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Abstract: This study examined the dynamic relationship between China’s carbon pricing
(CP) and green technology innovation (GTI) using monthly data from August 2013 to
February 2025 through sub-sample rolling-window Granger causality tests. The results
revealed a time-varying bidirectional relationship where CP significantly promotes GTI
during periods when innovation offset effects dominate (such as from July to October
2021 and October 2023 to March 2024), but inhibits GTI when compliance cost effects
prevail (as observed from February to June 2022). Conversely, GTI alternately suppressed
CP from June to November 2017 and enhanced it from February to July 2024. These
patterns demonstrate that the interaction between CP and GTI is critically shaped by three
key factors: policy synergy between carbon markets and complementary environmental
regulations, international competitive pressures from carbon border mechanisms, and
financial market capacity to support green investments. Based on these findings, we
propose a comprehensive policy framework that includes expanding emissions trading
to heavy industries, implementing dynamic CP stabilization mechanisms, introducing
innovation-linked quota incentives with 1.1 to 1.5 multipliers, and developing integrated
green financial instruments. This framework can effectively align CP with GTI to accelerate
China’s low-carbon transition while maintaining industrial competitiveness.

Keywords: carbon price; green technological innovation; time-varying causality; sub-sample

1. Introduction

This study employed the sub-sample rolling-window causality test to explore the
time-varying causal relationship between carbon pricing (CP) and green technological
innovation (GTI) in China. The escalating levels of greenhouse gases in the atmosphere are
causing extreme natural disasters and significant socioeconomic losses [1]. The Interagency
Working Group’s most recent estimate, based on 2020 emissions, places the social cost of
carbon dioxide at USD 50 per ton. Unmitigated climate change is projected to reshape
the global economy, reducing average global incomes by approximately 23% by 2100 and
exacerbating global income inequality [2]. Industrial enterprises are major contributors to
carbon emissions, a key driver of climate change [3]. CP and GTI are widely recognized
as effective tools for reducing emissions [4-6]. GTI contributes to emission reductions
through multiple pathways, including enhancing energy efficiency [7], facilitating low-
carbon production transformations, and promoting renewable energy adoption [8]. CPis a
market-oriented policy tool designed to achieve the decarbonization of corporate operations
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through GTI [9]. The adoption of carbon pricing has expanded globally as a strategy to
address climate change. According to the International Carbon Action Partnership, as of
early 2024, 36 carbon markets were operational worldwide, accounting for 18% of global
greenhouse gas emissions.

To achieve carbon reduction targets, CP and GTI will play increasingly critical roles.
Understanding the dynamic interplay between these two factors is essential for effectively
leveraging market-based environmental policies. Such an understanding will enable indus-
trial carbon reduction and sustainable development while balancing economic growth and
environmental protection. However, the interaction between CP and GTI remains a matter
of debate. Scholars posit that the influence of CP on GTI is primarily driven by two distinct
mechanisms: the innovation offset effect and the compliance cost effect. The innovation
offset effect suggests that higher CP incentivizes firms to GTI, offsetting regulatory costs
through productivity gains and market competitiveness [10-14]. In contrast, the compli-
ance cost effect highlights that higher CP increases operational costs, potentially crowding
out R&D investments and stifling GTI in the short term [15-18]. Therefore, the impact of
CP on GTl is dual, encompassing both positive incentives and negative cost pressures [19].
Delving into the dynamic interplay between these two variables and the resultant outcomes
is a complex yet profoundly significant topic. Such research can inform policymakers in
designing effective strategies and market mechanisms, encouraging firms to transform
carbon costs into innovation catalysts, and thereby fostering a synergy between economic
and environmental objectives.

Since the launch of economic reforms in 1978, China’s rapid economic growth, indus-
trialization, and urbanization have led to a continuous rise in energy consumption and
greenhouse gas emissions. At present, China is the world’s largest emitter, accounting for
nearly one-third of global emissions, and plays a pivotal role in global climate mitigation
efforts. In 2020, China committed to achieving carbon peaking by 2030 and carbon neu-
trality by 2060, known as the “dual carbon” goals. This is particularly challenging given
that the United States and the European Union have already passed their carbon peak
stages. The manufacturing and production sector accounts for the most significant share
of China’s carbon emissions [20], and the adverse effects of these emissions have spurred
a broad consensus on the need for reduction. In response, China introduced the concept
of a national carbon emissions trading market in its 12th Five-Year Plan, recognizing CP
as a significant driver of emission reductions. Since 2013, China has launched pilot emis-
sions trading schemes in nine regions. In 2021, the national carbon market was officially
established, with the potential to surpass the EU Emissions Trading System (EU-ETS) as
the world’s largest if it expands to cover more sectors [21]. However, a critical challenge
lies in determining the optimal CP. Most experts agree that a reasonable increase in CP
can enhance the carbon reduction potential [22]. Additionally, high-emission companies
are likely to invest in decarbonization only when the CP exceeds a critical threshold [23].
Studies have suggested that a CP of CNY 50-60 per ton can significantly stimulate GTI [24].
If China’s CP aligns with the EU-ETS level, it could boost the total factor productivity
of Chinese enterprises by approximately 22.73% [25]. Undoubtedly, the EU’s experience
in low-carbon transitions offers valuable insights for other regions. However, CP varies
widely across countries and regions, ranging from as low as USD 1 per ton to USD 18 per
ton due to variations in decarbonization goals and mitigation expenses. In China, CP has
remained low and highly volatile since the launch of the pilot schemes [26].

Global climate governance is transitioning from voluntary soft constraints toward
mandatory hard regulations. The Paris Agreement established a system combining nation-
ally determined contributions with periodic global stocktakes, signifying an era of shared
yet differentiated responsibilities in climate action. The UNEP Emissions Gap Report 2023
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indicated that in the absence of strengthened global mitigation measures, projected temper-
ature increases this century are estimated to reach 2.6-3.1 °C, significantly exceeding the
scientifically established 1.5 °C planetary boundary and resulting in potentially irreversible
catastrophic climate impacts. This critical situation has catalyzed three major developments:
First, carbon pricing systems are expanding globally, with World Bank data indicating
75 carbon pricing instruments implemented worldwide as of 2024. Second, environmental
standards are becoming new determinants of international trade rules, particularly as
the EU Carbon Border Adjustment Mechanism threatens to impose additional costs on
approximately USD 35 billion worth of Chinese exports. Third, developing countries face
an enormous climate financing shortfall, requiring USD 2.4 trillion annually for climate
action while receiving less than 20% of the needed funds. As the operator of the world’s
largest carbon market and a leading provider of green technologies, China’s experience
in aligning carbon pricing with technological innovation carries significant implications.
Studying this relationship will not only support China’s climate commitments, but can
also offer valuable lessons for emerging economies pursuing sustainable development
alongside a reduction in emissions.

