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Abstract: The integration of blockchain (BC), artificial intelligence (AI), and green finance
(GF) to promote sustainable investments and tackle environmental issues is examined in
this study. By employing sophisticated analytical methods, the study seeks to pinpoint the
main forces behind GF growth, especially in the field of renewable energy. To guarantee
reliable statistical analysis, financial data from Taiwanese companies listed on the stock
exchange between 2000 and 2020 are examined using the Generalized Method of Moments
(GMM). Furthermore, to make use of AI’s potential to pinpoint the key elements affecting
GF development and investment, attention-based convolutional neural networks (CNNs)
are used. The links between GF, BC, and AI are analyzed and visualized using a novel
method called the Financial Filtered Graph (FFG). The results of the study demonstrate
that by increasing the precision of investment forecasts and identifying critical factors
that affect GF growth, AI-driven solutions can greatly improve the sustainability of green
finance strategies. The suggested methodology effectively supports sustainable investment
decisions, as evidenced by its remarkable 98.8% classification accuracy. According to
the findings, integrating AI and BC has a lot of potential to enhance green finance’s
accountability, transparency, and decision-making processes, all of which will support
long-term economic and environmental sustainability.

Keywords: green finance; blockchain; artificial intelligence; sustainable development;
convolutional neural network

1. Introduction
Achieving sustainable development has emerged as a top worldwide issue in light

of growing environmental deterioration and resource constraints. Blockchain (BC) and
artificial intelligence (AI) in particular are digital technologies that have enormous promise
for solving this problem by separating economic progress from its detrimental effects on the
environment [1,2]. Even while BC and AI are exciting new discoveries in the digital arena,
their design and application will have a big impact on sustainable outcomes. By using the
promise of BC technology, supply chains may achieve transparency, accountability, and
ethical sourcing, enabling fair trade [3,4]. Given increasing worries about the environment
and the urgent need for sustainable development, it is imperative to critically examine green
financing as a driver of renewable energy expansion in developing nations. The specific
mechanisms via which green financial instruments like green bonds, renewable energy
investments, and the functioning of carbon markets interact to affect the mainstreaming
trajectory of green energy are not well understood, despite the growing recognition of green
finance’s potential in environmental stewardship. The complexities of these interactions
create a challenging problem, especially when combined with the differing ability of the
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investment industry in various developing nations to support investment in green finance.
In the context of developing nations, where the stock markets are typically less advanced
and more unpredictable, this study aims to break down these complexities and provide
insight into how well green finance can advance the renewable energy sector [5].

Given the pressing need to switch to renewable energy, a careful examination of GF’s
workings and effectiveness in advancing supportable energy alternatives is imperative.
This study examines the intricate dynamics of GF and its influence on the renewable energy
environment across a range of nations that are developing in order to shed light on the
subtleties of financial tools and their role in directing the transition towards cleaner energy
sources [6]. The mutually beneficial relationship between renewable energy and GF has
become more and more highlighted in the scholarly discourse on these topics. According
to a large body of research, the development and implementation of sustainable energy
solutions are significantly accelerated by the introduction of green money into the RE
sector [6]. For example, green bonds have been emphasized as useful instruments for
raising the funds required for significant RE projects, providing investors with a concrete
way to support sustainable development objectives. However, it has also been shown that
investments in RE have both financial and environmental advantages, attracting a wider
pool of capital and fostering the growth of the sector [7].

Since global warming and CO2 emissions are major environmental issues, the idea
of sustainability, which is defined as a “political quality distributed between human and
non-human actors within a milieu” [8], has gained a lot of attention. As a result, using
renewable energy sources is essential to achieving sustainable environmental objectives [9].
According to [10], innovative renewable energy sources are mostly employed in developing
nations in an effort to create a cleaner and more sustainable environment, and it is widely
believed that energy advancement fosters sustainable development [11].

Environmental sustainability must be promoted immediately due to the swift esca-
lation of environmental issues including resource depletion and climate change. Green
financing (GF) has become a vital instrument for directing funds toward sustainable ini-
tiatives and renewable energy. Nevertheless, despite its increasing significance, little is
known about the intricate connections between business characteristics, green finance (GF),
and the function of cutting-edge technology like artificial intelligence (AI). The desire to
use AI and data analytics to pinpoint the main forces behind GF growth, better renewable
energy investment choices, and accelerate environmental progress is what spurred this
study. The project attempts to offer practical insights for enhancing green finance strategies
and promoting long-term sustainability by bridging the gap between finance, artificial
intelligence, and sustainability.

