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ABSTRACT 

Climate change is affecting the development of many industries in different aspects. These impacted 
enterprises transform into sustainable enterprises to avoid the risks, and by doing so they enter into 
the green bond market. The current literature provides effective reference indicators for participants 
in the green bond market. These indicators illustrate the funding size of the green bonds in different 
dimensions to the participants. As for the improvement of the policies about environmental protection 
there also emerge some new indicators such as ESG score. Besides, machine learning is an 
accurate and effective tool in many fields, and some researchers have established a model for 
predicting the issuance of green bonds but have not involved the new indicators in the past. In this 
paper, on the one hand, we discuss the new indicator, ESG scores, and how it affects the funding 
size of the green bonds, on the other hand, we add this new indicator and the old indicators into four 
machine learning models to compare the accuracy of predicting the issuance of green bonds of 
these four models. In these four models, the Random Forest Regressor and LGBM Regressor are 
the best models on average. The former has the best performance of accuracy but needs much 
more time than the latter. On the opposite, the latter is the most efficient model among all but is the 
second most accurate. Besides, other models have the best numerical measurements in different 
dimensions which means we could use different models depending on different situations. Choosing 
the proper model for the specific situation can optimize the benefit of the green bond market 
participant. 
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1. INTRODUCTION 

With increasing the awareness of protecting the environment in every country green bonds 

burgeoning into fixed-income securities as a new concept of a financial instrument designed to 

support the financing of environmentally friendly projects. Issue green bonds are aiming to obtain 

further financing or refinancing capital for causes that contribute to the improvement of the natural 

environment (Anna, 2018). Green bonds have experienced significant growth in the global market in 

recent years. This growth not only reflects investors' focus on sustainable development but also 

demonstrates the important role of green finance in promoting environmentally friendly projects (CBI, 

2021; ICMA, 2022). Finance is the core department of a company and some companies issue green 

bonds to achieve the company's green and sustainable development. In doing so, how many specific 

quantities of green bonds should be published becomes an emerging problem. According to Barua 

and Chiesa (2019), the supply of green bonds is supply-pushed not demand-pulled. A growing body 

of research suggests that green finance plays an important role in promoting sustainable economic 

development and combating climate change. For example, Kölbel et al. (2020) state that the 
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expansion of the green bond market has not only improved the ability to finance environmental 

projects but also promoted environmental awareness among investors. Other studies have shown that 

the use of green financial instruments can effectively reduce the carbon footprint of firms and improve 

resource efficiency (Busch et al., 2016). Therefore, understanding the drivers of green bond issuance 

is crucial to promoting the development of green finance (Ehlers & Packer, 2017). 

ESG is the abbreviation of the “Environment”, “Social” and “Governance”. It is a standard used to 

evaluate a company's performance in environmental protection, social responsibility, and corporate 

governance this three dimensions. ESG is not only a part of sustainable development for enterprises, 

but also an important indicator for investors to evaluate long-term risks and opportunities for 

companies. So far, there is plenty of research that has illustrated ESG has more or less impact ona 

company’s performance. As Velte (2017) expounded in his paper: During the business year 2010-

2014, an analysis covering 412 enterprises from three dimensions of ESG confirmed the three 

dimensions all had a positive impact on accounting-based financial performance. Furthermore, the 

score of governance performance shows the strongest impact among the three dimensions. The ESG 

system can protect enterprises by directing and managing the microscopic behavior of enterprises 

from adverse risks impact and reducing negative reactions in the environment and in the enterprise's 

social perspective (Wang& Wang, 2022). Combining current development trends and the 

consciousness of the environment sustainable development in society, some investors prefer to add 

ESG scores to their investment criteria to avoid emerging risks as much as possible to achieve 

maximum returns. Therefore, most enterprises also choose to transform into "green enterprises" or 

sustainable development enterprises due to this trend by issuing green bonds to raise funds which can 

used to support environmental protection and develop some sustainable development projects.   