This study makes three significant contributions. First, most existing research on CP
drivers has focused on the EU-ETS, and prior findings remain inconclusive. By developing
an innovative analytical framework, this study bridges critical gaps through novel empirical
evidence verifying a robust CP-GTI nexus in China. These findings advance theoretical and
practical understanding of their dynamic interplay. Second, moving beyond conventional
linear causal frameworks, this research applies rolling-window causality tests to segmented
data, uncovering the dynamic and non-linear relationship between CP and GTI. This
methodology enhances our understanding of CP’s evolving influence on GTI across distinct
sub-sample periods. Third, unlike previous studies that focus on unidirectional effects,
this research examines the bidirectional interaction between CP and GTI. By thoroughly
analyzing the mutual influence process of these two variables, this study contributes to
understanding the virtuous cycle mechanism between them.

The structure of this study is systematically arranged as follows: Section 2 provides
a comprehensive review of the relevant literature. Section 3 describes the theoretical
framework. Section 4 elaborates on the methodological approach employed. Section 5
describes the data collection and sources utilized. Section 6 discusses the empirical findings
and their implications. Concluding remarks and insights are presented in Section 7.

2. Literature Review

Recent research has increasingly focused on investigating the link between CP and
GTI [27]. While the effectiveness of CP in stimulating GTI remains debated [28], most
scholars agree that CP generally promotes GTI. Bergh and Savin (2021) highlighted that
carbon markets exert a modest yet positive impact on GTI [29]. Raza (2020) emphasized
that well-designed environmental regulations motivate firms to pursue GTI [30]. Lim
and Prakash (2023) observed that CP correlates with increased patent applications for
climate mitigation technologies [31]. Similarly, Jung and Song (2023) found that a higher
CP drives greater investment in GTI [32]. Gillingham et al. (2017) argued that CP drives
businesses to adopt GT1I, reducing their financial burden under emission regulations [33].
Cantone et al. (2023) further argued that the growing demand for such technologies
rewards innovators, fostering greater research and development [14]. Gugler et al. (2024)
noted that environmental taxes, CP, and R&D subsidies positively influence GTI [13].
Calel and Dechezleprétre (2016) provided empirical evidence showing regulated firms
under the EU-ETS generate up to 10% more low-carbon patents than their unregulated
counterparts [34]. Baranzini et al. (2017) summarized the multifaceted benefits of CP,
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including cost efficiency and technological innovation [35]. Brauneis et al. (2013) suggested
that a CP floor accelerates investments in GTI [36]. Mu and Zhao (2023) added that cap-
and-trade systems encourage production improvement technologies for low-emission firms
and emissions reduction technologies for high-emission firms [12].

However, some scholars hold opposing views. Teixido6 et al. (2019) found that the
Emissions Trading System, particularly during its initial phases, hampers low-carbon
investments when focusing on a limited number of firms and sectors [16]. Similarly,
Goulden et al. (2019) [15] argued that strict environmental policies place financial pressure
on enterprises. These additional costs reduce investments in R&D and talent acquisition,
ultimately stifling GTI [15]. Hoffmann (2007) further supported this view, noting that
carbon trading may discourage GTI investments in the short term [37]. Lilliestam et al.
(2022) reinforced this skepticism, finding no evidence that carbon pricing systems trigger
zero-carbon investments [38].

China’s carbon pricing policies have garnered significant attention in recent years [39].
Research on China’s pilot carbon market and GTI generally highlights its positive impact
on GTI. Weng et al. (2022) demonstrated that the pilot carbon market significantly promotes
GTI, with notable interregional variations [40]. Zhou and Wang (2022) emphasized the
carbon market’s effect on GTI [41]. Liu et al. (2022) [42] and Cong et al. (2023) [43] further
confirmed that the pilot carbon market drives GTI at both the enterprise and city levels [42],
with Cong et al. (2023) identifying a compensation effect on GTI [43]. Xie et al. (2022)
showed that the carbon trading policy improves technology structures by promoting low-
carbon technologies and restricting high-carbon ones [44]. Tan and Lin (2022) revealed
that carbon trading significantly reduces carbon emissions, improves energy efficiency
in large-scale industries, and increases market liquidity [45]. Zhou et al. (2019) found
that carbon trading encourages enterprises to develop green technologies to minimize
non-expected production outputs [46]. Kong et al. (2019) argued that reducing carbon
emission quotas increases their price, incentivizing enterprises to cut emissions and reduce
costs [47]. Chen et al. (2017) emphasized that increased CP levels drive the implementation
of energy-efficient technologies within coal-fired power generation [48]. Similarly, Liu et al.
(2016) calculated that CP speeds up the adoption of low-carbon innovations in China’s
cement sector, where steeper prices correlate with faster diffusion [49]. Liu et al. (2021) and
Guo and Li (2024) found that carbon trading policies enhance regional GTI efficiency and
enterprise GTI, particularly in patents for inventions and utility models [50,51]. Zhu et al.
(2019) provided evidence that emissions trading induces low-carbon innovation [52]. Li
et al. (2024) stressed the importance of strict yet flexible policies in incentivizing GTI [53].
Guo and Feng (2021) showed that carbon trading increases long-term R&D investment,
fostering GTI [54]. Cao and Su (2023) concluded that CP boosts GTI in pilot areas [55].

