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THE IMPACT OF GREEN FINANCE POLICY
ON CORPORATE CARBON EMISSION EFFICIENCY

Abstract: Under the guidance of the "dual carbon" goals,aanimg carbon emission efficiency is the key to
achieving coordinated development of economic dgnoavtd environmental protection. This paper takeggtieen
finance reform and innovation pilot zones estalglisin batches since 2017 as a quasi-natural exgetjrand
uses the multi-period difference-in-differences@Pmethod to empirically examine the impact of gré@ance
policies on the carbon emission efficiency of gmtiees based on the data of Chinese A-share listeghanies on
the Shanghai and Shenzhen stock exchanges fromt20A®5. The research finds that green financeipsl
have significantly improved the carbon emissioricefficy of enterprises in the pilot zones, with arerage
increase of about 5.4 percentage points, equivateBt6 % of the sample mean. This conclusion ramaalid
after a series of robustness tests. Mechanismsisahgdicates that the tightening of financing ¢omiats (forcing
effect) and the output of green patents are twe domnsmission paths, with the estimated indirdfacts
accounting for approximately 27.8 % and 31.5 %hef total effect, respectively. Heterogeneity arialghows
that the policy effect is more prominent in largads enterprises and heavily polluting industriEsis paper
deepens the understanding of the micro-environrheffects of green finance from the perspectiveftitiency,
reveals the internal logic of policy implementati@md provides empirical references and decisiokimgabasis
for improving the green finance system and driviigh-quality low-carbon transformation of enterpss

Keywords: green finance policy, carbon emission efficierftyancing constraints, green innovation, multi-pdri
difference-in-differences method

I ntroduction

Climate change is one of the most severe challefagag human society today.
Promoting a comprehensive green transformatiorcohemic and social development has
become a global strategic consensus and colledton. As the world’s largest
developing country, China has made a "dual carbmmfimitment to the international
community. This not only concerns the responsibilif a major country in global climate
governance but also implies a systemic paradigtt shiChina’'s economic development
model, from the traditional path of relying on faicinput and scale expansion to a green
growth track centered on efficiency improvement dndovation-driven development
[1, 2]. Enterprises, as the micro-subjects of epeansumption and carbon emissions, their
progress and quality in low-carbon transformatiareatly determine whether the macro
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emission reduction targets can be achieved on stdhd@]. A decline in total carbon
emissions is not a sufficient criterion for measgrithe success of the transformation.
If emission reduction is achieved at the cost ahpmessing output and sacrificing growth,
such "campaign-style" carbon reduction is neithastanable nor in line with the
fundamental purpose of development. A truly higlalgy low-carbon transformation lies
in enhancing "carbon emission efficiency”, thatcisgating more economic output per unit
of carbon emissions, achieving an absolute reductio carbon emissions while
maintaining or even expanding the economic scatdy By starting from the dimension of
efficiency can we accurately identify enterprisestthave truly achieved "reducing carbon
without reducing production, increasing efficienaythout slowing down", providing
a more scientific yardstick for policy evaluation.

The efforts of enterprises to enhance carbon eomssifficiency, whether it be
energy-saving technological renovations of highstonption equipment, the low-carbon
reconstruction of production processes, or the arebe and industrial application of
cutting-edge green technologies, all face a comfnadamental constraint: the financing
predicament. Such investment activities typicadtatfire large capital requirements, long
payback periods, uncertain technological routesd, externalised environmental benefits,
which create a structural contradiction with thedit preferences of traditional financial
institutions that favour short-term, stable, angiinalisable returns [4-6]. Without effective
institutional intervention, financial markets anmglikely to spontaneously allocate resources
to green projects with long-term social value, Iagventerprises’ low-carbon transitions
with severe funding gaps and credit rationing. Hssential function of green finance
policies is to correct this market failure througbvernment guidance and institutional
innovation, thereby reshaping the incentive stmgctf financial resource allocation [7, 8].
Since the release of the "Guiding Opinions on Bagda Green Financial System" in 2016,
China has gradually established the world's firgstematic green finance policy
framework. By setting up green finance reform amtbivation pilot zones in batches, it has
taken the lead in exploring institutional innovatiosuch as green credit, green bonds, and
environmental rights trading in specific regions [@]. This institutional arrangement
places enterprises entering the pilot zones aerdifft times in a differentiated policy
environment, providing an ideal analytical scendoioexamining the real effects of green
finance policy supply on enterprises’ environmeriahaviours. Against this backdrop,
systematically assessing whether green financecipsli have truly promoted the
improvement of enterprises’ carbon emission efficieand their pathways of action is not
only crucial for scientifically evaluating the perfmnance of existing policy tools but also
directly related to the future reform orientatidrtlee green finance system and its capacity
to support economic green transformation undetdhal carbon” goals.

Green finance reform and innovation pilot zonesrarerandomly designated; they are
selected comprehensively based on regional finAnadavelopment foundation,
environmental governance capacity, and low-carbaeveldpment potential. This
non-random selection feature may lead to endogeselection bias, as pilot regions
already possess better institutional condition®igepolicy implementation. In addition,
parallel trend test and placebo test further canfthat the policy shock is relatively
exogenous, effectively alleviating the selectionaarn of pilot zone designation.

Centering on the quasi-natural experiment of theee@r Finance Reform and
Innovation Pilot Zone, existing research has exanhithe impact of green finance policies
on corporate carbon emissions from multiple dimemsj most of which concentrate on



The impact of green finance policy on corporatdoaremission efficiency 41¢

total carbon emissions or carbon emission intenstyer than comprehensive carbon
emission efficiency that integrates input-outputatienships. Regarding the emission
reduction effect, some studies have found thatpttwg policies can significantly curb the
carbon emissions of the entire sample and non-hpallyting enterprises, but the
reduction effect on heavy-polluting enterprisesas significant [11-13]; however, studies
specifically focusing on polluting or heavy-polingi enterprises have confirmed that the
policies can significantly reduce their carbon esiwoins through the reallocation of financial
resources, enhanced environmental governance, &ap#al, technology, and awareness"
three-wheel drive mechanism [14-18]. The emisseruction effect of the policies shows
significant heterogeneity: it is more prominent high-tech industries, eastern regions,
non-key-pollution-regulated enterprises, state-avnenterprises, highly financialised
enterprises, and enterprises with high capitalcation efficiency [19-22]. In terms of the
mechanism of action, the literature has identifimdtiple independent paths. The financing
constraint mechanism has been widely discussedh, thié policies easing the financing
constraints of non-heavy-polluting enterprises gmdmoting emission reduction, but
possibly exacerbating the financing difficulties lefavy-polluting enterprises [23]; green
technological innovation is another core path, wiibst studies confirming that the policies
reduce carbon emissions by incentivising greenvation in enterprises [24]. Additionally,
scholars have identified multiple mechanisms sushdigital transformation, enhanced
media supervision, improved environmental goveraammproved environmental, social
and governance (ESG) performance, suppression olagesial short-sightedness, and
alleviation of information asymmetry [25-28]. Stadi focusing on heavy-polluting
enterprises have even revealed that the policie®ee emission reduction goals through
short-term financial adjustments such as increadingncial investment and reducing
inventory investment [29-31]. Notably, corporategmwashing behaviour can weaken the
emission reduction effect of the policies, while tthevelopment of inclusive finance can
enhance this effect [32].

Despite the rich achievements, there is still rofim exploration. First, previous
studies have generally used total carbon emissiwnsarbon emission intensity as the
dependent variable. A decrease in total carbonstonis may result from either a genuine
improvement in production efficiency or a passigduction in production scale. The latter
implies an economic cost rather than an improvenierthe quality of transformation;
while carbon emission intensity takes output intxaunt, it fails to reflect resource
consumption and factor allocation efficiency on thput side. Extending the research
perspective from "emission reduction volume" to rbmm emission efficiency”,
a comprehensive indicator that takes into accommtinput-output relationship, can more
accurately assess the real performance of greandipolicies in driving high-quality and
low-carbon transformation of enterprises. Secondstnstudies have only supported the
effectiveness of a single path, and few have samelbusly identified and quantitatively
compared the relative contributions of differenansmission paths within a unified
framework, nor have they systematically examinedi @mpared the internal transmission
logic of policy effects. Based on the above litaratreview and research gaps, this paper
proposes the following research hypotheses:

H1: Green finance policies can significantly improkie tarbon emission efficiency of
enterprises in the pilot zones.

H2: The tightening of financing constraints plays a ratdg role in the process by
which green finance policies affect the carbon smisefficiency of enterprises.
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H3: Green patent output plays a mediating role in tloegss by which green finance
policies affect the carbon emission efficiency ofegprises.

It is important to clarify that the tightening oh&ncing constraints (forcing effect) and
the output of green patents (incentive effect) tieorised as two independent parallel
mediating mechanisms rather than as a sequentiahtahain. The theoretical logic of this
paper posits that green finance policies affecpa@te carbon emission efficiency through
two distinct pathways: first, imposing targetedditeestrictions on high-pollution projects
to tighten financing constraints for heavily poihg firms, forcing them to optimise
production capacity and improve efficiency; secoimtentivising green technological
innovation through targeted credit allocation areputational signalling. These two
mechanisms operate contemporaneously and are dhemrfamined in separate mediation
models without imposing a sequential ordering.

