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Abstract 

Environmental regulation reshapes firms’ incentives, but its real effects depend on how 
financial intermediaries allocate capital. This paper examines how banks adjust green credit 
allocation under heightened regulatory pressure and whether ESG information guides this 
process. Using China’s 2017 Blue Sky Defense Battle as a quasi-natural experiment, we 
combine city-level lending data from a large state-owned bank with firm-level borrowing and 
ESG information. We find that green lending in treated cities increases by more than 40% after 
the policy. The triple-difference estimates imply that high-ESG firms in treated cities receive 
about 90% more green loans after the policy, with the effect concentrated in pollution-intensive 
industries and among non-state-owned enterprises. These results indicate that banks use ESG 
as a screening device when environmental regulation tightens, reallocating credit toward firms 
better positioned to comply with regulatory demands. Our findings highlight the role of banks 
as active allocators of capital in the climate transition and underscore the importance of ESG 
information for the effectiveness of green finance policies. 
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1. Introduction 

The transition to a low-carbon economy requires not only technological innovation but also 

a large-scale reallocation of financial capital. Banks, as the dominant providers of external 

finance in many economies, are central to this process. Environmental regulation is expected 

to alter banks’ incentives by increasing transition risks for polluting activities and raising 

financing demand for green investments. Yet regulation does not directly dictate how credit 

should be allocated across firms. Whether green finance meaningfully supports structural 

transformation therefore depends on how banks translate regulatory pressure into credit 

allocation decisions. 

A growing literature shows that climate risks and environmental policies affect credit 

pricing and borrowing costs (e.g., Chava, 2014; Delis et al., 2024; Javadi and Masum, 2021; 

Correa et al., 2025). Firms exposed to transition risk face higher interest rates, and climate 

policy announcements raise financing costs for environmentally weak firms. While this 

evidence establishes that regulation influences credit prices, much less is known about how 

banks adjust the composition of lending and, in particular, how green credit is allocated across 

firms once regulatory pressure intensifies. Do banks expand green lending uniformly, or do 

they selectively channel credit toward firms better positioned to comply with environmental 

objectives? 

This paper studies how environmental regulation reshapes green credit allocation and the 

role of firm-level ESG information in this process. We exploit China’s 2017 Blue Sky Defense 

Battle as an exogenous increase in local regulatory pressure. Combining city-level green 

lending aggregated from loan-level data of a large state-owned bank with firm-level data on 

listed companies’ total borrowing, green loans, and ESG ratings, we trace how regulatory 

pressure affects both aggregate green credit supply and borrower-level allocation. 

We document three main findings. First, treated cities experience a substantial post-policy 

expansion in green lending, both in levels and as a share of total credit, accompanied by broad-

based improvements in air quality. Second, the expansion of green credit is not uniform across 
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firms. Using a triple-difference design, we show that high-ESG firms receive 

disproportionately more green loans after the policy shock, particularly in treated cities. Third, 

this screening effect is concentrated in pollution-intensive industries and among non-state-

owned enterprises, where transition risks and information frictions are more pronounced. 

In sum, these findings highlight the intermediary role of banks in the climate transition. 

Environmental regulation alters banks’ incentives at the regional level, while firm-level ESG 

information shapes how those incentives translate into targeted green credit allocation with real 

environmental consequences. 

Our paper makes several key contributions. First, we contribute to the literature on how 

climate risks and environmental regulation affect credit pricing and financing outcomes. A 

growing body of work shows that firms more exposed to climate transition risk face higher 

borrowing costs (Delis et al., 2024; Javadi and Masum, 2021; Chava, 2014). Other research 

highlights the pricing effects of physical climate risks in municipal bond and bank lending 

markets (Painter, 2020; Goldsmith-Pinkham et al., 2023; Correa et al., 2025).2 Our paper shifts 

the focus from pricing effects to allocation mechanisms. Exploiting a policy-induced increase 

in environmental regulation, we show that banks not only adjust credit supply but 

systematically reallocate green loans toward firms with high ESG. In doing so, we move 

beyond documenting higher borrowing costs or credit tightening and instead uncover how 

regulatory pressure reshapes the composition of bank lending. 

Second, our paper adds to the literature examining how banks incorporate ESG 

considerations into lending decisions. Prior studies show that ESG characteristics are 

associated with better financing conditions and improved long-term risk-adjusted returns 

(Dunn et al., 2018; Hoepner et al., 2023; Shang et al., 2025). Theoretical arguments suggest 

that strong ESG practices can enhance firm value by strengthening market position (Bénabou 

 
2 On the theoretical side, models suggest that regulatory responses to climate risk may address financial stability 
concerns without necessarily reducing emissions (Oehmke and Opp, 2023). Moreover, theories suggest that banks 
may have weak incentives to finance green innovation when technological change erodes collateral values or 
creates assets that are difficult to redeploy (Minetti, 2011; Hall and Lerner, 2010). In contrast, recent evidence 
shows that banks’ decarbonization commitments reduce credit to emission-intensive firms (Kacperczyk and 
Peydro, 2022). 
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and Tirole, 2010), attracting customers and motivating employees (Baron, 2008; 2001), 

reducing downside risks (Albuquerque et al., 2019), and lowering litigation exposure (Eccles 

et al., 2014). Recent work also highlights ESG-based matching and relationship lending, 

showing that banks tend to lend to borrowers whose ESG profiles resemble their own and that 

bank relationships can influence borrower ESG and emissions outcomes (Houston and Shan, 

2022; Li et al., 2025). Other studies analyze the contracting and pricing of sustainability-linked 

loans and emphasize the importance of disclosure quality and the risk of greenwashing (Kim 

et al., 2025; Degryse et al., 2023; Yin et al., 2025). A complementary line documents how 

climate and transition risks are transmitted through bank lending (Correa et al., 2025; Ivanov 

et al., 2024), and how ESG disclosure mandates imposed on banks affect borrowing firms 

through lending networks (Wang, 2023). Our paper advances this literature by examining 

whether ESG information functions as a screening signal in green credit allocation under 

regulatory pressure. Using a high-ESG indicator, we show that banks allocate more green 

credit to firms with stronger ESG profiles after the regulatory shock, especially in treated cities. 

This evidence highlights the role of ESG as an information channel through which banks 

differentiate among borrowers when environmental regulation tightens, rather than treating 

ESG merely as an outcome of financing or a contemporaneous firm characteristic. 

