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Abstract

To realize “the future we want” proposed by the UN Development Agenda, it is highly necessary for China, which is the
largest emitter of carbon dioxide (CO2) emissions, to find ways to boost the green innovation of domestic firms. Digital
finance, as an emerging product of the contemporary digital economy, provides a new research perspective for green inno-
vation. Based on 2011-2019 panel data on A-shared listed companies in China, this article establishes a regression model
and provides empirical evidence that digital finance can promote green innovation by exerting resource and information
effects. Our results reveal that (1) digital finance can stimulate enterprises’ green innovation by increasing the coverage of
digital finance and the depth of use. (2) Digital finance can significantly improve the quantity and quality of green innovation
by alleviating enterprises’ financial constraints and giving full play to the internal and external information effect. (3) The
discussion shows that the effect of digital finance is heterogeneous and can more significantly and effectively stimulate the
green innovations of enterprises with lower analyst optimism bias and higher synchronicity.
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Introduction

The Rio+ 20 outcome document “The Future We Want”
has recently been fully embraced (UN 2012). Energy dele-
tion and environmental degradation are recognized as hard
hindrances to achieving sustainable development goals
(SDGs), which were originally proposed by the United
Nations Agenda for Sustainable Development in 2015. In
2006, China became the largest emitter of carbon dioxide
(CO2) emissions in the world (Meng et al. 2016). There-
fore, it is an inevitable choice for China to promote energy-
environmental performance (EEP) in pursuit of sustainable
economic development (Li et al. 2020a, b, c; Awan et al.
2019). However, green innovation is generally accepted as
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a solution to the contradiction among environmental protec-
tion, pollution prevention, resource recovery and economic
growth (Bhupendra and Sangle 2015; Kunapatarawong and
Martinez-Ros 2016; Lin et al. 2014; Lin et al. 2021). There-
fore, boosting green innovation and giving full play to its
spillover effect on life and production will be a considerable
way to solve this contradiction.

Funding is considered an indispensable element trigger-
ing green innovation (Yang and Xi 2019), while the devel-
opment of digital finance provides a new research perspec-
tive for enterprises’ green innovation. Since 2019, China
has officially entered the era of smart finance. According
to the 2020 Global Fin-tech Index Report released by Fin-
dexable, China’s overall fin-tech strength ranks 21st in the
world. With the emergence of artificial intelligence, cloud
computing and other technologies, digital finance has moved
towards the intelligent stage, and the digital financial market
is flourishing. In the era of the digital economy, the broad
coverage of users is conducive to the transmission of user
information, and the in-depth use of credit business and fund
financing investment business has directly enhanced the
supply-side demand of finance (Guo et al. 2020). It is true
that stable capital support can provide important support
for enterprises’ innovation activities, whether for general
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innovation or for green innovation (Ma et al. 2014). The
financial industry, as an important medium for the distribu-
tion of social funds, can provide support for enterprises’
innovation activities (Brown et al. 2009). Therefore, digital
finance, also called digital financial inclusion' as an emerg-
ing financial product of the contemporary digital economy,
provides a new research perspective for enterprise green
innovation.

In general, compared with the traditional financial indus-
try, digital finance can effectively improve the efficiency of
the distribution of social funds (Tian, 2019), which is more
conducive to solving the problem of the capital constraints
of small and medium-sized enterprises and green-friendly
enterprises. It can ultimately improve the green innovation
performance of group companies and even society (Tang
et al. 2020). At the same time, it cannot be ignored that the
financial industry, which is part of the tertiary industry, is
one of the key areas for environmental improvement, such as
emission reduction (Ji et al. 2019). The green characteristic
of financial inclusion itself cannot be neglected.

Although previous studies have demonstrated that digital
finance can promote general innovation and some scholars
have proven that digital finance can improve green innova-
tion by solving enterprise financial constraints (Yin 2020;
Yu and Yang 2021; Liu et al. 2022), few articles have stud-
ied the relationship between digital finance and green inno-
vation from the perspective of the information effect brought
by digital finance. However, since Wiener (1961) proposed
the three-factor theory of “matter, energy and information”,
in addition to the natural resource of capital, information
can eliminate uncertainty and serve as an important resource
to promote the green innovation of enterprises. It thus can
encourage enterprises to choose to innovate (Ma 2021; Sun
and Zhang 2019).

This paper takes A-shared listed companies in China from
2011 to 2019 as research samples to study the impact of
digital finance on enterprises’ green innovation output, and it
tests the mediating effect of digital finance. The results show
that digital finance can improve enterprises’ green innova-
tion by giving full play to the resource effect and information
effect.

The possible contributions of this paper are as follows:
(1) In addition to analysing the important ways that digi-
tal finance solves the financial constraints of enterprises to

' The report titled Index system and index compilation of finan-
cial inclusion in China (2020) pointed out financial inclusion can be
defined as a financial system that effectively and comprehensively
provides services for all social strata and groups. Its original inten-
tion was to emphasize the continuous improvement of financial infra-
structure, improve the availability of financial services and realize
the provision of low-cost services to people from all walks of life. In
particular, less developed areas and low-income people are provided
more convenient financial services. We use the term digital finance
throughout this article.
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improve their green innovation, this paper finds that giving
full play to the internal and external information effect of
enterprises is an important channel through which digital
finance improves green innovation. (2) The index of digi-
tal finance may be endogenous, so we propose spatial dis-
tance as an instrumental variable, with the result that digital
finance has a regional impact. (3) After Fisher’s permutation
test, we find that the heterogeneity of digital finance can be
displayed in different groups with differentiated resources
and information transmission, while digital finance can
exert a stronger positive impact on groups with resources
and information disadvantages.

The remainder of this article is organized as follows.
In the second section, the theoretical framework is devel-
oped, and hypotheses are proposed. Section 3 constructs
the research design, including the description of the vari-
ables and the sample. Section 4 demonstrates the impact of
digital finance on enterprise green innovation and explains
its mediating effect. Next, the robustness of this model is
tested. The sixth section further studies the heterogeneity
of the driving mechanism of the effect of digital finance on
green innovation in different types of enterprises. The last
section elaborates the overall conclusion and relevant policy
implications of this paper.

Literature review and hypotheses

A green innovation strategy is one of the important ways for
a country to cope with the worsening ecological environ-
ment and to coordinate the relationship between economic
development and the environment. Meanwhile, with the
growing green awareness of all human beings, how to com-
bine national conditions with the practical exploration of
green innovation has become an important factor for enter-
prises to gain competitiveness in the market (Yang and Shao
2011; Zhang and Zhang 2011).

At present, the literature on green innovation mainly
focuses on the economic consequences and its mediating
effect. From the micro level, the economic consequences
of green innovation can be divided into economic benefits,
risk benefits and market performance. The economic con-
sequences of green innovation are reflected in enterprise
performance and competitiveness. Porter and Linde (1995)
pointed out that green innovation can reduce the cost of
environmental policy penalties and improve the R&D input
and output of enterprises, thus improving enterprises’ com-
petitiveness and productivity. From a financial perspective,
Banerjee (2001) found that environmental innovation has
a positive impact on corporate financial performance by
reducing production costs and improving processes and
product innovation. From the perspective of enterprise
competitiveness, Zhu and Chen (2014) found that green
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product innovation can improve enterprise performance
and competitiveness, while managers’ attention to green
products has a positive moderating effect on green prod-
uct innovation and enterprises’ performance improvement.
The risk—benefit view focuses on the dual externalities of
green innovation (Cleff and Rennings, 1999) and explains
the negative impact of green innovation on corporate prof-
its and competitiveness from the spillover phenomenon of
economic performance and product value (Climent and
Soriano, 2011). In terms of market performance, Fang and
Na (2020) found that green innovation can have a spillo-
ver effect on investors by influencing market attention. In
summary, the economic consequences of green innovation
are positive at the macro level, and there are risk-benefits
for enterprises at the micro level. The relationship between
green innovation input and enterprise performance is not
linear (Yang and Shi 2015).

From the perspective of economic efficiency and enter-
prise strategy formulation, it is particularly important to gain
insight into the driving factors of green innovation (Zhang
and Zhang 2013). The literature divides the influencing fac-
tors of green innovation into the external drivers of insti-
tutional theory and market theory and the internal drivers
of enterprises (Yang and Shi 2015). Regarding external
driving factors, past studies have proven that environmental
problems can change companies’ operational strategies and
financial management, while green innovation, as one of
the most important green activities, can be included as a
response to the external environment (Li et al. 2021; Peng
et al. 2022; Lee and Kim 2011). The environmental problem
can influence these things directly or indirectly, for example,
through macroeconomic change or regulatory change (Yu
et al. 2022; Li et al. 2020a, b, c; Shen et al. 2019; Guo et al.
2018). Such theory can be explored based on institutional
theory, while scholars mainly study the impact of environ-
mental regulation on green innovation. Under market theory,
external drivers mainly come from pressure from stakehold-
ers, including consumers, investors and competition among
enterprises (Yang and Shi 2015). The driving factors inside
enterprises are mainly divided into green orientation and
green ability. Green orientation refers to the internal val-
ues and ethical standards of an enterprise’s commitment
to environmental protection, including the environmental
awareness, behavioural intention, corporate strategy and
corporate culture of senior executives. Chan (2010) found
that green orientation influenced strategic formulation and
promoted green innovation between enterprises and suppli-
ers and between enterprises and customers through coopera-
tion. Green capacity refers to enterprises’ green innovation
resources and capabilities. In terms of resources, scholars
focus on financial constraints (Yang and Xie 2019) and
resource integration ability (Huang et al. 2015). In terms
of ability, Huang et al. (2015) divided green ability into

organizational learning ability, relational ability and envi-
ronmental adaptation ability.

In the era of digital finance, digital finance and green
innovation have become two hot topics, and the issue of
whether digital finance promotes green innovation has natu-
rally been widely considered. At present, the literature has
discussed the relationship between digital finance and enter-
prise innovation, laying a foundation for the study of the
relationship between digital finance and green innovation.
Studies have examined the driving effect of digital finance
on enterprise innovation at the macro and micro levels.
Among them, the indirect impact of financial development
and consumption upgrading brought by digital financial
development on enterprise innovation are discussed at the
macro level. Jia (2017) proposed that the imperfect financing
function of the capital market limits the promoting effect of
the credit market on innovation. Digital finance can improve
enterprise innovation by promoting financial development
(Tian et al. 2019), improving the credit market (Jia et al.
2017), targeting funding and covering economic subjects in
areas with poor financial development (Tang et al. 2020). At
the micro level, research elaborates from the perspectives of
corporate financing, digital technology and finance. Liang
and Zhang (2019) and Chen and Miao (2021) focused on
discussing that the development of digital finance can reduce
the debt financing cost and relieve the external financial con-
straints of SMEs, thus promoting the innovative output of
enterprises. Wan et al. (2020) believed that the influence
of digital finance has structural characteristics and solves
the financial constraints of enterprises to promote enter-
prise innovation from the three dimensions of the cover-
age, depth of use and degree of digital support services of
digital finance. Tang et al. (2020) found that digital finance
can improve the technological innovation of enterprises by
influencing their internal financial risk indicators.