Researchers have recently looked into how the digital economy affects several facets of
sustainable growth. Sun et al. [12] examined the association between industrial wastewater
discharge and the digital economy in 281 Chinese cities at the prefecture level. Likewise,
Yang et al. [13] clarified the relationship between the digital economy and regional sustain-
ability by concentrating on how they interact. Chien [14] studied how energy efficiency
functions as a mediator in the sharing economy and how it affects sustainable development
objectives. Sustainable development has also been examined in relation to BC technology,
which is intimately related to the digital economy. In order to achieve sustainability goals
within the food supply chain, Chandan et al. [15] investigated the usage of BC, highlighting
its potential to improve traceability and transparency. Wang et al. [16] examined the poten-
tial and difficulties associated with the interaction between digital technology and green
development. Litvinenko [17] looked at how the internet economy affected the mining
industry and what that meant for managing resources sustainably. Lastly, Nayal et al. [18]
determined the critical elements for a successful BC implementation that supports supply
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chains for sustainable agriculture. Together, these studies advance our knowledge of how
the digital economy and sustainable development relate to one another across a range
of industries. Sustainability goals must be given top priority in the development and
application of BC and AI. We can take advantage of these technologies’ transformative
potential to promote a more inclusive and sustainable digital economy by integrating them
with the ideas of sustainable development. This calls for taking into account social and
environmental aspects in addition to economic ones. To steer the development of BC and
AI towards advantageous environmental consequences, stakeholder participation, strong
governance procedures, and the incorporation of sustainability considerations are crucial
elements. Few studies have looked at the integration of AI models with financial data to
discover important drivers of GF growth and investment in renewable energy, despite the
fact that prior research has addressed green finance and its role in sustainable investments.
Without taking into account the potential of AI-driven solutions to provide more precise
and thorough insights into the dynamics of green finance, the existing literature frequently
concentrates on financial indicators or conventional techniques of environmental analysis.
To overcome this research gap, this paper contributes the following:

• By offering a thorough examination of the association between green finance methods
and the growth of the RE sector in emerging countries, an issue that has received
little attention, this study fills a significant gap in the knowledge. Using the Gen-
eralized Method of Moments (GMM) for the full 2000–2020 timeframe, this study
provides new understandings of the intricate, dynamic interactions between these
important variables.

• The long-term dynamic interactions between the major factors influencing green
finance (GF) over a 20-year period are examined using GMM. It facilitates the measure-
ment of the effects of different financial and economic factors on GF development and
investment as well as the identification of causal links. It offers a thorough grasp of
the trends, dangers, and possibilities in green finance by taking the entire time period
into account.

• AI is used to determine the key elements influencing GF investment and expansion.
For GF trends and patterns, CNN’s attention mechanism increases the prediction
accuracy and facilitates feature extraction. This strategy uses cutting-edge AI analytics
to facilitate improved sustainable finance decision-making. Blockchain (BC), Financial
Filtered Graph (FFG) for GF, and AI analysis are utilized.

• The complex connections between blockchain, AI, and Green Finance are examined
and shown via the FFG technique. By exposing the underlying patterns and dependen-
cies, it offers a network-based approach for comprehending how different technologies
interact. Researchers, investors, and regulators can use this innovative visualization
tool to make decisions based on data for sustainable finance.

• The results demonstrate how AI-driven green finance solutions have the potential to
greatly enhance people’s lives and establish sustainable development. The classifi-
cation results of the proposed AI-driven GF management revealed a 98.8% increase
in accuracy, highlighting the vital role that GF plays in promoting environmental
sustainability globally.

This paper’s structure is designed to offer a thorough and cogent examination of
the use of deep learning and BC techniques in maintaining financial data processing for
improved financial market sustainability in the framework of GF. Section 2 begins with a
comprehensive analysis of related work, and looks at previous research and publications
that have advanced our knowledge of financial statement fraud and its applicability in
the rapidly changing field of GF. By outlining the Materials and Methods used in our
investigation, we address the core of our research in Section 3. The actual results of our
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study are summarized in Section 4, the Results and Discussion, together with enlightening
discussions on the data’s importance and implications for the sustainability of the energy
market and green finance. In Section 5, we wrap up our work by outlining the main
conclusions and highlighting the wider significance of our findings.

2. Related Work
Distributed technologies like BC and AI have the ability to improve the visibility of

supply chains, optimize the use of resources, and restructure incentives to lessen negative
externalities when used in conjunction with appropriate value frameworks that put the
public good first. But care must be taken to ensure that new technologies do not just speed
up pollution and excessive consumption [19]. Hong and Xiao [20] investigated how BC
technology and AI might be used to coordinate supply chains and lessen their effects. Addi-
tionally, they can help with carbon accounting and offsetting, as well as encourage recycling
and circular enterprises. Deploying technologies taking the collaborative frameworks of
social and ecological factors into account is crucial to achieving these benefits. In order to
help nations take smart and environmentally friendly industrial transformation paths, the
report also provides policy suggestions that highlight important leverage areas for digital
innovation. Governments may encourage accountability, transparency, and traceability in
supply chains by utilizing BC and artificial intelligence. This will encourage sustainable
practices and lessen their negative effects on the environment. A numerical analysis shows
that integrating BC and AI into supply chain strategies significantly increases efficiency. To
sum up, the incorporation of cutting-edge digital technology presents substantial chances
for maximizing economic activity and production systems while giving sustainability goals
top priority for the benefit of both society and the environment.

