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Summary

Nowadays, in the context of environmental pollution seriously affecting the quality of life, green
investment becomes a more noticeable highlight, especially the shift in corporate strategies toward
sustainable development for the economy and environment (Yuan et al., 2018). Moreover, the
innovation of digital finance has brought many positive changes in promoting economic efficiency, which
brings many advantages to green investment projects (Wu & Huang, 2022). Previous studies have
proved a positive correlation between the level of digital finance adoption and green investment.
Accordingly, green investment projects tend to be more expanded in companies with high levels of
digital finance application. However, the poor return rate linked to high risk in green investment projects
may adversely affect the operational performance of firms and financial institutions funding the capital,
leading to certain difficulties for green investment projects in accessing the economic resources.

Therefore, evaluating the financial results of these projects becomes essential.

In this paper, we replicate the result of an existing study by Ding et al., (2023) to prove the relationship
between digital finance and green investment with the same approach on data of heavily polluting
industries in China from 2011 to 2020, and expand our research about the financial effectiveness that

digital finance has made on green investment corporates by taking Return on Assets (ROA) into account.



This study employs the R programming language to execute panel models, approaching the objectives
in two stages. In the early stage, this paper examines the coefficient of digital finance and green
investment with and without the inclusion of size, age, leverage, growth, stock, GDP and upgrade as
control variables. To handle panel data, we keep firm, year, industry and area as fixed factors for the
regressions. The results highlight a positive relationship through different models: the higher the level
of digital finance application, the greater the company’s green investment index. We use specification
curve analysis as a robustness test for the model. By that, the main independent variable remains stable
in serveral test groups with different variables and confirms the outcome of the original study. An
additional robustness test conducted in this study involves specifications fixed effects. We sequentially
remove each fixed factor from the model and eventually eliminate all fixed effects to observe the impact
on the results. The coefficients of Digfin and Ginvest remain positive when area and industry fixed effects
are excluded. However, they turn negative upon the removal of year, firm, and all fixed factors showing
the importance of firm and year as fixed factors in panel data. This outcome partially supports the
robustness of our findings and underscores the vital role of including fixed effects in the model.

Consequently, the result of the original paper by Ding et al., (2023) is confirmed once again.

Previous studies demonstrate that China has emerged as the global leader in digital financial
development, which creates a lot of opportunities for economic entities to access capital. However, green
investment corporates still face a big barrier to acquiring financial resources due to its drawbacks.
Without the driving of government strategy and the stimulation of the domestic economy, this will
become a challenging problem for these entities. That is why we execute a meditation model in the
second stage, in which, ROA is a financial mediator in the relationship between digital finance and green
investment to evaluate the business effectiveness via the financial aspect. However, the result shows
that ROA does not have statistical significance in the mediation model.

In this study, other factors that may have an impact on green investment of heavy industries in China
are considered. Our analysis emphasizes that there are some key policies released by the government
from 2015 to 2016 that have made significant changes in many corporations in these industries.
Particularly, the Supply-Side Structural Reforms (2015) has forced entities in the steel sector to reduce
production and transition toward cleaner manufacturing processes while the Guidelines for Establishing
the Green Financial System promote green finance at a national level to promote green investment.
Additionally, the tariff impact from the US-China trade war is considered as a financial constraint which
negatively affects heavily polluting industries in China, leads to a potential decrease of green investment

level in these industries.

Once again, the result of this study strengthens the positive coefficients between digital finance and
green investment through a linear regression model with trusted robustness tests and points out the
political and economic factors that could impact the findings. However, there are some existing
limitations in this research. The analysis uses the existing data and focuses mainly on heavily polluting

industries in China, without considering other domains and regions, leading to narrow down the



applicability of the outcomes. The result of the mediation model fails to use a financial variable (ROA)

as a mediator to assess the economic efficiency of applying digital finance in green investment

For future research, we suggest expanding the samples to other economic markets and industries to
enhance the applicability of the model and different financial indicators such as Profit per Share (PB),
Return on Equity (ROE), Payback Period, and the Debt-to-Equity Ratio should be involved to assess the
effectiveness of green investment projects. By doing that, we can contribute empirical evidence in
determining the financial potential of green investment corporate, helping green investment enterprises
have more opportunities to access financing sources, as well as investors make safe and correct

decisions, thereby creating a “green” economic market.
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1. Introduction

For decades, green investment has been a significant concern for society due to its positive environmental
and social impacts (Hill, 2020). In the context of escalating global environmental pollution, green
investment has become even more crucial, serving as an effective mechanism to address environmental
challenges. However, one of the primary obstacles faced by green investment projects is the difficulty in
accessing capital. Given that these projects prioritize environmental benefits over financial returns, they
are more likely to attract funding from governments and non-profit organizations rather than private
sector investors (Ding et al., 2023). Consequently, the cash flow generated by such projects may be

insufficient to secure high-cost capital, thereby limiting their growth and development potential.

In an era where technology is shaping global trends, its positive impact on the financial system is
undeniable. The rise of digital finance and FinTech has enabled businesses to enhance the quality of
services, increase operating efficiency, and improve customer experience (Gomber et al., 2017). Since
digital finance has gained more attention and investment, it has significantly contributed to improving
business efficiency by reducing operational costs. Notably, one of the most impactful benefits of digital
finance is its ability to provide a professional system that automates processes, eliminates manual
operations, and safeguards stakeholders’ interests by reducing managerial self-interest in decision-
making (Ozili, 2021).

Furthermore, advancements in technologies such as blockchain, machine learning, and big data have
enhanced information transparency, enabling banks to access more accurate financial data. This, in turn,
reduces the cost of acquiring information about firms and society (Mu et al., 2023). As a result,
corporations, particularly those engaged in green investment, have greater opportunities to access capital
at lower costs (Wu & Huang, 2022). Moving towards a sustainable economy requires prioritizing both
people and the environment as key factors in development. While people remain at the core of economic
decision-making, shaping its direction and growth, the environment plays a fundamental role in all aspects

of development due to its direct impact on human life, economic stability, and societal progress.

