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Abstract: In recent years, extensive research has focused on the relationship between corpo-
rate social responsibility (CSR) and financial performance. While past studies have explored
this connection, they often faced challenges in quantitatively assessing the effectiveness of
CSR initiatives. However, advancements in research methodologies and the development
of Environmental, Social, and Governance (ESG) measurement dimensions have led to the
creation of more robust evaluation criteria. These criteria use ESG scores as primary refer-
ence indicators for assessing the effectiveness of CSR activities. This study aims to utilize
ESG indicators from the ESG InfoHub website of the Taiwan Stock Exchange Corporation
(TSEC) as benchmarks, comprising 15 items from the environmental (E), social (S), and
governance (G) dimensions to form the CSR effectiveness indicators and predict financial
performance. The data cover the years 2021–2022 for listed companies, using return on
assets (ROA) and return on equity (ROE) as measures of financial performance. With the
rapid development of artificial intelligence in recent years, the applications of machine
learning and deep learning (DL) have proliferated across many fields. However, the use of
machine learning to analyze ESG data remains rare. Therefore, this study employs machine
learning models to predict financial performance based on ESG performance, utilizing
both classification and regression approaches. Numerical results indicate that two deep
learning models, Long Short-Term Memory (LSTM) and Convolutional Neural Network
(CNN), outperform other models in regression and classification tasks, respectively. Conse-
quently, deep learning techniques prove to be feasible, effective, and efficient alternatives
for predicting corporations’ financial performance based on ESG metrics.

Keywords: corporate social responsibility (CSR); ESG; machine learning; deep learning;
prediction

1. Introduction
For decades, there have been various viewpoints on whether companies should bear

social responsibilities beyond generating profits for their investors. Friedman [1] famously
argued that the sole responsibility of businesses is to maximize profits for shareholders.
However, with environmental changes and the advent of globalization, a growing number
of people now believe that companies should also fulfill their responsibilities as global
citizens by making positive impacts on society and the environment. This perspective
envisions a triple-win scenario for employees, businesses, and society, fostering sustainable
development.
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Corporate social responsibility (CSR) has gained increasing global significance in
recent years. The concept of CSR was first proposed by British scholar Sheldon [2] and
further elaborated by Bowen [3]. Bowen provided an initial definition of the social responsi-
bility of businessmen, asserting that corporate decisions affect the well-being of employees,
customers, and stakeholders, and have a direct impact on society as a whole. Consequently,
companies must voluntarily engage in socially responsible activities to contribute positively
to society. Companies should not only focus on profitability and legal compliance but also
embrace ethical practices and actively support society through philanthropic efforts [4].
Elkington [5] introduced the triple bottom line, which encompasses three key pillars: social
responsibility, environmental responsibility, and economic responsibility. This framework
underscores the importance of balancing these dimensions to achieve sustainable business
practices. Porter and Kramer [6] argued that an organization’s involvement in CSR should
be guided not only by the worthiness of a cause but also by the potential for shared value
creation for both the organization and its stakeholders. In recent years, Environmental,
Social, and Governance (ESG) metrics have emerged as key indicators of corporate sustain-
ability performance. These metrics reflect the outcomes of CSR initiatives and help evaluate
their effectiveness. The adoption of the United Nations’ 2030 Agenda for Sustainable
Development in September 2015, encompassing 17 Sustainable Development Goals (SDGs)
and 169 targets, has further emphasized the importance of sustainability worldwide.

Taiwan has actively aligned with international trends to promote CSR. The Taiwan
Stock Exchange Corporation (TSEC) implemented regulations in 2014, mandating listed
companies to disclose CSR practices through standardized reporting frameworks, such as
the Global Reporting Initiative (GRI). Since 2021, these reports have included quantified
ESG metrics, aligning with global standards like the Task Force on Climate-related Financial
Disclosures (TCFD) and the Sustainability Accounting Standards Board (SASB). These
measures aim to enhance transparency and encourage companies to prioritize ESG concerns.
Fulfilling CSR has become a global trend. The goal of business operations is not solely to
maximize shareholder interests but also to consider other stakeholders, support vulnerable
groups in society, participate in community welfare activities, and promote environmental
protection, thereby improving living conditions for everyone. As the saying goes, “good
things happen to good people”. This raises the following question: Can fulfilling CSR
obligations enhance corporate financial performance?