Chen and Umair [21] investigated how green financing and the RE sector interacted
in a 30-nation-sample between 1990 and 2018. The objective was to examine the inter-
related impacts of carbon markets, green bonds, and RE investments, with a focus on
how the banking system shapes these linkages. The Generalized Method of Moments
(GMM) is used to analyze the data and understand the complex relationships between
the factors in order to achieve this goal. The rise of green finance presents a promising
opportunity to address environmental concerns and promote sustainable economic growth
at the same time. However, little is known about how much of an impact it has on carbon
markets and the uptake of renewable energy, particularly in poor countries. The financial
maximally filtered graph (FMFG) technique used in several domains was proposed by
Hemanand et al. [22] to perform green finance analysis. When the suggested method
and the neural model were compared, it was found that the one suggested has a greater
accuracy of 98.85%. Metawa et al. [23] presented a novel method for detecting financial
statement fraud by utilizing deep learning techniques. In our study, we analyze mar-
ket data and spot dishonest behavior using a temporal convolutional network (TCN).
Our study carefully examines the relevant literature, emphasizing the crucial junction
between green energy finance principles and financial statement fraud detection, while the
Results and Discussion Section offers thorough assessments and comparisons of conven-
tional baselines, data sources, variable selection, and the design of the TCN model. Our
results highlight the TCN model’s potential to provide transparency to the energy mar-
kets by demonstrating its remarkable accuracy and dependability in identifying financial
statement fraud.

Ramzani et al. [24], in their study, placed emphasis on Denmark and Germany through-
out the crucial years of 2019 and 2020, examining how artificial intelligence (SI) and novel
finance strategies interact to impact the growth of the RE sectors. Regression analysis,
ANOVA, and paired sample t-tests were employed as part of a rigorous methodology to
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examine the changes in RE production and the impact of AI-driven financial strategies.
The findings highlight how AI-powered green finance solutions may effectively bring
about significant improvements, positioning Denmark as a likely model for sustainable
development. Germany’s reliable electrical infrastructure and the excellent connection
revealed by a regression analysis demonstrate the sustainability of its ecologically friendly
economic practices. Schulz and Feist [25] examined how distributed ledger technology can
be applied to creative climate finance by concentrating their investigation into the Green
Climate Fund. Following our examination of several digital system models and possible
applications, we will go over some potential political and technological obstacles, such
as those pertaining to standards and safeguards, governance procedures, national owner-
ship, and additional capitalization. According to our research, distributed ledger-based
solutions may help this fund’s efforts in crucial domains including impact assessment and
multi-stakeholder coordination.

Almadadha et al. [26] fills this gap by examining how the decentralized and impenetra-
ble nature of BC technology might improve investment methods, green financial products,
and financial disclosures pertaining to climate change. By utilizing these special qualities of
blockchain technology and applying Knowledge Discovery in Databases (KDD) techniques,
we find trends and create guidelines that emphasize BC’s contribution to financial sector
accountability, transparency, and sustainability. This article highlights BC’s disruptive
potential in furthering ESG activities and offers a balanced viewpoint on its integration
into financial accounting through a thorough review of the literature with case studies. The
purpose of the study by Hesary and Yoshino [27] was to highlight the challenges related
to green financing and investing in RE projects, and to provide practical solutions for GF
gap closure. Workable solutions include expanding the role of public and non-banking
financial institutions in long-term green investments, utilizing tax spillover to increase the
rate of exchange of green projects, establishing community-based trust funds, lowering
credit risk through the creation of green credit guarantee programs, and reducing the risks
associated with green investments through financial and policy de-risking.

Hou et al. [28] used cross-country panel data from 2000 to 2021 to empirically evaluate
the green financing impact on the growth of RE, using 53 nations and areas that have
established green finance enterprises as a research sample. The findings demonstrate that
GF has a positive impact on the development of renewable energy, and that its marginal
impact is steadily increasing as the level of RE development improves. Only in developed
countries, emerging economies, countries with a high degree of GF development, and
countries with stringent environmental regulations does GF play a significant role in the
development of renewable energy; it is absent from underdeveloped countries, countries
with low levels of GF development, and countries with loose environmental regulations.
Through increased resource efficiency, streamlined logistics, and the development of in-
novative business models, digital technologies have the ability to support these crucial
industrial transformations. However, in order to fully utilize digital prospects, policies
must be in line with one another and guide innovation to maximize benefits for both people
and the environment. By coordinating digital innovations with environmental concerns,
this paper suggests policy measures that nations might implement to support intelligent,
green industrial transformations.

3. Proposed Materials and Methods
This section discusses the data sources used for this study and the proposed method-

ologies for the analysis of BC-assisted GF sustainability for investment in the global market,
as illustrated in Figure 1. The data are preprocessed initially to strengthen them for further
processing. Then, the intelligent system analyzes the sustainable investment on GF based
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on blockchain and ML approaches. The relevant financial data are captured through the
GAM approach and then the Financial Filtered Graph is applied to analyze the data fol-
lowed by a BC-assisted attention mechanism-based convolutional neural network (ACNN)
for the analysis of renewable energy source forecasting for sustainable investment in the
global market. The step-by-step process of this model is described in the following sections
as follows:

• This study determines the key factors impacting GF development and investment in re-
newable energy by utilizing AI models like attention-based CNN and the Generalized
Method of Moments (GMM) to evaluate financial data.

• A unique method for thoroughly analyzing green finance trends has been made
available with the launch of the Financial Filtered Graph (FFG) approach for
GF analysis.