In Barua and Chiesa’s (2019) research, they defined a broad set of impact factors of green bond 

publishment in three key categories: bond characteristics, issuer characteristics, and market 

characteristics. Better ESG practices will encourage companies to issue more green bonds (Wang& 

Wang, 2022). It follows that the issuance of green bonds is influenced by various factors, including 

ESG (Environmental, Social, and Governance) scores, bond characteristics, issuer characteristics, and 

market characteristics. Understanding how these factors affect the issuance of green bonds is crucial 

for investors, issuers, and policymakers. We use these four main factors or characteristics to model 

the funding size of green bonds through machine learning rather than traditional statistical methods 

in our research. Although traditional statistical methods have been used to analyze the impact of these 

factors, they are constrained when confronted with intricate relationships, machine learning provides 

a more precise and complex analytical tool that can reveal nonlinear relationships and interactions 

hidden in data (Baker et al., 2018). In this paper, we compare the accuracy of four different machine 

learning models in predicting the issuance of corporate green bonds. The models were established 

based on ESG scores, bond characteristics, issuer characteristics, and market characteristics, aiming 

to provide empirical data support and decision-making references for participants in the green bond 

market. 

However, to fully understand the drivers of green bond issuance, the impact of ESG scores, bond 

characteristics, issuer characteristics, and market characteristics must be examined in depth. Existing 

literature suggests that these factors have a significant impact on the dynamics and complexity of the 

green bond market (Zerbib, 2019; Hachenberg & Schiereck, 2018; Larcker & Watts, 2022). With the 

development of big data and analytics, machine learning models have shown great potential in 

revealing these complex relationships (Baker et al., 2018). 

Our research has practical reference significance for participants in the green bond market. First, we 

explored the nature of the impact of various factors and divided them into ESG scores, bond 

characteristics, issuer characteristics, and market characteristics then discussed these four 

characteristics' impact on the funding size of the green bond market separately and revealed different 

associations between green bond markets and these four characteristics. The second is to compare the 

machine learning techniques that can most accurately predict the issuance volume of China's green 
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bond market. We have considered several algorithms, including Linear Regression, Random Forest 

Regressor, XGB Regressor, and LGBM Regressor.By comparing the prediction accuracy of different 

machine learning models, some participants in the green bond market can better utilize the appropriate 

model to make optimal decisions. 

The paper is structured as follows: Section 2 discusses the relevant literature and theoretical 

background; Section 3 outlines the materials and methodology used; Section 4 presents the result of 

our research and discussion on the practical significance of the research; And finally, section 5 

provides policy implications and conclusions based on our research. 

2. LITERATURE REVIEW 

ESG scores, as a measure of a firm's environmental, social and governance performance, have become 

an important reference for investors to assess a firm's sustainability capabilities.Zerbib (2019) finds 

that firms with high ESG scores are able to realize lower issuance costs and higher market acceptance 

when issuing green bonds. This finding is in line with Hachenberg and Schiereck (2018) who, in their 

analysis of the German market, find that firms with high ESG scores are able to enjoy lower yields 

when issuing green bonds. This is supported by Flammer's (2021) study, which emphasizes the 

importance of ESG scores in investor decision-making. However, Baker et al. (2018) argue that 

despite the importance of ESG scores, the market's sensitivity to their impact may vary by region and 

industry. In the U.S. market, the response to ESG scores varies widely across sectors, with sectors 

such as technology and energy being more sensitive to ESG scores.Larcker and Watts (2022) use a 

machine learning model to find a significant nonlinear relationship between the impact of ESG scores 

on green bond issuance, suggesting that simple linear models may not be sufficient to capture this 

complexity and that more sophisticated models to understand the impact of ESG scores. Therefore, 

future research should introduce more sophisticated machine learning models that can handle large-

scale data, capture complex nonlinear relationships, and provide more comprehensive analytical 

results, thus filling the gaps in existing research. 