This paper takes the phased establishment of dirsmce reform and innovation pilot
zones as a quasi-natural experiment to examinartpact of green finance policies on the
carbon emission efficiency of enterprises, and tants a unified analytical framework to
identify and quantify the transmission effects loé two core paths of financing constraint
tightening (forcing effect) and green innovationnc@ntive effect), providing
micro-evidence for the optimisation of green firansystems and economic green
transformation under the "dual carbon" goals.

M ethodology

Sample selection and data sour ces

Given that the implementation of the "Green Cr&glitidelines" in 2013 marked the
standardised operation of the green finance systegnestablishment of the first batch of
pilot zones in 2017 constituted an exogenous shdxta collection was officially
completed in April 2026. By this cutoff date, mog025 annual reports, social
responsibility reports, and environmental repoftisted firms had been officially released.
For a small number of undisclosed energy consumpitd carbon emission indicators in
2025, missing values were supplemented by industgrage interpolation with unified
statistical standards, ensuring the integrity armssyear comparability of sample data.
This paper initially takes all Chinese A-sharedistcompanies on the Shanghai and
Shenzhen stock exchanges from 2013 to 2025 agitfiead research sample. Strict sample
screening procedures are adopted: first, finarema insurance enterprises are excluded
due to their special business models, unique &#sbdity structures, and incomparable
carbon emission characteristics. Second, firms usplecial treatment (STBT) or delisting
arrangement status with abnormal operating contditiare eliminated. Third, firm-year
observations with missing core variables required fegression, carbon emission
efficiency measurement and mechanism analysis»ataded. All continuous variables are
further winsorised at the 1 % and 99 % percentitealleviate the influence of extreme
outliers. After the above data cleaning and prangsshis paper finally retains a panel
dataset consisting of 912 listed companies andtad ¢ 10,012 firm-year observations.
The detailed sample screening process is as fallagsstart with the initial sample of all
A-share listed companies from 2013 to 2025, whiathudes 15,876 firm-year observations.
First, we exclude 1,664 observations from 128 faoi@nand insurance enterprises due to
their special business models and incomparableonaemission characteristics. Second,
we eliminate 2,795 observations from 215 enterprismder STST or delisting
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arrangement status with abnormal operating conditioThird, we remove 1,405

observations with missing core variables required €tarbon emission efficiency

measurement, policy identification and control abhke calculation. The final sample thus
consists of 912 enterprises and 10,012 valid figaryobservations. Among the final

samples, there are 3,621 observations from healytipg industries and 6,391 from clean
industries. To eliminate potential concerns abbatdompleteness and estimation reliability
of 2025 data, this paper conducts an additionalisttess test by excluding all 2025
samples and re-estimating the benchmark model,ctedfficient magnitude, statistical

significance and core conclusions remain highlyscstent.

Table 1
Detailed information of green finance reform andawation pilot zones

Pilot zone Approval | Effective | Treated firm Treatec_zl firm-year
year year number obser vations number
Zhejiang Huzhou & Quzhou 2017 2018 92 269
Guangdong Guangzhou 2017 2018 71 207
Xinjiang Karamay & Hami 2017 2018 23 68
Jiangxi Ganjiang New Area 2018 2019 33 83
Guizhou Gui'an New Area 2018 2019 21 54
Gansu Lanzhou New Area 2019 2020 13 29
Chongging 2022 2023 19 21
Total - - 272 731

Green finance reform and innovation pilot zonesewvapproved in batches during
2017-2022, showing in Table 1. All pilot zones &l the unified policy lag rule that the
policy takes effect in the second year after ddficipproval, and are incorporated into the
staggered DID framework without additional spesktting. The energy consumption data
of enterprises are mainly sourced from firms’ anmegorts, social responsibility reports
and environmental disclosure reports. For firmg tha not voluntarily disclose energy
consumption and carbon emission information, mgsmdicators are supplemented by
industry average energy consumption per unit opgyahcome under the same industry
and year caliber. Carbon emission data are derfueth the CSMAR environmental
database and corporate public disclosure documeitts missing carbon emission values
filled by industry-year average carbon emissiorenstty. In the final sample, energy
consumption data for 2,847 observations (approxma8.4 % of the total sample) rely on
industry average imputation, and the remaining olagmns adopt firm-level direct
disclosure. Carbon emission data for 1,932 obsernat(approximately 19.3 %) are
supplemented by industry averages. Importantly, ithputation ratios are very close
between the treatment group (energy: 27.9 %, carth8B %) and the control group
(energy: 28.6 %, carbon: 19.5 %), which alleviadgstematic estimation bias caused by
differential data interpolation. To rule out thencern that interpolated industry-level data
may distort firm-level carbon emission efficiencyakiation, this paper carries out
a targeted robustness test by only retaining supkesmvith fully directly disclosed energy
and carbon emission data to re-estimate the ben&hi® model. The policy coefficient
significance and economic magnitude remain stataefirming that the reliance on partial
industry interpolation does not affect the core eival findings. Green patent data are
sourced from the patent database of the Nationelléatual Property Administration, and
financial and corporate governance data are froemn @SMAR and Wind databases.
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It should be noted that the number of pilot firnms Tlable 1 corresponds to the final
estimation sample after excluding 83T firms and missing observations.

Variable selection

1) Explained variable

This paper employs the input-oriented slacks-basedsure and data envelopment
analysis SBM-DEA model under variable returns tales¢VRS) that considers undesirable
outputs to measure the carbon emission efficieriognterprises. The model incorporates
labor, capital, and energy input slack variables] aimultaneously contains expected
economic output and undesirable carbon emissiopubufll monetary indicators such as
operating income and net fixed assets are deflajethe provincial industrial producer
price index to eliminate the impact of cross-indystnd inter-temporal price differences.
Instead of applying a unified efficiency frontiecrass all heterogeneous industries, this
paper adopts an independent efficiency frontiethiwiteach industry category, which
effectively alleviates comparison bias caused bsgdatechnological and structural
differences across sectors.

Compared with the traditional DEA model, the SBMdabcan effectively handle the
slackness of inputs and outputs and allows the l&meous inclusion of desired and
undesirable outputs in efficiency evaluation, whishmore in line with the essential
characteristics of carbon emissions as an undésicatiput. Corporate carbon emissions in
this study are not mechanically derived from didgmar conversion of enterprise energy
consumption data, which avoids the inherent circatarelation between energy input and
undesirable carbon emission output. Specificallyndevel carbon emission data are
primarily sourced from actual disclosed figuresciorporate environmental reports and
monitored data from the CSMAR environmental databd@or a small part of missing
samples, this paper adopts industry-year carbosséoni intensity for interpolation, rather
than recalculating carbon emissions based on th&sfiown energy consumption, which
fundamentally weakens the mechanical linkage betwieput energy and undesirable
output carbon emissions. Furthermore, to compleatéiyinate the estimation interference
caused by the inherent correlation between enesggumption and carbon emissions, this
paper adopts carbon productivity as an alternatidkependent efficiency indicator in
robustness tests. This indicator is constructedctyr using operating income and total
carbon emissions without relying on energy inputadand the core policy conclusion
remains stable, which verifies that the benchmasdults are not exaggerated or distorted
by mechanical data linkage.

Referring to the measurement methods of existindies on enterprise environmental
efficiency [33-35], this paper determines the inpdicators as labor input, measured by
the total number of employees at the end of the wéathe enterprise; capital input,
measured by the net value of fixed assets of thernise; and energy input, measured by
the total annual energy consumption of the entegpftonverted into standard coal tons).
The desired output is measured by the annual dpgriaicome of the enterprise, reflecting
the economic results of the enterprise’s productioth operation activities. The undesirable
output is measured by the total annual carbon émisf the enterprise (in tons of €O
equivalent), reflecting the environmental negatixéernalities of the enterprise’s activities.

The carbon emission efficiency values of entergreee calculated through MaxDEA
Ultra software, which can accurately solve the trmiented SBM model with undesirable
outputs under variable returns to scale, with &fficy scores ranging from 0 to 1.
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The larger the value, the more desired outputsethierprise can create and the less
undesirable outputs it can produce at a given irpuél, indicating a higher carbon
emission efficiency. In the subsequent robustnests this paper further uses the traditional
DEA efficiency value Eff_DEA that does not consider undesirable outputs anbona
productivity (nCP, the natural logarithm of the ratio of operatingcdme to carbon
emissions) as alternative indicators to supportseesitivity of the core conclusion to the
efficiency measurement method. Carbon emissiomieffcy estimated by the SBM-DEA
model is a bounded generated indicator with inhefiest-stage estimation uncertainty.
This paper adopts bootstrapped standard errorstigate such potential estimation bias.
Although efficiency scores are constrained betwé&erand 1, two-way fixed-effect
regression is still applicable in this empiricahtext, and additional robustness tests further
support result stability.