• AI-based financial solutions are facilitating sustainable growth in the financial sector
with the use of attention-based CNN (ACNN) with blockchain along with statistical
methods like regression and t-tests in the global market.
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3.1. Data Sources

A carefully chosen sample of businesses listed on the Taiwanese bourses between 2000
and 2020 was used for this investigation. Our dataset included 191 companies in total after
painstakingly removing any missing or partial information. Of these, 80 businesses were
found to have documented cases of financial statement fraud (FSF), which is defined as
the release of false or deceptive financial statements. Such false reporting did not exist for
the remaining 111 businesses in our sample. A balanced dataset with a 1:2 ratio between
businesses with and without FSF was the outcome of this selection. Both financial as well
as other data were carefully gathered from Taiwanese financial magazines to create our
dataset, guaranteeing the inclusion of thorough and pertinent information. Table 1 provides
a concise summary of the industries included in our sampling dataset, giving a clear picture
of the areas we examined.
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Table 1. Dataset dispersal of the sampled companies from the industry domain (2000 to 2020).

Industries FsF Data Non-FsF Data Total

Electric cables and appliances 5 6 11

Construction and building materials 3 3 6

Computer peripherals 4 5 9

Consumer electrical channels 5 9 14

Cultural industry 4 5 9

Electrical machinery 5 7 12

Electronic products 5 10 15

Food 5 2 7

Medicine 3 7 10

Information systems 6 5 11

Optical electronics 9 14 23

Electronics 5 9 14

Semiconductor 8 8 16

Others 4 9 13

Steel 5 4 9

Textiles 5 6 11

Telecommunication with networking 4 4 8

3.2. GAM Based Factors Analysis

The dependent variable in this study is a binary dummy variable, meaning that
organizations that have stated cases of FsF are assigned 1, while companies which have
not reported these types of fraud are assigned a value of 0. We have carefully selected
a collection of 18 factors that are commonly used to measure financial statement fraud
in order to evaluate this occurrence. These factors, which are also known as corporate
governance variables, include four non-financial variables and fourteen financial indicators
using the GAM method.

While accounting for a number of financial and economic variables, the generalized
approach of moment (GAM) model seeks to assess the correlation between particular
banking performance metrics and the use of renewable energy. The model is specified as in
Equation (1):

REct = α+ β1QRct + β2RoEct + β3RoAct + β4CAct + β5LCAct + β6CAct + β7 NIct + β8GMct + β9DERct + β10RITct + γcontrolct + µct+ τt+ ∈ ct (1)

where REct is the RE consumption of country c at time t and the remaining variables are
defined in Table 2. controlct is the control variable that could affect the RE usage of the
country such as the GDP growth, trade openness, and so on. µct is the country-specified
effects and τt is the time-specified effects, to observe the heterogeneity of the country over
time, and ∈ ct denotes the error term. The electricity consumption is obtained as

E = (βα)αβ + αβ(PE)αβ + αβ(eβF) + αPOβ + α (2)

where E denotes the consumption of energy, α and β denote the parameters that reflect
the technology changes and composite input, respectively, PE is the price of the energy, F
denotes the performance of financial data which includes efficiency and profitability, and
PO denotes the production level output. Nonlinear correlations between these parameters
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and energy consumption are indicated by the presence of α and β in exponents, which
can result in either an improvement in financial results or a drop in PE (energy price). The
equation suggests that the relative technology importance versus composite input (α/β),
PE, F, and PO all have an impact on energy consumption (E). Table 2 offers a succinct
synopsis of the measures used in our analysis along with an overview of the research
variables. Table 3 states the statistical results of the variables used for this study. There are
six factors chosen that are applicable to bank performance, which includes the Return on
Assets, equity ratio, net income, gross ratio, earning per share, and percentage of revenue.
The sum of the financial score is 102.34 and the standard deviation is 21.7, which means
that higher scores will have greater financial stability in terms of GF.

Table 2. Variables of finance and corporate governance.

Variable_Name Definition

Liability Ln

Current_Ratio currentasset
currentliabilities

Quick_Ratio Quicktasset
currentliabilities

Equity_Ratio ln
shareholders equity

RoE (Return on Equity) NetIncome
avg shareholders equity

RoA (Return on Assets) NetIncome+interestexpense∗(1−rateo f tax)
avgtotalassets

LongTermCapitalAdequacy Rate (LCA) longtermabilities+shareholders equity
plant, property and equipment

Cash (% of asset)
(CA)

cash
asset

Net_Income (NI) NetIncome
asset

Gross_Margin (GM) GrossPro f it
revenue

Liabilites_NonCurrent LiabilitesNonCurrent
totalasset

OperatingactivitiesNetCashFlows NetCashFlows
revenue

Net loss 1 = net loss, 0 = net income

% of managingDirectors No o f managing directors
No o f boardseats

% of shares by directors No o f shares held by the diretors
No o f ordinary shares in the end o f period

% of shares pledged by directors No o f shares pledged by the diretors
No o f shares held by the diretors

Debt_to_Equity_Ratio (DER) TotalDebt
Equity o f shareholders

Ratio of inventory turnover (RIT) sold goods cost
averageinventory

EPS (EarningPerShare) Attributable earrnings to the commonshareholders
NO o f common shares outstanding

DividendYield Diviends per share
Price o f share

P/E ratio marketprice per Share
Earnings per share

% of revenue (R&D expenditure) R & D expenditure
revenue
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Table 3. Statistical results of the variables.