To address this question, this study reviews the literature on CSR and ESG, proposing
an architecture for forecasting corporate financial performance using deep learning models
with ESG data. The hyperparameters of the deep learning models are optimized using
a hyperparameter optimization framework, and the results are compared with those of
other machine learning models. This approach provides a practical application for financial
performance forecasting, offering valuable insights for academic research and stakeholders
in evaluating corporate financial performance and sustainability. The structure of the
study is outlined as follows. Section 2 reviews the relevant literature, Section 3 introduces
the proposed forecasting framework using ESG data, Section 4 presents the results and
discussion, and Section 5 concludes with key insights and directions for future research.

2. Related Literature
Existing research on the relationship between ESG, CSR, and corporate performance

presents mixed findings. While some studies demonstrate a positive correlation between
ESG initiatives and financial performance [7–17], others demonstrate negative associa-
tions [18–24], and some find neutral and insignificant relationship [25–33]. This divergence
highlights the need for more nuanced and context-specific analyses.
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Regarding studies that demonstrate positive relationships, Xie et al. [10] investigated
the link between specific ESG activities and corporate financial performance (CFP), includ-
ing corporate efficiency, return on assets (ROA), and market value. They found that most
ESG activities show a nonnegative relationship with corporate financial performance. Ala-
reeni and Hamdan [11] performed a regression analysis using data from US S&P 500-listed
companies from 2009 to 2018. Their results indicated that ESG disclosure positively affects
a firm’s performance measures. Notably, firms with high assets and financial leverage tend
to have higher ESG and CSR levels, and greater ESG and CSR disclosure correlates with
higher ROA and return on equity (ROE). Ahmad et al. [12] examined the impact of ESG
on the financial performance of UK firms, using a sample of 351 firms from the FTSE350
for the period 2002–2018. Their findings indicated that overall ESG performance has a
positive and significant impact on firm financial performance. Mohammad and Wasiuz-
zaman [14] investigated the effects of ESG disclosures on firm performance, analyzing a
sample of 3966 firm-year observations from 661 firms listed on Bursa Malaysia over the
period 2012–2017. Their findings indicated that ESG disclosure enhances firm performance,
even after accounting for competitive advantage. Chen et al. [15] explored how ESG drives
corporate financial performance using a sample of 3321 listed companies worldwide over a
10-year period, from 2011 to 2020. By constructing a panel regression model with Refinitiv’s
ESG ratings and financial data, the study demonstrated a positive correlation between ESG
performance and corporate performance. Ismail and Azman [16] examined the impact
of ESG performance on financial performance through the lens of Stakeholder Theory.
They analyzed ESG scores and financial data from 351 listed companies in Japan from
2018 to 2022, using data from the Thomson Reuters Eikon data stream. Their regression
analysis revealed that ESG performance each positively and significantly affect profitability,
specifically ROE. Additionally, their findings showed a positive correlation among all ESG
performance metrics, underscoring the importance of adopting ESG policies to enhance
financial performance. Xu and Zhu [17] utilized data from A-share listed companies in
Shanghai and Shenzhen, China, from 2009 to 2021. They employed a two-way fixed effects
model with fixed time and industry effects to explore the relationship and underlying
mechanisms between ESG performance and financial performance. Their study found
that ESG performance positively influences corporate financial performance by promoting
corporate innovation. Firms with strong long-term ESG performance tend to achieve better
financial outcomes. Similar research results have been reported by Waddock and Graves [7],
Fatemi et al. [8], Ramić [9], and Ding et al. [13].