Several previous studies have shown a correlation between the level of adoption of digital finance and
green investment. Specifically, in the original study, Ding et al. (2023) showed that digital finance has a
positive impact on green investment of heavily polluting firms by increasing cash flow and strengthening
these organizations' competitiveness in the market. In another study, Mu et al., (2023) concluded that
digital finance enhances corporate ESG performance by mitigating corporate financial constraints and
highlighting digital finance as a critical tool for promoting sustainable practices, especially in
underdeveloped regions or smaller firms that typically face financing challenges. In addition to the
benefits that digital finance brings, such as greater financial inclusion, expansion of formal financial
services to non-financial sectors, and providing convenient and secure banking services for other
economic institutions, there are still some challenges that the general economy must face, such as an
excessive focus on transaction accounts, weak and untimely regulation, and disruption (Ozili, 2021). It is
emphasized that the current challenge of green finance is the possibility of attracting private participation

investors due to its several risks along with a low return rate. This is also a negative signal to financial
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institutions that financially support green investment corporates. Therefore, many policies and strategies
that give priority to green investment should be introduced to stimulate innovation, potentially leading to
competitive advantages and improved profitability of green investment corporates (Chen & Ma, 2021).

Current studies provide a foundation for the relationship between digital finance and green investment.
However, there is no information about evaluating the performance effectiveness that digital finance
brings to green investment corporates. This is a significant problem because it not only impacts the
business results of green investment companies but also affects financial institutions that financially
support these investments. To address the existing concern, we perform a replication study and robust
analysis about the research outcome of Ding et al. (2023) to strengthen the proofs about the correlation
of digital finance and green investment. Additionally, this paper also contributes analytical results about
the ability to use ROA to assess the business performance of green investment projects with digital finance
applications. Our research questions below are therefore answered:

e Does digital finance have a positive effect on corporate green investment?
e Can ROA be the mediator between digital finance and green investment?

The structure of this study is as follows: In Section 2, Literature review and theoretical analysis are
presented, followed by Data and methodology in Section 3. In Section 4, this study discusses the Results
of the regression model. Challenges and limitations of the research are demonstrated in Section 5 and

then, Section 6 provides a wrap-up for the full paper.

2. Literature review

2.1. Main factors driving green investment

Awaring the concequences of global warming and pollution, worldwide consumers have tended to express
their preferences for environmentally friendly products which lead to the changes in consumption
behavior. Consequently, more and more companies catch the trend and focus on investing in green
projects (Chitimiea et al., 2021). Eyraud et al. (2013) define green investment as an ecological civilization
idea that aims to lower air pollution and greenhouse gas emissions without reducing the production and
consumption of non-energy items. Hence, by introducing environmentally friendly practices, green
investments can enhance the sustainable development of a country (Kwilinski et al., 2023). However,
achieving the "win-win" outcome for both ecological objectives and economic benefits is not easy (Chen
& Ma, 2021). The main problems these investments have to face are a low return rate along with higher
risk compared to other kinds of investments. It will limit the ability of green investment to acess financial

resources as well as attract new investors from private sectors (Ozili, 2021).

In their study, Chitimiea et al. (2021) highlighted key factors influencing green investment are political
situations and economic development level. By issuing effective environmental policies and plans,
governments can boost the applicable level of green investment, aiming at a green and sustainable
economy (Kwilinski et al., 2023). It leads to the introducing of many new financial instruments such as

green bond and green central banking, targeting to support projects and entities which are considered as
5



green investments (Ozili, 2021). Economic characteristics also have a direct effect on the financial
performance of green investments projects due to emphazing the consumption habbit, productivity of
corporates and carbon emission level (Chitimiea et al., 2021). Furthermore, it is illustrated that high

economic growth and income level will increase environmental awareness (Eyraud et al., 2013).

Due to the significant growth of China’s economy in the past 40 years, manufacturing activities cause
serious environmental pollution, which mostly comes from low production cost and lack of environmental
protection regulations (Chen & Ma, 2021), makes China becoming a major global polluter (Xin et al.,
2022). Thus, the implementation of green investment and sustainable development become an important

issue for China’s government (Xin et al., 2022).

2.2. The development of digital finance

In their research, Risman et al. (2021) emphasized that the stability of the financial system is dependent
on financial infrastructure, leading to a phenomenon of globalization in the financial sector which is called
Digital finance. Digital finance formed by the combination of finance and technology (Xin et al., 2022), by
improving the delivery of traditional tasks to introducing fundamentally new business opportunities and
models (Gomber et al., 2017). It includes all products and services that enable individuals and companies
to obtain payments, savings, and credit facilities through the internet without having to visit bank
branches or directly deal with financial service providers (Liu et al., 2022). With the breakthrough
innovations it brings, digital finance allows firms to broaden their financing sources from traditional to e-
finance and enhance the effectiveness of distortion of credit resource allocation in the traditional financial
system (Guo et al., 2024). Furthermore, the application of big data also improves corporate information
transparency, which helps to mitigate information asymmetries in financial markets (Mu et al., 2023). As
a result, digital finance involves compensating for the deficiency in traditional financial services, enhancing
credit availability and liquidity for firms (Liu et al., 2022). Thanks to the revolution of information
technology, digitial finance can take advantage of the scale effect with lower cost, which provides users
with high-quality services with affordable prices. The eliminating governance mechanisms of traditional
finance, digital finance also gains benefit from the behavioral footprints and accurate judging credit risks.

Therefore, the risk control ability has improved significantly (Rao et al., 2022).