Apart from improving the internal ability to conduct
green innovation, a decision to engage in green innovation
should take external demands into consideration. Compared
with ordinary enterprise innovation, green innovation is
characterized by double externalities and a long payback
period (Cleff and Rennings, 1999). Therefore, when enter-
prises decide whether to engage in green innovation, they
should consider not only the economic benefits brought by
innovation but also the external demands of stakeholders
and the internal demands for building the enterprise image.
Therefore, based on the difference between green innovation
and ordinary innovation, this paper discusses whether digital
finance can promote enterprise green innovation. What plays
a mediating role in digital finance and green innovation at
the micro level?

At the micro level, existing studies are mainly based on
the view of natural resources, and capital is regarded as an
important factor of production for green innovation. Yin
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(2020) believed that digital finance can compensate for the
deficiency of the traditional financial market, provide suffi-
cient funds for enterprises’ green innovation and reduce the
cost and threshold of financial services to reduce the finan-
cial constraints of enterprises, thus promoting their green
innovation. At the same time, scholars have also found that
digital finance can promote green innovation by enhancing
corporate profitability and reducing corporate financial risks
(Yu and Yang 2021; Yin 2020). The literature mainly based
on the perspective of natural resources suggests that digital
finance can bring sufficient capital resources to enterprises.

Since Wiener (1961) proposed the three-factor theory of
“matter, energy and information”, information can eliminate
uncertainty and serve as an important resource to promote
green innovation. However, few articles study the mediat-
ing effect of digital finance on green innovation from the
perspective of the information effect. As an important factor
of production, information, on the one hand, is conducive
to a better disclosure of corporate green information and a
reduction in adverse selection caused by stakeholders’ mis-
judgements (Ji and Wang 2005), thus communicating exter-
nal litigation pressure. It enables environmentally friendly
enterprises to gain more social attention. More social atten-
tion is conducive to improving enterprises’ green innovation
(Ziegler et al. 2007). On the other hand, a good information
environment can enable internal supervisors and owners to
master more management information and weaken opera-
tional risks and principal-agent costs (Yang and Chai 2015),
thus promoting enterprise innovation (Ma 2021; Zhang et al.
2019). On this basis, an important question we need to study
is whether digital finance can improve enterprises’ green
innovation by giving full play to the information effect and
by solving financial constraints.

Digital finance, financial constraints and green
innovation

Digital finance solves the problem of difficult financing and
high financing costs for enterprises, and it enables enter-
prises to have more sufficient funds to invest in green inno-
vation projects, thus improving the quantity and quality of
green innovation. On the one hand, digital finance can make
use of big data and cloud computing to mine customer infor-
mation, establish a loan risk control system and reduce the
information asymmetry between financial institutions and
enterprises (Demertzis et al. 2018) to solve the loan dif-
ficulty of SMEs (Peng et al. 2016). Therefore, the broader
financing channels of digital finance break the long-existing
80/20 law of financial services, that is, the financial long-tail
customers who have been discriminated against by capital
for a long time, and they enable financial services to benefit
small enterprises, innovation and entrepreneurship entities
and other enterprises that are weak in terms of financing. On
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the other hand, internet platforms provide customers with
fast and simple services at low service fees, reducing the
financing costs of enterprises. These aspects enable enter-
prises, especially SMEs, to obtain sufficient funds to invest
in long-term green R&D projects to improve the output
quantity and quality of green innovation (Ma and Du 2021).
Indirectly, digital finance can even intensify the competition
of the financial industry, which helps decrease the overall
regional financing cost (Jia et al. 2017; Tian et al. 2019).
With lowered financing costs and increased cash in hand,
enterprises with the need for green innovation can avoid the
problem of fund shortages (Yin 2020; Yu and Yang 2021;
Liu et al. 2022). Based on the above analysis, we propose
the following:

Hypothesis 1: Digital finance can improve green innova-
tion by reducing corporate financial constraints.

Digital finance, information constraints and green
innovation

Based on the perspective of information constraints, on
the one hand, digital finance can encourage enterprises to
actively improve the degree and quality of information dis-
closure (Huang and Huang 2018) to reduce adverse selec-
tion in the market. For example, the open access of equity
crowdfunding (ECF) platforms provides entrepreneurs with
the incentive to reveal as much information as they can and
as accurately as possible because what they provide will be
scrutinized by large numbers of potential investors (Estrin
et al. 2022). Therefore, green-friendly enterprises and enter-
prises implementing green innovation strategies can obtain
more external attention and resources as they reveal informa-
tion through platforms (Ziegler et al. 2007), which makes
them more capable and willing to carry out green innovation
(Yang and Xie 2019). At the same time, platform guidance
and the sharing of environmental data with the government
can promote public and environmentally friendly enterprises
to get closer to achieving green production and the green
lifestyle, thus improving the quantity and quality of green
innovation (Teng and Ma 2020).

On the other hand, digital finance can improve internal
management efficiency by improving information accessibility,
information breadth and information sharing. With the devel-
opment of cloud computing, big data and other technologies,
digital finance can accurately obtain information on targeted
companies and process data through computer technology,
while companies will also voluntarily disclose information,
as mentioned before. As more information is revealed and a
more transparent working environment is needed, information
can be obtained and processed at a lower cost and at a greater
breadth (Zhou et al. 2021). For internal stakeholders, internal
supervisors will launch more green innovation on account of
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Fig. 1 How does digital finance
promote green innovation?

Digital finance ‘

the weakened operational risk and principal-agent cost brought
by a transparent information environment (Qi et al. 2021, Quan
et al. 2018; Zhang et al. 2019). In addition, more information
related to investment can enable decision-makers to have a
greater willingness to initiate more green innovation because
a more transparent information environment helps decision-
makers discover and prevent risks and decreases the behaviour
of avoiding green innovation due to information asymmetry
(Zhou et al. 2021). In summary, digital finance can enhance
the green innovation of enterprises by giving full play to the
external information effect to gain external attention and help
as well as by giving full play to the internal information effect
to increase the transparency and transmission of information
among the departments in a company. Based on the above
analysis, we expect the following:

Hypothesis 2: Digital finance can improve enterprise
green innovation by exerting internal and external infor-
mation effects.

Based on the above theoretical analysis, we summarize the impact
of digital finance on green innovation as follows: digital finance
improves enterprises’ willingness and ability to initiate green innova-
tion through resource and information effects. It ultimately promotes
enterprises’ green innovation. The details are shown in Fig. 1.

Research design
Sample and data

We selected A-shared listed companies in China from
2011 to 2019 as the sample. In the sample selection pro-
cess, we performed the following screening work: (1) we
excluded listed companies in the financial industry and
real estate industry; (2) we excluded *ST and ST listed

Resolves information
| asymmetry.

Resource effect

Enhancing enterprises'
innovation capacity.

Eases financing
constraints.

Green
innovation
—— — ————— ——— —— ————
More external attention and help! I
Increased transparency and
transmission of the internal
information. I

companies; (3) we eliminated the samples with missing
data; (4) we excluded companies with an IPO during the
period; and (5) to eliminate the interference of extreme
values on the research results, continuous variables were
winsorized at the 1% and 99% levels. A total of 12,971
samples were finally obtained. The data all came from the
CSMAR database.

Measurement
Green innovation

At present, there are three methods of measuring green inno-
vation at the enterprise level: scale design, the number of
green patents granted and the number of green patent appli-
cations. However, scale design is subjective, and the appli-
cation time for green patent authorization needs 3—5 years,
while they can be cancelled due to the problem of annual
fees during the authorization period. Therefore, the number
of patent applications is more stable (Zhou et al. 2012).

Considering that patents in China are divided into inven-
tion patents and utility model patents, their quality and
authorization strictly differ, so the quality of invention pat-
ents is higher. Therefore, this article refers to Zhou (2021)
and Zhai and Liu (2021), using the sum of the number of
invention patent and utility model patent applications (Pat)
to reflect the number of green innovations. The number of
invention-type green patent applications (Invpat) is taken
as the quality of enterprise green innovation. At the same
time, the sum of the number of invention patents and utility
model patents granted (Pat2) and the number of invention
patents granted (Invpat2) were used to replace the variables
in the robustness test.
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Independent variables
Digital finance

This paper selects the digital financial inclusion index (DFII)
obtained by the Financial and Peking University Digital
Finance Research Center for the tracking survey of provincial
and municipal cities in China to measure the development
degree of provincial and municipal digital finance. Consid-
ering the time lag and endogeneity of the impact of digital
finance on enterprise green innovation, this paper adopts the
lagged index as the core explanatory variable. The robustness
test was conducted by removing the lagged index.

Intervening variables
Financial constraints (KZ)

Compared with WW and SA, KZ mainly reflects the degree
of cash constraints of enterprises (Kaplan and Zingales
1997), while the financial support provided by digital finance
for enterprises is mainly cash loans. Thus, this paper uses the
KZ index to reflect the financial constraints of enterprises.

Information effect (OIE and IIE)

Bushee and Noe (2000) found that the more corporate
information disclosure there is, the higher the sharehold-
ing ratio of institutional investors. However, independent
investment institutions, including brokers, the security funds
and the QFII, have no commercial relationship with compa-
nies. Compared with grey institutional investors, including
funds, insurance companies, trusts, financial firms, banks
and non-finance institutions, they have higher requirements
on company information disclosure (Deng et al. 2014). They
are more active in supervision (Chen et al. 2007). Therefore,
referring to the practices of Deng et al. (2014), Brickley
et al. (1988) and Chen et al. (2007), this paper takes the total
shareholding ratio (INST) of securities investment funds,
social security funds and the QFII as the shareholding ratio
of independent institutional investors to reflect the infor-
mation disclosure level of enterprises. To enrich the medi-
ating effect of financial inclusion, we also take the annual
number of following analysts (Analysts_attention) and the
annual times that companies’ names are present in news
titles (Media_attention) to expand the measurement of the
external information effect.

Internal information asymmetry is one of the important
causes of internal control failure. Good internal control often
represents a better information disclosure and information
transmission of enterprises (Doyle et al. 2007). At the same
time, investors also have a stronger demand for information
on companies with serious agency problems. Therefore, a
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lower principal-agent cost also represents a more perfect
and transparent information mechanism inside a company
(Leuz et al. 2009). Better internal information transparency
and effective transmission can reduce the principal-agent
problems and insufficient innovation investment caused by
information asymmetry, thus reducing the risk of innova-
tion activities and improving the innovation effectiveness of
enterprises (Wang and Dai 2019). Therefore, based on the
practice of Lin and Rao (2009), Li and Chen (2012) and Ye
et al. (2015), this article uses the Dib internal control index
to reflect the internal control of a company as an internal
information effect (ICI).> Moreover, the digital data provided
by financial inclusion can make information acquisition and
processing easier and cheaper. The innovation process can
benefit at the same time (Bartel et al., 2007). Meanwhile,
research input can naturally increase since companies are
able to respond to and explore opportunities based on incre-
mental information (Parthasarthy and Hammond, 2002).
Therefore, research input (RND) is included to measure the
internal information effect brought by financial inclusion.
RND is measured by the amount of R&D investment divided
by the total assets of the previous period.