However, some studies have suggested that while carbon pricing policies aim to
promote green innovation, certain design flaws and implementation challenges may lead
to unintended inhibitory effects on GTI. Deng and Zhang (2019) highlighted that irrational
pricing signals in certain carbon pricing mechanisms hinder businesses from making in-
formed decisions regarding low-carbon technology investments [56]. Chen et al. (2021) [18]
suggested China’s HP has yet to demonstrate significant innovation-inducing effects, fail-
ing to support even the weaker variant of the Porter hypothesis. Wang et al. (2018) [57]
highlighted that strict environmental policies increase emissions reduction pressures on
enterprises. These additional expenses raise business costs, reducing investments in R&D
and talent acquisition, thereby hindering green technology innovation [58]. Chen et al.
(2021) further noted that emissions trading systems inhibit the development of low-carbon
technologies in the short term [18]. Zhang et al. (2024) emphasized that a poorly designed
CP impedes the progress of GTI [17]. Zhang et al. (2022) demonstrated that rising CP may
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displace corporate R&D expenditures, thereby suppressing GTI [58]. This conclusion is
supported by Zhang et al. (2021) [59], who used a provincial panel and a difference-in-
difference model to demonstrate these effects [60]. Additionally, some findings collectively
underscore the complexity and variability of CP’s influence on GTI [60]. Chang and Zhao
(2024) found that CP exerts a relatively insignificant impact on the quality of GTI [60]. Lin
et al. (2017) further elaborated that CP exhibits both redirection and crowding out effects
on GTI [61].

Despite extensive research on the relationship between CP and GTI, significant knowl-
edge gaps persist. First, while existing studies have examined the aggregate effects of
CP on GTI, they have largely neglected to analyze the dynamic differential impacts and
underlying mechanisms under varying spatiotemporal contexts, CP levels, and market
volatility conditions. Second, the ongoing debate between the inhibitory versus incentive
effects highlights the necessity for contextualized analysis that accounts for the unique
market maturity and policy implementation characteristics of emerging economies like
China. Third, there remains insufficient exploration at the national macro-level regarding
how policy design and implementation can foster synergistic development and positive
feedback between CP and GTL

3. Theoretical Framework
CP exerts a dual-channel influence on GT], as illustrated in Figure 1:

(1) Innovation offset effect: Rising CP incentivizes firms to invest in GTI to alleviate regu-
latory pressure. Such investments may lead to technological advancements, efficiency
improvements, or new product development, which can offset compliance costs and
generate additional economic benefits, thereby positively stimulating GTI [10-14].

(2) Compliance cost effect: Higher CP increases firms’ carbon allowance expenditures,
raising compliance costs. This reduces profitability and may crowd out the resources
available for GTI investments, thereby negatively suppressing GTI [15-18].

Innovation offset effect N
vl ~ GTI
+\ Compliance cost effect /

Figure 1. The dual-channel mechanism of CP’s influence on GTI.

cP

The innovation offset effect channel of CP to GTI can be specifically explained by
the risk-return model. The risk-return model, originally proposed by Markowitz [62],
serves as a foundational framework in finance and strategic management for analyzing
decision-making under uncertainty. This model highlights how rational actors evaluate
trade-offs between risk and expected returns when selecting among alternative invest-
ment strategies [63]. Firms facing environmental regulations must decide between two
strategic options: (1) purchasing carbon allowances to comply with regulations while
bearing ongoing compliance costs; (2) investing in GTI to reduce emissions, thereby elim-
inating the need for allowance purchases and potentially generating revenue through
selling surplus allowances. This decision-making process requires careful consideration
of two key factors: expected returns and risk. Suppose the expected return of purchasing
carbon allowances is E(r1), the expected return investing in GTI is E(rp). The variance
of purchasing carbon allowances and investing in GTI is 07 and 03, respectively. The
covariance of the two options is Cov(ry,r2) = po102, where p is the correlation coefficient.
Suppose the share of purchasing carbon allowances and investing in GTI is w; and w,,
respectively, and w; 4+ w; = 1. Then, the decision-maker must maximize the portfolio’s
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expected return while constraining risk exposure below a specified threshold. The ex-
pected return of the two choices is E(rp) = w1E(r1) + wzE(r2), and the risk of the two
choices is Var(r,) = wio? + w303 + 2wyw,Cov(rq, 72). The maximization problem of the
decision-maker is expressed as

MaxE(ry) = w1 E(r1) + (1 — wy)E(r2)

such that w?o? + (1 — w1)2(722 + 2w (1 — w)poioy = 02, where ¢? is given.
The first-order optimality conditions from the Lagrangian formulation are given by

oL

90, =E(r1) — E(r2) + 2A[w1(712 -(1- wl)azz + (1 —2wq)pory02] =0 1)

Equation (1) indicates the relationship between w; and ¢;. Then, we have

ow; _ poy + 2wy (01 — pon)

o0y 0% + 03 — 20010,

Asp < 1,01 > 03, then %%11 < 0. However, 07 < 09; then, ?7"11 > 0.

When %% > 0, the expected return of GTI exceeds the carbon compliance costs.
Decision-makers then increase the GTI investment. This demonstrates CP’s innovation

offset effect on GTL

4. Methodology
4.1. Bootstrap Full-Sample Causality Test

The validity of Granger causality tests fundamentally requires stable time series data
to produce reliable and meaningful results. In the existing literature [64,65], it has been
extensively documented that conventional vector autoregressive (VAR) models often gen-
erate potentially misleading conclusions when analyzing non-stationary data. This occurs
because such models exhibit a particular vulnerability to the structural discontinuities and
stochastic trends that characterize unstable time series. To mitigate these shortcomings,
Shukur and Mantalos (2000) introduced a residual-based bootstrap (RB) methodology,
which recalibrates the statistical power of Granger causality testing by leveraging resam-
pling techniques [66]. Their simulations demonstrated that this approach substantially
refines the precision of causal inference, particularly in finite samples where asymptotic
approximations may fail. Further extensions of this work (Shukur & Mantalos, 2004) re-
fined the likelihood ratio (LR) test framework, demonstrating a superior performance in
small-sample settings through improved size control and higher-order simulation accu-
racy [67]. In this study, to better understand the causal relationship between CP and GTI,
we employed a modified likelihood ratio statistic for testing. The bivariate VAR (p) process
is represented by Equation (2).