In China, the strict financial supervision leads to a high barrier to entry financial industry (Liu et al.,
2022). Moreover, for a long time, China’s bank dominated indirect financing system, credit resource is
priority to large state-owned firms which limits the financing resources and makes it more difficult for
small and medium entities to access capital (Guo et al., 2024). But with the development of digital finance,
operating costs of financial institutions drop dramatically, opening up opportunities for other businesses
to enter the finance industry (Liu et al., 2022). Although Alipay's 2004 launch marked the beginning of
digital banking, the industry officially considers 2013 to be the first year of its development. In just over
a decade, China has emerged as the global leader in digital financial development with mobile payment,
internet banking and other digital financial ecosystems considered globally influential (Rao et al., 2022).
According to the Digital Payments Report 2021 released by Statista, China is one of the biggest markets
in the world in digital payment with total transactions value exceeds 2,400 billion USD in 2020. More
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specifically, another report of Peking University Digital Inclusion Financial Index highlights the
improvement of digital finance inclusion in 2020 is 10 times that corresponding figure in 2011. This
positions China in the leading top of the world in the digital finance scale and application (Tang et al.,
20204, b).

2.3. Using Return on Assets to evaluate corporate operation

Considering the inclusion of several risks and low return rate of green invesment corporates (Ozili, 2021),
evaluating business performance of these entities is more essential. In their research, Petersen and
Schoeman (2008) demonstrated that ROA provides information about how much profits a company gains
on average by each unit of its assets. High profitability (ROA) represents a company with effective

business, which gains positive responses from investors (Husna & Satria, 2019).

2.4, Hypotheses analysis

2.4.1. The relationship between digital finance and green investment

By reducing energy consumption, improving resource utilization efficiency and seeking new renewable
energy, green investment brings many befenits to the environment, but it will increase cost burden for
corporates (Chen & Ma, 2021). However, the implementation of digital finance supports mitigating
financial constraints and enhancing green investment corporates performance (Mu et al., 2023). Digital
finance provides effective financing channels and breaking through the geographical barriers between
traditional banks and corporates which lead to capital accessibility for these entities, leading to the reduce
of transaction cost and an affordable financial leverage (Liu et al., 2022). Based on this foundation, we

propose the first hypothesis:
H1: Digital finance has a positive impact on green investment

2.4.2. The impact of ROA in the relationship between digital finance and green investment

ROA is a common metric in evaluating business performance (Petersen and Schoeman, 2008). By that
way, we can evaluate the efficiency of a business in using capital. Since green investment projects contain
several risks with low return rate for investors (Ozili, 2021), assessing the financial performance of these
projects becomes more and more important. As digital finance can boost corporates financial peformance

(Mu et al., 2023), we propose the following hypothesis:
H2a: Digital finance positively influences ROA of green investment corporates

In this study, we choose ROA as a mediator in the relationship between digital finance and green
investment. Hence, the financial performance evaluation of digital finance would be applied for green

investment. We propose the following hypothesis:
H2b: ROA mediates the relationship between digital finance and green investment of an entity

3. Data and methodology



3.1. Data

The most significant source of pollution is pollution-intensive industries, especially in a big economy like
China (Xin et al., 2022). Therefore, the implementation of green investment principles and the promotion
of sustainable economic growth have emerged as critical concerns for both governments and enterprises.
Considering the important impact of pollution-intensive industries in general and heavily polluting
industries specifically on the environment, this study uses data from A-share listed companies in the
heavily polluting industry in China in the period from 2011 to 2020. The sample does not include financial
firms, and all continuous variables are winsorized in the 1st and 99th percentiles. Data on digital finance
are sourced from the Center for Internet Finance Research at Peking University, while firm-and-city-level
data are collected from the CSMAR database and the China City Statistical Yearbook. Table 1 provides us
with the descriptive statistics of all variables considered. Additionally, Table 2 exhibits the correlation
coefficients between variables that highlight the strong statistical relationship of some variables such as
Ginvest and Size, Ginvest and Stock, Digfin and GDP, Digfin and Upgrade, ROA and Leverage with highly
significant levels (p < 1%). The variance inflation factors of all variables are under 10, proving that there

are no multicollinearity problems in the model.



Table 1. Descriptive statistics

Std.
Variables Name of variable Definition Mean b Min Max
ev.
Explained
bl Ginvest Green investment Expresses total green investment of an entity 16.08 4.68 0.00 25.40
variable
Explanatory
bl Digfin Digital finance index Digital inclusive finance index by Ant Financial 199.05 70.98 46.04 320.79
variable
Mediating Profitability index, measured by net profit divided
Roa Return on assets 0.03 0.05 -0.23 0.27
variable by total assets
Size Firm size Measured by total assets of the firm 22.71 1.38 20.06 26.33
Age Firm age Longevity of firm 2.43 0.67 0.69 3.37
Leverage Asset-liability ratio Measured by gross liability divided by total assets 0.48 0.20 0.05 0.97
Control Growth Growth potential Illustrated by the growth rate of total assets 0.11 0.22 -0.45 2.04
ontro
. Check-and-balance
variables Stock Expresses the ownership structure of the firm 14.70 34.41 1.00 778.16
ownership
GDP Economic growth level Measured by city, GDP per capita 11.17 0.58 9.09 13.06
) Ratio of tertiary industry added value to
Upgrade Urban industry upgrade 1.07 0.56 0.14 8.75

secondary industry added value




Table 2. Correlation coefficient

Ginvest Digfin Roa Size Age Leverage Growth Stock GDP Upgrade
Ginvest 1.000
Digfin 0.034 1.000
Roa -0.007 0.126 1.000
Size 0.410*** 0.139 -0.029 1.000
Age 0.123 0.126 -0.169 0.366%** 1.000
Leverage 0.196 -0.143 -0.404%** 0.471%%* 0.338 1.000
Growth -0.011 -0.026 0.246%** -0.015 -0.213 -0.069 1.000
Stock 0.462%** -0.135 -0.090 0.078 0.089 0.137 -0.075 1.000
GDP 0.049 0.563*** 0.096 0.146 -0.018 -0.089 0.017 -0.065 1.000
Upgrade -0.043  -0.515%** -0.075 -0.177 -0.119 0.017 0.021 0.083  -0.310*** 1.000