Lastly, our paper contributes to the third strand of literature studying how environmental 

regulation and green credit policies reshape credit flows and real economic outcomes. Using 

China’s 2012 Green Credit Guidelines, prior research shows that green credit policies can 

redirect lending away from pollution-intensive industries, though effectiveness may be 

constrained by political-economy frictions (e.g., Huang et al., 2023). Recent studies also 

examine how green credit regulation affects firms’ debt financing, environmental performance, 

and ESG outcomes, although conclusions vary across samples and empirical designs (e.g., 

Delis et al., 2023; Seltzer et al., 2025). More broadly, this literature demonstrates that 

regulation can influence sustainable finance, yet it often focuses on aggregate credit flows or 

cross-bank heterogeneity. Relatively little attention has been paid to within-bank, cross-region 

variation in regulatory exposure and to how local regulatory shocks interact with firm-level 

ESG information to shape credit allocation. Our paper contributes by providing policy-based 
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causal evidence using a sharp local regulatory shock—the 2017 Blue Sky Policy—and by 

combining city-level green lending data from a large state-owned bank with firm-level data on 

total borrowing and ESG scores. We show that environmental regulation induces a significant 

expansion of green lending and that this expansion is not uniform: it is disproportionately 

directed toward firms with high ESG. By linking these credit responses to improvements in air 

quality, we demonstrate how regulation and ESG information jointly shape green finance and 

real environmental outcomes. 

The remainder of the paper proceeds as follows. Section 2 describes the institutional 

background and the data. Section 3 presents the empirical framework and the main results, 

including city-level evidence on banks’ green lending responses, firm-level evidence on ESG-

based allocation, and heterogeneity analyses. Section 4 concludes and discusses implications 

for sustainable finance and environmental regulation. 

2. Institutional Background and Data 

2.1. Institutional Background: China’s “Blue Sky Defense Battle” 

In March 2017, the “Blue Sky Defense Battle” (Blue Sky in the following text) was formally 

launched in the Government Work Report delivered at the Fifth Session of the 12th National 

People’s Congress. The initiative marked a substantial escalation of China’s air pollution 

control strategy, particularly in the Beijing–Tianjin–Hebei region and surrounding areas, which 

historically exhibited some of the highest levels of particulate pollution in the country. Shortly 

thereafter, the State Council issued the Work Plan for Air Pollution Prevention and Control in 

Beijing–Tianjin–Hebei and Surrounding Areas (2017), designating 28 key cities—including 

the municipalities of Beijing and Tianjin and 26 prefecture-level cities such as Taiyuan, 

Zhengzhou, Jinan, Shijiazhuang, and Tangshan—as priority targets for strengthened 

environmental enforcement and pollution reduction. 

The policy imposed stricter emission standards, tighter monitoring, and enhanced 

enforcement mechanisms in these cities. Local governments were required to reduce PM2.5 

concentrations, limit the number of heavily polluted days, and meet explicit air quality 
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improvement targets. To comply with these mandates, municipalities had to undertake 

substantial environmental investments, including upgrading waste treatment systems, 

expanding clean heating infrastructure, strengthening emissions monitoring networks, and 

closing noncompliant “small, scattered, and polluting” enterprises. Industrial firms faced 

heightened compliance requirements, such as mandatory installation or retrofitting of 

pollution-control equipment, stricter discharge standards, and accelerated capacity reduction in 

pollution-intensive sectors including steel, cement, and coal. 

These regulatory measures significantly increased both compliance pressure and financing 

needs in treated cities. For local governments, environmental mandates required additional 

fiscal expenditures and infrastructure investment. For firms—particularly those operating in 

high-emission industries—compliance often entailed sizable capital expenditures to install 

emission-reduction technologies, upgrade production lines, or transition toward cleaner inputs. 

Noncompliant firms faced the risk of production suspensions, fines, or forced exit. 

Such an environment directly interacts with the banking sector. As the primary providers of 

external finance in China, banks play a central role in supporting environmental investment 

and facilitating industrial adjustment. Heightened regulatory pressure increases the demand for 

financing related to pollution control and green upgrading, while simultaneously raising 

regulatory and reputational risks associated with lending to environmentally weak firms. In this 

context, banks may adjust both the volume and composition of credit supply, particularly by 

expanding green loans and reallocating credit toward firms better positioned to meet 

environmental objectives. 

2.2. City-Level Data 

Our city-level analysis combines information on local economic conditions, bank lending 

behavior, and environmental outcomes. City-level economic and demographic variables: City-

level GDP, population, and industrial composition are obtained from official city statistical 

yearbooks and provincial statistical reports. These variables capture local economic activity 

and serve as controls for credit demand and structural differences across cities. 
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City-level loan data are constructed from loan-level records of a large state-owned 

commercial bank operating nationwide. The dataset includes detailed information on 

individual loans, which we aggregate to the city-year level to obtain measures of total loan 

volume and green loan volume. Green loans are identified based on the bank’s internal 

classification, which follows official green credit standards consistent with national regulatory 

guidance. Because the bank operates across all regions in our sample, aggregating loan-level 

data to the city-year level allows us to study within-bank variation in lending behavior across 

cities facing different regulatory intensities. 

Air pollution data are primarily drawn from the China High Air Pollutants (CHAP) dataset, 

a long-term, nationwide database constructed using multi-source satellite remote sensing, 

ground monitoring observations, atmospheric reanalysis, emission inventories, and chemical 

transport model simulations. The dataset integrates machine-learning techniques to account for 

spatial and temporal heterogeneity in air pollution. CHAP provides 1-kilometer spatial 

resolution data on seven near-surface pollutants, including PM2.5, PM10, NO2, SO2, and CO, 

as well as chemical components of PM2.5 such as sulfate, nitrate, ammonium, chloride, and 

black carbon. All pollution measures are spatially matched to administrative city boundaries 

and aggregated to the city-year level. 

2.3. Firm-Level Data 

To examine how green credit is allocated across borrowers, we construct a firm-level panel 

of Chinese listed companies covering the period 2013–2023. 

Firm-level financial data are obtained from the China Stock Market & Accounting Research 

(CSMAR) database. Loan information comes from the CSMAR “Listed Companies’ Bank 

Borrowings (Daily)” dataset, which compiles bank loan announcements disclosed by listed 

firms on the official information disclosure platform designated by the China Securities 

Regulatory Commission. We use a text-analysis procedure to identify firm-level green loans 
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from firms’ loan announcements.3 This dataset includes detailed loan information such as loan 

event ID, firm identifier, announcement date, bank identity, whether the loan is syndicated, 

loan amount, interest rate, maturity, signing status, loan type, and stated purpose of funds. 

Because listed companies are legally required to disclose bank borrowing information, the data 

are comprehensive and systematically updated, ensuring reliability and coverage. 