Variable_Name Mean Std.dev Min Max Skewness Kurtosis

Liability 9.725 6.342 −40.236 89.36 2.119 30.23

Current_Ratio 7.456 8.52 0.002 102.12 3.728 24.24

Quick_Ratio 1.345 2.267 −45.24 20.71 −5.242 111.2

Equity_Ratio 60.34 24.27 3.92 381.32 4.211 47.1

RoE (Return on Equity) 45.37 22.343 −33.23 34.24 3.523 5.591

RoA (Return on Assets) 64.35 25.67 16.24 532.38 3.41 5.554

LongTermCapitalAdequacy Rate (LCA) 0.284 7.267 −131.1 217.2 0.812 90.75

Cash (% of asset)
(CA) 4.424 12.262 2.912 4.713 −0.291 1.914

Net_Income (NI) 56.24 23.249 7.81 100 −0.111 1.926

Gross_Margin (GM) 34.82 19.272 −26.32 25.28 3.438 21.282

Liabilites_NonCurrent 0.142 7.532 0 1 −0.19 1.92

OperatingactivitiesNetCashFlows −5.283 1.266 −6.294 −0.0135 −0.995 3.41

Net loss 0.972 2.748 0.245 13.532 0.826 90.28

% of managingDirectors 1.838 2.961 −36.26 21.27 −4.524 111

% of shares by directors 2.372 3.627

% of shares pledged by directors 0.782 1.339 −4.24 3.001 −0.627 2.331

Debt_to_Equity_Ratio (DER) 4.243 7.435 2.945 4.728 −0.281 1.915

Ratio of inventory turnover (RIT) 0.352 1.289 12.42 −131.34 218.23 21.34

EPS (EarningPerShare) 10.266 21.342 5.34 2.951 4.742 1.923

DividendYield 1.243 3.42 −43.26 21.27 −5.25 110.1

P/E ratio 0.782 1.08 0 1 9.288 2.162

% of revenue (R&D expenditure) 34.24 25.623 3.827 234.27 4.132 45.4

3.3. Filtered Graph-Based GF Analysis

It is recommended to conduct multiple network investigations in order to simul-
taneously examine many forms of interdependence in huge databases, for example, by
concentrating on four-layer ML networks that relate to partial, nonstationary, and linear
correlations between various green financial time variables. The sparse graph of each layer
is generated using a conventional network filtering BC procedure, and then the completed
sequencing networks are analyzed. Significant alterations in the network’s understood
multiplex assets are revealed by the financial data multiplex’s time transformation. In
green finance, other such shifts are linked to periods of financial strain. If the single-
layer networks are identical, some functionality that differs from the sequenced structure
is imperceptible.

For the items related to the financial terms, filtered graphs are incorporated with the
ML model, which includes a single hidden layer of network nodes of tj. The output of node
i is declared by the processing of wi weight connections with the descriptor n1

i . The weight
wi is computed as follows:

wi = ∑n
i=1g1

(
n1

i + ∑n
k=1H(i, j)tk

)
(3)
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H denotes the factors of weight, H(i,j) denotes the connection of weight from input
k to ith unit. In a similar manner, the nerve fiber efficiency is assessed. Hi is computed
as follows:

Hi = f (2)
(

n2
i + ∑n

k=1H(i, j)tk

)
(4)

where n denotes the hidden layer, H denotes the linking if hidden unit k to minimize the
overall i. The shifts in f enable the network to arrange the nonlinear relationship between
the data. The sigmoid function is declared as follows:

f (D) =
1

1 + finance(−D)′
(5)

f (D) = ∑D−1
D+1

exp(D′)− exp(−D)

exp(D) + exp(−D)′
(6)

A network’s training D and H must be approximated, and the linear transfer function
f(D) = D must be computed as part of the training process, which is often based on descent
training to minimize a portion of an error signal along with a dataset labeled with training
analyses. Another way that it differs from a conventional FG network is that operators
have taken the position of measurements and initial parameters, respectively. The buried
neurons and the different activation site classes constitute a single data-enhanced neuronal
class in the classification problem shown in the following equation:

if D1 is ρ
(1)
1 and D2 is ρ

(2)
1 then class = g(1)n(1) (7)

where ρ
(1)
1 and ρ

(2)
1 are D1 and D2’s descriptors, respectively. Every relationship that shares

a linguistic label needs to belong to the same class. It has been decided that the rule
components D1 and D2 will share the g(1)n(1); therefore, its account is the same in both
systems. Let us assume that the study has dataset D with factors F as

{
(Di,Hi)

U
i=1

}
to insert

the data Di, ∈ Hn with the global directions of gi, ∈ {0, 1} for classification problems. The
classifier follows these steps:

Step 1: Choose an alternative sequence from H(Di, gi).
Step 2: Multiply the Di {i − 1, 2, . . . n} for the processing elements to select the classifier

as follows:
D(i)

Li
(Di) =

{
D(i)

L (Di)
}

(8)

The computation is structured as follows if there is no concept node Q:

Q(D1, H) = D(i)
L , . . . , x(Dn, H) = D(n)

Ln
(9)

The sigmoid function with ACNN is trained for he GF-based sustainable growth. The
ACNN is described in Section 3.4.