Notes: *, ** *** represent significance at level of 10%, 5% and 1% respectively.
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3.2. Empirical approach

To confirm the conclusion of the original paper and test Hypothesis 1, we construct the following

benchmark models:
Ginvestyy = ag + a,Digfing +v; + A +v; + 8 + € (1)
Ginvest;y = bg + by Digfin; + byControls;; +v; + A + vj + 8, + £+(2)

In which Model (1) is used to test the coefficient of Digfin and Ginvest, controlling for the impact of
other variables. i, t, j and r denote firm, year, industry, and area, respectively, presented as fixed effect
factors for empirical analysis purposes while € illustrates the random disturbance term. Digfin is the
main explanatory variable and represents the digital finance index. Ginvest is the dependent variable
which shows the level of corporate green investment that we study in this research. This allows us to
assess the impact of digital finance on corporate green investment while accounting for potential

confounding factors.

In Model (2), Controls is added to represent a set of control variables, by that, this study can access the
change of Ginvest with and without impact of other factors. By comparing the results from Models (1)
and (2), we can assess the robustness of the relationship between digital finance and corporate green

investment, considering the influence of additional control variables.

3.2.1. Dependent variable: Green investment

According to Gu et al. (2021) and Jia et al. (2021), the explained variable is manually compiled the total
investment expenditures associated with environmental protection by reviewing the annual reports of
heavily polluting firms. The scope of corporate green investment includes various capital expenditures

that businesses incur for environmental protection.

3.2.2. Core independent variable: Digital finance

Based on the result of an existing study by Guo et al. (2019), we measure the digital finance index by
using Digital Inclusive Finance Index for several reasons. Beyond its accuracy and reliability based on
the development across different regions in China, this index is also constructed from Ant Financial, a
leading internet finance company in China, ensuring a high level of representativeness and credibility.
Additionally, the index captures a broad spectrum of Internet financial products, including third-party
payments, online lending, money funds, internet insurance, and online investments, making it extensive

and economically meaningful.

3.2.3. Control variables

Referring to the previous model of Ding et al. (2023), this research chose these factors to represent as
control variables, including firm size, firm age, financial leverage, growth capacity, equity (Stock), GDP,
and upgrade level. These factors play an important role in demonstrating the internal financial potential

of the enterprise as well as its ability to develop in the coming years, directly affecting the opportunities
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and effectiveness of green investment. Using control variables will highlight the impact of Digfin on
Ginvest through the change between the two models with and without the participation of control

variables.

3.2.4. Mediating variable

In a previous study, Kamruzzaman (2019) mentioned that ROA is the best indicator used to measure
the operating results of a company. It directly measures how efficiently a company utilizes its assets to
generate profits. If a green investment corporation adopts digital financial tools, an increase in ROA
could indicate that these technologies are enhancing operational efficiency and profitability.
Furthermore, since green investment firms often manage high-cost, long-term sustainable projects,
digital finance can optimize funding allocation and risk management, leading to better financial returns

on assets.

To study influential mechanisms, we use mediation analysis to test Hypothesis 2b by the formular given
in Model (4). Furthermore, Model (3) will show how Digfin impacts Ginvest when ROA is defined as the

mediating variable, which conducts the test for Hypothesis 2a:
ROA; = ¢y + ¢ Digfing + cyControlsie + v + A +v; + 6, + €7 (3)
Ginvest;y = do + d;ROA;; + d,Digfing + dpControls;; + v; + Ay + v + &, + & (4)

Model (3) illustrates the correlation between Digfin and ROA, considering the impact of other control
variables. According to the study by Huang and Lei (2021), green investment is a high-cost activity of
a company, requiring more consideration in building investment strategies and allocating financial
resources to ensure project sustainability. Therefore, ROA was taken into account as a financial indicator
reflecting the profitability of enterprises to assess whether the level of digital finance application has an
impact on business results. In Model (4), we perform the direct effect of Digfin on Ginvest, in which,

ROA becomes the mediated variable that can support Digfin expressing its impact (Figure 1).

Figure 1. Theoretical framework
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4. Result and discussion

4.1, Regression analysis

Table 3. The benchmark regression result

Variables Ginvest Ginvest
(1) (2)

Digfin 0.041*** 0.034***
(3.647) (2.757)

Size 1.172%%*
(5.472)

Age -0.485
(-1.087)

Leverage -0.592
(-0.775)

Growth 0.236
(0.672)

Stock 0.004**
(1.808)

GDP 0.261
(0.526)

Upgrade -0.049
(-0.171)

Firm FE Yes Yes
Year FE Yes Yes
Industry FE Yes Yes
Area FE Yes Yes
R-squared 49.72% 50.35%
Observation 3633 3633

Table 4. The comparison of different dimensions of digital

finance
Variables Ginvest Ginvest Ginvest
(1a) (1b) (1c)
Digfin_cover 0.031***
(2.845)
Digfin_usage 0.018**
(2.322)
Digfin_digitalization 0.009%**
(2.311)
Firm FE Yes Yes Yes
Year FE Yes Yes Yes
Industry FE Yes Yes Yes
Area FE Yes Yes Yes
R-squared 49.63% 49.58% 49.58%
Observation 3633 3633 3633

Notes: *, **, and *** represent significance at the levels of
10%, 5%, and 1%, respectively, and t-statistics are in
parentheses.