Firm-level ESG data are obtained from the China Research Data Services (CNRDS) 

platform, specifically the ESG Rating Database of Listed Companies (ESG-R).4 The ESG-R 

database provides annual ESG ratings for all A-share listed companies since 2007, offering 

comprehensive coverage across industries and firm sizes in China’s capital market. The 

database is built using large-scale underlying raw data collected from corporate disclosures, 

regulatory filings, financial statements, and other publicly available sources. CNRDS applies 

systematic data cleaning, integration, and standardized processing procedures to construct 

annual ESG scores and rankings. The resulting ESG measure reflects firms’ performance 

across environmental, social, and governance dimensions in a manner that is consistent over 

time and comparable across firms. 

In summary, our sample spans 2013–2023, providing several years of observations before 

and after the Blue Sky policy. The city-level sample includes all cities for which loan 

aggregates and pollution data are available, with particular focus on the 28 cities targeted by 

the Blue Sky policy. The firm-level sample includes listed companies with complete loan, 

financial, and ESG information. 

2.4. Summary Statistics 

Table 1 summarizes the key variables used in the analysis. Panel A reports city-level 

statistics. Green lending exhibits substantial cross-city and time variation: the median city-year 

 
3 The Appendix describes the text-analysis procedure used to identify firm-level green loans from public loan 
announcements.  
4 The ESG-R rating system is constructed based on internationally recognized ESG disclosure frameworks, 
including ISO 26000, the Global Reporting Initiative (GRI) Standards, and the Sustainability Accounting 
Standards Board (SASB) Standards. In addition, the rating methodology incorporates China-specific ESG 
disclosure regulations and institutional characteristics. By combining international ESG standards with local 
policy requirements and disclosure practices, ESG-R develops a scoring framework tailored to the Chinese context. 
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green loan amount is 0.57 billion RMB, with an interquartile range from 0.19 to 1.39 billion 

RMB, and the 95th percentile reaching 8.39 billion RMB. Green loans account for a meaningful 

but still limited share of total lending: the median green-loan share is 8.80%, rising to 18.33% 

at the 75th percentile and 45.43% at the 95th percentile. City-level pollution also varies widely; 

for example, PM2.5 has a median of 35.36 μg/m³ and a 95th percentile of 72.31 μg/m³, 

consistent with the policy targeting heavily polluted areas. 

[Insert Table 1 About Here] 

Panel B presents firm-level statistics. The ESG score has a median of 25.04, with the 25th 

and 75th percentiles at 19.79 and 33.11, respectively, indicating substantial cross-firm 

dispersion. Firm balance-sheet variables are highly skewed, which motivates the use of fixed 

effects and controls in subsequent regressions. 

Figure 1 plots the evolution of green lending across the 28 treated cities over the sample 

period, showing both the aggregate volume of green loans (in billions of RMB) and the share 

of green loans in total lending.  

[Insert Figure 1 About Here] 

Prior to 2017, green lending remains relatively modest and fluctuates within a narrow range. 

This relatively flat pre-policy trend suggests no pronounced upward momentum in green credit 

before the implementation of the Blue Sky Defense Battle. Starting in 2017, green lending 

exhibits a clear structural break. Both the level of green loans and their share in total lending 

increase substantially. The green loan share rises sharply from 7.9% in 2017 to 12.1% in 2020, 

while the aggregate volume of green loans nearly triples between 2015 and 2023.  

Overall, the figure provides descriptive evidence consistent with a policy-driven expansion 

of green credit in treated cities. The sharp post-2017 increase in both volume and share suggests 

that environmental regulation may have induced a meaningful reallocation of bank lending 

toward green activities, motivating the formal difference-in-differences analysis that follows. 
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3. Empirical analysis 

This section outlines the empirical strategy used to examine how banks allocate green credit 

in response to environmental regulation and how firm-level ESG information shapes this 

allocation. Our empirical design combines two complementary data sources. The city-level 

bank dataset, drawn from a single large state-owned bank, provides clean evidence on within-

bank adjustments in green credit supply across regions. The firm-level dataset, constructed 

from listed firms’ loan disclosures, captures borrower-level access to green loans in the broader 

credit market. While these datasets differ in coverage, they address distinct but related 

questions—aggregate supply responses versus borrower-level allocation—and together allow 

us to characterize how regulatory pressure translates into green credit expansion and ESG-

based screening. 

Our identification strategy exploits a major environmental policy shock in China—the Blue 

Sky policy introduced in 2017—combined with rich bank loan data and firm-level ESG 

information. We exploit this quasi-experimental setting using a difference-in-differences (DID) 

framework. The policy designated 28 key cities as pilot areas subject to stricter environmental 

targets, enhanced monitoring, and stronger enforcement. Other cities were not directly targeted 

and serve as a natural control group. It generates exogenous cross-sectional variation in 

environmental regulatory pressure across cities, as well as time-series variation before and after 

2017. Importantly, our bank loan data cover a single large commercial bank operating 

nationwide. This allows us to hold bank-specific characteristics constant and study how the 

same bank adjusts its lending behavior across regions facing different regulatory regimes. 

3.1. City-Level Analysis: Environmental Regulation and Bank Green Lending 

We begin by examining how the environmental regulation affects the bank’s green lending 

behavior at the city level. Specifically, we estimate the following baseline DID specification: 

𝑌!,# = 𝛽(𝑇𝑟𝑒𝑎𝑡! × 𝑃𝑜𝑠𝑡#)+	𝜇! + 𝜆# + 𝑋!#$ γ + 𝜀!,# ,																																						(1) 
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where 	𝑌!,#	denotes alternative measures of bank lending outcomes in city 𝑐 and year 𝑡 , 

including the logarithm of green loan amounts, the logarithm of total loan amounts, and the 

share of green loans in total lending. 𝑋!#	includes time-varying city-level controls, including 

GDP, population, the share of agricultural sectors, and the share of industrial sectors. City fixed 

effects (𝜇!) absorb time-invariant differences across cities, while year fixed effects (𝜆") control 

for aggregate shocks affecting all cities.  

The coefficient of interest, 𝛽, captures the differential change in lending outcomes in treated 

cities relative to non-treated cities after the policy implementation. Standard errors are clustered 

at the city level to account for serial correlation within cities over time. This city-level analysis 

establishes whether and how the bank reallocates credit toward green lending in response to 

stricter environmental regulation. 

