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Abstract

Purpose: We investigate the impact of climate policy uncertainty (CPU) on bank asset quality (BAQ) in the context of Chinese commercial banks.

Design/methodology/approach: Using quarterly panel data from A-share listed commercial banks in China from 2008 to 2022, we employ fixed-effects regression models to examine the relationship between CPU and BAQ, measured by the non-performing loans to total loans ratio (NPL). We also explore the moderating effects of capital adequacy, corporate governance and digital transformation.

Findings/results: The results reveal that CPU significantly increases NPL, thereby weakening asset quality, with variations observed across different bank types and sizes. In addition, a higher capital adequacy ratio (CAR), enhanced corporate governance and improved digital transformation capabilities help mitigate the negative effects of CPU on BAQ.

Practical implications: The findings suggest that bankers should develop differentiated climate risk response strategies and bolster resilience to address the CPU. Policymakers are encouraged to enhance the foresight and stability of climate policies to lessen the impact of CPU on financial institutions.

Originality/value: This study enriches the understanding of climate financial risks by identifying CPU as a critical external factor affecting bank stability. It offers new insights into how internal governance mechanisms and digital capabilities can buffer the effects of climate-related uncertainties in the banking sector.
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Introduction

Amidst intensifying global climate change, governments have implemented a range of carbon reduction policies to guide economic and social development towards a green, low-carbon transformation. However, factors such as macroeconomic volatility and technological uncertainty have made climate policy formulation and implementation increasingly unpredictable. Consequently, climate policy uncertainty (CPU) has emerged as a significant exogenous shock impacting both the real economy and the financial system (Dai & Zhang, 2023; Liu et al., 2024a; Xu et al., 2024; Zhang et al., 2025). CPU typically refers to the uncertainty surrounding economic agents’ expectations about the direction and intensity of future climate-related policies. Recent research has highlighted the economic ramifications of CPU, revealing its disruptive effects on corporate investment (Golub et al., 2020), energy transition pathways (Liang et al., 2022) and capital market volatility (Xu et al., 2023). Within the banking sector, studies indicate that CPU affects systemic financial risk through mechanisms such as liquidity allocation (Xu et al., 2024) and banks’ risk-taking behaviour (Dai & Zhang, 2023; Huang et al., 2025). However, there is still limited understanding of how CPU impacts bank asset quality (BAQ), particularly regarding the transmission paths and mechanisms across different bank types and characteristics.

Theoretically, CPU may impact BAQ through several mechanisms. As the core of the financial system, banks play a vital role in credit allocation and risk transmission. Uncertainty surrounding climate-related policies increases volatility in firms’ expectations, which can dampen investment incentives and undermine business stability (Brik, 2024). This, in turn, weakens firms’ cash flows and debt-servicing capacity, elevating banks’ exposure to non-performing loans. In addition, CPU may prompt banks to revise their lending strategies, limiting credit to high-carbon or policy-sensitive sectors. Such adjustments can alter the credit structure and contribute to risk concentration, further compromising asset quality (Semieniuk et al., 2021). Amidst the rapid development of green finance and increasing regulatory pressure, banks face the challenge of balancing environmental responsibility with effective credit risk management (Bashir et al., 2024; Fu et al., 2024). Therefore, systematically identifying the transmission pathways through which CPU affects BAQ is essential. This analysis can uncover potential vulnerabilities in the financial system during the green transition and provide theoretical and policy insights for enhancing climate-related risk management in the banking sector.

Using quarterly data from China’s A-share listed commercial banks from 2008 to 2022, we empirically examine the impact of CPU on BAQ and its underlying transmission mechanisms. We also investigate the heterogeneous effects of CPU across banks of varying types and sizes. To identify the sources of CPU shocks, we treat the signing of the Paris Climate Agreement as an exogenous event and employ a difference-in-differences (DID) model to assess the dynamic effects of climate policy on BAQ and market value. Our results indicate that CPU significantly increases NPL, thereby weakening BAQ, with notable variations across different bank types and sizes. Furthermore, higher CAR, improved corporate governance and enhanced digital transformation capabilities help mitigate the negative impact of CPU on BAQ.

We contribute to the literature in three keyways: Firstly, we provide the first systematic empirical evidence on how CPU affects BAQ, identifying CPU as a distinct policy-induced transition risk channel beyond physical and transition climate risks commonly examined in prior studies (Lee et al., 2022; Nguyen et al., 2023; Nieto, 2019). By explicitly linking CPU to non-performing loans, our analysis clarifies the policy-level transmission mechanism through which climate-related uncertainty propagates into bank credit risk. Secondly, using quarterly bank-level data for China’s A-share listed commercial banks from 2008 to 2022, we capture the high-frequency dynamics of CPU shocks on BAQ. Treating the signing of the Paris Climate Agreement as an exogenous policy event, we employ a DID framework to identify the causal impact of CPU on BAQ and market valuation, thereby strengthening causal inference at the microbank level. Thirdly, we document economically meaningful heterogeneous and moderating effects. Specifically, we show that higher capital adequacy ratios, stronger corporate governance and greater digital transformation capacity significantly mitigate the adverse impact of CPU on BAQ. These results provide microlevel evidence on how internal bank characteristics shape resilience to CPU, offering actionable insights for bank risk management during the green transition.