Other independent variables

Considering the other factors that influence the number of
green innovation applications, following the study of Qi et al.
(2018), Wan et al. (2020) and Zhai and Liu (2021), this paper
selects several control variables covering two aspects: the
enterprise level and regional level. Among them, the enterprise
micro-level variables include enterprise size (size), which is
represented by the logarithm of the total assets of the enter-
prise. The age of an enterprise (age) is expressed by the loga-
rithm of the establishment years of the enterprise. Enterprise
leverage (Lev) is expressed by the current asset-liability ratio
of enterprises; sustained profitability growth is expressed by
dividing the added value of the current net profit by the net
profit of the previous year. Equity concentration (equitycon) is
expressed by the shareholding ratio of the largest shareholder.
The management expense ratio (mf) is expressed by dividing
the current management expense by operating revenue. The

2 The internal control database is the first professional and authorita-
tive internal control information database in China. Based on the per-
spective of the five elements of enterprise internal control, namely,
the internal environment, risk assessment, control activities, informa-
tion and communication, and internal supervision, it is designed to
build an internal control evaluation database. Internal control audit
information, defects in the internal control evaluation library, inter-
nal control, internal control auditing defects identified in the standard
library, internal control, the internal control information disclosure
index, the number of internal control defects and the library included
in the scope of enforcement of 9 are a database of listed companies.
It objectively and truly reflects the internal control level of Chinese
listed companies.
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Table 1 Summary of the measures for the variables

Variable Variable meaning Measure

Pat The number of green innovations of enterprises Natural logarithm of the sum of green patent applications plus one

Invpat The number of invention-type green innovations Natural logarithm of the number of invention-type green patent applica-
tions plus one

DFII Provincial digital financial inclusion index The Peking University Digital Financial Inclusion Index lagged by one
stage

KZ Financial constraints KZ index

INST Extrinsic information effect The total shareholding ratio of securities investment funds, social security

Analysts_attention Extrinsic information effect

Media_attention Extrinsic information effect

ICI Internal information effect

RND Internal information effect

age Firm age

size Firm size

lev Corporate leverage

mf Administration expense rate

fin Financial expense ratio

growth Net profit growth rate

equitycon Ownership concentration

board Board size

pid The proportion of independent directors
duality Duality

opion Audit opinion

findev Provincial level of financial development
labour Human capital

funds and the QFII
Natural logarithm of the number of following analysts

Natural logarithm of the annual times that companies’ names are present
in news titles

Dib internal control index

The amount of R&D investment divided by the total assets of the previous
period

Natural logarithm of firms’ establishment years
Natural logarithm of total assets

Asset-liability ratio

Per revenue administration expense

Per revenue finance expense

(Current year’s net profit — previous year’s net profit) / previous year’s net
profit

Share proportion of the largest shareholder
Natural logarithm of the total number of directors

Proportion of the number of independent directors on the board of direc-
tors

The chairperson of the company also serves as the general manager
(dummy =1 if yes)

Issued a standard and unqualified auditor's report (dummy =1 if yes)

Provincial total financial loan / provincial GDP

Provincial enrolment in higher education / provincial population

size of the board (board) is represented by the logarithm of
the total number of board members. The proportion of inde-
pendent directors (pid) is expressed by the proportion of the
number of independent directors in the number of directors on
the board of directors. Duality (duality) concerns whether the
chairperson of the company also serves as the general manager
(dummy =1 if yes). The variables at the regional level include
human capital (labour), which is expressed by dividing the
number of students in higher education by the population. The
provincial level of financial development (findev) is measured
by dividing the total amount of provincial financial loans by
the gross regional product of each province (Table 1).

Regression model
This paper investigates the impact of digital finance on

enterprise green innovation by constructing a benchmark
regression model. The model is constructed as follows:

INNOVATION;,, = 0 + p,DFII;, |
+ Z Bycontrol;;, + Z Year

+ ZInd—}—eij,

ey

In Model (1), 1, j and t represent the enterprise, province and
year, respectively. INNOVATION;  is the variable group of
green innovation (Pat, Invpat) of enterprise i in year t. DFIL,
is the digital financial DFII of j province lagged one stage.
Controli’ jarea series of control variables, as described above.
&;ji 1s the random error term of the model. In this paper, a typi-
cal bidirectional fixed effect model is constructed to control
both time fixed effects and industry fixed effects.

To test the mechanism of the influence of digital finance
on green innovation, the mediating effect model of Wen et al.
(2005) is used for analysis. The regression equation is as
follows:

M;, =6,+6,DFII;,_, + 2 O,control,;, + Z Year + Z Ind + 6,
2
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Table 2 Descriptive statistical

. Variables N Mean S.D Min p25 p50 p75 Max
results of the variables
Pat 12,971 0.267 0.643 0.000 0.000 0.000 0.000 3.584
Invpat 12,971 0.184 0.501 0.000 0.000 0.000 0.000 3.091
DFII 12,971 204976  87.147 16.220 146350  215.620  268.100  377.730
size 12,971 22.259 1.231 15.577 21.425 22.128 22.959 28.194
age 12,971 2.865 0.340 1.099 2.708 2.944 3.091 3.807
lev 12,971 0.428 0.194 0.047 0.275 0.421 0.575 0.952
fin 12,971 0.017 0.032 -0.068 0.000 0.010 0.027 0.232
mf 12,971 0.092 0.066 0.008 0.048 0.077 0.115 0.512
Growth 12,971 -0.333 2.948 -27.020 -0.475 0.026 0.345 13.454
equitycon 12,971 33.591 13.933 8.605 22.417 31.587 43.221 73.829
board 12,971 2.312 0.230 1.792 2.197 2.303 2.485 2.944
pid 12,971 0.378 0.070 0.250 0.333 0.364 0.429 0.600
duality 12,971 0.752 0.432 0.000 1.000 1.000 1.000 1.000
opion 12,971 0.973 0.163 0.000 1.000 1.000 1.000 1.000
labour 12,971 0.020 0.004 0.009 0.016 0.019 0.021 0.039
findev 12,971 0.957 0.625 0.203 0.539 0.735 1.174 2.923

INNOVATION,, = y, + 7,DFIL,,_; + y,M

+ 2 rscontrol;;, + 2 Year + 2 Ind + vy, )

Among them, M represents three mediating variables,
including financial constraints (KZ), the outer informa-
tion effect (INST) and the internal information effect
(ICI). Following Baron and Kenny (1986), the direct
effects of the core independent variables on the medi-
ating variables were first tested based on Eq. (2), and
then, the direct effects of the core independent variables
and mediating variables on the dependent variables were
tested based on Eq. (3).

Results and analysis
Descriptive statistics

Table 2 lists the descriptive statistical results of all variables.
The mean values of green innovation quantity and quality
are 0.267 and 0.184, respectively, indicating that the overall
green innovation level of enterprises is low. The value in
the third quartile is 0, indicating that most enterprises are at
a low level of green innovation, and most enterprises have
room for improvement. At the same time, there is a large
gap between the maximum and the minimum value of Pat,
indicating that there is a large gap in the level of green inno-
vation among enterprises. The mean value of digital finance
DFII is 204.976, and the standard deviation is 87.147, indi-
cating that there have been some differences and changes in
the development of digital finance in various provinces in
recent years.

@ Springer

Pearson correlation test

Table 3 shows that the correlation coefficients between the
selected variables are almost all less than 0.5, indicating
that the selected variables are reasonable and do not have
multicollinearity.

Regression analysis
Basic line regression

A benchmark test is conducted on the relationship between
digital finance and enterprise green innovation, and the
results are shown in Table 4. Table 4 (1) and (2) regresses
the quantity and quality of green innovation, respectively,
as explained variables. The results show that the regression
coefficients between digital finance and the quantity and
quality of green innovation are 0.002 and 0.001, respec-
tively, and they are both significant at the 1% level. Based on
the composition of the DFII, Table 4 (3)—(8) is divided into
three dimensions of coverage breadth, depth of use and the
degree of digitalization to discuss the impact on the quantity
and quality of enterprise green innovation. The results show
that the regression coefficients of coverage breadth and the
quantity and quality of green innovation are 0.002 and 0.001,
respectively, and both are significant at the 1% level. The
regression coefficients between the depth of use index and
the quantity and quality of green innovation are both 0.001
and significant at the 1% level. However, the regression
coefficients between the digitalization degree index and the
quantity and quality of green innovation are both —0.001,
and they are not statistically significant.
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Table 3 Correlation analysis

findev

labour

equitycon board pid duality opion

growth

DFII size age lev fin mf

Invpat

Pat

Pat

1

0.924%5%

Invpat
DFII

0.008 1

—0.017*
0.175%%%

1

0.216%**

0.178%**

size

1

0.162%%*

0.367*%*

— 00445
0.082***

—0.063%%
0.0857%*

age

0.427%% 0.173%**

—0.016*
—0.007

lev

0.503 %

0.112%**

0.255%%*

—0.028%**
—0.003
0.006

—0.023%**
—0.009
0.004
0.009

fin

1

—0.006

—0.267%%
—0.103 %%

—0.102%%
0.036%*

-0.011

— 03745
0.048%+%

0.004

mf

1

~0.061 %%
— 0,147

0.065%%*

—0. 11

0.128%#*

growth

1

0.038##*

— (.09 ek
0.083***

0.200%**

—0.106%**
—0.007
—-0.014

—0.006
0.023 %%

equitycon
board
pid

—0.021**  0.010 1
—0.004

—0.008
0.108#*#*

0.154%5x

0.2]15%%*

0.016*

—0.138%#*k ]

0,140

-0.009
0.063%%

— 0044555
0.0537%%

— 0064
0,082+

— 0,089
0.086%+*

- 0,059
0.140%%

0.030%%

0.026%**

1

—0.105%#*

0.011

—0.088##*
—0.066%+#

0.035%#%

—0.027%%

-0.011 -0.013
0.026%%*
0.215%%*

0.030%**

duality

1

0.019%*

—0.022%*
0.014

0.061%*%*

—0.101%**
—0.007

—0.106%**

0.012

—0.048%**
0.112%%*

0.073 %%

opion

1
04775

0.031#*#* 0.002

—0.029%#*
-0.014

0.0487%%

—0.002
0.011

0.097%%*

—0.029%**
0.007

—0.038%#%
-0.01

labour

1

0.010

—0.024%5+

—0.017%*

0.021%*

0.034 %%

0.129%%* 0.097#** —0.054%*%  —(.07]%**

0.538%***

findev

#p<0.1; #¥p <0.05; #¥%p <0.01

According to the interpretation of sub-dimensional data,
the driving factors of the impact of digital finance on enter-
prise green innovation improve the coverage rate of digital
finance users and provide payment, investment, credit and
other businesses for enterprises and consumers, thus affect-
ing the level of enterprise green innovation. However, the
payment facilitation, credit, and mobile and personal afford-
able loans improved by digital financial services cannot sig-
nificantly improve the green innovation level of enterprises.
This finding indicates that different results may be found if
we continue to explore the driving factors of digital finance
from different perspectives to help enterprises make use of
and give full play to the value of digital finance. Therefore,
the following paragraphs further explore the driving factors
of digital finance.