Characteristics such as maturity time, coupon rate, and credit rating are important factors affecting 

the issuance of green bonds.Tang and Zhang (2020) find through regression analysis that longer 

maturity time and higher credit ratings are positively correlated with the issuance of green bonds, 

which is in line with Flammer's (2021) finding in the international market. The empirical study by 

Hachenberg and This is supported by the empirical study of Schiereck (2018), who finds that green 

bonds with high credit ratings and long maturities are more attractive.Wang et al. (2019), through a 

study of machine-learning models in the Chinese market, find that higher rated bonds and longer 

maturities tend to attract lower risk premiums, which reduces the financing costs of issuers. Larger 

issue sizes also benefit from economies of scale, which further reduces the risk premium. These 

findings are supported by a multivariate statistical regression analysis that integrates macro and 

microeconomic factors to provide a comprehensive understanding of green bond pricing dynamics. 

It is important to note, however, that market responses to these characteristics can vary over time, are 

highly time-dependent, and may fluctuate with the economic cycle. Meanwhile, Larcker and Watts 

(2022) emphasize the importance of the impact of market conditions on these characteristics by using 

a machine learning model to reveal a non-linear relationship between the impact of different bond 

characteristics on issuance. Thus, while bond characteristics play an important role in increasing the 

market acceptance of green bonds, their impact may vary in different market environments and need 

to be analyzed comprehensively in the context of market conditions. However, while existing 

machine learning models by scholars provide important evidence for understanding the impact of 

bond characteristics on green bond issuance, these models ignore the complex interactions and non-

linear relationships between characteristics. This paper aims to fill this research gap, hoping to 

enhance the timeliness and usefulness of the study by introducing more sophisticated machine 
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learning models to more comprehensively analyze the complex relationships among these bond 

features and to process high-dimensional data to provide more fine-grained analysis results. 

Issuer characteristics (including firm size, industry category, and financial health) also have a 

significant impact on green bond issuance.Flammer (2021) shows that large firms and firms with 

good financial health are more likely to issue green bonds. This is supported by Hachenberg and 

Schiereck (2018) who note that issuer characteristics play a key role in green bond pricing. Issuers 

with substantial assets and higher financial stability are perceived as less risky, which may lead to 

more favorable issuance conditions. In the Chinese market, Wang et al. (2019) used a machine 

learning model to analyze a large dataset, and their study suggests that state-owned enterprises (SOEs) 

and firms with higher returns on net worth are more likely to successfully issue green bonds, reflecting 

investor confidence in their credibility and long-term viability. This study identifies patterns and 

correlations that may be missed by traditional statistical methods. By considering multiple variables 

simultaneously, these models can more accurately predict issuance success. However, also in the 

Chinese market, Tang and Zhang (2020) found through machine learning analysis that the effects of 

firm size and industry category on green bond issuance exhibit a complex nonlinear relationship, 

suggesting that traditional statistical methods may not be able to adequately account for such 

effects.Baker et al. (2018) argued that small firms in the green bond market may face more issuance 

challenges, especially in the early stages.Larcker and Watts (2022) also point out that while large 

firms dominate the market, SMEs are gradually starting to gain market share and attract investors 

through innovative financing methods. Moreover, their study reveals a complex non-linear 

relationship between firm size and industry type on green bond issuance, further emphasizing the 

importance of segmentation and industry analysis. 

Market characteristics such as macroeconomic environment, interest rate level, market demand, and 

policy support are also determinants of green bond issuance Larcker and Watts (2022) find that a low 

interest rate environment and high market demand significantly contribute to green bond issuance. 