Our findings yield significant policy implications for governments, banks and policymakers. Governments should enhance the predictability and consistency of climate policies to mitigate the adverse effects of policy uncertainty on the financial system. Banks should tailor their risk management frameworks to their type and size, enhance capital adequacy, strengthen corporate governance and adopt digital transformation, whilst implementing dynamic climate risk management systems. Policymakers should promote the adoption of climate data analytics and scenario analysis tools amongst financial institutions to improve climate risk identification, enhance asset resilience and foster stronger alignment between the financial system and climate policy objectives.

The remainder of this study is organised as follows: The second section reviews theoretical analysis and research hypotheses. The third section outlines methodology and data collection. The fourth section presents and discusses empirical results. Finally, the last section concludes the study.

Theoretical analysis and research hypotheses

Loans are the core business of commercial banks, and their default risk is a critical component of banks’ risk management and asset quality monitoring. We examine the mechanisms through which CPU impacts BAQ at both the firm and bank levels. Drawing on Real Options Theory (ROT) (Abel et al., 1996), we find that CPU influences banks’ NPL by affecting firms’ investment behaviour and banks’ credit strategies. In uncertain environments, firms tend to delay investment decisions to preserve strategic flexibility (Dixit, 1989). CPU leads firms, particularly those in high-carbon industries, to postpone or scale back capital expenditures, which reduces profitability, constrains cash flows and heightens the risk of loan default. In addition, firms in high-carbon sectors face increased regulatory pressure, elevated financing costs and the risk of asset devaluation under CPU (Zhang et al., 2023), all of which amplify credit risk. This elevated risk is transmitted to banks, contributing to rising NPL. Furthermore, CPU may erode the value of firms’ collateral (e.g. high-carbon assets) and undermine managerial confidence, further impairing operational efficiency and debt-servicing capacity. In response, banks may adjust their credit structure by tightening loan approvals for high-carbon industries to mitigate potential future credit risk (Li & Wu, 2023). Nevertheless, heightened corporate credit risk may continue to increase NPL amongst banks’ existing loan portfolios.

From a systemic financial risk perspective, CPU may influence the banking sector through various risk transmission channels. Cross-shareholding and mutual investment ties between banks and traditional energy firms facilitate the transmission of stranded asset risks from the energy sector to the banking system (Zhang et al., 2023). Simultaneously, carbon emission constraints may compel the traditional energy and transportation sectors to accelerate their low-carbon transition, leading to higher operating costs and lower profits. This transition can negatively impact the value of related assets held by banks (Stroebel & Wurgler, 2021).

Based on the above discussion, we propose the following hypothesis:


H1: Increased CPU can hinder BAQ.



The impact of CPU on BAQ may vary by bank type and size. State-owned banks, which generally possess strong capitalisation, diversified portfolios and implicit government credit guarantees (Zhang & Wang, 2020), are also highly sensitive to policy directives, including the Green Credit Guidelines, the Guiding Opinions on Building a Green Financial System and regulations pertaining to the national carbon market. As a result, under heightened CPU, this policy sensitivity may exacerbate adverse effects on their asset quality, despite structural advantages (Dong et al., 2021). In contrast, joint-stock banks, operating under a market-oriented model, enjoy greater flexibility in adjusting credit strategies and may implement more prudent lending practices to mitigate CPU-induced risks. City and rural commercial banks face greater challenges in responding to CPU due to their smaller capital buffers, less diversified credit portfolios and dependence on local industrial structures and small- and medium sized enterprises (SMEs), which increases their vulnerability to policy uncertainty (Liu et al., 2024b; Yao & Fan, 2025).

In addition, bank size plays a crucial role in determining the impact of CPU on BAQ. Larger banks benefit from stronger capital bases and diversified operations, allowing them to mitigate CPU’s adverse effects, whereas smaller banks with concentrated portfolios and limited risk-control capabilities are more susceptible to rising credit risks. (Eggers, 2020).

Based on the above discussion, we propose the following hypothesis:

H2: The impact of CPU on BAQ is different across bank type and bank size.

Banks’ CAR, corporate governance levels (CGL) and digital transformation capabilities are important factors influencing credit decisions and risk management. These elements may play a key moderating role in the relationship between CPU and BAQ.