Y; :lZo-l-lZlYt,l+...+ath7p+St,t:1,2,3 ...... T (2)

The optimal lag length p is determined using the Schwarz Information Criterion
(SIC), which systematically balances model complexity against estimation efficiency to
select the most statistically appropriate specification. Furthermore, the variable Y can be
decomposed into its constituent factors and reformulated as Y; = (CP;, GTI;)’ to enable
alternative analytical interpretations. A critical consideration in modeling the relationship
between CP and GTI involves accounting for financial constraints (FCs), which the existing
research has identified as a pivotal moderating force in this transmission channel [68-70].
To ensure robust empirical results, we explicitly integrated FC as a control variable within



Sustainability 2025, 17, 5371

7 of 23

the VAR framework. Accordingly, the baseline econometric specification was refined, and
Equation (2) was expanded to include FC.

Ch
CP a1 a11(L) app(L) ay3(L) €1t
— + GTL | + ®3)
lGTIt [ﬂzo] [@1 (I) axn(L) ax(L) FC, : €t

The stochastic term & = (1, €2¢) represents a white-noise process, ensuring that
the model accounts for random, uncorrelated disturbances. The variables a;;(L) =
Elf:l al-]-,kLk, i,j =1,2,and L are defined as lag operators, such that Lky;, = Y; i captures
dynamic dependencies in the time series structure.

Given this specification, we analyzed Equation (3), focusing on a1, = 0, where the
lag order k spans from 1 to p (i.e, k=1, 2, ..., p). If the statistical evidence leads to
the rejection of the null hypothesis that CP does not Granger-cause GTI, this implies a
statistically significant directional influence of CP on GTI. Conversely, using the identical
specification from Equation (3), we examined the converse proposition that GTI shows no
Granger-causal influence on CP.

4.2. Parameter Stability Test

Conventional bootstrap-based Granger causality tests rely on vector autoregressive
(VAR) models that assume time-invariant structural parameters, a restrictive assumption
rarely satisfied in empirical economic and financial datasets. In reality, policy reforms,
technological innovations, or macroeconomic disturbances frequently introduce structural
instability, causing conventional tests to produce misleading inferences. To overcome
this limitation, this study implemented Sup-F, Ave-F, and Exp-F tests [71,72] to identify
whether and when structural breaks distort the causality relationship. Complementing this
approach, the Nyblom [73] and Hansen [74] stability tests examined gradual parameter
evolution by assessing whether the coefficients exhibited persistent random-walk behavior
suggestive of persistent instability or converged toward long-term equilibrium values. By
systematically accounting for both abrupt structural breaks and gradual parameter drifts,
this approach enhanced the robustness of causality inferences in environments where
traditional assumptions fail. If parameter instability was detected, this suggested that the
causal relationship between CP and GTI exhibited time-varying dynamics. In such cases, a
sub-sample test was conducted to investigate the causal connection between CP and GTI,
aligning with the preceding analysis. This approach ensured a more robust examination of
the causal relationship, accounting for potential structural shifts in the data.

4.3. Bootstrap Sub-Sample Rolling-Window Causality Test

To account for potential parameter instability in our analysis, we implemented an ad-
vanced time-varying causality framework based on the rolling-window methodology [75].
This approach involved systematically analyzing the dataset through multiple consecutive
observation periods, each spanning a predetermined and consistent time interval, denoted
as window length (f). With a sequence length of E, the original sample was segmented
into E — f sub-samples. Subsequently, an improved LR test utilizing the RB method was
conducted on each of these sub-samples. By examining the LR statistics and associated
p-values of the E — f sub-samples, we could determine the causal relationship between

* *
CP and GTL N, ! Zle 21\12,,C and N, ! 2}6:1 21\21,,( indicate the impact of CP on GTI and the

*
effect of GTI on CP, respectively. Nj, represents the frequency of bootstrap repetitions. él\lzlk
*

and 21\21,,( are parameters derived from Equation (2). This analysis utilized a 90% confidence
range for both variables, with parameter estimates bounded by their 5th (lower limit)
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and 95th (upper limit) percentiles, reflecting the empirical distributions of /ﬂ\lz,k and 221,,(,
respectively [76].

5. Data Source and Descriptive Analysis

This study utilized monthly data spanning from August 2013 to February 2025 to
examine the causal relationship between CP and GTI. The first variable was CP. The CP
data were collected from nine pilot carbon trading markets in China, including Beijing,
Shanghai, Shenzhen, Guangdong, Tianjin, Hubei, Chonggqing, Sichuan, and Fujian. These
pilot regions covered over 20 industries, such as the power, steel, and chemical sectors,
involving approximately 3000 key emission enterprises. The daily average CP was obtained
from nine regional carbon markets in China. These data were sourced from the China Stock
Market and Accounting Research Database (CSMAR), a leading provider of financial and
economic data in China (website: https://data.csmar.com/; accessed on 1 March 2025).
The daily CP figures were aggregated into monthly averages to construct a representative
measure of China’s CP level. The study period extended from 5 August 2013 to 28 February
2025. The starting date was selected because it marks the commencement of China’s carbon
market trading, with the first carbon quota transaction taking place on 5 August 2013.

The second key variable, GTI, was proxied using patent grant data. The study collected
comprehensive patent records from the Chinese Patent Database, maintained by the State
Intellectual Property Office (SIPO) (website: https://www.cnipa.gov.cn; accessed on 5
March 2025). To identify patents relevant to green and low-carbon technologies, this
study applied the International Patent Classification (IPC) codes specified in the “Green
and Low-Carbon Technology Patent Classification System.” This classification framework
was formally issued by SIPO in 2022 to standardize the identification of environmentally
friendly technologies.

SIPO’s “Green and Low-Carbon Technology Patent Classification System” (2022) and
the “Green Technology Patent Classification System” (2023) focus on the application of
green and low-carbon technology data under China’s green patent classification framework.
Compared to the international WIPO classification, SIPO’s system better reflects the current
status and trends of green technology development in China, emphasizing technological
innovations in the clean and efficient utilization of traditional fossil energy, particularly coal,
in line with China’s energy resource endowment (rich in coal, poor in oil, and scarce in gas).
The distinction between the two classification systems lies in their scope: the “Green and
Low-Carbon Technology Patent Classification System” specifically targets green and low-
carbon technologies, including those related to the clean utilization of traditional energy,
energy efficiency, renewable energy, and carbon capture, utilization, and storage (CCUS),
which achieve carbon reduction, zero-carbon, and negative-carbon effects. It excludes green
technologies that contribute to carbon reduction synergies, such as pollution reduction
and resource recycling. In contrast, the “Green Technology Patent Classification System”
encompasses all green technologies. Given the focus of this study on CP, GTI, and carbon
emissions reduction, the “Green and Low-Carbon Technology Patent Classification System”
was selected as the reference framework, aligning more closely with the research objectives.