This finding is consistent with Tang and Zhang's (2020) findings in the Chinese market, where Tang 

and Zhang (2020) point out that market demand is an important factor influencing the issuance of 

green bonds Hachenberg and Schiereck (2018) further point out that uncertainty and volatility in the 

market can also affect the decision to issue green bonds , especially during periods of high economic 

volatility. In the Chinese market, Wu et al. (2022) and others use PSM and DID models to accurately 

predict these effects by analyzing a large dataset that includes historical interest rate movements and 

bond issuance data, thus finding that lower interest rates tend to reduce the cost of capital for green 

bond issuers. In addition, Zerbib (2019) emphasizes the geographic and temporal variability of market 

characteristics, suggesting that the impact of market characteristics may vary by time and location, 

which complicates forecasting. In addition, Flammer (2021) further notes that the green bond market 

as a whole exhibits a high degree of resilience despite changing market conditions, which implies that 

investor confidence in green bonds is more solid. In addition, government policies and regulatory 

support are key to driving green bond issuance.Wu et al. (2022) use PSM and DID models to help 

assess the effectiveness of market policies by examining the impact of these policies on market 

behavior and issuance. The analysis includes an assessment of the impact of subsidies, tax incentives, 

and mandatory green certification requirements to provide a more detailed analysis of the impact of 

policy support on green bond issuance. However, while learning models proposed by existing 

scholars provide different evidence for the study, these traditional statistical models have limitations 

in dealing with high-dimensional and non-linear data. The aim of this paper is to explore the long-

term impact on green bond issuance by introducing a novel learning model that can effectively 

integrate multiple market characteristics, deal with complex nonlinear relationships, and improve the 

robustness and reliability of predictions. 
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3. METHODOLOGY 

3.1. Data 

In this study, we utilized data collected from 99 green-labeled bonds issued through the Wind data 

terminal over a one-year period in 2023. In order to investigate the accuracy of machine learning in 

predicting the issuance volume of green bonds, we defined a set of factors that may influence the 

issuance volume. Based on specific research on green bonds and financial reports, we selected 

potential variables from four categories: (1) corporate characteristics; (2) issuer characteristics; (3) 

market characteristics; and (4) ESG (Environmental, Social, and Governance), and expanded these 

four categories into 13 independent variables. Table 1 represents all 13 variables and their 

fundamental principles, which we use to depict the basic functional relationships as follows: 

 

Issue amount= f (Bond Characteristics, Issuer Characteristics, Market Characteristics)     (1) 

 

We expand function (1) and replace it with all variables:  

 

Issue amount= f (Term, Coupon rate, ROA, ROE, Debt_to_asset, Cash turn ratio, wgsd_asset, 

Credit_rating, Industry_gics, ESG score, E_score, S_score, G_score)      (2) 

 

Table 1. Factors/variables used 

Determinant 

categories 

Variables 

considered 

Variable description Rationale 

Bond 

Characteristics 

Term The issuance term of a 

bond in years 

The length of time between the date 

of issue and the maturity date of the 

bond 

Coupon rate % rate of coupon interest 

per annum 

Cost of financing 

Issuer 

Characteristics 

ROA(Retur

n on Assets) 

Return on Assets 

(Annual %) 

Firm profitability 

ROE(Return 

on equity) 

Return on equity 

(Annual %) 

Firm profitability and asset 

utilization efficiency 

Debt_to_ass

et 

% rate of total bond 

liabilities to total assets 

Firm financial structure 

Cash turn 

ratio 

% rate of cash flow to its 

average cash balance 

Cash management ability and 

efficiency 

wgsd_asset(

Total asset) 

Value of total assets in 

CNY 

Firm size 

Credit_ratin

g 

Numerical codes for 

rating either by agency 

Creditworthiness and risk profile of 

the issuer 

Market 

Characteristics 

Industry_gic

s 

Classification of 

industries 

type of industry 

ESG ESG score The comprehensive score 

of environment, society 

and governance 

Corporate performance in 

sustainability and social 

responsibility 

E_score Environment score Performance on environmental 

issues 

S_score Society score Performance in social responsibility 

G_score Governance score The performance of internal 

governance of enterprises 
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Figure 1. Distribution of normalized values ranging between 0 and 1 

 

 

Figure 2. Quantity bar chart of credit ratio and box chart of normalized issue amount distribution 

 

 

Figure 3. Quantity bar chart of industry_gics and box chart of normalized issue amount distribution 
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Before using machine learning algorithms for the measurements, we performed preliminary 

processing of the data. After excluding outliers and dealing with missing values, we performed feature 

engineering and normalized the issue count by converting each value of the issue count to a range of 

0 to 1 and naming the normalized dependent variable as NORMALIZED(Issue amount). Fig. 1 

represents the normalized density distribution of green bond issuance, from which it can be seen that 

the normalized issuance of green bonds is all positive and positively skewed in the distribution. 