2) Key explanatory variable

The core explanatory variable in this paper is gf@gance policy {reaxPos). Here,
Treatis a dummy variable for the treatment group, tgkime value of 1 if the enterprise’s
registered location is within a green finance nefoand innovation pilot zone, and
0 otherwisePostis a dummy variable for policy time. Considerihg time lag from policy
promulgation to implementation and from implemetato the generation of substantive
effects, and following the common practice in @rigtliterature [36-40], it takes the value
of 1 from the second year after the approval ofphet zone, and 0 otherwise. All pilot
zones are included in the treatment group ideatifim following the unified staggered
DID rule without any exceptional arrangement, ahd number of treated firms and
firm-year observations in each pilot zone are stially sorted to ensure the clarity of
policy shock identification. This paper takes eptise registered location as the basis of
treatment group identification. Considering that tegistered address of listed companies
may be inconsistent with the main production andrafion location, this paper limits the
sample to enterprises whose registered locatiogoissistent with the main business
operation location in the robustness test, andctire regression results remain stable,
supporting the rationality of treatment assignnisaged on registered location.

3) Mediating variable

Financing constraintsFC) are represented by the ra@®A index. A smaller (more
negative) value indicates stronger financing camsts. TheSA index was proposed by
Hadlock and Pierce [41], and its calculation foranigdSA = —0.737Size + 0.043Size? —
0.040Age, whereSizeis the natural logarithm of the total assets ef ¢nterprise, andge
is the number of years the enterprise has bealli§ince th&Aindex is constructed only
based on firm size and listing age, it is highlyretated with the control variabl8ize
which may cause mechanical correlation and multiesdrity concerns. To address this
issue, this paper adopts alternative financing ttaimé indicators independent of firm size
and age (e.gKZ index) in robustness tests to eliminate redundaritible interference and
ensure the reliability of mediation identificatioFhe exact formula is also incorporated into
Table 2 for clarity.

GreenPats defined as the natural logarithm of one plesdhe-year lagged number of
authorised green invention and utility model patekising lagged patent variables avoids
contemporaneous endogeneity and better reflectpaliey-induced R&D accumulation
process. This paper distinguishes invention patentsutility model patents in robustness
tests, and adopts both green patent applicatiamweland granted volume for comparative
estimation to ensure result reliability.
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4) Control variable

Referring to the existing research on enterprisérenmental performance and carbon
emission efficiency [42-44], this paper selects fiiowing control variables to eliminate
the influence of individual enterprise characté&@sston carbon emission efficiency:
enterprise scaleSfzg, measured by the natural logarithm of the tosakts at the end of the
period; debt-to-asset ratib€v), measured by the ratio of total liabilities tdaloassets;
return on assetfROA, measured by the ratio of net profit to totaledssconcentration of
equity (Topl), measured by the shareholding ratio of the ldrghareholder; board size
(Board), measured by the number of board members. Thaitileis and explanations of
each variable are shown in Table 2.

Table 2
Variable definition description
Variable Variable symbol Definition and explanation
Enterprise carbon emission Eff Based on the SBM-DEA model calculation, taking iataount
efficiency labor, capital, energy input and undesirable output
Differences-in-differences Take 1 if the enterprise is in the pilot zone amthie period after
. ) TreatxPost . -
interaction term the policy shock; otherwise, take 0
Financing constraints FC Raw SA index; smaller (more negatlve) value means stronger
constraints
Green patent output GreenPat Iifl + lagged one-year authorised green patent dypnti
Enterprise scale Size The natural logarithm of the total assets at theadrihe period
_— . Total liabilities at the end of theeriod / Total assets at the en
Asset-liability ratio Lev the period
Return on total assets ROA Net profit / Total assets at the end of the period
Concentration of equity Topl The shareholding quantltyg;irtlgl largest sharehdltital share
Board size Board The number of board members

Modéd specification

1) Benchmark regression model

To accurately identify the causal effect of greeimarice policies on the
carbon emission efficiency of enterprises, this gwapconstructs a multi-period
difference-in-differences model as follows:

Effie = ay + a;(Treat; X Post;,) + a,Controls;, + p; + A, + &, 1)

Here,i represents the enterprigerepresents the year; the coefficientis used to
measure the average change difference in carbossiemiefficiency of enterprises in the
pilot zone compared to those in the non-pilot zafter the policy implementation. If it is
significantly positive, it indicates that the grefamance policy has effectively improved the
carbon emission efficiency of enterpris€®ntrols;, represents the series of control
variables mentioned earlieg; represents the individual fixed effect of the eptise,
which is used to absorb the impact of the inheokatracteristics of the enterprise that do
not change over time, such as industry attributesation advantages, property rights
nature, and corporate culture on carbon emissiticiegfcy; A, represents the year fixed
effect, which is used to control the common shottkat change over time, such as
macroeconomic cycles, the introduction of natiomavironmental protection regulations,
and technological progress trends; represents the random disturbance term. The green
finance pilot zones were launched in staggerecheatérom 2017 to 2022, which conforms
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to the typical setting of staggered differencediifiedences. Traditional two-way
fixed-effects DID may produce biased estimation mvpelicy timing is heterogeneous and
the policy effect accumulates dynamically over tinie address this potential estimation
bias, this paper does not merely rely on the conweal two-way fixed-effects
specification. In the robustness section, we furdddpt cohort-specific average treatment
effect on the treated (ATT) estimator and inte@ctiveighted event study estimator
suitable for staggered policy shocks. Meanwhile strietly distinguish never-treated firms
from not-yet-treated firms in the empirical ideitt#tion, avoiding the contamination of
control group caused by staggered treatment timsogas to ensure the accuracy and
credibility of the policy effect estimation. Thigjper adjusts the clustering level of standard
errors according to the policy shock charactesstifince the green finance pilot policy is
implemented at the city and pilot zone level rattiem the individual firm level, robust
standard errors are clustered at the pilot citgtplone level to avoid underestimating
standard errors and overstating statistical sigaifte. Considering the relatively limited
number of pilot zones in the sample, the wild dudtootstrap method is further applied to
correct small-sample bias and ensure the relighilitsignificance inference. To eliminate
the confounding interference of region-specific andustry-specific concurrent policies
such as carbon trading pilots and centralised enmiental inspections, this paper further
controls industry-year fixed effects and provinesy fixed effects in robustness
regressions, and the core empirical conclusionsireomchanged.
2) Mediation effect test model

To support the intermediary transmission path betwiancing constraints and green
innovation, this paper refers to the stepwise Egiom method proposed by Baron and
Kenny [45] and Wen et al. [46] to construct a éastep mediation effect test model: the
first step tests the main effect of policy on carlemission efficiency, the same as equation
(1); the second step respectively examines the dmpé policy on the intermediary
variables of financing constraints and green intiowaas shown in equations (2) and (3);
the third step incorporates the intermediary vdeskinto the main effect equation to
respectively investigate the transmission roleimdicing constraints and green innovation
in the process of policy influencing carbon emissédficiency, as shown in equations (4)
and (5).

FC;y = Bo + B1(Treat; x Post; ) + B,Controls; , + p; + Ap + &t (2)
GreenPat;, =y + y,(Treat; X Post;,) + y,Controls;, + p; + Ay + &;+ 3)
Effie = 6o + 6,(Treat; X Post;,) + 6,FC;+65Controls; + pu; + A, + &;¢ (4)

Effis =60+06; (Treati X Posti,t) + 6,GreenPat;, + 6;Controls; . )
+u+ A gy

This paper adopts one-period lagged mediating bisaand Bootstrap confidence
intervals to mitigate simultaneous endogeneity, lwatrol bias, and post-treatment
mediator interference within the DID framework. &mmediating variables are post-policy
endogenous outcomes, the stepwise regression geardt interpreted as correlative
mechanism evidence rather than strict causal degsitigqn. The reported Sobel test

statistics, mediating effect proportions and igesup differencep-values are only for
descriptive statistical reference, and do not dtet strict causal inference on the
mediation mechanism. Specifically, the Sobel testised to test the statistical significance
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of single mediation effects, and thevalues for inter-group differences in mediation
proportions are calculated based on the seemingiselated estimation (SUEST)
framework, which is only used for descriptive comigan between groups.