From the perspective of banks’ risk-bearing capacity, CAR is a critical indicator of their ability to absorb losses and withstand economic shocks. A higher CAR indicates that banks have stronger capital buffers, enabling them to maintain a stable credit supply during periods of economic volatility and elevated policy uncertainty (Huang et al., 2025). Such banks typically adopt stricter credit approval and risk control mechanisms, which help reduce the generation of risky loans and mitigate the negative impact of CPU on BAQ. In addition, adequate capital reserves enhance banks’ resilience to external uncertainties, thereby decreasing the likelihood of asset quality deterioration.

From the perspective of corporate governance, the strength of a bank’s governance structure significantly affects its credit risk management capabilities. Banks with stronger governance typically have more effective internal control and shareholder oversight mechanisms, which help align managerial and shareholder interests, discourage short-termism and reduce the likelihood of excessive lending or risk-taking in response to CPU (Laeven & Levine, 2009). For example, well-governed banks typically implement institutional safeguards, including well-structured boards, transparent disclosures and rigorous risk control procedures, which promote prudent credit approval and a focus on asset quality and sustainable growth (Beltratti & Stulz, 2012). Therefore, sound corporate governance can enhance banks’ capacity to adapt to CPU, thereby mitigating its adverse impacts on BAQ.

From the perspective of information asymmetry, banks’ digital transformation capabilities directly influence their risk control abilities, which in turn determine asset quality stability under CPU. Information asymmetry is a prevalent issue in the bank credit market. During periods of high external uncertainty, the quality of corporate information disclosures may decline, hindering banks’ ability to accurately assess borrowers’ credit risk (Ng et al., 2020). However, banks with advanced digital transformation can leverage technologies such as big data analytics, artificial intelligence and machine learning to optimise credit approval processes and more accurately evaluate borrower creditworthiness (Wang et al., 2023a). This helps reduce adverse selection caused by information asymmetry and mitigates the negative impact of CPU on BAQ. Moreover, digital transformation contributes to mitigating moral hazard by allowing banks to employ intelligent monitoring systems to track borrowers’ operational performance in real time, detect emerging credit risks (Amato et al., 2024) and proactively manage default risk through tailored loan terms and liquidity provision. In a high CPU environment, banks lacking digital risk control capabilities may be more vulnerable to waves of corporate defaults triggered by policy uncertainty, further deteriorating asset quality.

Based on the above discussion, we propose the following hypothesis:

H3a: Higher CAR mitigates the negative effect of CPU on BAQ.


H3b: Higher corporate governance levels mitigate the negative effect of CPU on BAQ.

H3c: Higher digital transformation capabilities mitigate the negative effect of CPU on BAQ.



Methodology and data collection

Empirical models

Based on the theoretical framework, we construct baseline regression models to test the research hypotheses presented in the previous section, computing cluster-robust standard errors at the bank level, as follows in Equation 1:
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where NPLit denotes the NPL ratio of bank i in period t, which is inversely related to BAQ, CPUt is the CPU index, Xmac_t is the macroeconomic control variable, and Xmic_it is the microbank-level control variable. Table 1 summarises the definitions of variables.
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Dependent variable: BAQ in commercial banking generally refers to a bank’s ability to recover loan principal on time and earn the expected return. It is commonly measured using indicators such as the probability of default and the ratio of NPL (Li et al., 2020; Yildirim, 2020). In this study, NPL is used as a proxy for BAQ, as a higher NPL is negatively associated with BAQ, indicating weaker asset quality.

Independent variable: We use the CPU Index developed by Ma et al. (2023) as the primary independent variable to measure climate policy changes in China (Apergis & Lau, 2015; Dai & Zhang, 2023). To align with bank-level quarterly data, we aggregate the monthly CPU into quarterly averages for regression analysis.

Control variables: To examine the impact of CPU on BAQ more comprehensively, we introduce both macrocontrol and microcontrol variables. The macroeconomic variables include the national GDP growth rate (G_GDP) and the business confidence index (BCI) to reflect real economic development. In addition, we incorporate the return on the Shanghai Composite Index (SZZS) and the Shanghai Interbank Offered Rate (SHIBOR) to account for financial market volatility, capturing capital market performance and interbank liquidity conditions. For microeconomic variables, we include several key bank-level characteristics that may influence BAQ. Return on Assets (ROA), calculated as net profit divided by total assets, serves as a measure of profitability. Bank size (Size) is represented by the natural logarithm of total assets to capture potential size-related effects. The CAR reflects the bank’s risk-bearing capacity and ability to absorb losses, whilst the CGL is proxied by equity concentration, specifically the shareholding percentage of the largest shareholder, to address potential agency problems.

Other variables: We use the Digital Transformation Index of Chinese Commercial Banks (Fintech), developed by Peking University, to measure the level of digital transformation. This index is constructed based on banks’ annual reports, patent data and other public sources, systematically capturing banks’ performance in areas such as technological infrastructure, digital service capabilities, business model innovation and management transformation.