Table 2 presents our baseline results on green loans. Column (1) shows that the coefficient 

for the interaction term 𝑇𝑟𝑒𝑎𝑡! × 𝑃𝑜𝑠𝑡# is positive and statistically significant, implying a 

sizable expansion of green lending in the targeted cities after the Blue Sky policy. Because the 

dependent variable is the logarithm of city-level green loan volume, this point estimate 

indicates an economically meaningful increase in green credit in treated cities relative to 

control cities in the post-policy period. In terms of magnitude of the coefficient, green lending 

in treated cities increases by approximately 43% (= 𝑒&.()* − 1) relative to control cities after 

the implementation of the Blue Sky policy. Using the median green lending level of 0.57 billion 

RMB across all city-year observations (Table 1), the estimated 43% increase corresponds to 

roughly 0.25 billion RMB additional green credit per treated city-year. This magnitude is 

economically large, suggesting that environmental regulation induces a substantial expansion 

of green credit supply rather than a marginal adjustment. 

[Insert Table 2 About Here] 

Column (2) further shows that the share of green loans in total lending also increases 

significantly. The positive coefficient indicates that banks not only expand green lending in 

absolute terms but also reallocate credit toward green activities within their portfolios. 
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Quantitatively, the estimate of 3.414 implies that the green-loan share increases by about 3.4 

percentage points in treated cities after 2017 relative to control cities. Columns (3) further 

examine total lending. The coefficients are statistically insignificant, suggesting that the policy 

does not generate a broad expansion of total credit or a significant contraction in non-green 

lending. Instead, the results point to a reallocation of the bank’s credit portfolio toward green 

lending.  

In sum, the city-level evidence indicates that environmental regulation induces banks to 

adjust the composition of credit supply. The increase in both green loan volume and green-loan 

share suggests that banks respond to regulatory pressure by directing more credit toward 

environmentally oriented activities, rather than simply expanding lending across all borrowers. 

An important implication is that banks respond to heightened environmental regulation by 

adjusting the composition of credit supply, consistent with green finance serving as an active 

channel through which banks support regulatory compliance and environmental upgrading.  

We further examine the validity of the DID design using event-study and placebo analyses. 

Figure A1 reports dynamic treatment effects for green loan volumes and green-loan shares. For 

green loan volumes, the pre-policy coefficients are statistically indistinguishable from zero, 

and a joint test of the pre-policy coefficients fails to reject the null of no differential pre-trends. 

For green-loan shares, the earliest pre-policy lead is somewhat positive, but the coefficients in 

the years immediately preceding the policy are statistically insignificant. After 2017, the 

estimated effects increase sharply, consistent with a policy-induced shift toward green lending. 

We also conduct a placebo test by randomly assigning cities, rather than individual 

observations, to the treatment group while preserving the number of treated cities. The placebo 

distribution is centered around zero, and the actual DID estimates lie in the upper tail of the 

placebo distribution. These results suggest that the baseline findings are unlikely to be driven 

by random assignment of treatment status. 

Overall, these findings establish the aggregate response of banks to regulation and motivate 

the subsequent firm-level analysis on how green credit is allocated across borrowers. 
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3.2. Environmental Outcomes 

To verify that the policy intervention is associated with real environmental improvements, 

we further estimate the effect on environmental outcomes. 

Table 3 examines changes in local environmental outcomes following the Blue Sky policy. 

Across five major pollutants including PM2.5, PM10, SO2, NO2 and CO, the coefficients for 

the interaction term 𝑇𝑟𝑒𝑎𝑡! × 𝑃𝑜𝑠𝑡#	are negative and statistically significant. The broad-based 

declines across both particulate matter and gaseous pollutants suggest that the policy represents 

a meaningful strengthening of environmental enforcement rather than a symbolic initiative.5 

Interpreting the coefficients as semi-elasticities, the estimates imply reductions of about 7.1% 

in PM2.5, 3.2% in PM10, and 5.7% in NO2 in treated cities after the policy, with particularly 

large declines for SO2 and CO. 

[Insert Table 3 About Here] 

We interpret these results as evidence that the policy coincides with a substantial 

improvement in local environmental quality and therefore represents a meaningful increase in 

regulatory pressure. Importantly, the environmental analysis is not intended to establish that 

green lending alone causes pollution reductions. Rather, it validates the policy setting by 

showing that the treated cities experienced significant environmental improvements during the 

same period in which green credit expanded. 

3.3. Firm-Level Analysis: ESG and Access to Bank Credit 

We then move to the firm level to study the relationship between firms’ ESG performance 

and their access to bank credit. Using a panel of listed firms, we estimate the following baseline 

specification: 

𝑌+,# = 𝛽	𝐸𝑆𝐺+,#,-+	𝜃+ + 𝜆# + 𝑋!#$ γ + 𝑍+,#,-$ δ + 𝜀+,# ,																																					(2) 

 
5  Figure A3 in the Appendix reports the dynamic patterns of environmental outcomes around the policy 
implementation. 
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where 𝑌+,#	denotes green loan indicator, log of green loans, or green loan share; 𝐸𝑆𝐺+,#,-	is the 

firm’s ESG score in year 𝑡 − 1. 𝑋!#	denotes city-level controls, including GDP, population, 

agricultural share, and industrial share; 𝑍!,#,-	denotes firm-level controls, including firm size, 

leverage, and profitability. Firm fixed effects (𝜃+)	 control for time-invariant firm 

characteristics, and year fixed effects	(𝜆#)	capture common macroeconomic shocks. 

Table 4 documents a strong positive association between firms’ ESG performance and 

access to green credit. Using firm and year fixed effects and controlling for both city-level and 

firm-level characteristics, we find that higher lagged ESG scores (𝐸𝑆𝐺+,#,-	) are associated with 

(i) a higher probability of receiving any green loan (Column 1), (ii) larger volumes of green 

loans (Column 2), and (iii) a higher green-loan share in total borrowing (Column 3). This set 

of results indicates that ESG information is empirically relevant for credit outcomes, 

particularly within the green credit segment. 

[Insert Table 4 About Here] 

Economically, the magnitudes are meaningful. Because 𝐸𝑆𝐺+,#,-	is in logs, the coefficient 

of 0.116 in Column (2) implies that a 10% increase in ESG is associated with about a 1.2% 

increase in green loan volume (0.116 × 0.10) for the same firm over time. Column (1) shows 

that higher ESG also increases the likelihood of receiving any green loan: a 10% increase in 

ESG raises the probability by about 0.12 percentage points. Column (3) indicates that green 

loans become more important in firms’ borrowing baskets: a 10% increase in ESG is associated 

with roughly 0.08 percentage points higher green-loan share (0.792 × 0.10), consistent with 

ESG being relevant not only for the intensive margin but also for the composition of credit. 

Nevertheless, we interpret these estimates as descriptive patterns rather than causal effects. 