Results and discussion

Descriptive statistical analysis

The descriptive statistics of the variables ares@méed in Table 3. The mean of the
carbon emission efficiencyEff) of enterprises is 0.631, with a median of 0.641@ a
a standard deviation of 0.192. The overall distidruis relatively symmetrical, but the gap
between the minimum value of 0.089 and the maximuaiue of 1.000 indicates
a significant differentiation in the emission retion performance among enterprises. Some
enterprises have approached the efficiency frgniwbile a considerable number of others
have been relatively slow in their low-carbon tfansation. The mean of the interaction
term TreatxPost of the difference-in-differences is 0.073, withneedian of 0.000 and
a standard deviation of 0.261, showing a distieebznflation feature, which is consistent
with the identification logic that the policy shockly affects enterprises in the specific
pilot zones. The mean and median of the financomgstraint FC) are —4.835 and —4.821
respectively, with a standard deviation of 0.57Be BAindex is reported in its raw form
(not absolute value); a larger absolute value ef ittdex indicates stronger financing
constraints. The negative sign reflects the constm of the SA index formula, which
typically yields negative values for the samplenfit Thus, the magnitude (absolute value)
rather than the sign should be interpreted as ¢gee@ of financing constraints. After the
winsorisation process, no abnormal fluctuationsewebserved. The mean of the green
patent output GreenPa} is 0.892, with a median of 0.000 and a standadation of
1.218, and the maximum value is 5.921. The distiginus highly right-skewed, indicating
that green technological innovation is highly cartcated in a few enterprises during the
sample period, while the majority of enterprisesehaot yet obtained authorised green
patents. Regarding the control variables, the na@ahmedian of the enterprise scabéz
are both around 23. The mean of the asset-lialdityp (LeV) is approximately 52.5 %, and
the average return on total ass&©Hf) is about 4.6 %. The fluctuations of these indicsit
are within a reasonable range.

Table 3
Descriptive statistical results
Variable | Observations | Mean Star_]de_wrd Minimum Median Maximum

deviation value value

Eff 10,012 0.631 0.192 0.089 0.642 1.000
TreatxPost 10,012 0.073 0.261 0.000 0.000 1.000
FC 10,012 —4.835 0.575 —6.745 -4.821 -3.518
GreenPat 10,012 0.892 1.218 0.000 0.000 5.921
Size 10,012 22.981 1.235 20.154 22.812 27.023
Lev 10,012 0.525 0.163 0.123 0.531 0.901
ROA 10,012 0.046 0.053 -0.128 0.041 0.221
Topl 10,012 34.580 14.620 8.700 32.900 78.900
Board 10,012 9.180 1.790 5.000 9.000 15.000

The sample covers enterprises at different lifelecygtages, including mature large
state-owned enterprises and growing medium andl-s@alcompanies. The mean of the
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board size Board) is 9.18 people, with a standard deviation of lifflicating a generally
stable governance structure. Its mean is sliglotiyel than the level of typical main board
listed companies, which is due to the inclusionsofne medium and small board and
growth enterprise market enterprises in the sampig, this difference is within

a reasonable range. The mean of the shareholdilogofathe largest shareholdeFgpl) is
34.58 %, with a standard deviation of 14.62 %, shgvsignificant heterogeneity in the
concentration of equity. After the winsorisationopess, there are no obvious extreme
values in each variable, and the sample data steugs suitable for subsequent regression
analysis.

Correlation analysisand multicollinearity test

Table 4 presents the Pearson correlation coefficieatrix of the main variables.
The correlation coefficient between carbon emissifiiciency Eff) and TreatxPostis
0.142, which is significantly positive at the 1 é¥¢l, consistent with the expected direction
of policy improvement in carbon emission efficiendye correlation coefficient between
Eff and financing constraintFC) is —0.218, significantly negative at the 1 % leve
indicating that stronger financing constraints (Bema more negativeFC value) are
associated with higher carbon emission efficiemdyich is consistent with the "constraint
forcing effect" revealed in the subsequent mecimargnalysis. The correlation coefficient
betweenEff and green patent outpukeenPa} is 0.256, significantly positive at the 1 %
level, suggesting a positive correlation betwearegrtechnological innovation and carbon
emission efficiency. Enterprise siz&ifg is positively correlated witlEff, while the
debt-to-asset ratioLé\V) is negatively correlated witkff, and return on assetRQA is
positively correlated withEff. The sign directions are all consistent with tletical
expectations. The maximum absolute value of theetation coefficient among the
variables is —0.654 betweeSize and FC, which is because the calculation of financing
constraints already includes information on enisepisize. The absolute values of the
correlation coefficients among the other varialalesall below 0.42, indicating that there is
no serious multicollinearity problem in the regieasmodel.

Table 4
Pearson correlation coefficient matrix of main abtes
Variable Eff TreatxPost FC GreenPat| Size Lev ROA
Eff 1.000
TreatxPost | 0.147" 1.000
FC —0.218" —0.085 1.000
GreenPat | 0.256 0.1187 —0.1527 1.000
Size 0.317” 0.097" —0.654" | 0.285" 1.000
Lev —0.189" —0.042 0.123 —0.045 | 0.415 1.000
ROA 0.175" 0.038 —0.056 | 0.098" 0.052 | -0.386 | 1.000

., " represent significance levels of 1 %, 5 %, and 1@$&pectively; the same below

Although the correlation coefficient matrix did riotlicate severe multicollinearity, to
further ensure the accuracy and stability of thtgrassion estimates, this paper calculated
the variance inflation facton/(F) for each variable, with the results shown in Eabl
All the VIF values were far below the empirical threshold of didh the maximum being
2.85 for firm size $izg, and the averagélF value was 1.78. Additionally, the tolerance of
each variable was greater than 0.1. These resulggest that there is no serious
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multicollinearity problem in the regression modéltbis paper, the variable selection is
reasonable, and the estimation of regression cigxffs is reliable and stable.

Table 5
Results of multicollinearity test
Variable VIF Tolerance
Size 2.85 0.351
Lev 1.96 0.510
FC 1.78 0.562
ROA 1.52 0.658
Topl 1.12 0.893
TreatxPost 1.21 0.826
Board 1.08 0.926
AverageVIF 1.78

Benchmark regression analysis

Table 6 presents the benchmark regression resultnlumn (1), onlyTreatxPostis
included and firm and year fixed effects are cdtdtb Its coefficient is 0.058t & 4.31),
which is significantly positive at the 1 % leveh tolumn (2), after adding all control
variables, the coefficient dfreatxPostis 0.054 { = 3.92), still significant at the 1 % level,
and R? increases from 0.589 to 0.642. The coefficienDdf54 indicates that the policy
implementation has increased the carbon emissifiniesficy of the treatment group
enterprises by an average of about 5.4 percentaigéspequivalent to 8.6 % of the sample
mean of 0.631, which is a considerable increasés Tagnitude indicates that green
finance policies have generated economically medminmprovements in enterprises’
ability to balance economic output and environmleotats. Among the control variables,
the coefficient ofSizeis 0.037 p < 0.01), suggesting that the scale effect andureso
endowment advantage positively affect efficienciig tcoefficient of Lev is —0.085
(p < 0.01), indicating that high leverage crowds awt-carbon investment and suppresses
efficiency; the coefficient oROAis 0.118 p < 0.01), showing that profitability ensures
funds for low-carbon transformation. The above ltessupport the research hypothesis H1,
that is, green finance policies can significanthyprove the carbon emission efficiency of
enterprises in the pilot zone.

Table 6
Benchmark regression results
Variable (1) Eff (2) Eff
TreatxPost 0.058" (4.31) | 0.054" (3.92)
Size 0.037" (3.04)
Lev -0.085" (-3.21)
ROA 0.118" (3.95)
Topl 0.001 (0.35)
Board 0.004 (1.18)
Firm fixed effects Yes Yes
Year fixed effects Yes Yes
Observations 10,012 10,012
R? 0.589 0.642

t-statistics are reported in parentheses. Robusliatd errors are clustered at the pilot city-zawel, and the wild
cluster bootstrap procedure is used to correctlsaaiple bias.
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The core coefficient offreatxPostis significantly positive at 1 %, indicating green
finance policy improves corporate carbon emissifficiency by 5.4 percentage points on
average, which supports Hypothesis H1.

Paralldl trend test

The parallel trend assumption is a prerequisiteHereffective identification of causal
effects by the difference-in-differences methodreljuires that the time-varying paths of
carbon emission efficiency in the treatment andirobrgroups remain basically consistent
before the policy shock occurs. If the two grougseaterprises have already shown
systematic differences before the policy implemgéoma the benchmark regression may
capture only the trend differentiation rather thidne policy effect itself. To test this
assumption, this paper uses the event study methset up the following dynamic model
and constructs the dynamic DID model as follows:

3

Effie = ay+ Z B (Treat; X Yeary ;) + ayControls;, + pu; + 4, + &;¢ (1)
k=-4

Among themYear, ;. is a relative year dummy variable defined with gear of
policy implementation as the centdr;represents the year interval before and after the
policy implementation, with the year before theipplimplementation K = —1) as the
reference group; the coefficiefitreflects the difference in carbon emission efficig
between the treatment group and the control growgach relative year. If the coefficients
for the pre-policy periods (e.gk,= —2) are not significantly different from zerdatve to
the reference groug = —1 (the year before policy implementation),ritlicates that the
parallel trend assumption holds. The results ofphllel trend test are shown in Table 7
and Figure 1.