Among the above characteristic variables, credit rating and Industry_gics are discrete variables due 

to the specificity of their measurement data, and their quantitative relationship and relationship with 

the normalized issuance volume can be seen in Fig. 2 and Fig. 3. In Fig. 2, credit ratings are divided 

into four classes -, AAA, AA+, AA, with the largest number of AAA ratings and the smallest number 

of AA ratings; in Fig. 3, Industry_gics are divided into information technology, industry, public utility, 

optional consumption, daily consumption, material, and other categories. In Fig. 3, Industry_gics is 

divided into nine industries: information technology, industry, public utility, optional consumption, 

daily consumption, material, real estate, energy, and finance, where industry and public utility have 

the largest number of data and finance has the smallest number. In the end, we selected eleven 

continuous variables to explore the correlations, and the statistical charts of the basic characteristics 

of all the remaining continuous variables are shown in Table 2. The heat map of correlation is shown 

in Fig.4.The correlation coefficients show that ESG score has a strong correlation with the number of 

issues. 

Table 2. Descriptive statistical 

 ESG

_Sc

ore 

E_s

cor

e 

S_s

cor

e 

G_

sco

re 

RO

E 

RO

A 

Debt

_to_a

sset 

Cash_

turn_r

atio 

wgs

d_as

sets 

Ter

m 

Time_t

o_matu

rity 

Issue

_amo

unt 

Coup

on_r

ate 

co

u

nt 

99 99 99 99 99 99 99 99 9.90

E+0

1 

99 99 9.90

E+01 

99 

m

ea

n 

6.79

919

2 

4.3

683

84 

5.1

794

95 

7.0

781

82 

3.1

385

41 

2.2

054

54 

64.05

771 

794.6

63752 

2.69

E+1

1 

51.1

572

75 

2.2550

16 

1.08

E+09 

3.75

3333 

st

d 

0.95

860

5 

2.3

111

28 

1.9

933

36 

0.9

923

14 

7.0

330

9 

2.2

376

84 

12.40

5854 

714.2

6813 

4.70

E+1

1 

31.0

744

15 

3.5393

75 

1.19

E+09 

1.15

3977 

m

in 

4.78 0 0.7

7 

4.9

7 

-

37.

686 

-

1.8

25 

24.20

42 

17.82

16 

9.62

E+0

9 

0.40

98 

0 9.00

E+07 

2.26 

2

5

% 

6.05 2.5

7 

3.7

8 

6.2

45 

1.3

059 

0.9

787

5 

56.32

14 

297.1

5605 

4.03

E+1

0 

24.9

098 

0.7164

38 

5.00

E+08 

3.00

5 

5

0

% 

6.82 4.4

7 

5.0

8 

6.9

3 

3.9

869 

1.9

31 

63.51

79 

554.4

414 

7.64

E+1

0 

50.4

098 

1.4219

18 

8.00

E+08 

3.4 

7

5

% 

7.65 6.2

3 

6.6

55 

7.6

9 

6.0

991 

3.1

377 

72.37

85 

1019.

02715 

2.83

E+1

1 

74.9

098 

2.1424

66 

1.06

E+09 

4.22 

m

ax 

8.71 8.4

7 

9.4

7 

9.7

9 

21.

764

3 

13.

762

4 

91.52

32 

3344.

6433 

2.72

E+1

2 

132.