Conversely, studies have also identified negative relationships between ESG, CSR
and corporate performance have been investigated. Liao et al. [20] investigated the short-
term relationship between corporate social performance (CSP) and CFP, using semantic
longitudinal data from 2009 to 2014. Their findings revealed a negative association between
CSP and CFP over the six-year period within the construction industry. Duque-Grisales
and Aguilera-Caracuel [21] performed a regression analysis on data from multinational
companies in Latin American countries, finding a negative correlation between ESG scores
and financial performance. Similarly, Ruan and Liu [22] examined ESG rating data from
Shanghai and Shenzhen A-share listed companies for the period 2015 to 2019 and found
that corporate ESG activities had a significantly negative impact on firm performance.
Their research further indicated that non-state-owned enterprises and non-environmentally
sensitive enterprises showed stronger evidence of this negative impact compared to state-
owned and environmentally sensitive enterprises. Zahid et al. [23] conducted a study using
data from 620 firms headquartered in Western Europe from 2010 to 2019. Their results
demonstrated that ESG had a significantly negative effect on a firm’s financial performance,
as measured by ROA. This supports the trade-off hypothesis, which posits that investing
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in ESG activities increases business costs. Nareswari et al. [24] analyzed non-financial
companies listed on the Indonesia Stock Exchange and found a negative effect of ESG
scores on financial performance. The increase in ESG scores led to decreased financial
performance due to higher investment and opportunity costs. Comparable findings have
also been reported in earlier studies by Vance [18] and Hillman and Keim [19].

Some studies have found a neutral and insignificant relationship between ESG, CSR
and corporate performance. Velte [28] investigated the impact of ESG performance on
financial performance using a sample of 412 firm-year observations from firms listed on
the German Prime Standard between 2010 and 2014. The research concluded that ESG
performance had no effect on Tobin’s Q. Atan et al. [29] examined the influence of ESG
factors on the performance of Malaysian public companies, focusing on profitability, firm
value, and cost of capital. Their findings revealed no significant relationship between
individual or combined ESG factors and firm profitability or firm value. Lopez-de-Silanes
et al. [31] conducted a multi-country study that demonstrated ESG scores had little or no
impact on risk-adjusted financial performance. Similarly, Kalia and Aggarwal [32] analyzed
data from 468 healthcare firms for the business year 2020, sourced from Thomson Reuters,
and found that the relationship between ESG scores and financial performance could not
be generalized. Their results indicated that while ESG activities positively impact firm
performance in healthcare companies in developed economies, this relationship may be
negative or insignificant in developing economies. Narula et al. [33] studied the effect
of ESG disclosure scores on firm performance using data from Indian firms during the
critical COVID-19 period. Their empirical evidence from the world’s fifth-largest economy
showed that all components of ESG were not significantly related to firm performance.
They concluded that the tangible impact of ESG-related activities on firm performance had
yet to be observed. Other studies, including those by McGuire et al. [25], Mahoney and
Roberts [26], Goukasian and Whitney [30], and Kang et al. [27], also reported no significant
relationship between ESG, CSR scores and financial performance.

The divergence in the findings of the above studies regarding the relationship between
CSR or ESG and corporate financial performance underscores the need for more detailed
and context-specific analyses. Notably, recent advancements in artificial intelligence have
significantly accelerated research and applications in machine learning and deep learn-
ing [34–36]. Teoh et al. [37] developed several machine learning models to explore the
relationship between ESG scores and a firm’s ROE. They utilized models such as Support
Vector Machine (SVM), Random Forest (RF), Naive Bayesian (NB), Multilayer Perceptron
(MLP) Neural Networks, and Long Short-Term Memory (LSTM) Neural Networks. Neural
Network-based models generally demonstrated strong performance, with the MLP model
achieving the highest accuracy of 81.08%. De Lucia et al. [38] found that machine learning
(ML) models accurately predicted ROA and ROE, and identified a positive relationship
between ESG practices and these financial indicators through ordered logistic regression.
Lachuer and Jabeur [39] investigated the relationship between CSR and CFP in a bullish
market. Using an innovative approach involving explainable artificial intelligence (XAI),
they discovered that CSR was negatively related to financial market performance in a
bullish market. Their analysis with XAI demonstrated that CSR improvements were lim-
ited to the most sustainable companies. Chowdhury et al. [40] focused on predicting ESG
ratings for firms using six machine learning algorithms. Analyzing a global data sample
of 6166 firms across 73 countries from 2005 to 2019, they found that the Random Forest
Classifier achieved the highest accuracy at 78.50%. D’Amato et al. [41] examined a sample
of approximately 400 companies listed on the EuroStoxx 600 index from 2011 to 2020,
applying various machine learning models. They investigated the relationship between
ESG scores and earnings before interest and taxes (EBIT) using machine learning inter-
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pretability tools, such as partial dependence plots and individual conditional expectation.
Their findings indicated that ESG scores are promising predictors of EBIT, achieving high
accuracy compared to traditional accounting variables. Han et al. [42] explored the effect
of digital CSR communications on financial performance, incorporating deep learning
techniques to analyze CSR-related content on social media. By employing advanced deep
learning-based natural language processing (NLP) models to identify CSR-related tweets,
their research highlighted a positive but time-lagged influence of digital CSR communica-
tions on financial performance, viewed through the lens of agenda-setting theory. Liang
et al. [43] constructed one-dimensional convolutional neural network (1D-CNN) and LSTM
deep learning models to forecast corporate financial performance. Using data from Chinese
A-share listed companies from 2015 to 2021, they found that deep learning models effec-
tively extracted time-series information from corporate data, enabling accurate predictions
of financial performance. Lee et al. [44] integrated ESG sentiment and technical indicators
to predict the S&P 500 Index using deep learning models. Their results demonstrated that
bidirectional long short-term memory (Bi-LSTM) networks outperformed bidirectional
recurrent neural networks (Bi-RNN). Furthermore, the integration of ESG news sentiment,
technical indicators, and historical prices significantly improved predictive performance
compared to models relying solely on technical indicators or historical prices. This study
underscores the potential of combining ESG sentiment with technical indicators to enhance
stock market behavior predictions. Jin [45] employed a random forest model to analyze
the impacts of ESG pillars on the CFP of publicly listed companies in Korea. During
model training, hyperparameters such as the number of trees and the number of variables
considered at each split were optimized. The findings revealed significant differences in
the direction, magnitude, and nature of the effects of each ESG pillar on CFP. Additionally,
the study highlighted the nonlinear relationships between CFP and the varying intensities
of each ESG pillar. These methods used to investigate the relationship between ESG, CSR
and corporate performance are summarized in Table 1.