Table 7
Results of parallel trend test
Timewindow | Coefficient | tvalue | p-value | 95 % confidenceinterval
k=-4 0.006 0.38 0.704 [-0.025, 0.037]
k=-3 0.010 0.61 0.542 [-0.022, 0.042]
k=-2 0.013 0.82 0.412 [-0.018, 0.044]
k=0 0.029 1.72 0.086 [-0.004, 0.062]
k=1 0.054" 3.92 0.000 [0.027, 0.081]
k=2 0.067" 4.58 0.000 [0.038, 0.096]
k=3 0.07%3" 5.04 0.000 [0.045, 0.101]

The interaction term coefficients for the 2nd toh 4periods before policy
implementation K = -4, -3, -2) were 0.006, 0.010, and 0.013 respagti with
corresponding-values of 0.38, 0.61, and 0.82, all failing to p#®e 10 % significance test.
Moreover, the estimated values were close to zemagnitude, indicating that there was
no significant systematic difference in the carleonission efficiency trends of enterprises
in the pilot and non-pilot zones before the poktyck. The parallel trend assumption was
thus supported. In the policy implementation yekr=( 0), the coefficient is 0.029
(p = 0.086), which is marginally significant at the #level, reflecting a weak immediate
policy response. This paper further expands thentewendow and conducts a joint
significance test for all pre-policy coefficientthe joint test cannot reject the null
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hypothesis of parallel trend, which further suppdfie parallel trend assumption. In the
first year after implementatiork & 1), the coefficient rose to 0.054 € 0.01), reaching
0.067 p < 0.01) in the second yedc £ 2), and further increasing to 0.048< 0.01) in the
third year k = 3), demonstrating that the policy effect had aatimuous and dynamic
cumulative characteristic, which was consistenthwite gradual process of institutional
improvement, financial capacity enhancement, anepéeeing of enterprise awareness.
The event window is set to= —4 tok = 3 for two reasons: first, the sample periodtstar
2013, and the earliest pilot zones were approvadity, limiting the maximum pre-policy
window to 4 years; second, existing studies coastlt show that the main effect of green
finance policies on enterprise low-carbon behavtgpically manifests within 3 years after
implementation, and longer lags may be confoundgdsubsequent overlapping policy
shocks. The joint significance test for all preipplcoefficients kK = -4, -3, —2) yields
anF-statistic of 0.52f§ = 0.668), strongly supporting the parallel tresdumption.

0.120

0.100

-]

Dynamic effects of policy

Fig. 1. Parallel trend test graph

Robustness test

To ensure the reliability of the core conclusiotiss paper conducts robustness tests
from multiple dimensions, including replacing kegriables, adjusting the sample range,
and conducting placebo tests. In the benchmarlessgmn, the SBM-DEA model is used to
measure carbon emission efficiency. However, difierefficiency measurement methods
may affect the estimation results. Therefore, ghaper re-measures the carbon emission
efficiency of enterprises by using two alternatimethods: the traditional DEA model to
calculate efficiency values and the carbon proditgtindex. Re-running the benchmark
regression with the replaced efficiency indicatdh® results show that the coefficient of
TreatxPostis 0.045 { = 3.51) and 0.068t & 4.45) respectively under the two alternative
measures, both of which are significantly positaethe 1 % level. Meanwhile, the
mediating effects of financing constraints and gremtent output remain significant,
accounting for 25.4 % and 29.7 % respectively, Whiéze highly consistent with the
original conclusion, indicating that the measuremmaathod of the explained variable has
no substantial impact on the core conclusion.
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Table 8
Results of robustness tests
Robustness test (1) Nocontrols | (2) With controls | Observations R?
Panel A: Replacement of core variables
Traditional DEA efficiency 0.048" (3.62) 0.045" (3.51) 10,012 0.615
Carbon productivitylaCP) 0.072” (4.63) 0.068" (4.45) 10,012 0.658
KZ index (financing constraints) | —0.225" (-4.41)| —0.217" (-4.32) 10,012 0.587
Green patent 0.201" (4.25) 0.193" (4.12) 10,012 0.603
Panel B: Sample adjustment tests
Excluding 2025 observations 0.051" (3.75) 0.050" (3.68) 9,234 0.635
Only directly disclosed data 0.056 (4.02) 0.053" (3.87) 7,165 0.648
Excluding inconsistent locations | 0.060" (4.23) 0.057" (4.09) 8,457 0.651
Panel C: Advanced estimation methads
Cohort-specific ATT estimator - 0.056 (4.12) 10,012 -
Interaction-weighted event study - 0.052" (3.85) 10,012 0.645
Controlling industry-year FE - 0.051" (3.78) 10,012 0.672
Controlling province-year FE - 0.049” (3.65) 10,012 0.668

All regressions control for firm fixed effects agdar fixed effects unless otherwise specified. Rolstandard
errors are clustered at the pilot city-zone leydl.tests uselreatxPostas the core explanatory variable except
where noted.

Furthermore, to eliminate the interference of theasurement methods of the
mediating variables on the conclusion, this papadacted a replacement test for the two
mediating variables. In terms of financing consitsi the KZ index is adopted as
an alternative proxy, where a high€Z value reflects more severe financing constraints.
The empirical results show that green finance posiignificantly reduces corporat€Z
index, implying that the policy effectively alletés the overall financing constraints of
clean enterprises. After incorporating tk& index into the regression, the coefficient of
TreatxPostdecreases slightly and remains statistically §icamt, with a mediating effect
contribution of 26.5 %, which is highly consistemith the SAindex-based conclusion in
terms of numerical magnitude. It should be noteat the SAindex is constructed only
based on firm size and listing age, reflecting es@alented financing constraints for large
heavily polluting firms; while th&KZ index covers multiple dimensions such as cash flow
and growth opportunities, reflecting the overalyde of financing constraints for the full
sample. The two indicators focus on different disiens, so there is no logical
contradiction between the results. In terms of grieaovation, the number of applications
for green invention patents (logarithm after addingwvas used to replace the number of
green patent authorisations for measurement, tdliglg the quality of substantive
innovation rather than the quantity of patents. Témults show that the coefficient of the
policy on green invention patents is 0.193=(4.12,p < 0.01), and after inclusion, the
coefficient of TreatxPostdecreases to 0.038% 2.99,p < 0.01), with a mediating effect
proportion of 29.0 %. The conclusions after repigcthe mediating variables remain
consistent with the original analysis, indicatiftatt the identification of the mediating
effect does not depend on a specific variable measent method.

Considering that the composition of the sample migve a potential impact on the
regression results, this paper conducted two saatijlestment tests. The first one was to
exclude the samples from the clean industry ang mthin the enterprises in the heavily
polluting industries, resulting in 3,621 observatioThe regression results showed that the
coefficient of TreatxPostwas 0.076t(= 4.72,p < 0.01), and the policy effect was more
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prominent compared to the full sample, which wa$ina with the theoretical expectation
that heavily polluting industries faced strongefigo pressure. The second test was to
exclude the samples of enterprises that had betdlfor less than three years during the
observation period, retaining 8,786 observationspider to avoid the interference of
unstable operations or non-standard data disclostireewly listed enterprises on the
estimation results. The results showed that thefficmmt of TreatxPost was 0.052
(t=3.81,p < 0.01), which was basically consistent with tledhmark regression results.
In conclusion, the core empirical findings remaimnsistent across alternative variable
measurements and sample restrictions, and theusioglremains qualitatively unchanged.
The detailed results of all robustness tests arsgmted in Table 8.
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Fig. 2. Kernel density distribution chart

To rule out the possibility of spurious regressitaused by unobservable random
factors or omitted variables, this paper conducpdagebo test. The enterprise identity of
the green finance pilot zoneTrea) and the policy implementation timePqs) are
randomly assigned in the sample to construct a utpséreatment group” and
"pseudo-policy time". The benchmark regression rhalee-estimated based on this false
setting. This random process is repeated 1,000stirmed the estimated coefficient and
p-value of the pseud®reatxPostin each regression are recorded. The test reaudts
shown in Figure 2. The coefficient distribution aibeed from 1,000 random regressions
presents a normal distribution centered on zerth wimean of only 0.001, which is much
smaller than the true benchmark regression coefficof 0.054. The random simulation
strictly retains the original panel structure, thember of treated enterprises, and the
staggered distribution of policy implementation ¢éimAmong the 1,000 random
permutations, the false significance proportiorthat 10 % level is close to the theoretical
nominal level of 10 %. The empiricalvalue extracted from the placebo kernel density
distribution further confirms that the baselineippleffect is not a statistical artifact caused
by random unobservable factors or model specificaterrors. The true estimated
coefficient of 0.054 is located outside the rightintail of the random distribution, with
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an empiricalp-value of 0.002 extracted from the kernel densistribution. Among the
1,000 random permutations, 97 regressions yieldaibtically significant coefficients at
the 10 % level, corresponding to a false positate of 9.7 %, which is very close to the
theoretical nominal level of 10 %. These resultaficm that the baseline policy effect is
not a statistical artifact caused by random unolzdse factors or model specification
errors.