ESG may co-move with unobserved managerial quality, disclosure intensity, or strategic shifts 

that also affect financing. Therefore, the key question is not whether ESG correlates with green 

credit, but whether the relationship becomes systematically stronger when environmental 

regulation tightens—precisely what we test in the heterogeneity and DDD analyses below. 
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Table 5 splits the sample by whether firms are located in treated cities. The coefficients on 

𝐸𝑆𝐺+,#,-	 are markedly larger and more statistically significant for firms in treated cities, 

especially for green-loan volumes and green-loan shares, while the corresponding estimates 

are weaker or insignificant for firms outside treated cities. This pattern is consistent with the 

view that ESG becomes more salient for lending outcomes when regulatory pressure increases. 

In other words, environmental regulation appears to amplify the role of ESG information in 

shaping green credit allocation, strengthening the link between firm sustainability 

characteristics and access to green finance. 

[Insert Table 5 About Here] 

3.4. ESG as a Screening Mechanism under Environmental Regulation 

The core of our empirical analysis is to test whether ESG information plays a screening role 

in green credit allocation under tighter environmental regulation. We define 𝐻𝑖𝑔ℎ𝐸𝑆𝐺+ as an 

indicator equal to one if firm 𝑖’s average ESG scores over the sample period is above the 

median across firms, and zero otherwise. This time-invariant classification captures whether a 

firm belongs to the high-ESG group and allows us to examine whether banks allocate more 

green credit to firms with stronger sustainability profiles when regulatory pressure intensifies.6 

We estimate the following triple-difference specification: 

	𝑌+,# = 𝛽-(𝐻𝑖𝑔ℎ𝐸𝑆𝐺+ × 	𝑇𝑟𝑒𝑎𝑡𝑒𝑑! × 𝑃𝑜𝑠𝑡#) + 𝛽.(𝐻𝑖𝑔ℎ𝐸𝑆𝐺+ × 𝑃𝑜𝑠𝑡#)

+ 𝛽((	𝑇𝑟𝑒𝑎𝑡𝑒𝑑! × 𝑃𝑜𝑠𝑡#)	+	𝜃+ + 𝜆# + 𝑋!#$ γ + 𝑍+#$ δ + 𝜀+!# ,																															(3) 

where 𝑌+,#	denotes firm-level green credit outcomes, including log green loans, green-loan 

share, and the green-loan indicator. 𝑋!#	and 𝑍+#	denote city-level and firm-level controls, 

respectively. In more demanding specifications, we replace year fixed effects and city-level 

 
6 To assess the robustness of this classification, we also use alternative ESG measures, including a pooled firm-
year above-median ESG indicator and the continuous ESG score. The results are reported in the Appendix. 
Appendix Table A2 shows that the results are robust when we replace the high-ESG indicator with the continuous 
ESG score, indicating that the screening effect is not driven by a specific median cutoff. 
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controls with city-by-year fixed effects, which absorb all time-varying local economic 

conditions and credit demand shocks within each city-year. 

The coefficient 𝛽-	captures whether banks allocate more green credit to firms with better 

ESG performance after the policy shock, specifically in treated cities. A positive and significant 

𝛽-	provides evidence that ESG information serves as a screening device for green lending under 

tighter environmental regulation. 

Table 6 reports the DDD estimates. Columns (1), (3), and (5) report the baseline specification 

with firm and year fixed effects. The coefficient on 𝐻𝑖𝑔ℎ𝐸𝑆𝐺+ × 	𝑇𝑟𝑒𝑎𝑡! × 𝑃𝑜𝑠𝑡#	is positive 

and statistically significant across three outcomes: green loan volumes, green loan shares, and 

the probability of receiving a green loan. Quantitatively, In Column (1), the coefficient of 0.664 

implies that high-ESG firms in treated cities receive about 94% (= 𝑒&./0/ − 1) Column (3) 

shows that the green-loan share increases by 4.3 percentage points, while Column (5) indicates 

that the probability of receiving a green loan rises by 5.0 percentage points. 

[Insert Table 6 About Here] 

Columns (2), (4), and (6) further include city-by-year fixed effects. This specification 

absorbs all local time-varying shocks, including city-level economic conditions, local credit 

demand, and heterogeneous policy implementation intensity. The results remain robust: the 

coefficient on 𝐻𝑖𝑔ℎ𝐸𝑆𝐺+ × 	𝑇𝑟𝑒𝑎𝑡! × 𝑃𝑜𝑠𝑡#	is 0.740 for green loan volume, 5.227 for green-

loan share, and 0.056 for the green-loan indicator. These estimates indicate that the ESG-based 

allocation effect is identified from differences between high- and low-ESG firms within the 

same local credit market and year. 

These results imply that, after the Blue Sky policy, the increase in green credit is 

disproportionately concentrated among high-ESG firms located in treated cities. Importantly, 

because the regressions include firm fixed effects and year fixed effects (and additional city-

level and firm-level controls), the estimates reflect differential changes in green credit 

allocation between high- and low-ESG firms in treated cities relative to their counterparts in 

control cities after 2017. 
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Overall, the DDD results suggest that banks do not expand green lending uniformly under 

regulatory pressure. Instead, they allocate green credit more intensively toward firms with 

stronger ESG profiles, consistent with ESG functioning as a screening device when 

environmental regulation tightens. 

3.5. Reallocation within Pollution-Intensive Industries and Ownership  

Table 7 explores heterogeneity in the ESG-based screening effect along two economically 

important dimensions: pollution intensity and ownership. Columns (1) and (2) split the sample 

by whether firms operate in pollution-intensive industries. The coefficient on 𝐻𝑖𝑔ℎ𝐸𝑆𝐺+ ×

	𝑇𝑟𝑒𝑎𝑡𝑒𝑑! × 𝑃𝑜𝑠𝑡#	 is positive and statistically significant for firms in pollution-intensive 

industries, while the corresponding estimate for firms in non-polluting industries is small and 

statistically insignificant. Economically, the coefficient of 0.898 implies that high-ESG firms 

in pollution-intensive industries receive about 145% (= 𝑒&.121 − 1) more green loans after the 

policy. This pattern suggests that ESG-based allocation is more salient in sectors where 

regulatory pressure and compliance costs are most severe. Intuitively, in pollution-intensive 

sectors, firms face greater requirements for emissions control, technology upgrading, and 

potential regulatory penalties. As a result, banks have stronger incentives to allocate green 

credit toward high-ESG firms that are more likely to undertake credible environmental 

investments and less likely to generate regulatory or reputational risks. 

[Insert Table 7 About Here] 

Columns (3) and (4) examine heterogeneity by ownership. The ESG-based screening effect 

is concentrated among non-state-owned enterprises. The coefficient of 0.760 implies that high-

ESG non-SOEs receive about 114% (= 𝑒&.*/& − 1) more green loans after the policy, while 

the corresponding coefficient for SOEs is statistically insignificant. This pattern is consistent 

with ESG information being more valuable when lending decisions are more information-

sensitive and less shaped by implicit guarantees or policy mandates. In contrast, non-SOEs 

typically face tighter financing constraints and greater information frictions. ESG performance 

can therefore serve as a more informative signal of firms’ sustainability capability, disclosure 
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quality, and compliance credibility, making banks more likely to channel green credit toward 

high-ESG non-SOEs when regulation tightens.  