After analysing the direct impact of CPU on BAQ, we further explore its potential transmission mechanisms. Specifically, we examine three moderating variables, namely CAR, CGL and Fintech. To assess whether CPU influences BAQ through these channels, we construct interaction-term regression models whilst maintaining the same control variables as in baseline regression. The model specification (Equation 2) is as follows:
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where Xmod_it is the CPU interaction term for each of the three different bank metrics, that is, CAR, CGL and Fintech.

Sample and data

Our research sample comprises quarterly data from 29 A-share listed commercial banks in China, spanning 2008–2022. Financial information is primarily sourced from the China Securities Market and Accounting Research Database (CSMAR) and the Wind Database. To ensure the validity and reliability of our empirical results, we employ unbalanced panel data and exclude observations with excessive missing key variables. The final sample consists of 1044 quarterly observations.

Table 2 presents the descriptive statistics for all variables. NPL ranges from a minimum of 0.0038 to a maximum of 0.0312, indicating considerable variation in loan quality amongst China’s listed commercial banks. The standard deviation of ROA is 0.218, reflecting significant fluctuations in banks’ profitability. CGL has a standard deviation of 17.89, suggesting that some banks have a dominant majority shareholder, whilst others exhibit more dispersed ownership. CPU reached a low of 1.128 in Q2 2009 and a high of 3.381 in Q4 2021, with a quarterly mean of 2.231 and a standard deviation of 0.486. Figure 1 illustrates a significant upward trend in CPU over the sample period, indicating a gradual increase in CPU and volatility. This suggests that the impact of CPU on commercial banks may become increasingly complex and challenging. To examine the relationships amongst the variables, we compute the correlation coefficients, with results shown in Online Appendix 1: Table 1-A1. The analysis confirms no multicollinearity issues, as all variance inflation factors (VIF) values are below 10.
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Results

Baseline regression results

Table 3 presents the regression results of the benchmark model, which examines the impact of CPU on BAQ. According to the regression results, column (1) indicates that CPU has a statistically significant impact on NPL at the 1% level. Specifically, a one-unit increase in CPU raises NPL by 0.191 percentage points. This finding suggests that higher CPU increases credit risk and deteriorates asset quality, supporting Hypothesis H1, that is, increased CPU can hinder BAQ. Economically, the baseline effect of CPU on BAQ is non-trivial. A one-standard-deviation increase in CPU is associated with an increase in the NPL ratio of approximately 0.093 percentage points, based on the estimated coefficient of 0.191. Relative to the sample mean NPL of 1.3%, this corresponds to an increase of about 7.2%, suggesting that policy uncertainty is associated with economically meaningful changes in banks’ non-performing loans. A potential mechanism is that heightened climate policy changes lead to increased operational uncertainty for firms, arising from regulatory adjustments, carbon emission controls and rising environmental compliance costs. These factors may reduce firm profitability and elevate default risk, thereby weakening banks’ credit quality. In addition, CPU may influence banks’ risk pricing, credit approval and post-loan management, further contributing to the deterioration of asset quality.
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Column (2) of Table 3 shows that the coefficients for G_GDP, SZZS and BCI are statistically significant at the 1% level, indicating that the macroeconomic environment has a notable impact on BAQ. Specifically, both G_GDP and BCI are significantly negatively correlated with NPL, suggesting that economic growth and increased business confidence contribute to improved asset quality. Gross domestic product growth is typically associated with higher corporate profitability and rising household income, which reduces loan default rates and enhances banks’ credit stability (Ghosh, 2015). Moreover, higher BCI reflects more active investment and consumption by firms and households, improved business conditions (Nowzohour & Stracca, 2020) and lower credit risk, all of which support lower NPL. Conversely, the significant positive correlation between SZZS and NPL may indicate the adverse effects of stock market volatility on BAQ. During stock market upswings, firms and individuals may increase leverage to invest in riskier financial assets (Acharya & Viswanathan, 2011), thereby heightening uncertainty regarding future debt repayment. In addition, if banks extend substantial credit to capital market-related firms, stock market fluctuations may further impair loan quality.

Column (3) of Table 3 shows that CAR is significantly and negatively correlated with NPL at the 1% level. This suggests that banks with higher CAR possess a stronger risk-absorbing capacity, enabling them to mitigate credit risks effectively, thereby reducing NPL and improving overall asset quality. Our findings align with Dai and Zhang (2023), who report that banks with higher CAR demonstrate greater robustness in risk management and proactively limit risk exposure. Similarly, ROA is significantly and negatively correlated with NPL at the 1% level, indicating that higher profitability is associated with lower credit risk. ROA measures a bank’s efficiency in generating income from its assets, with higher ROA reflecting greater profitability and more effective control of lending risk.