M echanism test

Based on baseline estimation, parallel trend \eatifbn, and a series of robustness
tests confirming the reliability of the core corgiln, this paper further explores the
underlying mediating transmission mechanisms oémgrfenance policy effects on corporate
carbon emission efficiency. However, the transroissihain behind this causal effect still
needs to be further clarified. This section usesntiediation effect model constructed in the
previous section to systematically test the validit the two theoretical paths of financing
constraint tightening (forcing effect) and greertep& output (incentive effect). The two
mediation models are estimated separately ratlaerjdintly. This approach is based on the
theoretical premise that the two mediating varigpfancing constraints and green patent
output, operate as independent parallel mechanmtier than as sequential links in
a single causal chain. Estimating separate model&ls imposing an arbitrary ordering
between the two mediators and allows for a cleantification of each pathway’s unique
contribution to the total policy effect. This spiegtion is consistent with the parallel
mediation framework advocated by Hayes and Pregdddgifor cases where mediators are
theoretically distinct and not causally orderedbl€a9 column (1) lists the positive and
significant impact ofTreatxPoston Eff in the benchmark regression (coefficient 0.054,
p < 0.01), which meets the prerequisite conditiornstiie mediation effect test. Regarding
the financing constraint path, column (2) takesficing constraintHC) as the explained
variable, and the results show that the coeffic@ntreatxPostis significantly negative.
This paper adopts the ra®A index to measure financing constraints; a smdleore
negative) value implies stronger financing constsi This convention is anchored by the
significantly negative correlation between Size &l (correlation coefficient = —0.654,
p < 0.01): larger firms have high&A values (less negative) and face weaker financing
constraints, which is consistent with theoreticapextations. The significantly negative
coefficient of TreatxPoston FC indicates that green finance policy reducesShandex
value (makes it more negative), thereby signifisastrengthening corporate financing
constraints. This is mainly because green finamdieips impose targeted credit restrictions
on high-pollution and high-emission projects, whiadlreases the financing difficulty of
heavily polluting enterprises in the pilot zonem,nfing a "constraint forcing" effect. Table
9 column (3) simultaneously includes financing d¢omiets and TreatxPost in the
regression model witkff as the explained variable. The results show tlatobefficient of
FC is —0.078 {= —4.05), indicating that stronger financing coaisits (smallel~C value,
more negative) significantly improve corporate acarbemission efficiency. The forcing
effect of financing constraints pushes enterprisesptimise resource allocation, eliminate
backward production capacity, and carry out lowboartransformation, thereby improving
carbon emission efficiency. At the same time, thefficient of TreatxPostdecreases from
0.054 to 0.039, but still maintains significancetat 1 % levelt(= 3.08). The Z statistic of
the Sobel test is 3.82 (< 0.01), further confirming the statistical signdince of the
mediation effect. The above results indicate tha&t tightening of financing constraints
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plays a partial mediating role between green firapolicies and the carbon emission
efficiency of enterprises, and the indirect effactounts for approximately 27.8 % of the
total effect. These results support Hypothesis H2.

Regarding the examination of the green innovatiath pcolumn (4) of Table 9 takes
green patent outpuGfeenPa} as the explained variable. The coefficienfToéatxPostis
0.221 and is significantly positive at the 1 % le(te= 4.41), indicating that the green
finance policy has a significant promoting effeatthe green patent output of enterprises.
From an economic perspective, the average numbegregn patent authorisations of
enterprises in the pilot zone increased by appratéiy 24.7 % after the policy was
implemented. Column (5) of Table 9 further incoqtes green patent output and
TreatxPost simultaneously into the model witteff as the explained variable.
The coefficient ofGreenPatis 0.077 p < 0.01), while the coefficient ofreatxPost
decreases from 0.054 to 0.03¥< 0.01). The Sobel statistic is 3.96f < 0.01), and the
mediating effect is also significant. After caldida, the indirect effect of the green
innovation path is 0.017, accounting for approxehat31.5 % of the total effect. These
results thus support Hypothesis H3.

Table 9
Results of mechanism test
Variable (1) Eff (2) FC (3) Eff (4) GreenPat (5) Eff
TreatxPost 0.054" —0.197" 0.039” 0.221" 0.037"
(3.92) (-4.15) (3.08) (4.41) (2.96)
—0.078"
FC (=4.05)
GreenPat 0(2717;)
Size 0.037" 0.215”7 0.054" 0.162" 0.025
(3.04) (5.28) (4.31) (4.85) (2.05)
Lev —-0.085" —0.068 —0.090” -0.052 —0.081"
(-3.21) (-1.89) (-3.45) (-1.23) (—3.08)
ROA 0.1187 0.317" 0.147” 0.186" 0.104”
(3.95) (4.56) (4.72) (3.25) (3.51)
Other control variableg Control Control Control Control Control
Firm/year fixed effects Yes Yes Yes Yes Yes
Observations 10,012 10,012 10,012 10,012 10,012
R 0.642 0.598 0.673 0.621 0.678
SobelZz - - 3.877 - 3.96"
Mediating effect
proportion - - 27.8% - 31.5%

Other control variables are consistent with theslias regression and are not listed one by one.

Green finance policy reduces the r&A index value (makes it more negative),
strengthening financing constraints, with a paniediating effect of 27.8 %. Meanwhile,
the policy significantly promotes green patent otitpvith a mediating contribution of
31.5 %. Hypotheses H2 and H3 are preliminarily sufgal by the empirical evidence.

Heterogeneity analysis

The aforementioned analysis confirmed the averaparcing effect of green finance
policies on the carbon emission efficiency of eptises. However, the actual policy effects
may show significant structural differentiation due the differences in enterprise
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characteristics. A deeper examination of this legfeneity not only helps to understand the
boundary conditions of policy effects more pregidmit also provides micro-level evidence
for the design of differentiated policies. This tg@t conducts a grouped analysis from the
perspectives of enterprise scale and industrybates, and the results are summarised in
Table 10.

Table 10
Results of heterogeneity analysis
Group Subgroup Observations TreatxPost p value
Large-scale o
Panel A: Firm size enterprises 5,006 0.071" (4.41) )
heterogeneity Small-scale -
enterprises 5,006 0.032°(2.35) 0.018
Panel B: Industry | M2Vl POlLting 3,621 0.076" (4.72) -
attribute heterogeneily - 5 justries 6,301 0.047" (3.48) 0.009
- —0.082" (-3.76)/
FC Coefficient —0.065" (2.98) 0.032
Panel C: Grouped Mediating proportion|  29.3 % /23.8 % 5.5 %
mediating effect resulfs - 0.085~ (4.21)/
GreenPat Coefficient 0.069" (3.52) 0.027
Mediating proportion] 34.2 % /28.1 % 6.1 %

All subgroup regressions control for firm-specifiged effects, year fixed effects, and the contvatiables
mentioned earlier. The differences in core coeffits and mediation proportions between groupsested using
the seemingly unrelated estimation (SUEST) metiAdidnter-group p-values are for descriptive comparison only
and do not constitute strict causal inference

From the perspective of enterprise scale, in thigelscale enterprise group, the
coefficient of TreatxPostis 0.071 { = 4.41), which is significant at the 1 % level; Vehin
the small-scale enterprise group, the coefficier®.D32 { = 2.35), significant only at the
5 % level. Thep-value of the coefficient difference test betweka two groups is 0.018,
indicating a statistically significant differenceetiveen the two groups’ coefficients.
The policy effect is stronger in large-scale entisgs, mainly because they usually have
more complete internal management systems, morefegsional environmental
management teams, and more abundant supporting,fuviudch enables them to more
efficiently convert policy dividends into actual &sion reduction actions; they often
occupy a core position in the supply chain, andr flo&v-carbon transformation behaviours
have a demonstration and driving effect, thus k@&egimore policy attention and resource
inclination; in addition, large-scale enterprises/é higher information transparency and
lower information asymmetry with financial institos, making it easier for them to obtain
green credit support. In contrast, small-scalerpnites are constrained by bottlenecks in
funds, technology, and talent, and their resporsityaand speed to green financial
policies are relatively limited, thus restrictingetexertion of policy effects. These findings
directly align with our theoretical argument thatrfs with greater resource endowments
and organisational capacity are better positionezhpture green finance policy dividends.

To avoid endogenous grouping bias caused by pshogks, firm size classification is
based on average total assets in the pre-polidpgeather than full-sample post-policy
median. The classification of heavily polluting usdries strictly follows the official
industry standards issued by the Ministry of Ecglognd Environment. Inter-group
heterogeneity and mediating differences are reddgpnaterpreted through regression
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coefficient comparison and textual analysis. A ptitd caveat is that we cannot fully rule
out the possibility that some polluting activitiesay have been relocated from small
enterprises in pilot zones to unregulated firmssiolat these regions, a form of pollution
leakage that could attenuate the measured poliegtefor small firms in the treatment

group. While the data do not allow a direct testtto§ spatial spillover hypothesis, we
acknowledge it as a plausible alternative explamatirhis represents a key direction for
future research: studies using firm-level geograpddta could examine whether green
finance policies induce cross-region leakage di@aremissions.