Furthermore, GTI is characterized by long development cycles, uncertain project
returns, and substantial financial investment requirements, which often lead to FC for
enterprises [69,70]. Under such constraints, even if CP stimulates corporate demand
for low-carbon investments, financing challenges may compel firms to maintain high-
carbon production methods, thereby undermining the effectiveness of carbon pricing
policies [68,77]. To account for this, FCs were included as a control variable in this study.
FCs were measured using the RMB loan, with data sourced from the official website of the
People’s Bank of China. The specific data are presented in Table 1.
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Table 1. Descriptive statistics for CP and GTIL.

Mean

Median Maximum  Minimum Standard Deviation = Skewness Kurtosis Jarque-Bera

CcpP
GTI
FC

53.755
2582.712

48.000 96.000 22.000 19.907 0.537 2.192 10.467 ***

2139.000 4349.000 1216.000 872.756 0.600 1.904 15.302 ***

1,530,099.000 1,443,055.000 2,583,669.000 694,962.200 575,680.800 0.286 1.798 10.256 ***

Notes: *** Significance at the 1% level.

Figures 2 and 3 illustrate the trends in CP, GTI, and FCs. Over the sample period, CP
fluctuated at relatively low levels before 2020, experienced a rapid increase from 2020 to
2022, and then stabilized at higher levels thereafter. In July 2021, China launched its national
carbon emission trading market. By the end of 2024, the cumulative trading volume of carbon
allowances reached 630 million tons, with a total turnover of CNY 43.033 billion. In 2024 alone,
the carbon allowance trading volume amounted to 189 million tons, with a turnover of CNY
18.114 billion. Throughout the observation period, China’s GTI exhibited a general upward
trend, with slight declines observed in specific years, such as 2014, 2017, and 2022. From 2013
to 2024, China’s GTI grew at an average annual rate of over 12%, significantly surpassing the
global average growth rate of 2.5%. Currently, China’s GTI accounts for more than 30% of the
global total. Additionally, RMB loans maintained a year-on-year growth rate of around 10%
during the observation period, showing sustained growth.

100

5,000

4,000

3,000

2,000 —l

Pilot Carbon Emission Trading launched China's Energy Law comes into force
Revised Environmental Protection Law enacted  Russia-Ukraine conflict erupts

China pushes energy-saving and eco-friendly industries

National enkergy-saving tech catalog released

China accedes to the Paris Agreement

- 80

US withdrawal from the Paris Agreement

EU adoption of the European Climate Law
\ First phase of the EU CBAM starts

- 60

- 40

National carbon market opens

EU passes Net-Zero Industry Act | oy

China proposes "Dual Carbon" goals

UN adopts 2030 Sustainable Development Goals
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Figure 2. The trends of CP and GTI.
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Figure 3. The trend of FCs.

Table 1 presents the descriptive statistics for the key variables under examination.
The mean values for CP, GTI, and FCs were 53.755, 2582.712, and 1,530,099.000, respec-
tively. Notably, these variables exhibited considerable variability, as evidenced by the
substantial differences between their minimum and maximum values, suggesting high
volatility in the dataset. Further analysis of the distributional properties revealed that
CP, GT1I, and FCs displayed positive skewness, indicating a rightward asymmetry in their
distributions. Moreover, the kurtosis values for these variables fell below 3, confirming that
their distributions were platykurtic. The departure from normality was further reinforced
by the Jarque—Bera test results, which were statistically significant at the 1% level for all
three variables. Given these non-normal distributional characteristics, applying conven-
tional Granger causality tests may yield unreliable inferences, necessitating alternative
methodologies to ensure robust causal analysis.

6. Empirical Results

We analyzed CP-GTI full-sample Granger causality using a 4-lag VAR model selected
via SIC. As shown in Table 2, CP has a causal effect on GTI, but not vice versa. However,
due to parameter instability caused by structural variations, these findings are considered
unreliable. To address this, we conducted parameter stability tests such as Sup-F, Ave-F,
Exp-F, and Lc tests [71,72], which revealed significant structural changes at the 1% level
(Table 3). For instance, the launch of China’s national carbon market (July 2021) coincided
with a structural breakpoint, explaining the heightened Granger causality from CP to
GTl in the post-2021 period. Conversely, geopolitical shocks such as the Russia—Ukraine
conflict (February 2022) may have temporarily weakened the CP-GTI relationship by
shifting policy priorities toward energy security. These findings suggest that the Granger
causality between CP and GTI is both time-sensitive and context-dependent, influenced by
institutional developments and external disruptions.

Table 2. Full-sample Granger causality tests.

HO: CP Does Not Granger-Cause HO: GTI Does Not Granger-Cause
GTI CP

Statistics p-Value Statistics p-Value
Bootstrap LR test 10.495 0.040 5.275 0.270

Notes: p-values were calculated from 10,000 bootstrap repetitions.

Tests




Sustainability 2025, 17, 5371 11 of 23

Table 3. The parameter stability test.

cP GTI VAR System
Tests
Statistics p-Value Statistics p-Value Statistics p-Value

Sup-F 24.332 *** 0.003 102.902 *** 0.000 49.192 *** 0.000

Ave-F 8.912 ** 0.020 28.814 *** 0.000 21.282 *** 0.000

Exp-F 15.534 ** 0.014 57.312 *** 0.000 36.346 *** 0.000

Lc 5.391 *** 0.000

Notes: p-values were computed from 10,000 bootstrap iterations. *** Significance at the 1% level. ** Significance at
the 5% level.