The mediating effect test: financial constraints

Table 5 shows the test results of financial constraints as
the mediating effect on the influence of digital finance on
enterprise green innovation. The regression coefficient
between digital finance and financial constraints in Column
1 is—0.003, which is significant at the 1% level, indicating
that digital finance can effectively alleviate corporate finan-
cial constraints. In Columns 2 and 3, financial constraints
are added to the regression of digital finance on the number
of green innovations. The regression coefficient between
financial constraints and the number of green innovations
is —0.016 and is significant at the 1% level; the regression
coefficient between digital finance and the number of green
innovations is 0.002 and is significant at the 1% level. In
Column 3, financial constraints are added to the regression
between digital finance and the quality of green innovation.
The regression coefficient between financial constraints and
the quality of green innovation is —0.011 and is significant
at the 1% level. The regression coefficient between digital
finance and the quality of green innovation is 0.002 and is
significant at the 1% level. The above results indicate that
financial constraints have a partial mediating effect on the
impact of digital finance on green innovation, which means
that digital finance can reduce the financial constraints of
enterprises by providing loans to enterprises and improving
their cash flow to improve the level of green innovation of
enterprises.

The mediating effect test: the information effect

The regression coefficient between the DFII and INST
in Column 1 is 0.015 and is significant at the 1% level,
indicating that digital finance can increase the sharehold-
ing ratio of independent institutional investors in enter-
prises. In Column 2 and Column 3, after adding INST
to the baseline model with the dependent variable Pat,

@ Springer
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Table 4 Results of the baseline regression

DFII Coverage Depth of use Degree of digitalization
Variables @ @ 3 (C)) (6)) © (O] ®
Pat Invpat Pat Invpat Pat Invpat Pat Invpat
DFII 0.002%** 0.001*** 0.002%** 0.001*** 0.001*** 0.001*** —0.001 —0.001
(4.07) (4.00) (4.05) (3.99) (4.12) (4.42) (=0.78) (=0.80)
age —0.041%* —0.024* —0.040%* —0.023% —0.042%* —0.025% —0.041%* —0.024*
(=2.31) (=1.72) (=2.25) (—1.66) (—2.36) (= 1.77) (=2.32) (=1.73)
size 0.135%** 0.108%** 0.135%** 0.108*** 0.135%** 0.108*** 0.134%** 0.107***
(23.97) (24.38) (23.96) (24.37) (23.95) (24.38) (23.81) (24.22)
lev 0.134%%* 0.123%%* 0.135%** 0.123%%* 0.134%%* 0.122%%* 0.130%** 0.119%**
(3.65) (4.23) (3.67) (4.25) (3.63) (4.21) (3.52) (4.09)
fin —1.271%%%  —12101%FF  —1287¥*%k  _1.224%kx  _]263%FF  _1.202%FF  —1.313%kF —].244%%*
(—6.07) (=7.34) (—6.15) (=7.43) (—6.03) (=7.29) (—6.27) (=7.55)
mf 0.439%%* 0.416%** 0.433%%* 0.411%%* 0.443%%* 0.420%** 0.421%%* 0.402%**
(4.48) (5.39) (4.42) (5.33) (4.52) (5.45) (4.30) (5.21)
growth —-0.001 —-0.001 —-0.001 —-0.001 —-0.001 —0.001 —0.001 —0.001
(=0.57) (=0.29) (—=0.55) (=0.27) (—=0.55) (=0.28) (=0.51) (=0.22)
equitycon —0.001 —0.001** —-0.001 —0.001%%* —-0.001 —0.001%%* —-0.001 —0.001%*
(=0.92) (=2.33) (=0.98) (—2.38) (=0.89) (—2.28) (—1.04) (—2.44)
board 0.030 0.036* 0.030 0.036* 0.030 0.036* 0.026 0.033*
(1.27) (1.91) (1.25) (1.89) (1.23) (1.88) (1.09) (1.73)
pid 0.093 0.118%* 0.090 0.116* 0.094 0.119%%* 0.095 0.119%%*
(1.21) (1.95) (1.18) (1.92) (1.23) (1.97) (1.23) (1.97)
duality —0.020 —0.020%* —0.020 —0.020%* —0.020 —0.020%* —0.023* —0.022%*
(—1.58) (-1.99) (-1.63) (=2.03) (-1.62) (=2.01) (—1.85) (=2.25)
opion 0.011 0.007 0.012 0.007 0.010 0.006 0.009 0.005
(0.34) (0.25) (0.35) (0.26) (0.30) 0.21) (0.27) (0.18)
labour —3.956%¥* 3 D52%kK 4 440%FF  —3.626%¥*F 3 OQPFkk 3 32FEE  —6.161%¥*F  —4.063%**
(=2.64) (=2.76) (=3.04) (=3.15) (=2.67) (—2.66) (—=4.37) (—4.48)
findev —0.075%**  —0.053*%%*  —0.077¥%*  —0.055%*¥*  —0.057***  —0.043%*  —0.003 0.002
(=3.72) (=3.37) (=3.73) (=3.39) (=3.47) (=3.34) (=0.31) (0.26)
Time fixed effect Yes Yes Yes Yes Yes Yes Yes Yes
Industry fixed effect ~ Yes Yes Yes Yes Yes Yes Yes Yes
Constant —2.857F¥x  —2336%Fk  —2.004%**k D 3TFHEkx _DROTHREK D JTTHEE D TITREE D QDR
(—18.22) (—18.92) (—18.23) (—18.92) (—18.25) (=19.03) (=17.00) (=17.69)
N 12,971 12,971 12,971 12,971 12,971 12,971 12,971 12,971
Adj R-squared 0.159 0.141 0.159 0.141 0.159 0.142 0.158 0.140
F 27.64 24.22 27.63 24.22 27.64 24.26 27.43 24.02

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

it is found that the regression coefficient between INST
and the quantity of green innovation is 0.003 and is sig-
nificant at the 1% level, and the regression coefficient
between the DFII and the quantity of green innovation is
0.002 and is significant at the 1% level. At the same time,
the regression coefficient between INST and green inno-
vation quality is 0.003 and is significant at the 1% level,
while the regression coefficient between the DFII and
green innovation quality is 0.001 and is significant at the
1% level. In Column 4, the coefficient estimate between

@ Springer

Analysts_attention and financial inclusion is 0.004 (p
value < 0.01). In Columns 5 and 6, Analysts_attention
is added to the regression. The coefficient estimates of
Analysts_attention are 0.037 (p value <0.01) and 0.027
(p value <0.01), respectively. The coefficient estimates
of financial inclusion are 0.002 (p value <0.01) and
0.001 (p value <0.01), respectively. In Column 7, the
estimation value between Media_attention and finan-
cial inclusion is 0.002 (p value <0.01). In Columns 8
and 9, Media_attention is added to the regression. The
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Table 5 Regression results of the mediating variable: financial con-
straints

Variables 1) 2) 3)
Kz Pat Invpat

DFII —0.003*** 0.002%** 0.002%#*
(=3.29) (3.96) (4.10)

KZ —0.016%** —0.011%**

(=3.27) (=291

age 0.048 -0.029 -0.016
(1.29) (—1.55) (—1.08)

size —0.381%** 0.139%** 0.113%**
(—30.72) (20.89) (21.60)

lev 1.338%%* 0.141%** 0.123%**
(16.61) (3.35) (3.72)

fin 10.282%** — 1. 113%** —1.133%**
(22.65) (—4.65) (—6.01)

mf 0.364* 0.499%3#* 0.479%%*
(1.70) (4.54) (5.53)

growth —0.006 —0.002 —0.001
(—1.53) (—1.00) (=0.59)

equitycon —0.008%*** —0.001 —0.001%*
(=9.87) (—0.95) (—2.24)

board —0.153%** 0.035 0.038%*
(=3.02) (1.35) (1.85)

pid —0.009 0.112 0.127%%*
(=0.06) (1.36) (1.96)

duality 0.020 —0.020 —0.021%*
(0.79) (—1.48) (—1.96)

opion —0.089 0.053 0.040
(-1.14) (1.32) (1.26)

labour 2.547 —4.507%** —3.43]%**
(0.81) (=2.79) (=2.70)

findev 0.143%** —0.081*** —0.061%**
(3.42) (=3.75) (=3.59)

Time fixed effect Yes Yes Yes

Industry fixed effect Yes Yes Yes

Constant 6.5517%%% —3.045%** —2.516%**
(19.05) (—=16.90) (=17.73)

N 11,688 11,688 11,688

Adj R-squared 0.263 0.164 0.147

F 46.81 25.95 22.87

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

coefficient estimates of Media_attention are 0.017 (p
value < 0.01) and 0.015 (p value <0.01), respectively.
The coefficient estimates of financial inclusion are 0.002
(p value <0.01) and 0.001 (p value < 0.01), respectively.

The results show that digital finance can give full play
to the effect of external information by solving external
information constraints and improving the transparency of
enterprises. As a result, firms will obtain higher external

attention and external supervision from external stake-
holders, including institutional investors, analysts and
the media, forcing enterprises to carry out more green
innovation activities (Table 6).

Table 7 shows the regression results of the mediating
effect of the internal information effect on the quantity and
quality of digital finance and green innovation. In Column
1, the regression coefficient between digital finance and
the internal information effect is 0.001 and is significant at
the 1% level, indicating that digital finance can effectively
improve the quality of internal control of enterprises. In
Column 2 and Column 3, the effect of internal informa-
tion is added to the regression of digital finance and the
quantity and quality of green innovation, respectively. The
regression coefficient between the effect of internal infor-
mation and the quantity of green innovation is 0.137 (p
value < 0.01); the regression coefficient between digital
finance and the quantity of green innovation is 0.002 (p
value < 0.01). The regression coefficient between the effect
of internal information and the quality of green innova-
tion is 0.115 (p value < 0.01); the regression coefficient
between digital finance and the quality of green innova-
tion is 0.001 (p value < 0.01). In Column 4, the estima-
tion value between research input and financial inclusion
is 0.001 (p value <0.01). In Columns 5 and 6, research
input is added to the regression. The coefficient estimates
of research input are 5.424 (p value <0.01) and 4.326 (p
value < 0.01), respectively. The coefficient estimates of
financial inclusion are both 0.001 and are significant at
the 1% and 5% levels, respectively.

The results show that digital finance can increase inter-
nal control and research input by giving full play to the
internal information effect, which in turn makes enter-
prises have a growing willingness to carry out more green
innovation.

Robustness results
Instrumental variables

Due to the possible influence of omitted variables and
reverse causality, we need to adopt the instrumental
variable estimation method to correct and maintain the
unbiased consistency of the equation estimation.’ The
geographical distance variable in the regression remains
relatively exogenous and is suitable for selection as an
instrumental variable. It has nothing to do with the ran-
dom disturbance term and will not cause an impact on the

3 The tool variable we selected was the geographical distance
between each city and the central city calculated by STATA and Arc
GIS.