Taken together, we interpret these heterogeneity results as suggestive evidence that ESG-

based screening is more pronounced where transition risks and information frictions are greater. 

This reinforces the central mechanism that banks use ESG information to differentiate among 

borrowers under regulatory pressure. 

4. Conclusion 

This paper examines how environmental regulation reshapes green credit and how ESG 

information affects its allocation in China. Exploiting the 2017 Blue Sky Defense Battle as an 

exogenous increase in local regulatory pressure, we combine (i) city-level green lending 

aggregated from loan-level records of a large state-owned bank with (ii) firm-level data on 

listed companies’ total borrowing, green loans, and ESG ratings. This design allows us to 

connect an external regulatory shock to banks’ aggregate lending responses and to the 

allocation of green credit across borrowers. 

Our city-level evidence shows that the policy induced a sizable expansion in green lending 

in treated cities. The increase is accompanied by a higher share of green loans in total lending 

and improvements in air quality across multiple pollutants, indicating that the policy 

represented a meaningful tightening of environmental regulation and that banks’ credit 

responses were aligned with environmental objectives. Moving from aggregate responses to 

allocation mechanisms, our firm-level results show that green credit expansion is not uniform 

across firms. Instead, banks allocate disproportionately more green loans to high-ESG firms 

after the policy, particularly in treated cities. These findings are consistent with ESG 

functioning as a screening device when regulatory pressure intensifies. 

We further document suggestive heterogeneity. The ESG-based allocation effect is 

concentrated in pollution-intensive industries, where compliance costs and transition risks are 

likely to be greater, and among non-state-owned firms, where information frictions and 

financing constraints tend to be more severe. These patterns suggest that banks use 
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sustainability-related information more intensively in settings where environmental risks and 

borrower opacity are more salient.  

Our findings have several implications for policy and the design of sustainable finance. First, 

environmental regulation can be complemented by financial intermediation: when regulatory 

pressure rises, banks respond not only by expanding green credit but also by reallocating it 

toward firms with stronger sustainability profiles. Second, the effectiveness of green finance 

depends critically on information quality. ESG metrics appear to guide credit allocation when 

incentives to manage climate-related risks increase, implying that improving ESG disclosure 

standards and comparability may strengthen the transmission of environmental policy through 

the banking system. Third, heterogeneity across industries and ownership suggests that a one-

size-fits-all approach to green credit may be suboptimal; targeted policies that address 

information frictions and financing constraints—especially for non-SOEs and in pollution-

intensive sectors—may enhance the real effects of green finance. 

This study also has limitations that point to avenues for future research. First, while we 

document robust patterns linking regulation, green credit allocation, and environmental 

outcomes, the precise causal chain from credit to emissions reductions remains an important 

topic for further work using project-level or plant-level data. Second, firm-level green loan 

measures are constructed from disclosure-based sources and, while carefully validated, may 

contain measurement error that could bias estimates toward zero. Third, extending the analysis 

to other regulatory settings and financial institutions would help assess the generalizability of 

our findings beyond the Chinese context. 

Overall, this paper highlights the intermediary role of banks in the climate transition: 

environmental regulation shapes banks’ incentives, and ESG information influences how these 

incentives translate into targeted green credit allocation with real environmental consequences. 
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Figure 1: Green Loans (2013-2023) 

 

Note: This figure plots the evolution of city-level green loans over the period 2013-2023. The 
left y-axis reports the total amount of green loans, and the right y-axis reports the share of green 
loans in total loans. 
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Table 1: Summary Statistics  

Variable Obs. Mean P5 P25 Median P75 P95 
Panel A: City-level variables        
Green Loan (Million RMB) 3289 2067.84 22.15 187.41 566.45 1,392.64 8,392.83 
Green Loan Share (%) 3289 13.82 0.54 3.50 8.80 18.33 45.43 
Green Loan Volume 3289 80 2 12 30 72 289 
Interest Rate 3289 4.88 3.44 4.10 4.67 5.52 6.90 
Green Loan Term (Day) 3289 2,223 293 747 1,760 3,269 5,537 
GDP (Billion RMB) 3386 296.09 33.64 91.01 158.05 311.97 1,016.25 
Population (Thousand) 3386 4,323 753 2,300 3,658 5,638 9,549 
Agricultural Share 3386 13.05 1.72 6.65 11.80 17.58 29.17 
Industrial Share 3386 42.48 21.60 35.90 42.72 49.80 59.65 
PM2.5 (µg per m3) 3386 39.19 20.03 27.48 35.36 47.43 72.31 
PM10 (µg per m3) 3386 71.25 34.39 47.32 63.79 87.95 130.67 
NO2 (µg per m3) 3386 24.05 13.23 17.09 22.38 29.44 41.00 
SO2 (µg per m3) 3386 16.72 7.58 9.33 12.50 20.03 40.80 
CO (mg per m3) 3386 0.89 0.59 0.69 0.82 1.01 1.47 
        
Panel B: Firm-level variables        
ESG 35611 27.43 13.32 19.79 25.04 33.11 49.64 
Asset (Million RMB) 35611 78,895 749 1,795 3,838 10,475 84,865 
Debt (Million RMB) 35611 66,508 123 499 1,469 5,231 55,126 
Profitability 35611 0.0282 -0.09 0.01 0.03 0.07 0.13 
Age 35611 19.89 10 15 20 24 30 
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Table 2: Environmental Regulation and Bank Green Lending 

Variables Green Loan Green Loan Share Total Loan 
(1) (2) (3) 

Treated × Post 0.357** 3.414** -0.097 
 (2.24) (2.58) (-1.12) 
    
Controls  YES YES YES 
City F.E. YES YES YES 
Year F.E. YES YES YES 
Observations 3,288 3,288 3,286 
R2 0.670 0.531 0.931 

Note: This table presents the panel regression results on the impact of environmental regulation 
on green credit at the city level. The data are an annual sample from 2013 to 2023. Green Loan 
is the logarithm of green loans at the city level. Green Loan Share is the ratio of green loans to 
total loans. Total Loan is the logarithm of total bank loans at the city level. Treated is an 
indicator that equals one if a city is designated as a key city under the Blue Sky policy, and 
zero otherwise. Post is an indicator that equals to one if the year is after 2017. Controls refers 
to city-level control variables including GDP, Population, share of agricultural sectors, and 
share of industrial sectors. T-statistics values are shown in parentheses. The superscript ***, 
**, or * indicates statistical significance at the 1%, 5% or 10% level, respectively. 
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Table 3: Environmental Outcomes 