The initial analyses identified significant parameter instability, prompting the adoption
of a robust bootstrap sub-sample rolling-window causality test. After careful methodologi-
cal consideration, we determined a 24-month observation window to be optimal, as this
duration effectively balanced two critical requirements: (1) it maintained statistical reli-
ability in accordance with Shukur and Pesaran’s criteria, and (2) it ensured meaningful
economic interpretability within our specific research framework. To rigorously validate
this window selection, we conducted comprehensive sensitivity analyses employing al-
ternative window lengths of 20, 28, and 32 months. The results obtained across these
different window specifications demonstrated remarkable consistency, thereby confirming
the robustness of our findings.

Figure 4 shows the p-values associated with the null hypothesis that CP does not
Granger cause GTI. Figure 5 elucidates the directional influence from CP to GTI. The
analysis in Figures 4 and 5 uncovers nuanced patterns of causality over time. Specifically,
during the periods of July 2021 to October 2021 and October 2023 to March 2024, CP exerted
a positive influence on GTI. Conversely, during the period from February 2022 to June 2022,
CP had a negative influence on GTL

1.0
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O-O \'\\\'\\\'\\\'\\\'\\\' '\\\'\\\'
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Figure 4. p-values testing the null hypothesis that CP does not Granger-cause GTI. Notes: Black line
indicates significance threshold at p = 0.1; Reject Hy if p < 0.1 with significant causality.
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Figure 5. The coefficients for the effect of CP on GTI. Notes: Black line denotes the reference line
where coefficients equal zero; Blue line above zero: positive effect. Below zero: negative effect.

In the period from July 2021 to October 2021, both CP and GTI rose. On 16 July 2021,
China’s national carbon emission trading market opened at the Shanghai Environment
and Energy Exchange. From 16 July to 31 December, the cumulative trading volume
of carbon emission allowances reached 179 million tons, with a total transaction value
of CNY 7.661 billion. Over half of the key emission units actively participated in the
market. On 31 December, the closing price was CNY 54.22 per ton, marking a 12.96%
increase from the opening price. Additionally, in 2021, China granted over 37,000 green
and low-carbon patents, with a growth rate of 32%. During this period, the positive
impact of CP on GTI can be explained in three ways. First, as China’s national carbon
emission trading market stabilized, its scale and coverage expanded. CP served as a market
mechanism, offering clear direction for green development. With stricter emission limits
and rising CP, companies had to focus on green innovation to achieve sustainable growth,
thereby boosting GTI [44,46]. Second, CP fueled the emergence of a green technology
market. Companies that mastered green patent technology gained a competitive advantage.
Developing green patents not only reduces carbon emission costs but also generates revenue
through licensing and technology transfer. This innovation offset effect drove firms to
increase R&D investment, promoting GTI [11,12]. Third, high CP highlighted the value of
emissions reduction, making green innovation projects more appealing for investment and
financing. This accelerated the pace of GTI [69,70].

In the period from February 2022 to June 2022, CP rose. In February 2022, the Russia—
Ukraine conflict erupted. As a major global energy exporter, Russia’s restricted energy exports
destabilized global energy supply chains. Global oil prices spiked, peaking at USD 139 per
barrel, nearly double the previous year and reaching the highest level since 2008. Soaring
oil prices forced some Chinese companies to cut energy costs and maintain operations by
temporarily using higher-emission alternatives like coal, resulting in increased carbon emis-
sions. Higher emissions raised the demand for carbon allowances, driving up CP. However,
GTI declined. The Russia—Ukraine conflict impacted multiple global areas, including energy,
food, supply chains, financial markets, and geopolitics, increasing global uncertainty. These
uncertainties and risks suppressed China’s GTI. During this period, the negative impact of CP
on GTI can be explained in two ways. First, a high CP significantly raised compliance costs
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for firms. To meet the carbon allowance requirements, companies had to pay more. These
additional expenses reduced available funds, forcing firms to prioritize compliance over green
technology R&D. This created a negative compliance cost effect on GTI [15,16]. Second, the
geopolitical and military conflicts introduced uncertainty into the global carbon market. Fac-
ing unpredictable conditions, companies opted for low-risk, short-term solutions with limited
emission reduction effects, rather than investing in high-risk but high-reward long-term GTI.
This conservative strategy suppressed GTI [78-80]. Third, China’s domestic energy policies
in 2022 likely suppressed corporate green innovation investment. The 14th Five-Year Plan
for Modern Energy System, released in March 2022, prioritized short-term energy security,
with particular emphasis on coal supply during the 2022 energy shortages. This policy focus
may have led some firms to temporarily defer GTI investments as they prioritized securing
conventional energy supplies. In addition, concurrent coal price controls and mandatory
production quotas compelled firms to allocate substantial capital and operational resources
toward compliance, reducing the available funding for GTI R&D.

In the period from October 2023 to March 2024, CP and GTI rose together. On 1 October
2023, the first phase of the EU Carbon Border Adjustment Mechanism (CBAM) started.
CBAM, a derivative policy of the EU carbon market also known as the “carbon tariff”,
required exporters in six carbon-intensive industries to report their carbon emissions to EU
authorities to continue exporting to Europe. This generated widespread “carbon anxiety,”
driving up CP. Meanwhile, GTI also rose. In 2023, the volume of green and low-carbon
patent applications published in China reached 97,000, up 14.5%. Patent grants totaled
45,000, an 8.0% increase. By the end of 2023, the number of valid green and low-carbon
patents in China reached 243,000, a 19.1% rise. The positive impact of CP on GTI during this
period can be explained in two ways. First, the EU carbon tariff was eventually reflected
in product prices, reducing the market competitiveness of high-carbon products while
increasing that of low-carbon ones. Thus, through the innovation offset effect, the EU
carbon tariff motivated some exporters to boost GTI [13]. Companies achieving low-carbon
transition through innovation gained a global competitive edge, captured green markets
early, and stayed ahead as policies tightened [36,37]. Second, the EU carbon tariff raised
emission costs for exporters. The rising cost pressures drove firms toward GTI as a strategic
response [81,82].

Figure 6 presents the p-values testing the null hypothesis that GTI does not Granger-
cause CP. Figure 7 reveals the directional impact of GTI on CP. The analysis in Figures 6 and 7
uncovered a nuanced causal relationship that unfolded over time. In the period from June
2017 to November 2017, GTI exhibited a negative influence on CP. In contrast, in the period
from February 2024 to July 2024, GTI demonstrated a positive influence on CP.