Heterogeneity analysis

To test Hypothesis H2, this section conducts two heterogeneity analyses. Firstly, we examine the effect of bank type on the regression results by dividing the sample banks into state-owned banks, large joint-stock banks and urban and rural commercial banks, and conducting separate subsample regressions. Secondly, we introduce an interaction term between bank size and CPU to explore how banks of different sizes respond differently to CPU.

Table 4 presents the results of the heterogeneity analysis based on bank type and bank size. Columns (1)–(3) show that the effect of CPU on the asset quality of state-owned banks, city banks and rural commercial banks is significantly negative at the 1% level, whilst the effect on joint-stock banks is negative at the 10% level. These findings indicate that CPU has a heterogeneous impact on BAQ across different bank types. Firstly, though state-owned banks typically have strong capital bases and well-developed risk management systems, they are highly sensitive to policy directives, aligning their credit decisions closely with government priorities. Under heightened CPU, this connection may amplify the adverse effects on asset quality. Secondly, compared with national joint-stock banks, local banks such as city and rural commercial banks are more reliant on local government support and directly influenced by regional economic conditions, making their asset quality more sensitive to changes in CPU (Yao & Fan, 2025). In addition, local banks usually operate with smaller capital buffers and less sophisticated risk diversification tools, weakening their capacity to absorb shocks from policy uncertainty and external risks.
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In Column (4) of Table 4, the interaction between bank size and CPU is negative and statistically significant at the 10% level, suggesting that bank size moderates the impact of CPU on BAQ. Economically, a one-standard-deviation increase in bank size (Size expressed as log (total assets)/100) increases the marginal effect of a one-standard-deviation increase in CPU on the NPL by approximately 0.00083 percentage points. Relative to the sample mean NPL of 1.3%, this implies an increase of about 6.4% relative to the sample mean, suggesting that larger banks are relatively more sensitive to policy uncertainty in terms of non-performing loans. Though the finding is consistent with the hypothesis that larger banks’ stronger capitalisation, diversified operations and advanced risk-management capabilities buffer against policy uncertainty, it does not provide conclusive evidence regarding the precise causal mechanism. A possible explanation is that larger banks respond to heightened policy uncertainty by proactively adjusting lending standards and portfolio allocations, which dampens the observable impact of CPU on NPL. Furthermore, greater regulatory scrutiny and timely supervisory interventions may partially mitigate the transmission of policy uncertainty to credit performance. Collectively, the findings offer suggestive, rather than definitive, evidence that bank size contributes to resilience against CPU-induced credit risk.

In summary, both bank type and size significantly moderate the impact of CPU on BAQ, thereby supporting Hypothesis H2.

Moderating effects

To test Hypotheses H3, we sequentially introduce the interaction terms between CPU and three representative variables, that is, CAR, CGL and Fintech, into Model (2). Table 5 presents the regression results of Model (2) and shows that improvements in CAR, corporate governance and digital transformation significantly mitigate the adverse impact of CPU on BAQ. This indicates that banks with stronger risk absorption, more efficient governance and greater technological adaptability cope more effectively with policy uncertainty. Our findings support Hypotheses H3a, H3b and H3c.
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Specifically, column (1) of Table 5 shows that the coefficient of the interaction term between CPU and CAR is –7.120 and significant at the 1% level. This indicates that a higher CAR relatively weakens the positive effect of CPU on the NPL, suggesting that stronger risk buffers relatively mitigate the impact of CPU on BAQ. Thus, Hypothesis H3a is supported. Column (2) shows that the interaction between CPU and CGL has a coefficient of –0.006, significant at the 5% level. This suggests that banks with more concentrated ownership and efficient governance relatively mitigate the negative effect of CPU on the NPL, supporting Hypothesis H3b. Column (3) reports that Fintech is significantly positively correlated with NPL at the 1% level, suggesting that increased digitalisation heightens the responsiveness of observed NPL without implying a deterioration in the underlying quality of loan portfolios. A plausible explanation is that greater Fintech adoption improves the efficiency of risk identification, monitoring and recognition, resulting in earlier and more comprehensive recognition of problem loans, which may elevate reported NPL without reflecting a deterioration in underlying asset quality. Moreover, the coefficient of the interaction term between CPU and Fintech is –0.006 and significant at the 1% level, suggesting that higher levels of digitalisation attenuate the negative impact of CPU on BAQ. Theoretically, Fintech improves banks’ information-processing capacity, facilitates real-time risk monitoring and supports adaptive credit allocation, allowing banks to respond more efficiently to shocks induced by CPU. Accordingly, increased digitalisation attenuates the negative effect of elevated CPU on BAQ, providing empirical support for Hypothesis H3c.