Notes: *, **, and *** represent significance at the levels of 10%,

5%, and 1%, respectively, and t-statistics are in parentheses.
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According to the benchmark regression result provided in Table 3, it is highlighted that without the
inclusion of control variables in Model (1), Digfin has a significant positive coefficient with Ginvest, which
initially demonstrates that digital finance can enhance corporate green investment. A similar result is
collected in Model (2) when control variables are included. The coefficient shows a little decrease but
still illustrates the positive impact of Digfin on Ginvest. We can also see some negative parameters in
Age, Leverage, and Upgrade, but with high p-values, these variables are not considered to have a
statistically significant relationship with Ginvest. Therefore, these results lead to the conclusion that

digital finance promotes green investment in heavily polluting firms in China. Hence, H1 is supported.

To provide more evidence to support the above hypothesis, this study has performed other regression
models on other aspects of digital finance. Specifically, the results in Table 4 show the positive effects
of factors such as coverage (Digfin_cover), application level (Digfin_usage), and level of digitalization
(Digfin_digitalization) on green investment. This once again confirms that the level of development and

application of digital finance promotes corporate green investment significantly.

4.2, Mediation effect analysis

To verify H2b, a mediating model is used in this paper, in which ROA becomes the mediator to evaluate
the performance effectiveness that digital finance brings to green investment. According to the
regression result shown in Table 5, the coefficient of Digfin in Model (3) is negative but small with a
significant level at 10%, meaning the effect of digital finance on ROA is negative but weak. Thus, H2a
is not supported. In Model (4), when the effect of both digital finance, ROA, and other control variables
is included, the coefficient demonstrates a positive effect but is not significant due to the high p-value
(>10%) leading to the conclusion that H2b is not supported.
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Table 5. Mediation model result

Variables ROA Ginvest
3) (4)

Roa 0.322
(0.194)
Digfin -2.49e-04* 0.034***
(-1.818) (2.761)
Size 5.18e-03** 1.171%**
(2.198) (5.459)
Age 7.59e-03 -0.487
(1.547) (-1.092)
Leverage -1.85e-01*** -0.533
(-21.962) (-0.647)
Growth 3.87e-02%*x* 0.223
(10.024) (0.626)
Stock 1.95e-05 0.004**
(0.715) (1.805)
GDP 5.07e-03 0.259
(0.928) (0.522)
Upgrade -8.31e-04 -0.049
(-0.265) (-0.17)
Firm FE Yes Yes
Year FE Yes Yes
Industry FE Yes Yes
Area FE Yes Yes
R-squared 54.27% 50.35%
Observation 3633 3633

Notes: *, **, and *** represent significance at the levels of 10%, 5%,

and 1%, respectively, and t-statistics are in parentheses.

Table 6. Causal mediation analysis

Digfin ROA p-value
Average Causal Mediation Effect (ACME) -3.77e-06 0.97
Average Direct Effect (ADE) -6.52e-03 0.26

By using a two-stage regression approach as Model (3) and Model (4), this study gets the result
presented in Table 6. Based on the causal mediation framework proposed by Imai et al. (2010), we
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conduct a causal mediation analysis on two variables Digfin and ROA with the support of mediation
package in R programming. The result emphasizes that the Average Causal Mediation Effect (ACME) is
very small and statistically non-significant (p=0.97), indicating that there is no strong evidence
supporting the mediation effect of ROA in the relationship between digital finance and green investment.
Similarly, the Average Direct Effect (ADE) is also non-significant (p=0.26), suggesting that digital
finance does not have a substantial direct impact on green investment through this pathway. These

findings imply that ROA may not serve as a significant mediator in this context.

4.3. Robustness test

4.3.1. Specification curve analysis

In the original study, Ding et al., (2023) have performed the Endogeneity tests for the model to take
the impact of internet penetration into account. As a result, the endogeneity problem is solved and the
primary finding of the paper is robust. In this paper, we choose to use specification curve analysis as a
robustness test method to see if our outcome is affected by other independent variables of the model
and evaluate the consistency of the result across a variety of specifications. Specifically, we test whether
our results hold when different combinations of independent variables from the original model are
included or excluded. To reduce potential bias and ensure comprehensive coverage, we generate and
analyze 128 randomly selected model specifications. This approach enables us to observe how robust
our key findings are under various model structures and confirms the stability of the estimated

relationship.

Figure 2. Specification curve analysis
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In Figure 2, it is indicated that the estimated effect of Digfin on Ginvest remains positive and relatively
stable, clustering within the range of 0.03 to 0.04 across various control specifications. This consistency
suggests a robust relationship between Digfin and the dependent variable.

4.3.2. Fixed effects specification analysis

To evaluate the robustness and reliability of our results, we conduct a fixed effects specification analysis.
The primary motivation for this test is to assess how the inclusion or exclusion of different fixed effects—
such as area, industry, year, and firm—affects the estimated relationship between digital finance and
green investment. Fixed effects help control unobserved heterogeneity that could bias our results. By
systematically removing each fixed factor and eventually all of them, we are able to determine whether
the observed impact of digital finance on green investment remains stable across different model
specifications. This approach helps ensure that our findings are not driven by specific fixed effects but

reflect a genuine relationship.

Table 7. Fixed effect specification analysis

Dropped factors Coefficient Std. Error
Area 0.030** 0.012
Industry 0.032*** 0.012
Year -0.003 0.003
Firm -0.007 0.006
All factors -0.386e-3 0.001

Notes: *, **, and *** represent significance at the levels of 10%, 5%, and 1%, respectively.

The result in Table 7 illustrates that the coefficient remains positive and statistically significant when we
eliminate area and industry. But it becomes sensitive when firm and year fixed effects are excluded,
which is reasonable for a panel data set. When all fixed factors are removed, the coeffient of digital
finance in the model is insignificant with low confident level (high p-value), highlights the importance of
incorporating fixed effects into the model. Although the positive effect of digital finance and green
investment is just robust in the first two specifications, the remaining results do not invalidate the finding

of this study and emphasize the crucial of fixed effects in our model.