409

8 

20.698

63 

8.07

E+09 

7.5 
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Figure 4. Correlated heat maps of variables 

Before building the model, we employed the nested cross-validation method to ensure the stability of 

the model and select the optimal parameters. We performed one-hot encoding on the two categorical 

variables, Credit_rating and Industry_gics, to convert them into numerical variables and added them 

to the dataset, which was then split into multiple subsets for cross-validation testing. Ultimately, we 

obtained the parameter initialization from both internal and external cross-validation to use in model 

training and evaluation. In this study, we will separately use four machine learning algorithms, 

namely linear regression, Random Forest, Extreme gradient boosting (XGB) algorithm, and Light 

gradient boosting machine (LGBM), to test their accuracy in predicting the issuance volume. 

3.2. Linear Regression 

Linear regression is a classic machine learning algorithm that seeks to find the best linear relationship 

by fitting and training a simple and intuitive linear regression model. This algorithm is suitable for 

analyzing variables with simple linear relationships, and it offers strengths such as strong 

interpretability, simplicity in computation, and fast processing speed. Conversely, its limitations 

include the inability to handle non-linear relationships and susceptibility to the influence of outliers. 

The function of the linear regression model is as follows: 

 

Y=β
0
+β

1
x1+β

2
x2+β

3
x3+…+β

n
xn.                        (3) 

 

Where Y represents the dependent variable (target variable), x1, x2, …, xn represent the independent 

variables (features), β0 is the intercept, and β1, β2, …, βn are the coefficients of the independent 

variables. 

3.3. Random Forest 

Random Forest is a commonly used ensemble learning algorithm, proposed by Breiman in 2001. It 

predicts samples by constructing multiple decision trees and ultimately derives predictions by 

averaging the results. The main advantage of Random Forest lies in its ability to resist overfitting. It 

achieves this by using the Bootstrap sampling method to obtain random feature subsets of the training 

data and then training multiple decision trees in different feature subspaces. After training, the 

predicted value of green bond issuance can be represented as: 
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ŷ=
1

N
∑  N

i=1 Ti(x)                              (4) 

 

Where Ti represents the i-th random tree learner, and x is the input feature vector. 

3.4. Extreme Gradient Boosting (XGBoost) 

Extreme gradient boosting (XGBoost) is an efficient machine learning algorithm proposed by Chen 

and Guestrin in 2016. It is based on decision trees and gradually improves the predictions of the target 

variable using gradient boosting while controlling model complexity through regularization 

techniques to enhance prediction accuracy. The core concept of Extreme gradient boosting (XGBoost) 

is to construct each tree in a depth-first manner, with each tree being trained on the residuals of the 

previous tree model. Additionally, XGBoost introduces a pruning technique to prevent overfitting by 

eliminating nodes with minimal contribution to the model. The prediction values are represented as 

follows: 

 

ŷ
i
=∑  K

k=1 fk(xi)                             (5) 

 

Where fk represents the k-th tree model, xi is the feature vector of sample i, and K is the total 

number of tree models.  

3.5. Light Gradient Boosting Machine (LGBM) 

LightGBM (Light Gradient Boosting Machine) is an efficient gradient boosting machine learning 

algorithm developed by Ke et al. in 2017. It is a decision tree learning model based on the Histogram 

algorithm, employing a Leaf-wise strategy to grow trees and selecting the best-split point at the 

current leaf node to minimize the loss at each node. LightGBM trains iteratively, optimizing the 

model in each iteration using the residuals from previous iterations. It utilizes pruning techniques to 

control model overfitting. LGBMRegressor algorithm performs exceptionally well in large-scale data 

and high-dimensional feature scenarios, exhibiting efficiency, accuracy, and robustness. It is a 

powerful tool for handling complex data problems. The LightGBM model can be represented as 

follows: 

 

ŷ=∑  M
j=1 Tj(x)                              (6) 

 

Where Tjdenotes the jth regression tree, x is the input feature vector, and M is the total number of 

trees. Each tree Tj  is trained based on the residual from the previous iteration, continuously 

improving the model’s performance and prediction accuracy.  