Economically, the heterogeneity results indicate that bank-specific characteristics substantially shape how policy uncertainty translates into credit risk. A one-standard-deviation increase in CAR (s.d. = 0.021) reduces the marginal effect of a one-standard-deviation increase in CPU on the NPL by approximately 0.073 percentage points, corresponding to about 5.6% of the sample mean NPL (1.3%). This suggests that stronger capital buffers enhance banks’ loss-absorbing capacity and dampen the transmission of policy uncertainty into asset quality deterioration. Similarly, a one-standard-deviation increase in CGL (SD = 17.890) lowers the marginal impact of CPU on NPL by around 0.052 percentage points, or roughly 4.0% of the sample mean, indicating that effective governance structures mitigate agency frictions and improve internal risk control when uncertainty rises. The moderating role of digital transformation is even more pronounced. A one-standard-deviation increase in the Fintech (s.d. = 39.950) reduces the marginal effect of CPU on NPL by approximately 0.117 percentage points, equivalent to about 9.0% of the average NPL. This pattern implies that digitalisation enhances banks’ information-processing, monitoring and adaptive response capabilities, allowing them to better withstand policy-induced uncertainty shocks.

Taken together, these results highlight that capital strength, governance quality and digital capabilities act as complementary buffers that attenuate the adverse effects of policy uncertainty on BAQ, providing strong economic support for Hypotheses H3a – H3c.

To enhance the clarity and conciseness of the main text, all robustness checks, including alternative sample period and lag structure tests, endogeneity tests and exogenous policy shock tests, are presented in Online Appendix 1. Readers seeking detailed robustness analyses are referred to the appendix.

Conclusion

Using quarterly data from Chinese A-share listed commercial banks, we examine the impact of CPU on BAQ. The results indicate that CPU significantly increases banks’ NPL, thereby deteriorating asset quality and posing a substantial external risk to financial stability. Heterogeneity analysis reveals significant variations in CPU’s effects across different bank types and sizes. In addition, increased CAR, higher levels of corporate governance and improved digital transformation capabilities mitigate the negative impact of CPU on BAQ. Through a series of robust checks, including lagged variable controls and instrumental variable techniques, our benchmark findings demonstrate strong statistical reliability and external validity. The DID analysis, using the Paris Agreement as a policy shock, further reinforces the policy-driven nature of CPU and confirms its persistent long-term impact on BAQ.

From a theoretical perspective, this study advances the literature on climate-related financial risks by identifying CPU as a distinct policy-induced transition risk that directly affects BAQ. By establishing a clear transmission channel from CPU to non-performing loans, we strengthen the conceptual linkage between climate policy dynamics and financial stability at the bank level. Empirically, exploiting quarterly bank-level data and treating the Paris Climate Agreement as an exogenous policy shock allows us to provide causal evidence on how CPU propagates into banks’ balance sheets. This microlevel and high-frequency perspective complements existing studies that focus on macrolevel climate risks or static regulatory factors, thereby extending the traditional determinants of BAQ beyond market competition, profitability, financing structure and regulatory environments (Chan et al., 1986; Gong & Wei, 2022; Kladakis et al., 2020). Finally, our findings highlight capital adequacy, corporate governance quality and digital transformation capacity play a critical moderating role in enhancing banks’ resilience to CPU. By revealing how internal bank characteristics mitigate the adverse effects of CPU, this study offers important insights into the mechanisms through which banks can strengthen climate risk management and maintain asset quality during the green transition.

From a policy standpoint, the results offer important implications within the context of China’s institutional framework. Firstly, the results underscore the importance of improving the foresight, transparency and consistency of climate-related policies. In China, these findings emphasise the importance of strengthening coordination amongst policy instruments, such as the Green Credit Guidelines, the Guiding Opinions on Building a Green Financial System and the national carbon market. Clearer policy signalling and smoother transitions between regulatory phases can help reduce CPU and mitigate its adverse effect on BAQ.

Secondly, the heterogeneous effects across bank types and sizes suggest that supervisory authorities should adopt differentiated regulatory approaches. State-owned and large joint-stock banks, often at the forefront of green credit and climate-related disclosure, can be encouraged to further integrate climate risk assessment into internal capital adequacy and stress-testing frameworks. At the same time, their heightened sensitivity to policy directives should be accounted for in stress scenarios. City and rural commercial banks, which are more exposed to local industrial structures and SMEs and possess smaller capital buffers, may require targeted policy support, capacity building and guidance to manage climate-related credit risks effectively.

Thirdly, higher levels of digitalisation are associated with a stronger responsiveness of reported NPL, reflecting improvements in risk identification, monitoring and loan recognition efficiency. The adoption of Fintech, supported by regulatory measures in digital finance and risk management, strengthens banks’ ability to monitor credit quality proactively and to systematically recognise emerging problem loans. Consequently, enhanced transparency and more timely reporting may result in an apparent increase in NPLs, despite improvements in the underlying credit portfolio quality and risk management effectiveness.