@ Springer
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Table 6 Regression results of the mediating variable: external information effect

Variables ) @) 3 C)) 5 Q) @) ®) (&)
INST Pat Invpat Analysts_  Pat Invpat Media_ Pat Invpat
attention attention
DFII 0.015%%* 0.002%**  0.001%**  0.004*%**  0.002%**  0.001***  0.002%*%*  0.002%*%*  0.001***
(4.36) (4.30) (4.18) (6.10) (3.17) (3.32) (2.62) (4.23) (4.24)
INST 0.003***  0.003***
(2.90) (3.25)
Analysts_attention 0.037#*%  0.027***
4.22) (4.00)
Media_attention 0.017%%* 0.015%**
(3.60) (4.00)
age —0.684%**  —0.042%*  —0.025% —0.264*** —0.010 —0.004 0.088*** —0.043%*  —0.025%
(—4.75) (=2.37) (=1.77) (=9.97) (—0.46) (—0.24) (2.61) (—2.43) (=1.77)
size 1.220%** 0.131%**  0.105%**  0.434%%*  (0.135%**  (0.109%%*  (0.190%*%*  0.127**%*  0.101***
(26.66) (22.60) (22.90) (46.07) (15.39) (15.81) (17.36) (21.72) (21.99)
lev —1.226%*%  (0.136%%*%  (.124%%* —0.874%** (0.171%*%*  0.156*%**  (0.403%**  (.123%*%*  (.113%***
(—4.09) (3.69) (4.28) (—14.34) (3.30) (3.80) (5.72) (3.30) (3.86)
fin —14.367#%% —1.208*** 1. 153%%* 3. 842%%* ] 232%kk ] 32Fkkx D TASERE ] ]OHFF ] ]27HH*
(—8.46) (=5.75) (—6.97) (—=11.21) (—4.25) (—5.78) (—6.86) (—5.48) (—6.78)
mf 2.019%%* 0.457+**  0426%**  (0.211 0.306%* 0.329%**  (0.435%%* 0.439%*%  (0.408%**
(2.53) (4.65) (5.50) (1.34) (2.32) (3.16) (2.32) (4.44) (5.25)
growth 0.108*** —0.001 —0.001 0.025%** —0.005%* —0.003 0.008%** —0.001 —0.001
(7.35) (=0.78) (—0.50) (7.99) (—1.95) (—1.20) (2.38) (—0.63) (—0.20)
equitycon —0.027***  —0.001 —0.001*%*  —0.003*** —0.001 —0.001**  —0.006%** —0.001 —0.001*
(—8.17) (—0.64) (—2.02) (—4.07) (—1.35) (—2.54) (=7.99) (—0.33) (—1.69)
board —0.557*** 0.033 0.040%* —0.098*** 0.031 0.033 0.086* 0.031 0.035*
(—2.85) (1.38) (2.10) (—2.65) (0.99) (1.33) (1.88) (1.28) (1.84)
pid 0.380 0.105 0.129%%* 0.175 0.091 0.110 0.482*%**  (0.054 0.084
0.61) (1.36) (2.13) (1.51) (0.94) (1.44) (3.31) 0.71) (1.39)
duality —0.231%* -0.018 —0.018* —0.067%** —0.031*%*  —0.024** —0.091*** —0.014 —-0.015
(—2.28) (—1.45) (—1.86) (—3.57) (-1.99) (—1.96) (—3.83) (—1.14) (—1.56)
opion 0.765%** 0.008 0.004 0.226***  0.037 0.012 —0.115* 0.031 0.023
(2.87) (0.26) (0.15) 3.51) (0.69) 0.27) (- 1.77) 0.91) (0.85)
labour 55.765%** —3.801*%*  —3.140%** 4.968** —5.381***%  —4.168*** 0.019 —3.820%*  —3.119%**
(4.58) (—2.53) (—2.65) 2.17) (—2.80) (—2.74) (0.01) (—2.53) (—2.63)
findev —0.661%**  —0.077*** —0.054*** —0.170%** —0.073*%** —0.054*%** —0.146%** —0.076%*%* —0.056%**
(—4.05) (—3.82) (—3.42) (—5.56) (—2.83) (—2.67) (—3.80) (—3.76) (—3.48)
Time fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes
Industry fixed effect Yes Yes Yes Yes Yes Yes Yes Yes Yes
Constant —20.093%*%  —2.804%*% _2288*¥* _—(495%** 2 08Q%Fkk _DATHEE 4 (23%k* D JO3FF* D 196%**
(—15.76) (—17.65) (—18.30) (—25.04) (—13.28) (—13.70) (—13.37) (—16.88) (—17.47)
N 12,830 12,830 12,830 9,455 9,455 9,455 12,754 12,754 12,754
Adj R-squared 0.145 0.159 0.142 0.261 0.167 0.148 0.617 0.155 0.137
F 24.57 27.03 23.74 37.72 21.66 18.86 224.2 26.12 22.78

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

regression through the omission of variables, which meets
the exclusivity constraint (Zhang et al. 2020).
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Selecting the spherical distance to Beijing, Shanghai,
Shenzhen and Hangzhou is reasonable. In China, the
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Table 7 .Rc':gressi(.)n resglts of Variables Ry ) 3) @) ) )
the mediating variable: internal
information effect ICI Pat Invpat RND Pat Invpat
DFII 0.0017%** 0.002%** 0.0017%** 0.001*** 0.001%** 0.001**
(3.57) 4.24) (4.16) (9.33) (2.64) (2.45)
ICI 0.137%** 0.115%**
(341 (3.63)
RND 5.424%%* 4.326%**
(12.95) (13.20)
age —0.007* —0.036%* -0.021 —0.004***  —0.029 -0.015
(—1.80) (—2.02) (—1.48) (—9.54) (—1.63) (—1.08)
size 0.025%%** 0.128*** 0.102%** 0.001*** 0.129%%** 0.103%**
(20.15) (21.98) (22.36) (5.94) (22.95) (23.31)
lev —0.090%***  (.153%%%* 0.135%%* —0.001 0.137%%* 0.124%**
(—11.11) (4.15) (4.64) (—0.55) (3.74) 4.31)
fin —0.439%¥%  —1200%%F  —1.115%  —(0.082%**  —(0.779%**  —(.804%%*
(—9.52) (=5.72) (—6.74) (—18.52) (—3.69) (—4.87)
mf —0.150%**  0.466%** 0.435%** 0.034%** 0.171* 0.179%*
(—7.00) (4.78) (5.66) (15.91) (1.68) (2.25)
growth 0.004*** —-0.002 —0.001 0.001%** —0.002 —0.001
(10.00) (—0.88) (-0.61) (2.45) (—1.04) (—0.82)
equitycon 0.001%* —0.001 —0.001** —0.001 —0.001 —0.001%**
(2.10) (—0.53) (=2.01) (—0.03) (=0.76) (-2.12)
board —0.033***  0.038 0.044%* 0.001 0.035 0.040%**
(—6.28) (1.58) (2.34) (0.68) (1.47) (2.11)
pid 0.045%** 0.088 0.116* 0.004** 0.071 0.100*
(2.68) (1.15) (1.92) (2.26) (0.93) (1.68)
duality 0.002 -0.019 —0.019% —0.001 -0.019 —0.020%*
(0.66) (—1.52) (-1.92) (—1.00) (—1.51) (—2.02)
opion 0.247%** —0.025 —-0.023 0.004*** —0.007 —0.008
(34.01) (=0.71) (—0.85) (5.21) (=0.21) (—0.30)
labour 0.081 —4.089%**  —3356%*%  (.105%** —4.392%%*  _3.6]8%**
(0.25) (=2.74) (—2.85) (3.33) (—2.95) (—3.10)
findev —0.005 —0.076%**  —0.054%*%%  —0.003%*%*  —(0.051** —0.031%*
(-1.21) (—3.78) (—3.44) (—6.19) (—2.52) (-1.99)
Time Yes Yes Yes Yes Yes Yes
fixed effect
Industry Yes Yes Yes Yes Yes Yes
fixed effect
Constant —-0.029 —2.803***  —2296%*%%  —(.008%* —2.753%*% 2233wk
(—0.85) (=17.77) (—18.47) (—2.33) (—17.63) (—18.25)
N 12,838 12,838 12,838 12,842 12,842 12,842
Adj R-squared  0.214 0.158 0.140 0.425 0.168 0.150
F 39.10 26.86 23.48 104.3 28.91 25.29

t-statistics in parentheses. *p <0.1; *¥p <0.05; ***p <0.01

recognized first-tier cities are Beijing, Shanghai and Shen-
zhen, which can foster digital finance with greater advan-
tages. At the same time, since Alipay, as a representative
example of digital finance, originated in Hangzhou, the

development of digital finance in Hangzhou is in a lead-
ing position. To select an effective geographical distance
variable as the IV, Beijing in North China, Shanghai in
East China, Shenzhen in South China and Hangzhou in
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East China are selected as the representatives of the digital
centre.* In addition, Zhang et al. (2020) analyse the rela-
tionship between the development of digital finance and
the growth in household consumption by using the spheri-
cal distance between the household region and Hangzhou
and the spherical distance between the household region
and provincial capital cities.

Therefore, we calculate the closest spherical distance
from the provincial capital city based on the province
where a company is located’ to Beijing, Shanghai, Shenz-
hen and Hangzhou, and we perform regression on digital
finance (DFII) to solve the endogeneity problem.

The premise of an IV is the existence of endogenous
explanatory variables. According to Table 8, the p value
based on the Hausman test is significant at the 1% level.
The null hypothesis, which is that all explanatory vari-
ables are exogenous, is rejected, indicating that there
are endogenous variables in the model. The influence of
these endogenous variables should be controlled. After
controlling for endogeneity, the coefficient of the DFII
is noticeable and positive, indicating that the estimation
results are robust, while the endogeneity p values are
0.477 and 0.953 in the models with the core independent
variables Pat and Invpat, respectively, indicating that the
IV is exogenous.

These results further prove that the closer an enterprise
is to an area with a high level of development of digital
finance, the stronger the positive effect caused by digital
finance will be and the higher the number of green innova-
tions firms will create.

Substitution of the core variables

Columns (1)—(8) of Table 8 show that the two explained
variables, the quantity and quality of green innovation,
are replaced by the total number of invention and util-
ity model green patents authorized and the number of
invention green patents authorized, respectively. Col-
umns (1) and (2) in Table 8 show that the regression
coefficients between digital finance and the quantity
and quality of green innovation are 0.002 and 0.001,
respectively, and both are significant at the 1% level.

4 According to the 2020 Digital China and Digital Economy Devel-
opment Report released by Tencent Research Institute, Shenzhen,
Beijing and Shanghai are among the top cities in China in terms of
urban digital economy development, which is a suitable reference
system for calculating geographical distance. As for the reason why
we choose Shenzhen rather than Guangzhou, because Shenzhen is
close to Guangzhou and is also the headquarters of Tencent group,
the development level of digital finance is relatively high.