Variables PM2.5 PM10 NO2 SO2 CO 
(1) (2) (3) (4) (5) 

Treated × Post -0.071*** -0.032** -0.057*** -0.493*** -0.248*** 
 (-4.46) (-2.34) (-4.80) (-20.08) (-20.00) 
      
Controls YES YES YES YES YES 
City F.E. YES YES YES YES YES 
Year F.E. YES YES YES YES YES 
Observations 3,386 3,386 3,386 3,386 3,386 
R2 0.973 0.975 0.950 0.902 0.889 

Note: This table presents the panel regression results on the impact of environmental regulation 
on city-level environmental outcomes. The data is a yearly sample from 2013 to 2023. 
Dependent variables are city-level air pollutants, including PM2.5, PM10, NO2, SO2 and CO. 
All pollutant outcomes are measured in logarithms. Treated is an indicator that equals one if a 
city is designated as a key city under the Blue Sky policy, and zero otherwise. Post is an 
indicator that equals to one if the year is after 2017. Controls refers to city-level control 
variables including GDP, Population, share of agricultural sectors, and share of industrial 
sectors. T-statistics values are shown in parentheses. The superscript ***, **, or * indicates 
statistical significance at the 1%, 5% or 10% level, respectively.  
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Table 4: ESG and Access to Bank Credit 

Variables Green Loans Indicator Green Loans  Green Loan Share 
(1) (2) (3) 

ESGt-1 0.012** 0.116** 0.792** 
 (2.47) (2.05) (1.99) 
    
City-level Controls YES YES YES 
Firm-level Controls YES YES YES 
Firm F.E. YES YES YES 
Year F.E. YES YES YES 
Observations 33,118 33,118 33,118 
R2 0.466 0.481 0.445 

Note: This table presents the panel regression results on the association between firms’ ESG 
performance and green loan access. The data is a yearly sample from 2013 to 2023. Dependent 
variables are Green Loans Indicator, Green Loans and Green Loan Share. Green Loan 
Indicator is a dummy variable that equals to one if a firm receive a green loan. Green Loan is 
the logarithm of green loans at the firm level. Green Loan Share is the ratio of green loans to 
total loans. ESGt-1 is the logarithm of ESG score at time t-1. City-level control variables include 
GDP, Population, share of agricultural sectors, and share of industrial sectors. Firm-level 
control variables include total assets, total debt and profitability (profit to asset ratio). T-
statistics values are shown in parentheses. The superscript ***, **, or * indicates statistical 
significance at the 1%, 5% or 10% level, respectively. 
 

  



 28 

Table 5: ESG and Access to Bank Credit (Treated versus Untreated) 

Variables 

Green Loans 
Indicator 

Green 
Loans  

Green Loan 
Share 

Green Loans 
Indicator 

Green 
Loans 

Green Loan 
Share 

Located in Treated Cities Not Located in treated Cities 
(1) (2) (3) (4) (5) (6) 

ESGt-1 0.028** 0.284* 2.274** 0.009* 0.078 0.380 
 (2.14) (1.90) (2.10) (1.66) (1.28) (0.91) 
       
City-level Controls YES YES YES YES YES YES 
Firm-level Controls YES YES YES YES YES YES 
Firm F.E. YES YES YES YES YES YES 
Year F.E. YES YES YES YES YES YES 
Observations 5,760 5,760 5,760 27,346 27,346 27,346 
R2 0.486 0.498 0.454 0.463 0.480 0.446 
Note: This table presents the panel regression results on the association between firms’ ESG performance 
and green loan access, comparing the effects between treated cities and untreated cities. The data is a 
yearly sample from 2013 to 2023. Dependent variables are Green Loans Indicator, Green Loans and 
Green Loan Share. Green Loan Indicator is a dummy variable that equals to one if a firm receive a green 
loan. Green Loan is the logarithm of green loans at the firm level. Green Loan Share is the ratio of green 
loans to total loans. ESGt-1 is the logarithm of ESG score at time t-1. City-level control variables include 
GDP, Population, share of agricultural sectors, and share of industrial sectors. Firm-level control 
variables include total assets, total debt and profitability (profit to asset ratio). T-statistics values are 
shown in parentheses. The superscript ***, **, or * indicates statistical significance at the 1%, 5% or 
10% level, respectively.  
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Table 6: ESG as a Screening Mechanism under Environmental Regulation 

Variables 
 

Green Loans Green Loan Share Green Loan Indicator  
(1) (2) (3) 

HighESG × Treated × Post 0.646** 4.434** 0.048* 
 (2.24) (2.48) (1.87) 
    
City-level Controls YES YES YES 
Firm-level Controls YES YES YES 
Firm F.E. YES YES YES 
Year F.E. YES YES YES 
Observations 35,405 35,405 35,405 
R2 0.470 0.428 0.455 
Note: This table reports triple-difference estimates of how ESG affects green loan allocation 
under environmental regulation. The data is a yearly sample from 2013 to 2023. Dependent 
variables are Green Loans Indicator, Green Loans and Green Loan Share. Green Loan 
Indicator is a dummy variable that equals to one if a firm receive a green loan. Green Loan is 
the logarithm of green loans at the firm level. Green Loan Share is the ratio of green loans to 
total loans. HighESG is an indicator equal to one if firm 𝑖’s average ESG scores over the 
sample period is above the median across firms, and zero otherwise. Treated is an indicator 
that equals one if a city is designated as a key city under the Blue Sky policy, and zero otherwise. 
Post is an indicator that equals to one if the year is after 2017. City-level control variables 
include GDP, Population, share of agricultural sectors, and share of industrial sectors. Firm-
level control variables include total assets, total debt and profitability (profit to asset ratio). T-
statistics values are shown in parentheses. The superscript ***, **, or * indicates statistical 
significance at the 1%, 5% or 10% level, respectively.  
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Table 7: Heterogeneity on Industry and Ownership  

Variables 
Industry  Ownership 

Polluted  Unpolluted SOE Non-SOE 
(1) (2) (3) (4) 

HighESG × Treated × Post 0.840** 0.239 -0.703 0.753** 
 (2.21) (0.52) (-0.62) (2.49) 
     
City-level Controls YES YES YES YES 
Firm-level Controls YES YES YES YES 
Firm F.E. YES YES YES YES 
Year F.E. YES YES YES YES 
Observations 22,385 13,020 3,282 31,977 
R2 0.482 0.449 0.546 0.480 

