ensure tangible 
carbon emission reductions. With government financial support and policy incentives, companies can expand 
R&D efforts, recruit skilled professionals, and accelerate technological transformation to build new competitive 
advantages. Collaborating with universities, research institutes, and scientific organizations can further drive 
environmental technology development through resource sharing and joint research, fostering a shift from 
"passive emission reduction" to "proactive emission reduction." Additionally, firms must adapt their energy 
consumption strategies in response to regulatory changes, invest in renewable energy and clean technologies, 
reduce carbon emissions, and enhance their environmental reputation.

Third, the government should overhaul the energy structure further, and businesses should embrace 
sustainable energy production. Coal accounts for the majority of China’s energy consumption; therefore, fossil 
fuel use should be decreased, renewable energy development should be encouraged, and coal production 
capacity structure should be maximized. Encourage market-oriented change in the energy sector, enhance the 
pricing system, and assist businesses in using less expensive energy. From the perspective of firms, energy-listed 
firms may increase the clean and efficient use of coal and lessen the burden on carbon emissions by enhancing 
carbon capture and utilization by upgrading intelligent mining technology. Manufacturing, chemical, iron and 
steel, and other energy-consuming listed companies should increase green energy procurement, such as through 
participation in green power trading, the layout of distributed photovoltaic power generation, self-built energy 
storage facilities, etc., to reduce traditional energy consumption and increase the proportion of renewable energy 
use, in order to adapt to the "dual-carbon" policy and the needs of market competition.

Fourth, the government should sensibly apply environmental laws, using a balanced approach that includes 
restrictions and incentives. Relying solely on emission allowances, environmental standards, and other control-
based regulations is unlikely to effectively drive corporate carbon emission reductions. This approach can 
increase the cost of environmental management, limit R&D investment, and undermine CTI capacity. Emissions 
trading, environmental subsidies, and other incentive-based methods should be utilized to achieve regulatory 
goals. Furthermore, technological innovation must be encouraged. The government can also reduce the “green 
paradox” risk by carefully managing environmental regulations, including rationalizing the timing and methods 
of carbon tax collection and shortening the cycle for implementing new environmental policies. Lastly, because 
the impact of environmental regulation on corporate carbon emissions takes time, authorities should focus on 
long-term effects and their cumulative impact when developing policies.

The link between the economy and the environment must be balanced to be achieved properly. Environmental 
deterioration cannot occur at the price of economic progress. To create a positive interaction among ER, CTI, 
and CEE and focus on the sustainable development of businesses and human society, the steps mentioned above 
should be taken to fully realize the synergistic effect of ER and CTI.

Limitations and future directions
It should be pointed out that this study does not take firms’ heterogeneity into account because of limited data 
availability and resource endowment diversification. Additionally, this paper concentrates on the strength of 
environmental regulations without considering how particular environmental policies affect CCE and CTI. 
Thus, subsequent research may concentrate on the following two areas.

The first area is the influence of company heterogeneity of governance structure on ER and technological 
innovation’s ability to reduce carbon emissions. For example, in the case of state-owned enterprises, there is a 
large gap between them and private enterprises regarding their establishment purpose, resource endowment, etc. 
Thus, there may be a large difference in their sensitivity to and implementation of regulatory policies compared 
to private enterprises.

Then, studies can target how various environmental policies affect business interactions and conflicts. 
Future research can concentrate on how to best leverage the synergy between policies and internal governance 
structures of businesses. Energy policies, climate uncertainty, and even enterprise governance all impact carbon 
emissions in addition to environmental regulatory policies.

Data availability
Availability of data and materials: All relevant datasets used and/or analysed during the current study are within 
the paper.
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