5> A large proportion of companies will set their headquarters and
administration office in provincial capital city of the province they
set.
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Table 8 Robustness test: IV

v
Variables €8] 2)
Pat Invpat
DFII 0.002%** 0.001%**
(2.70) (2.09)
age —0.040%* —0.023*
(-2.19) (—1.69)
size 0.136%** 0.109%**
(21.36) (20.75)
lev 0.134%** 0.121%%*
(3.92) (4.56)
fin —1.266%%* —1.223%%*
(—6.53) (—8.27)
mf 0.4407%** 0.414%%*
(5.13) (5.82)
growth —0.001 —0.001
(=0.71) (—0.35)
equitycon —0.001 —0.001%%*
(—0.80) (—2.26)
board 0.032 0.037*
(1.34) (1.95)
pid 0.095 0.119*
(1.18) (1.86)
duality -0.019 —0.020%*
(—1.49) (—1.96)
opion 0.007 0.004
(0.26) 0.17)
labour —3.353%* —3.216%**
(—2.18) (—2.64)
findev —0.095%** —0.055%*
(—2.78) (—1.99)
Time fixed effect Yes Yes
Industry fixed effect Yes Yes
Constant —2.897%** —2.344%%*
(—17.46) (—17.32)
N 12,901 12,901
Adj R-squared 0.159 0.141
OLS endogeneity p value 0.001 0.001
GMM endogeneity p value 0.477 0.953

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

Based on the composition of the DFII, Columns (3)—(8)
in Table 8 are divided into three dimensions of coverage
breadth, depth of use and the degree of digitalization
to discuss the influence on the quantity and quality of
green innovation of enterprises. The results show that
the regression coefficients between coverage breadth and
the quantity of green innovation and between coverage
breadth and the quality of green innovation are 0.002
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Table 9 Robustness test: replacing the explained variable

DFII Coverage Depth of use Degree of digitalization
Variables @ @ 3 (C)) (6)) © (O] ®
Pat2 Invpat2 Pat2 Invpat2 Pat2 Invpat2 Pat2 Invpat2
DFII 0.002%** 0.001%** 0.002%** 0.001*** 0.001*** 0.001*** 0.001 0.001
(4.85) (4.11) (4.47) (3.46) (4.51) (4.13) 0.11) (0.01)
age —-0.077%**  —0.021* -0.076%**  —0.020%* —0.078***  —0.021%* —0.078***  —0.021%*
(—4.17) (=1.74) (—4.11) (=1.70) (—4.23) (—1.80) (—4.22) (=1.78)
size 0.147%%* 0.082%** 0.147%%* 0.082%** 0.147%** 0.082%** 0.146%** 0.082%**
(25.04) (21.89) (25.01) (21.85) (25.00) (21.87) (24.84) (21.73)
lev 0.176%** 0.095%** 0.176%** 0.095%** 0.174%** 0.094%* 0.169%** 0.0971%**
(4.57) (3.85) (4.58) (3.85) (4.53) (3.83) (4.40) (3.71)
fin —L112%*x  —Q.782%*%%  —1.134%**%  —(0.795%¥*  —1.107*%*  —0.777¥%F  —1.164%¥*  —(0.810%**
(—5.08) (—5.58) (=5.19) (=5.69) (—5.06) (—5.55) (=5.32) (=5.79)
mf 0.320%%* 0.219%%* 0.311%%* 0.214%%* 0.323%%* 0.227%** 0.299%3#* 0.207%**
(3.13) (3.34) (3.05) (3.26) (3.16) (3.38) (2.93) (3.17)
growth —-0.002 —0.001 —-0.002 —0.001 —0.002 —0.001 —0.002 —0.001
(—1.04) (=0.39) (=1.01) (=0.36) (=1.01) (=0.37) (=0.93) (=0.30)
equitycon 0.001 —0.001* 0.001 —0.001* 0.001 —0.001* 0.001 —0.001*
(1.03) (-1.69) (0.96) (—1.76) (1.06) (—1.66) 0.91) (—1.80)
board 0.052%* 0.033** 0.052%* 0.032%** 0.051%* 0.032%** 0.047* 0.030*
(2.09) (2.04) (2.06) (2.00) (2.03) (2.00) (1.87) (1.86)
pid 0.110 0.065 0.107 0.064 0.112 0.066 0.112 0.066
(1.37) (1.27) (1.34) (1.25) (1.40) (1.29) (1.39) (1.29)
duality —0.004 0.001 —0.005 0.001 —0.005 0.001 —0.008 —0.001
(—0.28) (0.11) (—0.36) (0.03) (—0.36) (0.06) (—0.60) (=0.16)
opion 0.036 0.016 0.036 0.016 0.034 0.015 0.034 0.015
(1.05) (0.73) (1.06) (0.73) (1.00) (0.69) (0.98) (0.67)
labour —4.427%¥*  —1.542 —5.184%¥*  —2.039%* —-4.679%**  —1.573 —7.069%¥*  —2.979%k*
(—2.83) (—1.54) (—3.40) (—2.09) (—3.00) (—1.58) (—4.80) (=3.17)
findev —0.075%**  —0.032%* —0.071%**  —0.026* —0.048***  —0.020* 0.012 0.015%*
(—3.59) (—2.39) (=3.32) (—1.90) (—2.80) (—1.82) (1.05) (2.14)
Time fixed effect Yes Yes Yes Yes Yes Yes Yes Yes
Industry fixed effect  Yes Yes Yes Yes Yes Yes Yes Yes
Constant —3.226%%*  —1.872%Fk  _3270%Fk - 1.888%¥*  —3260%FF  —1.899%FF  —3.006%*¥*  —1.800%**
(—19.69) (—17.86) (—19.66) (—17.74) (—19.67) (—17.90) (—18.54) (—16.85)
N 12,971 12,971 12,971 12,971 12,971 12,971 12,971 12,971
Adj R-squared 0.198 0.119 0.198 0.118 0.198 0.119 0.197 0.117
F 35.88 19.97 35.83 19.91 35.83 19.98 35.56 19.76

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

and 0.001, respectively, and both are significant at the
1% level. The regression coefficients between the depth
of use index and the quantity of green innovation and
between the depth of use index and the quality of green
innovation are both 0.001, and both are significant at
the 1% level. The regression coefficients between the
digitalization degree index and the quantity and quality
of green innovation are both 0.001, and neither of them
is statistically significant.

Endogeneity test: high-order joint fixed effects model

In Columns (1) and (2) of Table 9, we add high-order joint
fixed effects multiplied by the industry and year, and we
adopt the robust standard error by default. After further
eliminating the endogeneity of the model, the regression
coefficients between digital finance and the quantity and
quality of green innovation are both 0.002, and both are sig-
nificant at the 1% level. The results are the same as above.
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Eliminating the impact of stock market disasters

Both digital finance and enterprise innovation are closely
related to the overall environment of the financial market,
and the fluctuation of the financial market affects the rela-
tionship between them to a certain extent. Therefore, exog-
enous market factors tend to affect the bias of regression
results. In this paper, the method proposed by Tang et al.
(2020) was used as a reference, and the data samples after
2015, which was the year of the stock market crash in China,
were removed to conduct a robustness test. According to
Columns (3) and (4) of Table 9, the regression coefficients
between digital finance and the quantity and quality of green
innovation are both 0.001 after the elimination of data in the
year of the stock market crash, and they are both significant
at the 5% level. The results are still basically the same as
those mentioned above.

Eliminating the influence of municipalities

Compared with other prefecture-level cities, municipalities
have a higher administrative level and more resources. The
innovation activities of enterprises in this region are rela-
tively active, and the development speed of digital finance
is relatively fast. To eliminate the influence of such regional
development, this paper deleted the sample data of four
municipalities (Beijing, Shanghai, Tianjin and Chongging)
for regression. According to Columns (5) and (6) of Table 9,
the regression coefficients between digital finance and the
quantity and quality of green innovation are 0.003 and 0.002,
respectively, after eliminating the data of municipalities
directly under the central government, and both are significant
at the 1% level. The results are the same as above (Table 10).

Discussion
Heterogeneity test
Analyst forecasts

Financial analysts, who set external performance bench-
marks for companies, will indirectly affect strategy setting
and innovation activities (He and Tian 2013). On the one
hand, the fact that analysts give overly optimistic long-term
earnings forecasts will impose too much pressure on manag-
ers and induce myopic behaviour (Dechow et al. 2000; Gra-
ham et al. 2005). On the other hand, the companies offered
under-optimistic forecasts will suffer lower pressure and then
be motivated to focus on long-term innovation. Moreover,
under-valued companies will suffer lower capital support
based on the characteristics of the financial market. There-
fore, it is reasonable to believe that financial inclusion will

@ Springer

stimulate the green innovation activities of under-valued
companies more than those of companies with optimistic
expectations by providing financial support and revealing
information.

Following Hovakimian and Saenyasiri (2014), we cal-
culated every company’s annual average of the difference
between EPS forecasts for the firm by analysts in every
year and the actual EPS in that year, divided by the stock
price of the firm in that year as analyst optimism bias. (Prior
research usually uses the share price or the EPS as a measure
of scale. However, the stock price is often preferred to the
EPS because earnings can be negative (Heflin et al. 2003;
Richardson et al. 2004; Mohanram and Sunder 2006; Her-
rmann et al. 2008)). Then, we use the mean value of ana-
lyst optimism bias to divide the samples into two groups:
companies with lower optimism bias and those with higher
optimism bias.

As we start the model that regresses the number of total
patents (Pat) in these two groups, we find that the coefficient
estimate is 0.003 (p value <0.01) in the samples with lower
optimism bias and is 0.001 (p value <0.10) in the samples
with higher optimism bias. These two parameters show that
financial inclusion (DFII) will exert a smaller impact and a
less significant impact on green innovations in companies
with high expectations. For the two groups, since we use Fish-
er’s permutation test to sample 1000 times, we construct the
empirical distribution of the coefficient difference between the
groups and finally obtain the empirical p value through expe-
rience samples. The empirical p value between the two groups
is 0.029. In Columns 3 and 4, the dependent variable in the
model is replaced by the number of invention-type green pat-
ent applications, and the empirical p value between the two
groups is 0.031. The findings suggest that financial inclusion
can help companies with lower expectations increase their
green innovation since they can be restricted by financial
resources from the market and are under less performance
pressure in the short run (Tables 11 and 12).