Table 1. Research methods of ESG, CSR and corporate performance.

Methods Authors

Regression analysis

Waddock and Graves [7], Ramić [9], Ding et al. [13],
Mohammad and Wasiuzzaman [14], Ismail and Azman [16],
Xu and Zhu [17], Vance [18], Hillman and Keim [19],
Liao et al. [20], Duque-Grisales and Aguilera-Caracuel [21],
Zahid et al. [23], Atan et al. [29], Goukasian and
Whitney [30],
Lopez-de-Silanes et al. [31]

Two-stage least squares (2sls) regression analysis Fatemi et al. [8]
Data envelopment analysis and regression analysis Xie et al. [10]
Panel data regression Alareeni and Hamdan [11], Mahoney and Roberts [26]
Random effects GLS regression Ahmad et al. [12]
Multiple regression and categorized regression Chen et al. [15]
Univariate analysis and OLS regression Ruan and Liu [22]
Modified Sharpe ratio and panel data regression Nareswari et al. [24]
Pooled linear regression Kang et al. [27]
Correlation and regression analysis Velte [28], Kalia and Aggarwal [32], McGuire et al. [25]
Independent t-test, Pearson correlation coefficients, and
hierarchical regression Narula et al. [33]

SVM, RF, NB, MLP, and LSTM Teoh et al. [37]
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Table 1. Cont.

Methods Authors

RF, SVR, KNN, ANN, RR, and LR De Lucia et al. [38]
XAI Lachuer and Jabeur [39]
ANN, Bagging, KNN, NB, RF, SVM Chowdhury et al. [40]
ML interpretability toolboxes D’Amato et al. [41]
Cutting-edge deep learning-based NLP models Han et al. [42]
1D-CNN and LSTM Liang et al. [43]
Bi-LSTM and Bi-RNN Lee et al. [44]
RF Jin [45]

Note: SVR—support vector regression; KNN—k nearest neighbor; ANN—Artificial Neural Network; RR—ridge
regression; LR—logistic regression.