3.4. BC with ACNN-Based Sustainable Growth Development Analysis in Terms of RE Forecasting

An attention-assisted convolutional neural network (ACNN) model for RE forecasting
is described in this research. A convolutional neural network (CNN) and a focused attention
layer make up the model’s layers (Figure 2). While the CNN layers concentrate on the
significance of each attribute and forecast the network’s behavior, the attention layer
determines the attention importance of every input attribute or element. For intrusion
detection, a CNN’s basic design usually consists of a mix of convolutional layers, layers
of pooling, and fully linked layers [29]. For the proposed model, we employed three fully
interconnected layers, one convolution layer, and one max-pooling layer. The results of
these methods clearly demonstrate that, when applied to all of the various datasets, the
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model based on a chosen set of configurations outperforms all alternative configurations
(Figure 2).
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Using the attention layer, the proposed model generates a set of focus values that
show how important each of the key components is to the current question. To enable
this, a softmax function is applied to obtain a set of normalized values for attention after
calculating a similarity score between the query and each key element. The output of
the attention layer is determined by weighting and adding the results after the attention
weights have been calculated. The attention weights Aij for the set of queries Q and keys K
with values v are computed using Equation (10) for query i and key j.

aij = Softmax

(
QjKT

j√
dK

)
(10)

where Qj denotes the ith query, K is the jth key, and vector dimensionality is defined as d
with the softmax activation function that is used to compute the attention weights. This
weight has been used to compute the attention layer output as follows:

Xi = ∑jaijvj (11)

where X is the output from ith node and v is the jth value. The output of the attention layer
is given as the input into the CNN for RE prediction. The convolution process is described
as follows:

Xj = bj + ∑N
i=1

(
Pi, ωij

)
(12)

f j = f (xj) (13)

where Xj is the convolution layer input, P declares the neuron of the previous layer, ωij is
the kernel from I to j and b is the bias. The activation function used in convolution layer is
ReLU, which is declared in f as in Equation (14):

f
(
Xj
)
= max

(
0, Xj

)
(14)

During the process of pooling operation from the convolution process in the region, R
is chosen as the output of P.

Pj = max
iϵR

Yj (15)
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softmax(Xj) =
eXi

∑P
j=1eXj

(16)

Following the application of the max-pooling layer, the final layer of the pooling’s
resultant shape is transformed into a one-dimensional array using the flatten method. This
array is subsequently sent as input to the fully linked layers. The ReLU activation function
is used by the completely connected layers. As shown in Equation (16), the final completely
linked layer generates the result using the softmax function.

An attention-based convolutional neural network (CNN) can be crucial in determining
the main factors impacting GF growth and investment in renewable energy when highlight-
ing the connection between green finance (GF), blockchain (BC), and artificial intelligence
(AI) to enhance environmental advancement and sustainable investments. The training
methods and hyperparameters for this type of model are listed below (Table 4).

Table 4. Hyperparameters of GmM-ACNN.

Hyperparameters Description

Number of convolution layers 3

Pooling size 2

Kernel size 3 × 3

Number of filters 64

Stride 1

Number of attention heads 4

Attention head size 64

Length of attention layer 2

Dense layer/ fully connected layer 128 neuron

Activation function ReLu, SoftMax

Dropout rate 0.21

Learning rate 0.001

Batch size 32

Optimizer Adam (β1 = 0.9 and β2 = 0.999)

Epochs 100

Regularization L2 (decay parameter-0.0001)

4. Results and Discussions
The RE performance influences the consumption of energy based on financial and non-

financial data. The performance of the BC-based solutions is evaluated using fraudulent
and non-fraudulent financial data. The dataset is divided into sets for testing, validation,
and training. To prevent look-ahead bias, it is ensured that the training set includes data
that occur prior to the validation and test sets. A 70–15–15% split might be used as the
average. Classification measures like the F1 score, accuracy, precision, recall, and Area
Under the Curve (AUC) are used during binary classification to assess the model. The
accuracy or multi-class F1 score are used if the objective involves classifying data into
different classes.
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4.1. Correlation Analysis

The matrix of correlations for the variables used in the econometric estimation can be
found in Table 5. It indicates that multicollinearity in econometric computations is unlikely
since there is no discernible correlation between the two variables.

Table 5. Multicollinearity analysis.

RE ER RoE RoA (CA) NI GM DER RIT EPS R&D

RE 1

ER −0.0027 1

RoE −0.0718 *** 0.1421 *** 1

RoA 0.0715 *** 0.0552 *** 0.3178 *** 1

CA −0.118 *** 0.0306 0.430 * 0.0642 ** 1

NI 0.0208 0.1630 *** 0.0652 *** 0.0782 *** 0.2251 *** 1

GM −0.5625 *** −0.0143 −0.0563 ** −0.1072 *** −0.0875 *** −0.0034 1

DER 0.1791 *** 0.0507 ** 0.0928 *** 0.0842 *** −0.0056 0.0091 −0.0032 1

RIT 0.0844 *** 0.0046 −0.0342 0.0186 −0.0345 0.0433 * 0.1423 *** −0.046 *** 1

EPS −0.1171 *** 0.0032 −0.0367 −0.0241 −0.0351 −0.0071 0.0186 0.1052 *** 0.0915 *** 1

R&D 0.044 −0.0135 −0.0750 *** −0.0231 −0.0123 0.0136 0.0511 *** 0.0024 −0.0023 0.1103 *** 1

Note: * (one asterisk) → significant at the 10% level (p < 0.10), ** (two asterisks) → significant at the 5% level
(p < 0.05), *** (three asterisks) → significant at the 1% level (p < 0.01).