Regarding the heterogeneity at the industry atieibevel, based on the 2012 China
Securities Regulatory Commission (CSRC) industrgssification guidelines and the
Catalogue of Heavy Pollution Industries for Envimemtal Verification of Listed
Companies (2020) issued by the Ministry of Ecologyd Environment, the sample
enterprises are divided into heavy-polluting indusgroups and clean industry groups.
The heavy-polluting industries include 17 two-digitlustry codes: B06-B11 (6 codes for
mining industry), C25-C32 (8 codes for raw maten@nufacturing industry), C33 (metal
products industry), D44 (electric power productiodustry) and D45 (heat production and
supply industry). In the heavy-polluting industryogp, the coefficient off reatxPostis
0.076 € = 4.72), significant at the 1 % level; in the cléadustry group, the coefficient is
0.041 ¢ = 3.48), also significant at the 1 % level. Tealue of the coefficient difference
test between the two groups is 0.009, indicatirgigaificant difference. Importantly, this
stronger effect in heavily polluting industries times the average treatment effect on the
treated among surviving firms in the unbalancedepa@ur sample excludes S$T and
delisted firms with abnormal operations, and thea attrition rate shows no statistically
significant difference between the treatment andtrod groups, so the estimation results
are not disturbed by systematic sample selectidrerdfore, the observed efficiency
improvement primarily reflects within-firm changése., intensive margin effects) rather
than the exit of low-efficiency firms from the salmp(i.e., extensive margin effects).
We conducted a supplementary analysis by compdhagample attrition rates between
the treatment and control groups within heavilylygolg industries. The attrition rates are
8.2 % and 7.9 % for the treatment and control gspupspectively, with a chi-square test
p-value of 0.682, showing no statistically signifitaifference, further supporting that the
results are driven by genuine efficiency gainseathan sample selectioithis is mainly
because heavy-polluting industries (such as stbelmical, cement, and power) are major
sources of carbon emissions, facing stricter envirental regulatory pressure and higher
social attention. The "forcing effect" of greendirial policies is more pronounced. If they
fail to effectively reduce carbon emissions, thdlf face multiple risks such as restricted
financing, environmental penalties, and market secbarriers, thus responding more
actively to policies. At the same time, the carleonission base of heavy-polluting industry
enterprises is higher, and the marginal space der-darbon transformation is larger,
making the efficiency improvement brought by ungwlcarbon investment more
significant, and the "elasticity" of policy effecstronger. Further tests of the mediating
effect by group also show that the mediating effegoportions of financing constraints and
green patent output in the heavy-polluting industryup are higher than those in the clean
industry group, indicating that the two transmissioaths operate more smoothly and
efficiently in the heavy-polluting industry. Thigsult confirms our expectation that heavily
polluting industries, as the primary targets ofegrdinancial regulation, face the strongest
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incentives to improve carbon efficiency. The defditesults are presented in Panel C of
Table 10.

Conclusion

This paper takes the phased establishment of dirsmce reform and innovation pilot
zones as a quasi-natural experiment, and basedheomata of Chinese A-share listed
companies on the Shanghai and Shenzhen stock eyahdimom 2013 to 2025, uses the
multi-period  difference-in-differences method to stgmatically examine the
micro-environmental effects of green finance pelicifrom an efficiency perspective.
Empirical results suggest that green finance pedicire positively associated with the
enhancement of corporate carbon emission efficiemitlyin pilot zones, and this policy
effect presents a growing dynamic trend over tilfach empirical evidence provides
reasonable support for the research inference ewdefinitive causal judgment should be
treated with caution given the quasi-experimentiéntification context. It is worth
clarifying that the observed efficiency gains magdretically come from two channels:
one is the catching-up effect, i.e., inefficientezprises moving closer to the existing
production frontier; the other is the frontier-shéffect, i.e., the frontier itself moving
outward due to technological progress. Since pihjger adopts a static SBM-DEA model
without dynamic decomposition, we do not empiricadeparate the two effects. Further
identification via the Malmquist index can be cadriout in future research. Parallel trend
tests, placebo tests, and replacement of coreblesiand other robustness tests all support
the reliability of the above conclusion. The anilyat the mechanism level reveals that the
tightening of financing constraints (forcing effecind the output of green patents
(incentive effect) are the two core transmissiothgahrough which the policies take effect,
and together they contribute the major part oftthial policy effect. The contribution of the
green innovation path is slightly higher than tbathe financing constraint forcing path,
which is related to the higher risk tolerance amdmt matching advantages of direct
financing tools such as green bonds and green fimtlse pilot zones for technological
innovation. The heterogeneity analysis further shdahat the policy effects are more
prominent in large-scale enterprises and heavillufiog industry enterprises. Large-scale
enterprises can more efficiently convert policy idénds due to their more complete
internal management systems and more abundant gimgpfunds, while heavily polluting
industry enterprises respond more actively dugrtmger pressure to transform and greater
efficiency improvement space. This structural défatiation implies that the precision and
targeting of green finance policies still have rofmmoptimisation.

The theoretical contribution of this paper liesexpanding the research perspective
from the total carbon emissions to the efficiendimehsion, identifying and testing the
intermediary transmission mechanisms of financioigstraints and green innovation within
a unified analytical framework, and providing nemprical evidence for understanding
the micro-mechanism of green finance policies. Bu¢he limitations of the availability
and accuracy of carbon emission data for some piges, this paper still needs to be
deepened in subsequent research in terms of pstitipver effects and industrial chain
transmission mechanisms. In terms of mechanisntiféetion, this paper treats financing
constraint changes and green innovation as paraildiating mechanisms based on
theoretical logic.
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In practice, eased financing may also promote greeavation investment, forming
a sequential chain mediation path. Separate singliator models may have
mediator-mediator confounding risks and cannotyfatpture the sequential transmission
logic, which can be further tested with chain médimmodels in future research. It is also
important to acknowledge that this study is basetlusively on Chinese A-share listed
companies, which tend to be larger, more transpaeerd have better access to formal
financing channels than unlisted firms. The findingay therefore not generalise to
unlisted small and medium-sized enterprises (SM&kjch face more severe information
asymmetries and financing constraints. Additionatlyr sample period covers 2013-2025,
which may not fully capture the long-term effecfsgoeen finance policies as the dual
carbon goals extend to 2060; future research cextiend the time horizon to examine the
sustained impacts of these policies over longeiogsr Future research could explore the
policy effects on non-listed SMEs using survey dmaistrative data. Targeted policy
implications can be derived from the empirical hegeneity results. For small-scale
enterprises with relatively weaker policy effedtsis necessary to optimise green credit
evaluation rules and introduce supporting guarameasures to alleviate their financing
constraint and low-carbon transformation bottleiseétor heavily polluting industries with
more obvious efficiency improvement effects, readd® environmental regulation should
be maintained, and green financial resources shbeld¢ontinuously guided to promote
industrial low-carbon upgrading. At the same tinfarther strengthen institutional
coordination between the green finance system hecdhational carbon emission trading
market, such as establishing a linkage mechanistwele® green credit approval and
corporate carbon quota verification results, tonfoa long-term mechanism to drive
enterprises to achieve high-quality low-carbongfarmation.

References

[1] Rinkeviius T, Mieinskiere A. Assessment of the involvement of the Europearoit) Countries in
sustainable finance. Journal of Service, Innov Su3evelopment. 2023;4(1):115-28. DOI:
10.33168/SISD.2023.0110.

[2] Song L, Xuan Z. Influence of environmental regwaton corporate green supply chain management: the
regulating effect of environmental dynamism. FrorEnviron Sci. 2022;10:947022. DOI:
10.3389/fenvs.2022.947022.

[3] Zzhou MX, Li X. Low-carbon production control andsmirce allocation optimization. Int J Simulation
Model. 2022;21(2):352-63. DOI: 10.2507/1IJSIMM21-D€.

[4] Liu T. Time-varying influence of policy risk on dan emissions analysis. J Service Innovation Sust
Develop. 2024;5(2):95-115. DOI: 10.33168/SISD.20206.

[5] Zhao Y. Carbon emission reduction effects of hgfen@ous environmental regulation: evidence from the
firm level. Ecol Chem Eng S. 2024;31(2):243-52.ID10).2478/eces-2024-0017.

[6] Wang CA, Wang L, Zhao SK, Yang CY, Albitar K. Thapact of fintech on corporate carbon emissions:
towards green and sustainable development. Busistsategy Environ. 2024;33(6):5776-96. DOI:
10.1002/BSE.3778.

[71 Wang J, Deng H, Zhao X. Big data, green loans araigy efficiency. Gondwana Res. 2024;133:323-34.
DOI: 10.1016/J.GR.2024.05.008.

[8] Lyu YJ, Xiao X, Zhang JN. Green finance policy acmtporate carbon emissions: advancing corporate
sustainability. Humanities Social Sci Commun. 222%1):1143. DOI: 10.1057/S41599-025-05197-W.

[9] Huang AH, Dai L, Xiao YN. Achieving sustainable @éépment through green finance: a case study of
high-emission industries. Sust Development. 2025;3324p531. DOI: 10.1002/SD.3389.