Note: This table reports triple-difference estimates of how ESG affects green loan allocation 
under environmental regulation. The data is a yearly sample from 2013 to 2023. Dependent 
variables is Green Loan measured as the logarithm of green loans at the firm level. HighESG 
is an indicator equal to one if firm 𝑖’s average ESG scores over the sample period is above the 
median across firms, and zero otherwise. Treated is an indicator that equals one if a city is 
designated as a key city under the Blue Sky policy, and zero otherwise. Post is an indicator that 
equals to one if the year is after 2017. City-level control variables include GDP, Population, 
share of agricultural sectors, and share of industrial sectors. Firm-level control variables 
include total assets, total debt and profitability (profit to asset ratio). T-statistics values are 
shown in parentheses. The superscript ***, **, or * indicates statistical significance at the 1%, 
5% or 10% level, respectively.  
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Appendix 

A1.  Identification of green loans at the firm level 

We employ the text analysis approach to identify green loans. More specifically, we use 

the following two-step text-based procedure based on the full announcement content. 

Step 1: Keyword-based screening. 

We first perform a comprehensive keyword search on the full announcement text. 

We construct a dictionary of environment- and sustainability-related terms, including 

keywords such as “green,” “low-carbon,” “energy-saving,” “renewable energy,” 

“environmental protection,” “emission reduction,” and “climate.” Each loan record is 

flagged as a potential green loan if at least one keyword appears in the announcement. 

The matched keywords are recorded for verification. 

Step 2: Purpose-based classification. 

We then manually examine the stated use of loan proceeds. A loan is classified as a 

green loan under a strict definition only if the announcement explicitly specifies that 

funds are allocated to concrete green projects or activities, such as pollution-control 

facilities, clean energy projects, energy-efficiency upgrades, resource recycling, 

ecological restoration, or activities listed in official green industry guidance catalogues. 

Loans used solely for general working capital, routine operations, or debt repayment—

without explicit reference to green activities—are not classified as green loans. 

In addition to this strict definition, we construct a broad green loan measure for 

robustness analysis. Under the broad definition, loans are classified as green if they are 

explicitly described as supporting a firm’s green business segments, renewable energy 

operations, environmental protection activities, or other sustainability-related projects, 

even if the specific project details are less granular. Loans used purely for general 

liquidity purposes without reference to green activities are excluded. 
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This approach ensures that our green loan indicators reflect genuine support for 

environmentally relevant activities rather than general financing. 

 

A2.  Tables and Figures 

Table A1 - Variable Definition 

Variable Definition 
Panel A: City-level variables  
Green loan Total amount of green loans issued by the bank in city c 

year t. 
Total loan Total loan amount issued by the bank in city c year t. 
Green loan share 
Green loan indicator  

Green loans divided by total loans. 
=1 if a firm receives at least one green loan in year t 

PM2.5 
Interest rate 

Annual average PM2.5 concentration. 
Average interest rate of green loans in city c and year t. 

Treated =1 if city is in Blue Sky pilot list. 
Post =1 for years ≥ 2017. 
Panel B: Firm-level variables  
Green loan  Green loans received by firm i in year t. 
Total loan  Total bank loans received by firm i in year t. 
ESG score Firm ESG score in year t. 
HighESG =1 if firm i’s average ESG score over the sample period 

is above the median across firms. 
Treated firm =1 if firm i is located in a city designated as a key city 

under the Blue Sky policy. 
Polluted Industry =1 if firm i operates in a pollution-intensive industry. 
SOE =1 if firm i is state-owned. 
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Table A2: ESG as a Screening Mechanism under Environmental Regulation 

Variables 
 

Green Loans Green Loan Share Green Loan Indicator  
(1) (2) (3) 

HighESG × Treated × Post 0.970** 5.693* 0.075* 
 (2.01) (1.89) (1.78) 
    
City-level Controls YES YES YES 
Firm-level Controls YES YES YES 
Firm F.E. YES YES YES 
Year F.E. YES YES YES 
Observations 35,405 35,405 35,405 
R2 0.470 0.429 0.455 
Note: This table reports robustness tests for the triple-difference analysis using an annual 
sample from 2013 to 2023. Dependent variables are Green Loans, Green Loan Share, and 
Green Loans Indicator. Green Loans is the logarithm of green loans at the firm level. Green 
Loan Share is the ratio of green loans to total loans. Green Loan Indicator equals one if a firm 
receives at least one green loan in a given year. HighESG is an indicator equal to one if firm 
𝑖’s average ESG scores over the sample period is above the median across firms, and zero 
otherwise. Post equals one for 2017 and later. City-level controls include GDP, population, the 
share of agricultural sectors, and the share of industrial sectors. Firm-level controls include 
total assets, total debt, and profitability. T-statistics are reported in parentheses. The superscript 
***, **, or * indicates statistical significance at the 1%, 5%, or 10% level, respectively. 
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Figure A1 – Parallel Trend Test 

Panel A: Green Loan 

 
Notes: This figure presents the estimate for parallel trends. Every dot depicts the coefficient, associated 
95% confidence intervals, from estimating the leads and lags regression of Equation (1) in the paper. 
The dependent variable is the logarithm of green loans. The estimated coefficients are relative to year 
2016 (t = -1).  
 

Panel B: Green Loan Share 

 
Notes: This figure presents the estimate for parallel trends. Every dot depicts the coefficient, associated 
95% confidence intervals, from estimating the leads and lags regression of Equation (1) in the paper. 
The dependent variable is green loan share (the ratio of green loans to total loans). The estimated 
coefficients are relative to year 2016 (t = -1).  
 

  



 35 

Figure A2 – Placebo Test 

Panel A: Green Loan 

 

Notes: This figure illustrates the distribution of the placebo test results for the baseline regression, 
conducted using the Monte Carlo permutation method. The dependent variable is the logarithm of green 
loans. In the placebo exercise, cities are randomly assigned to the treatment group while preserving the 
number of treated cities. We re-estimate the baseline DID specification 500 times. The figure plots the 
distribution of placebo estimates, with the vertical dashed line indicating the actual estimate from the 
baseline regression. 

Panel B: Green Loan Share 

 

Notes: This figure illustrates the distribution of the placebo test results for the baseline regression, 
conducted using the Monte Carlo permutation method. The dependent variable is green loan share. In 
the placebo exercise, cities are randomly assigned to the treatment group while preserving the number 
of treated cities. We re-estimate the baseline DID specification 500 times. The figure plots the 
distribution of placebo estimates, with the vertical dashed line indicating the actual estimate from the 
baseline regression. 
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Figure A3 – Parallel trends test – Environmental Outcome 

   Panel A: PM2.5                         Panel B: PM10 
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