4.4, Other factors impact green investment of heavy industries in China

4.4.1. Government policies relevant to heavy industries

Political and government policies always play an important role in the development of many industries.
As the world’s largest producer and consumer of steel, China faces increasing pressure to address the
environmental challenges associated with its heavy industries, which have been linked to a range of
serious problems (Zhou & Yang, 2016). In their study, Chen et al. (2018) highlight a key policy
introduced in late 2015, known as the Supply-Side Structural Reforms, aimed at reducing excess
capacity in the steel industry and improving air quality. This policy had a significant impact on the steel
sector, forcing it to reduce production and transition toward cleaner manufacturing processes. While
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some major steel companies experienced financial losses, the policy also created opportunities for
businesses to invest in new technologies, clean energy, and greater operational efficiency. Such policies
have become a critical driver of the shift toward sustainability within heavy industries, encouraging
companies to prioritize green investments. Consequently, these transformations during this period may
lead to complexities when analyzing the direct relationship between digital finance and green

investment.

Additionally, in 2016, China introduced the Guidelines for Establishing the Green Financial System to
promote green finance at a national level (The People's Bank of China, 2016). According to a report by
the Green Finance & Development Center, prior to 2015, Chinese financial institutions had not issued
any green bonds. However, by 2016, China had emerged as the world's largest issuer of green bonds.
This guideline has facilitated financial support for businesses, including those in heavy industries,
through various instruments such as green bonds, green banks, and carbon market mechanisms. This
represents a key factor influencing corporate green investment, which has not yet been incorporated

into the models proposed in this study.

4.4.2. Financial constraint variables

Financial constraints create barriers that hinder firms from accessing external financing, primarily due
to high borrowing costs, low return rates, insufficient collateral, and inefficiencies in financial markets
(Bond & Meghir, 1994). In their research, Xin et al. (2022) highlight that information asymmetry in
inefficient financial markets poses significant challenges for heavily polluting firms seeking external
funding. Similarly, Chitimiea et al. (2021) identify two major challenges associated with green

investments: a relatively low rate of return and higher risks compared to other types of investments.

During the study period, several major events influenced financial constraints, notably the US-China
trade war, which commenced in 2018 and significantly affected the export of large volumes of goods
from heavily polluting industries in China, including iron and steel (Hasan et al., 2021). The continued
imposition of tariffs by the US government on Chinese imports has further exacerbated these challenges,
leading to a substantial loss of market access for many Chinese enterprises. Specifically, the United
States imposed additional tariffs exceeding 25% on iron and steel, coal, and petroleum, further
constraining these industries (Li et al., 2020). Consequently, the negative impact on heavily polluting
industries in China suggests that the findings of this study may reflect influences that cannot be entirely

isolated from these external economic shocks.

While financial constraints pose significant challenges for green investment firms in accessing capital,
they also create opportunities for digital finance to play a transformative role. By lowering transaction
costs, enhancing the efficiency of financing channels, and overcoming geographical barriers, digital
finance improves capital accessibility for these firms, enabling greater investment in sustainable
initiatives (Liu et al., 2022). By that, these factors have significant impact on the relationship between

digital finance and green investment.

18



5. Limitations and future research

While this study provides robust evidence of the correlation between digital finance and green
investment, there are still certain limitations. Specifically, the analysis is based on existing data and
focuses solely on heavily polluting enterprises in China, without considering other industries. This narrow
scope may restrict the generalizability of the findings to different sectors or regions with distinct market
characteristics. Additionally, as the study employs econometric models, concerns regarding potential
endogeneity and causality remain only partially addressed. Thus, to enhance the applicability and
reliability of this research, future studies may broaden the samples to include additional industries, such
as construction and fast-moving consumer goods. Furthermore, data collection from firms operating in
diverse economic markets, such as the European and U.S. markets, could help mitigate the impact of

cluster effects.

Furthermore, the causal mediation test yielded a negative result for the Average Causal Mediation Effect
of ROA in the relationship between digital finance and green investment. To gain a more comprehensive
understanding of financial performance and the payback potential of these entities, we suggest future
research could explore alternative indicators such as Profit per Share (PB), Return on Equity (ROE),
Payback Period, and the Debt-to-Equity Ratio.

6. Conclusion

In the era of technology explosion, many applications make great contributions to society. Through data
collected from heavily polluting industries in China, the results of our study have emphasized the positive
effect that digital finance brings to green investment. Thereby, the innovation of technology in the
financial sector has created new products such as online lending, money funds, internet insurance and
online investments (Ding et al., 2023), thereby improving operational efficiency and providing green
investment with great opportunities to access cheap capital sources. This result is proven once again
through our robust tests.

In this study, the mediation effect of ROA in the relationship between digital finance and green
investment was rejected, however, this does not mean that digital finance does not bring economic
efficiency to green investment corporations. We suggest that future studies can further expand this

aspect by using other economic indicators.

Other factors that occurred during the period 2011 - 2020 that have a great impact on heavily industries
in China are also considered in our study. In particular, the Supply-Side Structural Reforms are
considered as a factor that plays a role in guiding the development of the industry, contributing to a
sustainable environment by prioritizing green investment activities. In addition, the Guidelines for
Establishing the Green Financial System are also a factor that creates new opportunities for digital

finance to be applied more widely in the economy. From there, the relationship between digital finance
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and green investment can be amplified when analyzing. Financial constraint variables are considered as
internal factors coming from the characteristics of green investment companies or from the general
characteristics of the Chinese economy during this period, creating certain difficulties for these
companies in accessing digital finance. We also consider the impact of the US-China trade war on heavily
polluting industries in China. Due to this event, many tariff policies imposed on export goods have
significantly undermined the business performance of companies within the research scope, potentially

influencing the analysis results presented in this study.