4.2. Philips–Perron Test

Because they handle heterogeneity and take into consideration specific unit root
processes, these tests are widely used. Although the upgraded Dickey–Fuller logit test
outcome (11.611 with chi square) indicates that all variables are stationary, a significance
score over the 1% threshold (with better validity) indicates that certain components are
just static after the initial difference. The improved Table 6 displays the results of the
cross-sectional enhanced panel unit root Dickey–Fuller and Phillips–Perron tests, as well as
the cross-sectional augmented panel unit root test by Bouyghrissi et al. [30]. As previously
stated, the Z-score, sustainable power use, and the dependence test were the criteria
that demonstrated cross-sectional independence based on the cross-section. For the first
time, the following variables were used in this work as unit roots with Phillips indicators.
According to Table 3, the Z-score remains constant at this level, whereas the green economy
and RE consumption (REC) remain constant at the first difference. The CIPS-test is used to
examine the other parameters. At the same threshold, the management inefficiency, EPS,
RIT, equity assets, and liabilities are all unchanged.

Table 6. Phillips–Perron (PP) results.

Variable_Name
PP Test

Z Score
Inverse_Logic Chi Square

Liability 4.995 −2.561 1.662

Current_Ratio −23.42 *** 45.243 *** −17.278 ***

Quick_Ratio 1.231 −2.342 41.32

Equity_Ratio 4.1826 1.2442 −1.267

RoE (Return on Equity) 2.2781 −1.2771 −1.272

RoA (Return on Assets) 3.4782 −1.0287 1.982

LongTermCapitalAdequacy Rate (LCA) −1.1421 1.997 1.992

Cash (% of asset)
(CA) −2.188 *** 2.9912 *** 1.123

Net_Income (NI) −3.6612 *** 1.4097 *** 17.22

Gross_Margin (GM) −12.87 *** 17.492 *** −9.263 ***

Liabilites_NonCurrent −42.34 *** 61.782 *** −4.129 ***

OperatingactivitiesNetCashFlows −29.118 *** 45.288 *** −13.201 ***



Sustainability 2025, 17, 2520 14 of 20

Table 6. Cont.

Variable_Name
PP Test

Z Score
Inverse_Logic Chi Square

Net loss −6.243 *** 12.911 ***

% of managingDirectors −22.929 *** 22.199 *** −18.271 ***

% of shares by directors −15.343 *** 58.332 *** −12.342 ***

% of shares pledged by directors −12.78 *** 16.352 *** −8.482 ***

Debt_to_Equity_Ratio (DER) −5.352 *** 10.2893 *** −1.29

Ratio of inventory turnover (RIT) −2.2482 *** 2.982 *** 1.143

EPS (EarningPerShare) −41.452 *** 56.354 *** −13.422 ***

DividendYield −11.24 *** 16.3521 *** −4.244 ***

P/E ratio −4.232 *** 1.423 *** 15.23 ***

% of revenue (R&D expenditure) 1.434 −1.3422 1.9733

*** Variables may varied slightly.

Differences in income between nations may have an effect on how the banking sector
encourages the use of renewable energy. The nations are separated into three categories.
The information is broken down into five income groups according to the World Bank’s
World Development Index. These sections have been divided into three groups for the
sake of this article. Both upper-middle-income and lower-middle-income countries make
up the middle-income group in Figure 3. The statistics also included one income group
for growing nations and two for high-income countries. Figure 3 displays a high-level
summary of each of the three income groups, as well as data on the number of nations
and the average GDP per capita for each. There are some variations when the outcomes
of econometric computations for various income brackets are examined more thoroughly.
When conducting econometric calculations for a high-income panel, it is crucial to include
the market capitalization, quality of assets, and managerial inefficiencies. Both the road and
the Z-score (financial stability) are negligible. Relevant coefficients indicate that for every
unit increase in market capitalization, sustainable energy consumption as a percentage of
overall power usage improves by roughly 0.02 percentage points. Managerial inefficiencies
and the asset quality have a significant impact on the percentage of renewable energy used.
The dependent variable drops by 0.1.
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4.3. Impact of Filtered Graph with ML Approach Based GF Sustainability Analysis

The term “GF” in Figure 4 refers to funds invested in customer goods, activities,
healthcare, and financial arrangements that boost the nation’s economy. The environment
fund is one aspect of online green finance, but it is not the only one. It also makes reference
to a wider variety of additional ecological objectives, like insurance for biodiversity, water
cleanliness, and contemporary contaminant control. Both moderation and adjustment are
especially linked to activities related to environmental change: in mitigation, financial
streams refer to investments in projects and activities that help reduce or maintain a safe
distance from emissions of substances that deplete the ozone layer, while in adjustment,
financial streams refer to speculations that also help reduce the susceptibility of people
and products to the effects of global climate change. The client plays a more significant
part in the private equity industry, impacting and molding the hierarchy schedules that
can serve as willing loan possibilities. Natural corruption sites of the sector include things
like air pollution; water contamination and shortages; stream encroachment, which is
responsible for the spread of medical, pharmaceutical, and healthcare waste; forest loss;
loss of green space; and biodiversity, that is transformed by the Green Climate Fund. It
has to help reduce poverty and be environmentally sustainable. It is an essential method
for incorporating the financial aspect of the shift towards becoming asset-efficient but for
lower-income economies and helps in the adjustment to environmental changes.
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The analysis in terms of the filtered graph for GF management in terms of the process-
ing time is investigated and the results are shown in Figure 5.
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4.4. Impact on RE Forecasting with BC-Based ACNN