Finally, the results highlight the critical role of data and digital infrastructure in managing climate-related risks. Policymakers may facilitate the adoption of scientific climate data, scenario analysis tools and stress-testing frameworks by aligning these resources with ongoing initiatives, including carbon market pilots and green finance reform and innovation zones. Reinforcing the domestic enforcement of Paris Agreement-related policies via these institutional mechanisms may improve the transmission of climate policies to financial markets and foster the sustainable development of China’s banking system.

Though this study offers an in-depth analysis of the impact of CPU on BAQ, it has certain limitations. Firstly, the sample is limited to A-share listed commercial banks in China. Future research could extend the analysis to banks in other countries or regions to enable cross-country comparisons and assess the generalisability of the findings. Secondly, this study employs quarterly data, which may not fully capture the potential lagged or long-term effects of CPU. Future research should consider using datasets with longer time horizons to better examine the persistent impact of CPU on BAQ.
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TABLE 5: Moderating effects.

Variable Dependent variabl
(1) 2) (3)
cPu 1.054%++ 0.246%+* 0.749%+*
(4.89) (3:29) (4.79)
szzs 2.288%* 2.353#4% 1462+ %+
(6.13) (6:37) (4.16)
BCI -57.030%** 56,3984+ 6743
(-5.22) (-5.06) (-0.52)
SHIBOR 5.106%+* 6.516%+* 4.481%
(2.96) (3.25) (2.15)
G_GDP 2121 2.679* 2.112%
(-1.40) (-1.81) (-2.68)
ROA 1.179%k% -1.101%4* -0.829%+*
(-4.82) (-4.59) (-3.87)
Size -45.535 3.090 70.196
(-032) (0.02) (0.26)
CAR 10.202* -4.979 -2.855
(1.95) (-157) (-0.82)
cGL 0.003 0.014* -0.004
(0.82) (1.90) (111
CAR x CPU 7.120%+* - -
(-4.50) - -
CGL x CPU - -0.006** -
- (-2.18) -
Fintech - - 0.015%#*
- - (3.93)
Fintech x CPU - - -0.006%*+*
- - (-4.96)
Constant 7.042+ 7.215% -1.042
(1.78) (1.70) (-0.12)
Observations 845 845 757
R-squared 0.444 0435 0581
Number of id 28 28 28
Bank FE YES YES YES

Note: This table reports the results of the three moderating effects. All regressions include
bank fixed effects. Standard errors in brackets are clustered at the bank level. All coefficients
are reported in percentage points. For economic magnitude interpretation, a one-standard-
deviation increase in each variable is used as described in the text. See Table 1and Table 2
for full variable definitions, descriptive statistics and scaling or transformations.

NPL, non-performing loans; CPU, climate policy uncertainty; SZZS, Shanghai Composite
Index; BC, business confidence index; SHIBOR, Shanghai Interbank Offered Rate; GDP, gross
domestic product; ROA, return on assets; CAR, capital adequacy ratio; CGL, corporate
governance level; FE, fixed effects.

*, statistical significance at 10% level; **, statistical significance at 5% level; ***, statistical
significance at 1% level.
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TABLE 3: Impact of climate policy uncertainty on non-performing loans.

Variable _ Sub-variable Dependent variable: NPL
(1) 2) (3)

Independent  CPU 0.191+++ 0.100%++ 0.068*
[HEED (731) (4.28) (1.75)
Macrocontrol G_GDP i 2.860+++ 2365+
variable i (589) g
SHIBOR i 0123 6.288+H+

- (-0.10) (4.67)
szzs . 307344+ 2389+

- (15.09) (11.19)
BCl - 41818+ 556320

i (-3.96) (-4.95)
Microcontrol ROA E . 1,071+
variable i i ey
Size . - 35593

- - (0.75)
CAR g . 5658+

. . (-5.59)

oL = - 0,002

. - (1.01)
Constant 0.869+++ 4,504+ 6,618+

(14:30) (4.44) (334)

Observations 942 942 845

Resquared 0.055 0303 0.421

Number of id 29 29 2

Bank FE vES YES YES

Note: This table shows the regression results for the effect of CPU on NPL. All regressions
include bank fixed effects. Standard errors in brackets are clustered at the bank level. Al
coefficients are reported in percentage points. For economic magnitude interpretation, a
one-standard-deviation increase in each variable is used as described in the text. See
Table 1 and Table 2 for full variable definitions, descriptive statistics and scaling or
transformations.

NPL, non-performing loans; CPU, climate policy uncertainty; SZZS, Shanghai Composite
Index; BCI, business confidence index; SHIBOR, Shanghai Interbank Offered Rate; GDP, gross
domestic product; ROA, return on assets; CAR, capital adequacy ratio; CGL, corporate
governance level; FE, fixed effects.