3.6. Performance of Models  

We used three coefficients of measurement bias for the comparison of the accuracy of the predicted 

value of green bond issuance, namely the root means square error (RMSE), mean absolute error 

(MAE) and the coefficient of determination (R2). The functional expressions of these metrics are 

shown below: 

RMSE=√
1

N
∑ (Yî-Yi)

2N
i=1                             (7) 

 

MAE=
1

N
∑ (Ŷi-Yi)

N
i=1                               (8) 
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R2=
∑ (Ŷi-Y̅i)

2N
i=1

∑ (Yi-Y̅i)
2N

i=1

                                 (9) 

 

Ŷi, Yi, and Y̅i are expressed as the predicted, observed, and mean of the observations, respectively. 

4. RESULTS AND DISCUSSION 

4.1. Model Performance Evaluation and Comparison 

Fig.s 5, 6, 7, and 8 show the degree of proximity of the predicted values to the true values of the four 

machine learning algorithms, respectively, and the accuracy of the model's predicted values is higher 

when the data points are closer to the regression line. As can be seen from the figure, the data points 

of the linear regression model and the XGB model are more dispersed, and the accuracy of RF and 

LGBM is relatively high.  

 

Figure 5. Scatter plot of linear regression model 
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Figure 6. Random forest model scatter plot 

 

 

Figure 7. XGB model scatter plot 
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Figure 8. LGBM model scatter plot 

Fig. 9 shows the boxplots of the predicted values of the four models. As seen in the figure, the LR, 

XGB, and LGBM models all have some degree of noise, indicating that they are more sensitive to 

outliers, and the models with larger differences in the figure indicate that the variance of the test 

results is larger. 

 

Figure 9. Box plot of predicted value distribution 

Fig. 10 represents the final output scores for the three coefficients of the four models. Among them, 

the smaller the values of RMSE and MAE, the better the predictive ability of the model; the closer 

the value of R^2 is to 1, the better the model fits the data. The negative value of R^2 for the LR and 
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XGB models in the figure indicates that they fit the experimental data poorly and are not applicable 

to that experimental data. Among the four models, the models with better predictive ability are the 

RF model and the LGBM model, with the RF model having the smallest values of RMSE and MAE, 

followed by the LGBM model. 

 

Figure 10. Output score of the performance test 

Table 3 demonstrates the values of the three bias measure coefficients computed by the four machine 

learning algorithms mentioned above along with their average tuning times, where the average tuning 

times reflect the tuning efficiency and cost of the algorithmic models, and it is worth noting that the 

linear regression model in the table has an average tuning time that is much smaller than that of the 

remaining three algorithmic models, which coincides with the fast computation speed of linear 

regression that we have mentioned in Section 3.2 above . Among the two models with higher 

predictive ability, the average tuning time of the LGBM model is nearly double that of the RF model, 

indicating that the LGBM model is the most computationally efficient and the least costly under the 

requirement of accuracy, which implies that the LGBM model may be a more cost-effective method 

in future practical applications. 

Table 3. Output score 

 Baseline Linear 

Regression 

RandomForest eXtreme 

Gradient Boost 

Light Gradient Boost 

Machine 

Average 

tuning time 

0.084946 83.503166 32.316981 45.927826 

RMSE 0.145566 0.133147 0.148335 0.133655 

MAE 0.102967 0.0871 0.10209 0.087206 

R2 -0.099531 0.040451 -0.278338 0.025932 

4.2. Discussion 

In the above empirical results, we find that the Random Forest model is the model with the highest 

accuracy in predicting green bond issuance in this data, and it performs well in terms of prediction 

performance, with the RMSE value of 0.133147, the MAE value of 0.0871, and the R^2 of 0.040451 

compared to the model established by Wang, Tang and Guo in predicting green bonds in 2022, with 

its RMSE at 0.517335 and MAE at 0.446490. CEEMDAN-LSTM model, whose RMSE is at 

0.517335 and MAE is 0.446490, the prediction accuracy of this paper's model is more accurate, 
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compared to the MLF-ANN model established by Cetin in 2022, whose RMSE is 1.7522, MAE is 

1.2552, and R^2 is 0.9893, this paper's model has a smaller prediction bias than its prediction bias, 

but the fit is weaker, based on Cetin's (2022) study which takes the time series prediction, which 

shows that the data of the time series in these models are strong in explaining the issuance volume. 