However, our initial objective of identifying financial factors to specifically measure the effectiveness of
digital finance applications for green investment was not achieved. Therefore, we believe that future
studies can continue this direction by using other variables reflecting financial results or expanding the
sample to other regions and industries. Through a rigorous assessment of financial performance, future
studies can contribute valuable empirical evidence in determining the financial potential of green
investment corporate, helping green investment enterprises have more opportunities to access financing
sources, as well as investors make safe and correct decisions, thereby creating a “green” economic

market.
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APPENDIX A: THE UTILIZATION OF AI TOOLS IN RESEARCH

Al. List of AI Tools Used

functionality and efficiency

Tool name Purpose Reference
ChatGPT Assisted in refining the framework code for the OpenAl. (2023). ChatGPT.
(OpenAlI) model and debugging errors to improve Retrieved from

https://chat.openai.com/

A2. Prompts Used with AI Tools

Below are the specific prompts entered into ChatGPT during the research process:

1. Suggest me a code to run a statistical model, using plm package with fixed effect in R

Response:

“Here is an R script to run a fixed-effects model using the plm package. The code assumes you have

panel data and want to estimate a fixed-effects model using the plm function.

# Load necessary libraries

library(plm)

# Load or create panel data

# Example: Simulated panel dataset

set.seed(123)

data <- data.frame(

id = rep(1:10, each = 5), # Panel ID

time = rep(1:5, times = 10), # Time periods

y = rnorm(50, mean = 10, sd = 2), # Dependent variable

x1

X2

rnorm(50, mean = 5, sd = 1), # Independent variable

# Convert to panel data format

rnorm(50, mean = 3, sd = 1) # Another independent variable
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pdata <- pdata.frame(data, index = c("id", "time"))

# Estimate fixed-effects model

model <- plm(y ~ x1 + x2, data = pdata, model = "within")
# Summarize results

summary(model)

Explanation:

o The dataset includes id (panel identifier), time (time period), y (dependent variable), and x1,

x2 (independent variables).
o pdata.frame() converts the dataset into a panel format.
o plm(y ~ x1 + x2, data = pdata, model = "within") estimates a fixed-effects model.
o summary(model) displays the model results.”
2. If my model includes 4 fixed factors, can I use felm package?

Response:

"“Yes, you can use the Ife package (which provides the felm function) if your model includes multiple

fixed effects. The felm function is more efficient than plm when handling multiple fixed effects.
Example Code:
# Load necessary libraries
library(lfe)
# Simulated panel dataset
set.seed(123)
data <- data.frame(
id = rep(1:10, each = 5), # Panel ID
time = rep(1:5, times = 10), # Time periods
region = rep(1:2, each = 25), # Region fixed effect

industry = sample(1:3, 50, replace = TRUE), # Industry fixed effect
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y = rnorm(50, mean = 10, sd = 2), # Dependent variable

x1

rnorm(50, mean = 5, sd = 1), # Independent variable

X2

rnorm(50, mean = 3, sd = 1) # Another independent variable

# Estimate model with 4 fixed effects (id, time, region, industry)
model <- felm(y ~ x1 + x2 | id + time + region + industry, data = data)
# Summarize results
summary(model)
Explanation:
o felm(y ~ x1 + x2 | id + time + region + industry, data = data):
. y ~ x1 + x2: Dependent variable regressed on independent variables.
o | id + time + region + industry: Specifies four fixed effects.
o summary(model): Displays regression results.”
3. Generate a code in R for mediating analysis, in which ROA is the mediator.

Response:

“Here’s an R script for conducting a mediation analysis where ROA acts as a mediator. The script uses

the mediation package, which is commonly used for such analyses.
Assumptions:
e You have three different models where ROA is the mediator.
e The dataset is named data.
e The independent variable is IV, the mediator is ROA, and the dependent variable is DV.
e You are using linear regression models.
Install and Load Required Packages:
install.packages("mediation") # Run this if you haven't installed it yet

library(mediation)
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Mediation Analysis Code:

# Load necessary packages

library(mediation)

# Model 1: IV — ROA (Mediator)

model_mediator <- Im(ROA ~ 1V, data = data)

# Model 2: IV + ROA — DV

model_outcome <- Im(DV ~ IV + ROA, data = data)
# Mediation analysis

mediation_result <- mediate(model_mediator, model_outcome, treat = "IV", mediator = "ROA", boot
= TRUE, sims = 500)

# Summary of the mediation results

summary(mediation_result)

# Plot the mediation effect

plot(mediation_result)

Explanation:
o Step 1: Fit a regression model to estimate the effect of IV on ROA.
o Step 2: Fit another regression model to estimate the effect of IV and ROA on DV.
o Step 3: Use the mediate() function to estimate the direct, indirect, and total effects.
o Step 4: Summarize and visualize the mediation results.

Interpretation:
e ACME (Average Causal Mediation Effect): The indirect effect of IV on DV through ROA.
e  ADE (Average Direct Effect): The direct effect of IV on DV when controlling for ROA.
e  Total Effect: Sum of ACME and ADE.”

4. Help me fix this bug “statistic(data, original, ...): mediator model is not yet implemented”.

Response:
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“The error message "mediator model is not yet implemented" suggests that the mediate() function in
the mediation package does not support certain model structures directly. Here are a few potential

reasons and solutions:
Possible Causes & Solutions:
1. Mixed-effects or Panel Data Models:
o If your data includes fixed effects, you might be using Im() incorrectly.
o Instead, use linear mixed-effects models (Imer()) from the Ime4 package.
2. Multilevel/Panel Data Handling:
o The mediate() function does not support plm() (used for panel data in R).
o Solution: Use Imer() or bootstrap mediation analysis instead.