[10] Wu S, Zhou XY. A theoretical framework for modelidgal-track granting orientation in green creditig@o
Economic Analysis Policy. 2024;81:249-68. DOI: 1L&/J.EAP.2023.11.035.



The impact of green finance policy on corporatdoaremission efficiency 43¢

[11]

[12]

[13]

[14]
[15]
[16]
[17]
(18]
[19]

[20]

[21]
[22]

(23]

[24]
[25]

[26]

[27]

[28]

[29]

(30]

(31]

(32]
(33]

(34]

Yang XD, Hunjra Al, Alharbi SS, Zhao SK. Towards madnclusive finance: Exploring the mystery of low
carbon green technological innovation. Res Int Bess Finance. 2025;78:102991. DOI:
10.1016/J.RIBAF.2025.102991.

Han Y. Digital empowerment and enterprise carbsk management: evidence from manufacturing sector.
Ecol Chem Eng S. 2024;31(2):193-202. DOI: 10.24083¢2024-0013.

Chen C, Zhang T, Chen HT, Qi Xiulin. Regional fici reform and corporate green innovation: evigenc
based on the establishment of China National Finhi@omprehensive Reform Pilot Zones. Finance Res
Lett. 2024;60:104849. DOI: 10.1016/).frl.2023.10884

Ma N, Deng Y. Synergistic governance of digital mmmy development and carbon reduction: evidence
from Chinese cities. Ecol Chem Eng S. 2024;31(3):23. DOI:10.2478/eces-2024-0014.

Zhang W, Ke JJ, Ding YG, Chen SC. Greening throfigéince: green finance policies and firms’ green
investment. Energy Economics. 2024;131:107401. OL016/J.ENECO0.2024.107401.

Wang SS, Wang SG, Cheng YQ. How do heterogenecesn giinancial policy tools affect pollution
emission reduction of enterprises?. Finance Rds 2@25;77:107121. DOI: 10.1016/J.FRL.2025.107121.
Liu C, Xie W, Shi Y, Huo H. Optimizing eco-efficiey and carbon emissions in the electric power itiglus
for sustainable development. Environ Eng Mana@®24;23(9):1849-70. DOI: 10.30638/eem;j.2024.149.
Zheng QY, Li HD, Bu GC, Liu HX. Navigating greenniovation: the role of carbon regulation and green
finance in corporate strategy. Energy Economicg262053:109089. DOI: 10.1016/J.ENEC0.2025.109089.
Xiong XL. Does the chief executive officer greerpesience contribute to the low-carbon transitiorthef
organisation? Ecol Chem Eng S. 2024;31(2):215-23: 00.2478/eces-2024-0015.

Zou J, Fang D, Huang X. Screening of driving inthea for supply chain low-carbon transformationdzhs
on information entropy-variance inflation factoe-{if) method. Environ Eng Manage J. 2025;24(4):255
DOI: 10.30638/eem|.2025.069.

Lu HX, Pan Y, Fan RJ, Guan W. Green credit poling &eavily polluting enterprises’ green transitiort.
Rev Financial Anal. 2025;103:104162. DOI:10.101RBA.2025.104162.

Lv CC, Fan JF, Lee CC. Can green credit policigsrave corporate green production efficiency?. hade
Prod. 2023;397:136573. DOI: 10.1016/J.JCLEPRO. 2ARE%73.

Liu T, Zhou B. Green finance policy and enterpris¢éal factor productivity: the role of corporate
environmental social responsibility and financingnstraints. J Cleaner Prod. 2025;493:144953. DOI:
10.1016/j.jclepro.2025.144953.

Lu P, Wang Z, Liu Y. Green finance and micro-zorevel carbon emissions. Finance Res Lett.
2025;79:107262. DOI: 10.1016/J.FRL.2025.107262.

Wang M, Wei W. Modeling the economic and environtakreffects of ESG preferences: a general
equilibrium approach. Energy Economics. 2025;158887. DOI: 10.1016/J.ENECO0.2025.108897.

Amin N, Sharif A, Shabbir MS, Pan YC. Evaluating timpact of natural resource rents, R&D expenditure
green finance and energy efficiency on carbon éarissin BRICS economies: greening the path to garbo
neutrality in the post-COP 27 era. Technol Society2025;81:102826. DOI:
10.1016/J.TECHSOC.2025.102826.

Chen S, Zhao YH, Huang FW, Wang B, Lin JH. Carbeakage perspective: unveiling policy dilemmas in
emission trading and carbon tariffs under insureeq finance. Energy Economics. 2024;130:107292: DO
10.1016/J.ENECO0.2023.107292.

Hao YX, Liang J, Liu KY. Green financial policy @M, financing constraints, and corporate riskrgki
Finance Res Lett. 2025;86(PB):108504. DOI: 10.1DF6L.2025.108504.

Li G, Hu JM, Xue J. Impact of the carbon tradindipoon green technological innovation in heavily
polluting enterprises: a circular operations pertipe. Technovation. 2025;148:103326. DOI:
10.1016/J. TECHNOVATION.2025.103326.

Chen W, Huang M, Du C. Can development in the digdconomy lead to a win-win for ‘efficiency
promotion’ and ‘emission reduction’? Ecol Chem EB1@2024;31(3):385-95. DOI: 10.2478/eces-2024-0026.
Zhang CT, Wang ZC, Wang MH, Li Y. Micro-level pdifian reduction effect of carbon emissions trading
policy: based on A-share listed enterprises in tpiédies. J Cleaner Prod. 2025;486:144442. DOI:
10.1016/J.JCLEPRO.2024.144442.

Sun J, Mohaddes K, Cai M. Trade, finance, and thérenment: the effects of green trade financing on
carbon emissions. Energy Economics. 2026;154:1090@T: 10.1016/J.ENEC0.2026.109147.

Chen SQ, Wang H. The role of green bonds in immgthe environmental, social, and governance (ESG)
performance of firms. Environ Eng Manage J. 202@;2229-45. DOI: 10.30638/eem;.2026.019.

Banerjee KA, Boubaker S, Nassar ASN. Climate polinitiatives, green finance, and carbon risk
interconnectedness. Finance Res Lett. 2024;67(P3J26. DOI: 10.1016/J.FRL.2024.105776.



44(

Ruitong Liu, Ningning Wei and Bui Thanh Khoa

(35]

(36]

[37]

(38]
[39]

[40]

[41]
[42]
[43]
[44]

[45]

[46]

Shu HT, Liao X, Yang S, Yu TF. Towards sustain&jilievaluating energy efficiency with

a super-efficiency SBM-DEA model across 168 ecomsmiAppl Energy. 2024;376(PA):124254. DOI:
10.1016/j.apenergy.2024.124254.

Zhen ZY, Lu BQ. The impact of green finance on oogpe carbon disclosure: Financial regulation as
a moderator. Finance Res Lett. 2024,;63:105273. DQL016/J.FRL.2024.105273.

Khadka PB, Karki D, Dahal RK, Khanal D. Mapping thendscape of green finance and banking
performance research: a bibliometric analysis. & Innovation Sust Develop. 2024;5(1):175-93.1DO
10.33168/SISD.2024.0110.

Zhang MY, Tan JL, Cheng ETC. Pricing of Chinesdifted emissions reduction scheme in a supply chain
under the cap-and-trade policy. Ecol Chem Eng 3431(1):31-48. DOI: 10.2478/eces-2024-0003.

Wang W, Yang X. Driving green technology innovatiome impact of environmental policies on
manufacturing. J Innov Knowledge. 2025;10(2):160680I: 10.1016/}.jik.2025.100684.

Han J, Zhang W, Liu XM, Muhammad A, Li ZJgik C. Climate policy uncertainty and green totaitda
energy efficiency: does the green finance mattent?Rev Financial Anal. 2025;104(PA):104293. DOI:
10.1016/J.IRFA.2025.104293.

Hadlock CJ, Pierce JR. New evidence on measuniaméial constraints: moving beyond the KZ indexv Re
Financial Stud. 2010;23(5):1909-140. DOI: 10.1083ihq009.

Wu HR, Han ZX, Feng SL. Green finance in action:wHdual pilot policies reshape corporate
environmental strategies. Int Rev Financial An822108(PB):104723. DOI: 10.1016/J.IRFA.2025.104723
Shi C, Cui XH, Li XW, Xu N, Niu ZL. Corporate reg@hce, economic policy uncertainty, and corporate
carbon emissions. Finance Res Lett. 2025;86(PD§3®8DOI: 10.1016/J.FRL.2025.108636.

Hayes AF, Preacher KF. Statistical mediation amagth a multicategorical independent variableitisn

J Mathematical Statistical Psychol. 2014;67(3):451DOI: 10.1111/bmsp.12028.

Baron RM, Kenny DA. The moderator-mediator variabdietinction in social psychological research:
conceptual, strategic, and statistical considematid Personality Social Psychol. 1986;51(6):112.3E80I:
10.1037/0022-3514.51.6.1173.

Wen ZL, Chang L, Hau KT, Liu HY. Testing and applion of the mediating effects. Acta Psychol Sin.
2004,;36(5):614-620. DOI: 10.1007/BF02911031.