In the period from June 2017 to November 2017, GTI declined, but CP rose. In June
2017, the Trump administration announced the US withdrawal from the Paris Agreement.
The decision weakened global climate cooperation efforts. As the world’s largest economy
and second-largest historical greenhouse gas emitter, the US exit reduced funding and
technology transfer to developing nations. This hampered their ability to combat climate
change. Global research collaboration and investment in climate solutions declined, and
low-carbon innovation slowed. In China, the number of green and low-carbon patents
granted dropped from 25,000 in 2016 to 23,000 in 2017. However, CP rose from CNY 23
per ton in June 2017 to CNY 34 per ton by November 2017, increasing rapidly. During this
period, the negative impact of GTI on CP can be explained in two aspects. First, GTI slowed
down, and companies lacked effective emissions reduction methods, leading to increased
carbon emissions. This increased the demand for carbon emission quotas, pushing up
CP [83-87]. Second, the slowed GTI reduced market confidence in long-term emissions
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1.0

reduction goals. Fears of future quota shortages prompted companies to compete for quotas
in the short term, further raising CP [88].
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Figure 6. p-Values testing the null hypothesis that GTI does not Granger-cause CP. Notes: Black line
indicates significance threshold at p = 0.1; Reject Hy if p < 0.1 with significant causality.

0.04

0.03 -

—— COEF_SUM_CP
—— COEF_SUM_CP_LO
—— COEF_SUM_CP_UP

0.02

0.01 4

0.00

AVA

AN Am\w

—0.014

—0.02

n AN A

M

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Figure 7. The coefficients for the effect of GTT on CP. Notes: Black line denotes the reference line
where coefficients equal zero; Blue line above zero: positive effect. Below zero: negative effect.

In the period from February 2024 to July 2024, both GTI and CP rose. In 2024, the
number of green and low-carbon patents granted was nearly 50,000 in China. Among them,
the number of patents granted in solar PV, new energy vehicles, and battery technologies
ranked first globally. China’s solar PV supply chain accounted for over 70% of global pro-
duction. New energy vehicle production and sales remained the world’s highest for eight
consecutive years. In 2024, China’s CP rose, with a peak of CNY 106.02 per ton and a low of
CNY 69.67 per ton. The average price was CNY 91.8 per ton. The year-end closing price was
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CNY 97.49 per ton, up 22.75% from the end of 2023. During this period, the positive impact
of GTI on CP can be explained in two ways. First, GTI reduced emission reduction costs.
Companies were more willing to join the carbon trading market. Increased participation
boosted carbon market confidence, liquidity, and vitality, driving CP higher [89,90]. Second,
the improved GTI led to the widespread adoption of innovations like carbon capture and
renewable energy. This enhanced resource efficiency and carbon productivity [91]. Notable
reductions in carbon emissions incentivized governments to implement more rigorous
regulatory standards while decreasing quota allowances, thereby driving up CP [92]. Third,
GTI enhanced carbon market activity by reducing corporate emission costs. For instance,
solar power generation costs declined by 12% in 2024, contributing to a 30% year-on-year
surge in China’s carbon market trading volume in the first half of 2024. Improved liquidity
lowered market entry barriers, attracting short-term traders to capitalize on upward trends
while reinforcing the long-term expectations of carbon scarcity. This allowed the market
to more efficiently reflect supply—demand shifts driven by green technology adoption,
drawing increased investor participation and driving CP higher. Ultimately, this created a
clear cycle: better GTI lifts liquidity, and higher liquidity drives CP up.

To strengthen the validity of the quantitative analysis, this research substituted the
original control factor of FCs with climate policy uncertainty (CPU) and crude oil prices
(COPs) as alternative control variables, while conducting subsequent empirical verification.
CPU and COPs potentially impact both CP and GTI via worldwide market fluctuations and
international policies. CPU suppresses CP by weakening market expectations, while simul-
taneously hindering GTI by increasing investment risks [93,94]. International COP volatility
affects CP and corporate R&D investment in GTI through energy substitution and cost
transmission effects [18,95,96]. Hence, CPU and COPs were included as control variables.

The empirical outcomes presented in Figures 8-11, which incorporate CPU and COPs
as alternative control variables, demonstrate that the modified variable selection main-
tained consistency with prior analytical results. This alignment provides evidence for
the robustness of our quantitative analysis, reinforcing the methodological validity of
our research.
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Figure 8. p-values testing the null hypothesis that CP does not Granger-cause GTI in the robust-
ness check. Notes: Black line indicates significance threshold at p = 0.1; Reject Hy if p < 0.1 with
significant causality.
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Figure 10. p-values testing the null hypothesis that GTI does not Granger-cause CP in the robust-
ness check. Notes: Black line indicates significance threshold at p = 0.1; Reject Hy if p < 0.1 with
significant causality.
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In short, the bootstrap full-sample method indicated that CP Granger-causes GTI,
but GTI does not Granger-cause CP. However, this conclusion does not hold when the
coefficients in the VAR(p) model are non-constant. To demonstrate this variability, our
study employed four parameter stability techniques, revealing abrupt structural changes
in CP and GTIL Subsequently, we applied the more sophisticated sub-sample technique to
identify the complex relationship between these two variables. The findings suggest that
CP exerts a dual-channel effect on GTI, and vice versa.

7. Conclusions and Policy Implications
7.1. Conclusions

This study investigated the temporally heterogeneous causal relationship between car-
bon pricing (CP) and green technology innovation (GTI). Our findings revealed substantial
uncertainty in this relationship: CP stimulates GTI via the innovation offset effect in some
periods but inhibits it through the compliance cost effect in others. Conversely, GTI exerts
both positive and negative influences on CP across different temporal phases, highlighting
the complex and bidirectional interplay between the two variables.

The relationship between CP and GTI is governed by two opposing mechanisms: the
innovation offset effect and the compliance cost effect. The dominance of either mecha-
nism depends on contextual factors, including policy synergy, international competitive
landscape, and financial market conditions.