Firm-specific information disclosure

Durnev et al. (2003) show that firms that exhibit less syn-
chronicity are able to use more external financing and allo-
cate capital more efficiently. The interpretation is that for
firms with less price synchronicity, arbitrageurs will focus
on the companies’ information, which in turn will decreases
these companies’ information asymmetry and thus improve
their external financing efficiency (Wurgler, 2000; Durnev
et al. 2003). In contrast, firms with high synchronicity may
be restricted by information constraints and finance con-
straints due to the restraint of firm-specific information.
Therefore, financial inclusion can give full play to better
information and resource effects in samples with higher
synchronicity.
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Table 10 Robustness test

Endogeneity test

Eliminating the impact of

Eliminating the influence

stock market disasters of municipalities

Variables (1 ?2) 3) “) ) (6)
Pat Invpat Pat Invpat Pat Invpat

DFII 0.0027%%%* 0.002%** 0.001%*%* 0.001%*%* 0.003%** 0.002%**
4.21) (4.48) (2.08) (2.03) (4.80) (4.76)

age —0.041%* —0.024* —0.041%* —0.029%* —0.054%**  —0.031%*
(—2.28) (—1.66) (- 1.78) (= 1.65) (=2.76) (—=1.99)

size 0.136%** 0.112%** 0.153%#%%* 0.116%%* 0.142%%* 0.109%%**
(23.70) (23.93) (18.27) (18.09) (21.94) (21.48)

lev 0.138%** 0.114%** 0.123%%* 0.130%%%* 0.181%#%* 0.154%#%*
(3.67) (3.76) (2.34) (3.22) (4.39) 4.77)

fin —1.276%**  —1.202%**  —1.499%*%* ] 49]%¥k* ] 843¥*k* ] 580%**
(—=5.94) (—6.93) (=5.12) (—6.64) (—17.85) (—8.59)

mf 0.394%#%** 0.382%** 0.568%** 0.515%** 0.670%** 0.553#%%*
3.91) (4.69) “4.17) (4.93) (5.84) (6.16)

growth —0.001 —0.001 —0.001 —0.001 0.001 0.001
(=0.51) (—0.40) (-041) (—0.08) (0.03) 0.37)

equitycon —0.001 0.002%%** —0.001*%**  —0.001*%**  —0.001 —0.001%*
(—1.05) (3.02) (—2.59) (—3.13) (—1.43) (—2.28)

board 0.037 —0.001**  0.060* 0.059%%* 0.019 0.029
(1.51) (—2.45) (1.70) (2.18) 0.72) (1.39)

pid 0.108 0.036* —-0.024 0.021 0.116 0.139%%*
(1.37) (1.83) (-0.22) (0.25) (1.37) (2.10)

duality —0.022%* 0.142%%* —-0.024 —0.027* -0.018 —0.019%
(=1.70) (2.25) (- 1.31) (—-1.93) (—1.30) (- 1.73)

opion 0.015 —0.021**  0.008 0.016 0.030 0.023
0.44) (—2.09) (0.16) (0.39) (0.83) (0.82)

labour —-3.871*%*  0.020 —2.761 —2.403 —7.664%%* 5 820%**
(—2.54) (0.73) (—1.25) (-1.42) (—3.85) (=3.74)

findev —0.079%**  —3250%**  —(.060* —0.041 —0.198%**  —(.145%**
(—3.85) (—2.66) (- 1.78) (—1.58) (—4.20) (=3.91)

Time fixed effect Yes —0.062%**  Yes Yes Yes Yes

Industry fixed effect Yes (=3.77) Yes Yes Yes Yes

Time fixed Yes Yes - - - -

effect X Industry
fixed effect

Constant —2.920%**  —2.437k**x 3 2Twkk D 534%kk D Q3Fkkk D FIGkkk
(-=12.97) (—13.52) (—14.54) (—14.67) (—16.53) (—16.68)

N 12,971 12,615 6,470 6,470 10,685 10,685

Adj R-squared 0.147 0.129 0.155 0.139 0.164 0.147

F 4.897 4.251 14.62 12.96 24.33 21.43

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

Following Piotroski and Roulstone (2004) and Gul et al.
(2010), we measure stock return synchronicity in the follow-
ing way. For each calendar year, we estimate the following

linear regression:

Ry, =PBy+ PRy, + PRy + PR+ PRy + 01 (4)

where R denotes the weekly return on A-shares traded on
either the Shanghai or Shenzhen Exchange for firm i at time
t. R, and R; denote the value-weighted A-share market
return and industry return, respectively. The A-share market
return is based on the composite (value-weighted) A-share
index, which reflects A-share price movements in both the

Shanghai and Shenzhen Exchanges.
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Table 11 Heterogeneity test:

analyst forecasts

The industry return is created using all firms within the
same industry, omitting the weekly return for firm i.° We
include lagged industry and market returns to alleviate

% We adopt the 13-industry classification (A-M) system from the

Pat Invpat
Variables (1) 2) 3) “4)
Samples with lower Samples with Samples with lower Samples with
optimism bias higher optimism optimism bias higher optimism
bias bias
DFII 0.003%#* 0.001* 0.002%** 0.001%*
(3.65) (1.95) (3.38) (1.97)
age —0.044 —0.039% -0.021 -0.026
(—1.52) (—1.74) (-0.92) (-1.50)
size 0.121%%* 0.145%** 0.102%** 0.112%**
(12.46) (20.38) (12.99) (20.37)
lev 0.221%%* 0.107%* 0.199%** 0.096%**
(3.36) (2.40) (3.75) (2.80)
fin —1.289%** —1.332%%* -1.504%*%* -1.089%**
(—3.36) (=5.32) (-4.86) (-5.65)
mf —0.039 0.690%** 0.117 0.554%**
(—0.24) (5.59) (0.90) (5.84)
growth —0.007* —0.001 -0.006* 0.001
(—1.66) (=0.21) (-1.70) (0.06)
equitycon —0.001 —0.001 -0.001** -0.001
(—1.13) (=0.23) (-2.16) (-1.14)
board 0.027 0.034 0.034 0.038
(0.68) (1.12) (1.09) (1.63)
pid 0.061 0.115 0.078 0.155%*
(0.50) (1.17) 0.79) (2.05)
duality —0.034* —0.004 -0.025 -0.012
(—1.72) (—0.25) (-1.57) (-0.95)
opion -0.015 0.015 -0.073 0.019
(—0.16) (0.43) (-0.96) (0.70)
labour —8.219%** —0.805 -6.572% %% -0.772
(—3.35) (—0.43) (-3.32) (-0.53)
findev —0.092%** —0.060%* -0.070%** -0.038*
(—2.84) (—2.30) (-2.68) (-1.90)
Time fixed effect Yes Yes Yes Yes
Industry fixed effect  Yes Yes Yes Yes
Constant —2.303%*** —3.203%** -1.911%%* -2.538Hk*
(—8.05) (—16.40) (-8.28) (-16.89)
N 5,640 7,331 5,640 7,331
Adj R-squared 0.168 0.156 0.146 0.140
F 13.49 15.77 11.60 14.00
p value 0.029%* 0.031%%*

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

concerns over potential non-synchronous trading biases
(Scholes and Williams 1977; French et al. 1987).
To circumvent the bounded nature of R within [0,1], follow-

ing Morck et al. (2000), we use a logistic transformation of R%;:

China Securities Regulatory Commission (CSRC). For the manufac-
turing industry (C), we use the two-digit CSRC industry code (C1-
C9). Thus, we have 21 industries in total.
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Table 12 .Het.erogenei.ty test: Pat Invpat
firm-specific information
disclosure Variables 1) 2) 3) @)
Samples with higher Samples with less ~ Samples with higher Samples with
synchronicity synchronicity synchronicity less synchro-
nicity
DFII 0.003%** 0.001 0.002%** 0.001
(4.64) (1.14) (4.54) (1.10)
age —0.046%* —0.039 -0.024 -0.025
(—1.83) (—1.54) (-1.23) (-1.24)
size 0.130%** 0.141%%* 0.106%** 0.114%**
(16.48) (16.94) (17.10) (17.29)
lev 0.131%* 0.144%%* 0.090%* 0.155%**
(2.48) (2.77) (2.16) (3.78)
fin —1.113%** — 1.475%%** -1.103*%*%* -1.345%%%*
(—3.86) (—4.78) (-4.86) (-5.52)
mf 0.436%** 0.497%%* 0.433%** 0.439%**
(3.15) (3.56) (3.98) (3.98)
growth —0.002 0.001 -0.001 -0.001
(=0.74) (0.10) (-0.05) (-0.23)
equitycon 0.001 —0.001 -0.001 -0.001%**
(0.32) (—1.41) (-0.99) (-2.08)
board 0.018 0.047 0.024 0.052%*
(0.53) (1.36) (0.91) (1.91)
pid 0.125 0.043 0.168%* 0.065
(1.17) (0.39) (2.00) 0.74)
duality —-0.021 -0.019 -0.026* -0.014
(—1.20) (—1.08) (-1.89) (-1.00)
opion 0.049 -0.016 0.011 0.004
(0.99) (=0.36) (0.28) (0.13)
labour —2.269 —5.554%* -1.380 -5.266%%%*
(—1.10) (—2.52) (-0.85) (-3.04)
findev —0.128%** —0.020 -0.093 %% -0.014
(—4.62) (-0.67) (-4.23) (-0.60)
Time fixed effect Yes Yes Yes Yes
Industry fixed effect Yes Yes Yes Yes
Constant —2.882%** —2.864%%* -2.370% %% -2.378%%*
(—12.98) (—12.64) (-13.57) (-13.31)
N 6,955 6,016 6,955 6,016
Adj R-squared 0.166 0.148 0.146 0.133
F 16.23 12.34 14.07 11.03
p value 0.002%%** 0.033%*

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

where SYNCH,; is our empirical measure of annual synchro-
nicity for firm i. A high SYNCH indicates that the firm’s
price synchronicity is low and highly related to the market.
RZ is the coefficient of determination from the estimation
of Eq. (1) for firm i.

After we calculate the SYNCH for each company in our
panel data, we divide all samples into two groups by the

mean value of SYNCH, including samples with higher syn-
chronicity and with lower synchronicity. When the depend-
ent variable is Pat in Columns 1 and 2, the coefficient esti-
mates are 0.003 (p value <0.01) and 0.001 (p value>0.1),
respectively, for the two groups. When the dependent vari-
able is Invpat in Columns 3 and 4, the coefficient estimates
show the same results, 0.002 (p value <0.01) and 0.001 (p
value > 0.1), respectively, for the two groups. It can be seen
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directly that financial inclusion (DFII) loses its significance
for firms with less synchronicity. For the two groups, since
we use Fisher’s permutation test to sample 1000 times,
the empirical p values are 0.002 and 0.033. Therefore, the
results demonstrate that financial inclusion can encourage
samples with higher synchronicity and information asym-
metry to use the market by providing financial support and
disclosing firm-specific information. In addition, we find
that the heterogeneity is more obvious in the total number
of applications (Pat), indicating that external funding sup-
port will more obviously contribute to the quantity than the
quality of green innovation.

Further study
The possible dark side of financial inclusion

We consider that financial inclusion provides various financ-
ing channels but possibly causes over-investment or self-
serving behaviour due to regulatory tolerance (Zhai et al.
2021; Huang and Huang 2018). The dark side of financial
inclusion can have a negative influence on green innovation.
On the other hand, financial inclusion can decrease informa-
tion asymmetry not only between companies and financial
industries but also between managers and shareholders. The
information effect of financial inclusion enhances the regula-
tory environment internally and externally, which possibly
restrains agency problems.

Therefore, we solve the dark-side problems in two ways:
(1) we add inefficient investment (ineff) into the baseline
regression to remove the impact of the self-serving behav-
iour of managers (Riaz and Igbal, 2015; Malmendier and
Tate 2005). (2) We divide the samples into two groups by
the mean value of the management expense ratio and then
run the basic model with the two samples to perform a het-
erogeneity test.