5. Help me fix this bug “Error in mediate(model_3, model_4, treat = "Digfin", mediator =

"Roa", : NA in model coefficients; rerun models with nonsingular design matrix”.

Response:

You're still getting the "NA in model coefficients" error, which suggests there's a problem with
collinearity, perfect separation, or missing data. Let's systematically fix the issue:

Step-by-Step Debugging

1. Check for Missing Values (NAs)

Even a single missing value can cause this issue. Run:
colSums(is.na(data))

If any variable has NAs, remove them:

data <- na.omit(data)

Now, re-run the regression models.

2.Check for Multicollinearity (VIF Test)
install.packages("car")

library(car)

# Check VIF for Model 3 (Roa as the dependent variable)
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vif(Im(y ~ x1 + x2, data = data))
Fix: If VIF > 10 for any variable, remove it and re-run.”

6. I will provide my code and the errors that R returns, help me to fix the bug. Here is my

code (fixed factors are year, industry and area):

" > model_5 <- Im(Roa ~ Digfin + Size + Age + Leverage + Growth + Stock + GDP + Upgrade + year

+ industry + area, data = data_selected)

> model_6 <- Im(Ginvest ~ Roa + Digfin + Size + Age + Leverage + Growth + Stock + GDP + Upgrade

+ year + industry + area, data = data_selected)

> med_model <- mediate(model_5, model_6, treat = "Digfin", mediator = "Roa", boot = TRUE, sims =
1000)

Running nonparametric bootstrap

Error in model.frame.default(Terms, newdata, na.action = na.action, xlev = object$xlevels) : factor

industry has new levels C27”

Response:

“The error "factor industry has new levels C27" occurs because when mediate() tries to simulate
bootstrap samples, it encounters a level in industry (C27) that was not present when fitting model_5

and model_6. This typically happens when:

e  The factor variable industry had unused levels when fitting the model.

o mediate() attempts to generate new data, but those levels were not in the original model.
Solution:

We'll convert the factors (industry, year, and area) into dummy variables using model.matrix() and

include them in the model manually.

Step 1: Create Dummy Variables for industry, year, area

industry_dummies <- model.matrix(~ industry - 1, data = data_selected) # Remove intercept
year_dummies <- model.matrix(~ year - 1, data = data_selected)

area_dummies <- model.matrix(~ area - 1, data = data_selected)

These will generate matrices where each column corresponds to a dummy variable for each level of the

factor.
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Step 2: Refit Models Using Dummies

Now, instead of using factor() directly in the model, we'll include the dummy variables we created.
model_5 <- Im(Roa ~ Digfin + Size + Age + Leverage + Growth + Stock + GDP + Upgrade +
industry_dummies + year_dummies + area_dummies, data = data_selected)

model_6 <- Im(Ginvest ~ Roa + Digfin + Size + Age + Leverage + Growth + Stock + GDP + Upgrade

+ industry_dummies + year_dummies + area_dummies, data = data_selected)

Step 3: Run mediate() Again”

7. To perform a specification curve analysis, which packages need to be installed?

Response:

“To perform a Specification Curve Analysis (SCA) in R, you typically need the following packages:
o specification_curve — The main package for conducting specification curve analysis.

o tidyverse - For data manipulation (dplyr), visualization (ggplot2), and handling data frames
(tibble).

o broom - To tidy model outputs.
o purrr — To help with mapping functions over multiple model specifications.
o ggpubr - For additional visualization capabilities.
o Ime4 (if using mixed-effects models) - To fit models with random effects.
o car (optional) - For additional statistical tools like variance inflation factor (VIF).
You can install these packages using:
install.packages(c("specification_curve", "tidyverse", "broom", "purrr", "ggpubr", "Ime4", "car"))"”

8. Please help me to check if my code is right, I want to perform a specification curve analysis
for my model, my code as below:

“data_sorted <- data_sorted %>% arrange(stkcd, year)
specs <- setup(data = data_sorted,

= "Ginvest",

<
|

X
|

= "Digfin",
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model = c("Im"),
controls = c("Size", "Stock", "Age", "Leverage"),
add_to_formula = "stkcd + year + industry + area")
summary(specs)
results <- specr(specs)
summary(results)
plot(results)”

Response:

“Your code for performing a specification curve analysis looks mostly correct, but there are a few things

to review and refine for clarity and proper execution.
Key Points to Check:
o Data Sorting:

o You correctly sorted the data by stkcd (stock code) and year using arrange(). This is important

for time-series or panel data analysis.
o Model Setup:
o The setup() function looks good with the correct variables and model specification.

o Ensure the stkcd, year, industry, and area variables are correctly formatted in your dataset

(e.g., as factors or factors with appropriate levels).

o If you have large numbers of unique identifiers (like stkcd, industry, area), the inclusion of
these as fixed effects may be computationally expensive. Just ensure this doesn’t slow down

your computation significantly.
o Model Type:

o model = c("Im") is correct for a linear model. If you want to test other types (e.g., robust

standard errors), you can extend this argument, but "Im" is fine for now.
o Control Variables:

o You've included controls like Size, Stock, Age, and Leverage, which seems appropriate. Ensure

that these columns are in the dataset and are appropriately scaled.

31



o Specification Curve:

o specr(specs) generates the specification curve analysis, which should display different model

specifications based on varying combinations of the control variables or other factors.
Suggestions:

o If you find your dataset includes missing values, consider handling them (e.g., via imputation

or removing incomplete cases) before running the analysis.

o Double-check if the specificationCurve package supports all the variables and formula syntax as

you intend to use them, especially with the add_to_formula argument.”
A3. Ethical Considerations

The author acknowledges assistance in developing the initial framework and structure of the code used
in this research model of AI tool (ChatGPT). Its support in generating and debugging the initial code
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