(1) Policy synergy: When CP is effectively coordinated with complementary environ-
mental policy instruments, the innovation offset effect predominates. Such policy
combinations simultaneously reduce innovation costs and enhance expected returns,
internalizing carbon costs as innovation incentives. Conversely, isolated CP with-
out supporting measures increases pure compliance costs, leading firms to reduce
R&D expenditures under budget constraints and thereby activating the compliance
cost effect.

(2) International competitive landscape: The global competitive environment shapes
firm strategy. With robust carbon leakage prevention mechanisms such as carbon
border adjustments, firms cannot evade carbon costs through relocation and are com-
pelled to innovate to maintain competitiveness. In such cases, CP pressures translate
into innovation drivers. In the absence of such trade policy coordination, firms fa-
vor geographical arbitrage over technological innovation, triggering the compliance
cost effect.

(8) Financial market conditions: Financial market completeness determines firms’ ca-
pacity to transform carbon signals. The developed green financial markets mitigate
GTI ECs through diversified instruments, enabling firms to smooth intertemporal
investments and convert carbon pressures into innovation inputs. Under financial
friction, however, binding liquidity constraints amplify R&D budget displacement by
rising carbon costs, reinforcing the compliance cost effect.

In essence, these factors collectively influence firm decisions by altering the relative
prices and budget constraints of GTI activities: policy synergy adjusts the marginal costs
and benefits of innovation, international competition modifies strategic options, and finan-
cial conditions reshape intertemporal budgets. The innovation offset effect dominates when
these factors lower GTI costs or raise expected returns, while their absence strengthens the
compliance cost effect.

7.2. Policy Implications

To foster a positive and synergistic interaction between CP and GTI, promoting a reduc-
tion in catbon emissions, the Chinese government should focus on the following actions.
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First, the industry coverage and market scale of China’s carbon market should be
expanded. Initially, the coverage should be extended from power generation to high-
emission industries like steel and cement, and then the chemical and building materials
sectors should be gradually incorporated while piloting emerging fields such as data centers
and aviation. Additionally, a synergistic policy framework should be established for carbon
market expansion through integrating price- and market-based environmental policies.
Regarding price-based mechanisms, a tiered water taxation system featuring penalty
rates for water-intensive sectors should be implemented, forming a dual resource-energy
constraint mechanism complementary to carbon pricing. Concurrently, the environmental
protection tax requires optimization through the inclusion of co-pollutants such as VOCs,
enabling integrated carbon pollution regulation. For market solutions, integrated trading
platforms linking emission rights and carbon allowances should be established, bundled
pollution—carbon reduction products developed, and renewable energy incorporated into
energy quota systems.

Second, a dynamically optimized carbon pricing system should be established. CP
floors and ceilings should be set. This would prevent excessive pressure on enterprises from
high CP and eliminate weak incentives from low prices. Additionally, a CP stabilization
fund can be created to absorb excess trading volume or inject fiscal funds during significant
price fluctuations, ensuring market stability.

Third, a green innovation coefficient should be incorporated into carbon quota alloca-
tion to reward enterprises that achieve breakthroughs in emission-reduction technologies
with additional quotas. This market-driven mechanism accelerates technological innova-
tion by granting a scaling factor of 1.1 to 1.5 multiplier on allocated quotas for companies
that develop and deploy nationall certified breakthrough technologies. In this way, firms
can recover R&D costs by selling surplus quotas while entering a virtuous cycle where an
advanced GTI reduces compliance costs.

Fourth, a trinity “monitoring-trading-governance” mechanism should be established
to synergize China’s carbon market, SDGs, and GTI. First, SDG indicators (7.3 for energy
efficiency, 9.4 for low-carbon industries, and 13.2 for climate policy) can be integrated
through the national eco-environment big data platform, developing a carbon market
digital twin system to monitor innovation elasticity coefficients in key sectors. Second,
“SDG-CP” index futures can be piloted at the Shanghai Environment and Energy Exchange,
linking corporate green patent counts with carbon allowance auction prices at a 1:0.5
SDG-to-CO; exchange ratio. Lastly, international alliances should be fostered to build
mutual SDG recognition systems between China’s carbon market and ASEAN/EU/Middle
Eastern markets, deploying blockchain-based carbon-SDG certification while creating a
green tech transfer fund that rewards cross-border projects achieving SDG 9.4 with 10-15%
extra carbon allowances.

Fifth, more green financial instruments should be developed. First, a diversified
green financial instrument system should be established, including improving green credit
mechanisms, issuing specialized green bonds, and setting up green technology venture
capital funds to provide multi-level financing support for green technology innovation.
Second, innovative carbon financial derivatives need to be developed, such as carbon
futures contracts and patent-backed financing products, while building blockchain-based
carbon emissions reduction technology certification and trading platforms to enhance
market efficiency. Then, market participants should be expanded by introducing specialized
investment institutions like carbon funds and foreign investors to increase market vitality.
On this basis, a linkage mechanism of “carbon price signal-financial leverage-technology
diffusion” should be established to effectively connect carbon pricing with green technology
innovation. Finally, mutual recognition mechanisms with major international carbon
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markets should be promoted, and a “Belt and Road” carbon trading hub should be built.
Through unified carbon accounting standards and multilateral offset mechanisms, the
international transfer and diffusion of green technologies will be facilitated, ultimately
forming a global financial ecosystem that supports green technology innovation.

This study revealed the relationship between CP and GTI in China, but the inter-
national generalizability of the findings should be interpreted with caution due to cross-
country variations in marginal abatement costs. These variations, stemming from differ-
ences in emission targets, development stages, and economic structures, fundamentally
alter the CP-GTI mechanism. This study employed green and low-carbon technology
patents as a proxy for GTI. While patent data provide measurable indicators of innovation
output, they cannot capture two critical dimensions: the actual commercialization rate
of green technologies and their quantified environmental benefits in field applications.
The conclusions and countermeasures of this study, while based on China’s national-
level analysis, lack detailed regional subdivisions. This may limit the targeting of policy
recommendations or lead to an overestimation of their applicability. Future research
should enhance generalizability by examining how distinct policy systems and varying
marginal abatement costs differentially influence the CP-GTI relationship across different
national contexts.
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