First, following Richardson (2006) and Malmendier and
Tate (2005), we measure inefficient investment in the follow-
ing way. For each calendar year, we estimate the following
linear regression:

Invest;, = ay + ayInvest;,_; + a,Size;,_y + asLev;, | + a,Growth;,_; + asAge;,

+agRet;,_ + a;CFO;,_, + 2 Year + 2 Ind+4;

(6)

In Model (6), Invest; _, is the current investment scale,
Size;,_, is the size of the enterprise, Lev;,_, is the capital
structure, Growth;,_, is the growth rate of the main busi-
ness revenue, Age;, | is the age of the enterprise, Ret;
is the return rate of stock, CFO;,_, is the net cash flow of
operating activities and the fixed effect of the industry is
simultaneously considered. This study uses Model (6) to
calculate the optimal investment scale of the enterprise in
the current period and then subtracts the optimal investment

@ Springer

Table 13 Controlling inefficient investment in the baseline regression

Variables @)) 2)
Pat Invpat

DFII 0.002°%#* 0.001%**
4.17) (4.24)

ineff —0.046* -0.029
(- 1.68) (=135

age —0.035% —0.021
(-1.92) (—1.43)

size 0.138*#* 0.111 %%
(23.81) (24.26)

lev 0.127%#* 0.115%*%
(3.34) (3.86)

fin —1.272%%* — 1.223%#*
(=5.91) (=7.20)

mf 0.465%#* 0.439%%*
4.61) (5.51)

growth —-0.001 —0.001
(=0.65) (-0.31)

equitycon —0.001 —0.001%**
(—1.18) (=2.61)

board 0.026 0.031
(1.04) (1.60)

pid 0.131* 0.136%*
1.67) (2.20)

duality -0.014 -0.016
(—1.06) (=1.61)

opion 0.021 0.013
(0.62) (0.48)

labour —4.03] % —3.250%#*
(=2.64) (—2.69)

findev —0.077%** —0.057%**
(=3.77) (—3.55)

Time fixed effect Yes Yes

Industry fixed effect Yes Yes

Constant —2.947%%% —2.402%*%
(—18.32) (—18.91)

N 12,354 12,354

Adj R-squared 0.163 0.144

F 26.82 23.37

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

scale from the actual investment scale. The absolute value
of the residual represents the inefficient investment level of
the enterprise.

Second, the level of management expense represents
the self-serving behaviour of managers (Benston 1985).
The higher the expense is, the more self-serving behaviour
managers may have and the poorer the supervision environ-
ment of these companies will be. We thus divide the samples
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Table 14 Heterogeneity test: management expense ratio

Pat Invpat

Variables (€)) 2) 3) “)
Samples with a higher man-  Samples with a lower man- ~ Samples with a higher man- ~ Samples with a lower
agement expense agement expense agement expense management expense

DFII 0.003*** 0.001 0.003%*%* 0.001
(5.01) (1.25) (4.86) (1.28)

age -0.021 —0.062%** —0.020 —0.031%
(=0.78) (=2.61) (—0.95) (—-1.69)

size 0.123%%% 0.146%** 0.098%*** 0.117%%*
(12.46) (20.26) (12.64) (20.64)

lev 0.226%** 0.108%* 0.221%%* 0.090%*
(3.82) (2.22) (4.73) (2.37)

fin —1.015%** —1.8627%** — 1.152%** — 1.580%**
(—3.40) (=6.01) (—4.88) (—6.48)

mf 0.2817%* 1.795%** 0.268%* 1.359%*
(2.06) (4.93) (2.48) 4.75)

growth 0.001 —-0.003 0.001 —0.001
(0.30) (—1.08) (0.18) (—0.66)

equitycon —0.002%** 0.001 —0.002%** —0.001
(—2.84) 0.72) (=3.23) (—0.65)

board 0.041 0.025 0.048 0.029
(1.10) (0.80) (1.63) (1.16)

pid 0.056 0.134 0.087 0.151*
0.47) (1.33) 0.91) (1.91)

duality -0.030 —0.009 —0.030%* -0.010
(-1.59) (—0.53) (—2.00) (=0.76)

opion —0.049 0.067 —0.031 0.043
(—1.00) (1.48) (—0.81) (1.20)

labour —6.359%:* —-2.284 —5.488** —1.687
(=2.71) (—1.15) (—=2.96) (—1.08)

findev —0.156%%* -0.020 —0.110%** -0.015
(—4.95) (=0.74) (—4.41) (=0.71)

Time fixed effect Yes Yes Yes Yes

Industry fixed effect Yes Yes Yes Yes

Constant —2.495%%* —3.244%%% —2.047%%:% —2.646%**
(—9.83) (—15.25) (—10.21) (—15.81)

N 5,026 7,945 5,026 7,945

Adj R-squared 0.147 0.172 0.141 0.146

F 10.76 19.80 10.25 16.46

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

by the management expense ratio to test whether financial
inclusion can lose its effect in companies with higher man-
agement expenses.

Table 13 shows the regression result when we add
inefficient investment (ineff) to the baseline regression.
The coefficient estimate is 0.002 and is significant at
the 1% level when the independent variable is Pat. The
coefficient estimate is 0.001 and is significant at the 1%
level when the independent variable is Invpat. The results

demonstrate that financial inclusion can still exert its
effect when considering the impact of managers’ self-
serving behaviour. Table 14 shows the regression results
for different levels of management expense. When the
dependent variable is Pat in Columns 1 and 2, the coef-
ficient estimates are 0.003 (p value <0.01) and 0.001 (p
value > 0.1) for the two groups, respectively. When the
dependent variable is Invpat in Columns 3 and 4, the
estimate of the coefficient shows the same results, 0.003
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Table 15 The spillover effect of financial inclusion on the quality of
green innovation

Variables @)) (2)
Invpat Invpat
DFII 0.001%** 0.001 %3
(3.47) (2.76)
Genpat 0.666%*** 0.663%**
(86.56) (86.45)
RND 1.723%**
(9.82)
age —0.006 0.001
(=0.50) (0.08)
size 0.064*** 0.0627%**
(17.96) (17.56)
lev 0.081%** 0.078%%*
(3.50) (3.41)
fin —0.936%** —0.759%%*
(=7.13) (—5.76)
mf 0.349%** 0.242%%*
(5.70) (3.89)
growth 0.001 0.001
(0.20) (0.01)
equitycon —0.001%** —0.001%**
(—4.15) (—4.08)
board 0.032%* 0.031%*
(2.16) (2.06)
pid 0.073 0.068
(1.51) (1.42)
duality —0.013% -0.013%*
(—1.66) (—1.65)
opion 0.005 —0.001
(0.24) (=0.07)
labour —1.653% —1.806%*
(=1.76) (=1.93)
findev —0.030%* —0.025%
(=2.41) (=1.95)
Time fixed effect Yes Yes
Industry fixed effect Yes Yes
Constant — 1.407%** —1.381%**
(—14.24) (—14.02)
N 12,971 12,971
Adj R-squared 0.457 0.461
F 118.5 119.1

t-statistics in parentheses. *p <0.1; **p <0.05; ***p <0.01

(p value <0.01) and 0.001 (p value > 0.1) for the two
groups, respectively. It can be seen directly that financial
inclusion (DFII) is significant for firms with a higher
management expense ratio. The results demonstrate that
financial inclusion cannot only exert resource and infor-
mation effects when companies contain agency problems
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but also increase green innovation, especially when the
supervision environment in companies is poor.

The spillover effect of financial inclusion on the quality
of green innovation

To reveal the spillover effect of financial inclusion on the
quality of green innovation, we also control the number
of utility model patents (Genpat) in the baseline regres-
sion. The reason we do not control the number of total
applications is that the geometrical relationship between
the number of total applications (Pat) and the number of
invention-type applications (Invpat) can affect the estima-
tion results of the baseline regression. When we control
for the number of utility model patents, the coefficient
estimate of financial inclusion is 0.001 and is still signifi-
cant at 1%. Meanwhile, we further control for research
input in Column 2 to remove the influence of increasing
total input. Financial inclusion is still significant at 1%,
and the coefficient estimate remains the same. We thus
believe that financial inclusion can exert an information
effect on the innovation process and additionally help
develop more invention-type green innovations, which
are recognized as having a higher level of quality and
constituting higher barriers to application (Table 15).

Conclusions and policy implications

This paper empirically examines the driving factors of dig-
ital finance on enterprises’ green innovation from the per-
spective of the resource effect and the information effect.
It does so by taking A-shared listed companies in China
from 2011 to 2019 as samples, and it discusses the hetero-
geneous impact on different samples with differentiated
information and resource constraints. The core conclusions
of this paper are as follows:

(1) Digital finance can stimulate green innovation activities
by increasing the coverage of digital finance and the
depth of use.

(2) Digital finance can significantly improve the quantity
and quality of green innovation of enterprises by alle-
viating financial constraints and giving full play to the
internal and external information effect.

(3) The discussion shows that the effect of digital finance
is heterogeneous and can more significantly and effec-
tively stimulate the green innovations of samples with
lower analyst optimism bias and higher synchronicity.

Based on the research results above, we propose the
following policy recommendations.
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(1) The Chinese government should accelerate the popu-
larization, development and coverage of digital finance.
Digital finance enterprises can develop new technolo-
gies and functions that are not limited to facilitating
payment, and they can enhance the use of digital
finance. For the breadth of coverage, the government
can encourage the diversified development of digital
financial platforms to lower the threshold of digital
financial services. Furthermore, to allow more regions
to popularize digital finance at the same time, digital
finance enterprises should pay attention to the combi-
nation and development of new technologies, such as
artificial intelligence and big data. Doing so can not
only improve the service efficiency of digital finance
but also give full play to the information effect of digi-
tal finance by focusing on the information business of
digital finance, such as consumer analysis and demand
point analysis.

(2) In view of the result that digital finance can exert an
information effect to enhance the green innovation of
enterprises, it would be wise for enterprises and other
users to broaden the use depth of digital finance and
improve the digital degree of management and deci-
sion-making. Internally, enterprises can try to apply
the information effect brought by digital finance to
improve management efficiency and decision-making
accuracy. Externally, enterprises can use digital finance
to increase their information exposure and reduce the
problem of unsupported green products caused by
information asymmetry.

(3) For the problem of limited equity and firm-specific
information disclosure, digital finance enterprises
can pay more attention to firm-specific and firm-
related information when guiding the allocation of
public funds. Doing so can thus help companies with
resources and information disadvantages reveal more
helpful information and gain more public funds. In
addition, enterprises with low financial constraints
probably do not need digital finance to obtain funds, but
they can flexibly use digital finance to make investment
judgements and perform risk management in manage-
ment and decision-making.

This research should be considered in light of a few
limitations. First, the green innovation measure used in the
study simply takes patent applications into account, which
is only one aspect in depicting a company’s green innova-
tion. Future studies should consider a more comprehensive
method to reflect the ability and willingness of a company
to engage in green innovation. However, considering the
availability of data, we divided green innovation into inven-
tion green innovation and general green innovation to enrich
the study as much as possible. In addition, our samples are

restricted to Chinese listed companies. Our findings are also
restricted to the situation of Chinese digital finance to some
extent. It is true that digital finance in China cannot operate
without some outstanding leading companies such as Alipay.
However, we hope that our findings can be used worldwide
and that a more diverse organizational form or transnational
companies can be used in future studies.
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