While our current study has not yet dealt with time series, considering that it is applicable to our target 

variable of green bond issuance, this could be a possibility for our future related research direction. 

5. CONCLUSION 

The changes in climate and environment have made more and more people aware of the importance 

of sustainable development and have formulated relevant laws and regulations to promote 

environmental protection. As a result, the financial market has gradually derived the debt tool named 

green bonds. Although some research has already discovered and confirmed the factors of the green 

bonds’ funding size, their researches have some limitations. Overall, existing research mostly relies 

on traditional statistical methods, which cannot fully capture the complex nonlinear relationships and 

dynamics between these factors. As for the limitations we talked about above we use machine 

learning to cover these limits and aim to compare the accuracy of the four machine learnings we 

choose to predict the funding size of green bonds.  

We first analyzed the impact of market characteristics, bond characteristics, issuer characteristics, 

and ESG scores on the issuance of green bonds through existing literature. We found that companies 

with high ESG scores achieved lower issuance costs and higher market acceptance when issuing 

green bonds. The characteristics of bonds can also significantly affect the issuance of green bonds in 

certain aspects. In terms of issuer characteristics, large companies, and financially sound companies 

are more inclined to issue green bonds, while small companies may face more challenges. Market 

characteristics also have a significant impact on the issuance of green bonds in certain aspects. After 

completing the discussion on the impact, further accurate prediction of the issuance volume of green 

bonds will provide better decision-making for participants in the green bond market. In doing so, we 

collect relevant data on the four characteristics of enterprises to establish four machine learning 

models. These four machine learning models are Linear Regression, Random Forest Regressor, XGB 

Regressor, and LGBM Regressor. We first train each model and then input data to use the four models 

to predict the funding size of green bonds. Comparing the predicted results with the actual data 

through average tuning time, the mean absolute error (MAE), the coefficient of determination (R^2), 

mean square error (MSE), and the root mean square error (RMSE) to measure the accuracy of the 

four models we talked about above.  

Among these models, on average the most accurate prediction models are Random Forest Regressor 

and LGBM Regressor. These models have the best numerical value in different dimensions. For 

instance, the average tuning time of the LGBM Regressor is nearly twice as short as that of the 

Random Forest model but the RMSE and MAE of the Random Forest Regressor are the least rather 

than the LGBM Regressor. We find that the Random Forest Regressor has a better numerical value 

in RMSE, MAE, and R^2 than the CEEMDAN-LSTM Model which was established by Wang, Tang, 

and Guo (2022) and the MLF-ANN Model established by Cetin (2022), this means the Random Forest 

Regressor’s prediction results have a small deviation from the actual values but the fitting degree is 

less than MLF-ANN Model. 

According to the result discussion we discussed above, the model with the best performance of the 

accuracy is the Random Forest Regressor which means we could use this model to forecast the 

issuance volume of green bonds in most cases. As the definition of the average tuning time, we give 

above, the LGBM Regressor has less time to use which means based on the acquisition of level of 

accuracy, this model has the highest computational efficiency and the lowest cost, which means that 

in the future practical applications, the LGBM model may be a more cost-effective method. 
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Our research still has some limitations under specific circumstances. Firstly, our current research has 

not yet involved time series, it may not be possible to identify and predict long-term trends in data 

and help understand the long-term patterns of data changes. Secondly, we only selected 100 

companies from China, which means that our algorithm prediction still cannot cover all the companies 

in China that have joined the green bond market. This means that enterprises or participants that were 

not selected in our data may have a little deviated from the optimum issuance size if they chose to 

use our research conclusions and insights. Secondly, different situations have different principles of 

model usage in the green bond market if participants make decisions based on our current research. 

It might be a little more complex to choose the appropriate model to fit some situations than one 

model applying to all situations.  
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