The comparison results in terms of forecasting the RE in GF that impacts countries’
sustainability are analyzed in terms of the training and testing accuracy and loss. The
results are illustrated in Figure 6. The proposed model is compared with existing ap-
proaches such as the financially maximally filtered graph with a CNN [22], the Temporal
convolutional neural network (TCNN) [23] and the regression model [24]. The performance
of the proposed BC-ACNN-based RE forecasting, which impacts the GF, is illustrated in
Figures 6 and 7, which proves the efficiency in terms of the loss and accuracy of the pro-
posed BC-ACNN model, respectively. It is clearly shown that the developed model secured
reduced loss and improved the accuracy in forecasting the RE’s impact from the financial
data. There is a slight deviation between the testing and testing loss. In 100 epochs, the
proposed model secured 0.5% of the training loss and 0.42% of the testing loss. Similarly,
for 100 epochs, the proposed model secured 0.98% of the testing data accuracy and 0.986 of
the training data accuracy.
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Figure 8 shows the performance comparison of approaches that are related to green
finance factors that influence the sustainability growth of a nation. Comparatively, the
proposed model achieved an improved performance with an accuracy of 0.986, precision
of 0.976, recall of 0.978, and F1 score of 0.981. The other considered approaches, such as
FGCNN, secured 0.95 for accuracy, 0.943 for precision, 0.941 for recall, and 0.948 for the F1
score. The TCNN model obtained 0.941 for accuracy, 0.93 for precision, 0.928 for recall, and
0.931 for the F1 score. Similarly, the regression model secured 0.963 for accuracy, 0.951 for
precision, 0.953 for recall, and 0.981 for the F1 score.
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The impact of the asset quality on the consumption of RE across various income groups
lends more credence to the topic, demonstrating that a low asset quality—as demonstrated
by an increase in non-performing loans—decreases the usage of green energy sources. This
finding is in line with the greater amount of research that highlights the significance of
prudent asset management in supporting green financing flows. How high-income and
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other income groups differ from one another, however, with regard to the influence of asset
quality on the use of renewable energy, calls for further research into how open markets and
easy access to information might support sustainable energy initiatives financially. A crucial
component of green finance’s role in sustainable development is highlighted by the dis-
parate effects of investments in renewable energy across socioeconomic groups, especially
the more noticeable benefits in lower-income areas relative to high-income nations. This
contradiction implies that important factors influencing the efficacy of these expenditures
are the legislative and economic environments in which they take place. This study offers
significant new information about how blockchain and renewable energy are impacted
by green finance in underdeveloped nations. However, it is limited. It only examines
30 low-income countries, which might not adequately reflect the state of the world or ac-
count for all relevant variables. The results may not be applicable to developed economies
due to their emphasis on underdeveloped nations. The study may have limitations unique
to this econometric approach because it relies on a GMM with filtered graph-based ML
for analysis. Additionally, it ignores the social and environmental effects of GF, which
stakeholders and policymakers must take into account. These restrictions point to the
necessity of a more extensive study that examines the effects of green financing from a
wider angle and uses a variety of approaches.

5. Conclusions
This study proposed a filtered graph-based ACNN to investigate the dynamic spillover

effects of green bonds, RE investments, and sustainable growth, as well as a GAM-based
factor analysis that influences the implications of green financing. Particular emphasis
is placed on how the banking system shapes these interactions. The empirical findings
from our study shed important light on a number of crucial aspects of how green finance
helps emerging nations adopt renewable energy sources and how this affects sustainable
growth. First, a striking and strong link between green bond issuance and renewable
energy investments was found. This implies that the provision of green finance through
bonds has made it easier for money to be allocated to renewable energy projects in the
nations that are being considered. By utilizing efficient procedures and expertise exchange,
emerging nations working together in GF can accelerate the adoption of sustainable policies
by facilitating sharing of information and capacity building. This study’s concentration on
Taiwanese companies registered on the stock exchange is one of its limitations; it might not
adequately represent the dynamics of green finance across other industries or geographical
areas. The findings’ applicability to other nations or industries with different financial
systems and environmental regulations may be impacted by this sectoral and geographic
restriction. Furthermore, even if the study uses AI models like attention-based CNN, the
availability and quality of previous financial data may have an effect on how well the model
performs. Because only publicly accessible financial data were used, certain sensitive or
private financial data that might have an impact on GF results were left out. In order
to gain more comprehensive knowledge of the global dynamics of green finance and its
interactions with blockchain and artificial intelligence, future studies could broaden the
analysis to include companies from other nations or regions. More specialized insights
might potentially be obtained by looking into a larger range of sectors and their unique
green finance requirements. Furthermore, the predictive capacity of AI models may be
improved by integrating real-time data and investigating their potential for forecasting
long-term trends in green finance. Lastly, investigating the incorporation of additional
cutting-edge technologies, like blockchain for smart contracts in GF or decentralized finance
(DeFi), could further develop the nexus between technology and sustainable finance.
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