Based on the reviewed literature, the relationship between ESG, CSR, and corporate
performance remains inconclusive. The advancements in AI, however, present new oppor-
tunities to explore these relationships in greater depth. Additionally, there is a notable lack
of quantitative methods for assessing the effectiveness of CSR initiatives. To address this
gap, this study utilizes ESG indicators from the Taiwan Stock Exchange ESG InfoHub web-
site [46] as benchmarks. These indicators encompass 15 items across the Environmental (E),
Social (S), and Governance (G) dimensions to develop CSR effectiveness metrics and predict
financial performance. ROA and ROE are used as measures of financial performance. In
terms of research methodology, this study leverages advancements in artificial intelligence,
particularly the growing applications of machine learning and deep learning. In addition
to using a multiple linear regression model for prediction, machine learning and deep
learning techniques are applied to forecast corporate financial performance. The results
demonstrate that deep learning models outperform both machine learning models and
the multiple linear regression model in terms of prediction accuracy. This study provides
valuable insights into various methodological approaches for investigating the relationship
between ESG, CSR, and corporate financial performance, contributing to the academic
discourse on this topic.

3. The Deep Learning Forecasting Architecture with Optuna in
ESG Analysis

The relationship between ESG and CFP has become a critical area of interest in both
academic research and industry practice. However, discrepancies in the existing literature
regarding quantitative analysis and the underlying mechanisms of this relationship persist,
with no consensus yet reached among scholars. To address this gap, this study introduces a
novel CFP Forecasting Architecture that incorporates ESG factors as key determinants of
financial performance. The framework employs deep learning models optimized through
Optuna for hyperparameter tuning, ensuring enhanced predictive accuracy. Specifically, an
LSTM model is applied to regression tasks, while a CNN model is utilized for classification
tasks. The forecasting results are compared with traditional machine learning models,
followed by a comprehensive evaluation and analysis of their performance. Figure 1
illustrates the proposed architecture for predicting the financial performance in terms of
ROA and ROE of listed companies using supervised learning methods, including both
regression and classification models, using ESG data as the primary input. The architecture
is composed of three key components: data preprocessing, regression and classification
models, and the performance evaluation of these models. Each step is depicted in the
following sections.
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Figure 1. The architecture for predicting the financial performance of listed companies.

First, data are collected from ESG InfoHub and TEJ, with independent and dependent
variables identified for analysis. The data are then aligned by introducing a one-year
lag and transforming the independent variables into scores to serve as inputs for the
models. For both regression and classification tasks, the data are divided into training
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and testing sets. Regression models utilize techniques such as Multiple Linear Regression
(MLR), Extreme Gradient Boosting (XGB), Light Gradient Boosting Machine (LGBM), and
LSTM for predictions, while classification models employ methods like Decision Tree (DT),
Random Forest (RF), LGBM, and CNN for categorization. Optuna is employed to optimize
the hyperparameters of both regression and classification models by defining the search
space and objective functions. Finally, the forecasting performance of the regression and
classification models is evaluated based on the results.

3.1. Data Preprocessing
3.1.1. Samples and Data Sources

The securities market in Taiwan is categorized into listed companies traded on the
centralized exchange market, over-the-counter (OTC) companies, and companies listed
on the Emerging Stock Market. Among these, listed companies on the centralized ex-
change market face the strictest listing standards, including rigorous regulations regarding
financial disclosures such as capitalization, operating performance, and equity structure.
Consequently, listed companies typically have better access to capital, which enhances
their visibility, reputation, and overall company value. Given the representativeness and
completeness of the data, this study focuses exclusively on companies listed on the Taiwan
Stock Exchange Corporation. In this study, the financial performance indicators used
are ROA and ROE. Financial performance data are sourced from the Taiwan Economic
Journal (TEJ) [47], while ESG data for each dimension is obtained from the ESG InfoHub
website of TSEC [46]. The study covers the period between 2021 and 2022. Table 2 presents
the sample size, comprising 179 companies from 27 industry categories, after excluding
incomplete data. This selection ensures the study’s representativeness and data complete-
ness by focusing on companies listed on the TSEC. The classification into 27 industries
enhances the generalizability of the findings across various sectors, offering a comprehen-
sive perspective on the Taiwanese market. Additionally, these companies meet stringent
listing standards, ensuring that their data are both reliable and suitable for analysis. The
exclusion of incomplete data further enhances analytical precision, reinforcing the study’s
methodological rigor.

Table 2. The number of companies in each industry.