* statistical significance at 10% level; ***, statistical significance at 1% level.
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TABLE 4: Heterogeneity analysis based on different bank types.

Variable Dependent variable: NPL
State-owned  Jointstock  Cityandrural  Bank size
cPu 0.148%+* 0.134* 0.124*+* 1.702*
(3.00) (191) 3.77) (1.99)
szzs 2.582%4% 2.872%4% -0.118 2.396%+*
(9.03) (9.59) (-0.20) (6.29)
BCI 79.085%+  73.356%*E  32.640%H*  57.573%k
(-5.19) (-4.36) (-3.40) (-4.91)
SHIBOR 7.016%+* 1936 2.480 6.146%+*
(3.63) (0.95) (0.75) (331)
G_GDP 3.271%k% -4.286%+* -2.429%+% -2.624*
(-3.16) (-2.96) (-3.24) (1.91)
ROA -2.086%+* -0.748%4* -1.966%+* -1.106%+*
(11.12) (-6.34) (-3.94) (-4.42)
CAR 7.485%x% -3.295% 0532 -4.967
(3.81) (-1.75) (-037) (1.53)
Size 7010374 188.524%*  -204.373*4+ 115.956
(-6.25) (233) (3.87) (0.75)
cGL 0.002 -0.004 -0.066 0.002
(0.90) (-0.96) (-1.25) (0.55)
CPU x Size - - - -55.920*
- - : (1.82)
Constant 32.765%+* 3518 15.113 %% 4.409
(8.90) (117) (4.65) (0.98)
Observations 265 319 261 845
R-squared 0692 0635 0561 0.428
Number of id 6 8 14 28
Bank FE YES YES YES YES

Note: This table shows the results of the heterogeneity analysis based on different bank
types and sizes. All regressions include bank fixed effects. Standard errors in brackets are
clustered at the bank level. All coefficients are reported in percentage points. For economic
magnitude interpretation, a one-standard-deviation increase in each variable is used as
described in the text. See Table 1and Table 2 for full variable definitions, descriptive statistics
and scaling or transformations.

NPL, non-performing loans; CPU, climate policy uncertainty; SZZS, Shanghai Composite
Index; BCI, business confidence index; SHIBOR, Shanghai Interbank Offered Rate; GDP, gross
domestic product; ROA, return on assets; CAR, capital adequacy ratio; CGL, corporate
governance level; FE, fixed effects.

*, statistical significance at 10% level; **, statistical significance at 5% level; ***, statistical
significance at 1% level.
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TABLE 1: Variable definitions.

Variable type Variable Description
Dependent variable NPL The ratio of non-performing loans to total
loans, which is inversely related to BAQ

Independent variable  CPU Climate policy uncertainty index
Macrocontrol variable 522§ SSE index returns

8Cl Business confidence index

SHIBOR Bank borrowing rates

G_GDP GDP growth rate
Microcontrol variable ~ ROA Return on assets

Size Bank size

CAR Capital adequacy ratio

6L Corporate governance level
Other variable Fintech Bank digital transformation index

NPL, non-performing loans; BAQ, bank asset quality; CPU, climate policy uncertainty;
5225, Shanghai Composite Index; SHIBOR, Shanghai Interbank Offered Rate; GDP, gross
domestic product; SSE, Shanghai Stock Exchange.





OPS/SAJBM-57-5442-T2.jpg
TABLE 2: Descriptive statistics.

Variable Observation Mean SD Min Max
NPL 1044 0.013 0.004 0.003 0.031
CPU 1044 2.231 0.486 1.128 3.381
Szz5 1044 0.301 0.059 0.192 0.537
BCI 1044 0.099 0.001 0.095 0.102
SHIBOR 1044 0.036 0.009 0.019 0.053
G_GDP 1044 0.073 0.025 0.022 0.142
ROA 942 1.014 0.218 0.410 1.550
Size 1044 0.029 0.001 0.025 0.031
CAR 1044 0.133 0.021 0.083 0.307
CGL 1039 27.590 17.890 5.900 67.720
Fintech 879 96.710 39.950 572 174.000

Note: variables are defined as follows: CPU = climate policy uncertainty index (quarterly), CGL = corporate governance level (annual index interpolated to quarterly), Fintech = bank digital
transformation index (annual interpolated); ROA= return on assets (%). To enhance readability and facilitate computation, the variables are rescaled as follows: 522 is divided by 10 000; size is
expressed as the logarithm of total assets and then divided by 100; and BCI, SHIBOR and G_GDP are divided by 100.

SD, standard deviation; NPL, non-performing loans; CPU, climate policy uncertainty; S225, Shanghai Composite Index; BCI, business confidence index; SHIBOR, Shanghai Interbank Offered Rate;
GDP, gross domestic product; ROA, return on assets; CAR, capital adequacy ratio; CGL, corporate governance level.