The Category of Industry The Number of
Companies The Category of Industry The Number of

Companies

Chemical industry 5 Communication network industry 8
Cement industry 2 Paper industry 4
Semiconductor industry 23 Retail trade industry 1
Biotechnology and medical industry 4 Plastic industry 5
Optoelectronics industry 10 Information services industry 1
Auto industry 6 Sports and leisure industry 6
Other industry 2 Electronic distribution industry 4
Other electronic industry 10 Electronic components industry 15
Green energy and environmental
protection industry 1 Computer and peripheral equipment

industry 16

Finance and insurance industry 16 Electric machinery industry 7
Building materials construction 2 Oil, electricity and gas industry 1
Food industry 3 Rubber industry 2
Textile fiber industry 10 Iron industry 8

Shipping business 7 Total 179
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3.1.2. Definitions of Variables

In this study, ROA and ROE are employed as key variables to represent corporate
financial performance. ROA assesses a company’s profitability by evaluating its ability to
generate earnings from its assets. This ratio reflects how effectively a company is using
its assets to generate profit. A higher ROA indicates greater efficiency in converting asset
investments into profits, whereas a lower ROA may signal inefficiencies in asset utilization
or reduced profitability. ROA is widely utilized by investors, analysts, and financial
institutions to gauge a company’s financial health and compare it with industry peers.
ROE, on the other hand, measures the return generated on shareholders’ equity, indicating
how effectively a company is utilizing shareholder funds to produce profit. A higher ROE
suggests that the company is more efficient at generating profits with the equity invested
by shareholders, while a lower ROE may denote lower profitability or less efficient use of
shareholder funds. Margolis and Walsh [48] reviewed 95 studies examining the relationship
between CSR and corporate financial performance from 1972 to 2000. Among these, 28
studies utilized ROA, and 31 studies used ROE as measurement indicators, underscoring
the representativeness of using ROA and ROE in this study. Additionally, to account for
the delayed effects of ESG performance, ROA and ROE are analyzed using data from the
preceding period.

The dependent and independent variables used in this study are summarized in
Table 3.

Table 3. Description of the main variables.

Dimensions Variable# Targets and Features

CFP
Y1 ROA
Y2 ROE

Environmental

X1 GHG Scope 1 Emissions
X2 GHG Scope 2 Emissions
X3 Renewable Energy Percentage
X4 Water Consumption
X5 Waste Management

Social

X6 The Ratio of Female Executive
X7 Number of Occupational Accidents
X8 Annual Trend of Employee Salary
X9 Salary of Full-Time Non-Executive Employees

X10 Average Expense of Employee Benefits

Governance

X11 The Ratio of Independent Directors vs. Directors
X12 The Ratio of Female Directors
X13 Attendance of the Board of Directors

X14 The Ratio of Directors Meeting Directions for
Continuing Education

X15 Number of Investor Conferences

Regarding the variables related to each dimension of ESG, this study adopts the ESG
dimensions from the ESG InfoHub website of TSEC as measurement indicators, including
the E, S, and G dimensions, with a total of 15 items. Among the 15 items, 6 are proportion
values, including Renewable Energy Percentage, The Ratio of Female Executive, The Ratio
of Independent Directors vs. Directors The Ratio of Female Directors, Attendance of the
Board of Directors, and The Ratio of Directors Meeting Directions for Continuing Education.
The scoring method involves multiplying the proportion of each item by 100 to obtain a
score. The remaining nine items are ranked by deciles based on Shu and Chiang’s [49] study,
and assigned scores ranging from 100 to 10. Higher scores are assigned to items positively
correlated with ESG and CSR performance. For example, the score for companies in the top
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decile of Average Expense of Employee Benefits is 100, while the score for companies in the
bottom decile is 10. In contrast, the score for companies in the bottom decile of GHG Scope
1 Emissions is 100, while the score for companies in the top decile is 10.

3.2. Deep Learning with Optuna

In this study, deep learning models are developed to address two types of problems:
predicting corporate financial performance and forecasting the direction of financial per-
formance changes (i.e., whether it will increase or decrease). Specifically, the models are
designed as both regression and classification models based on the nature of the problem.
For regression models, the dependent variable is continuous, representing the financial
performance metrics such as ROA and ROE. For classification models, the financial per-
formance outcome is categorized into two classes: increase or decrease. In addition, the
dataset is split into a training dataset and a test dataset with the number of 143 and 36
correspondingly. The training data are used for training the models, while the testing data
are employed to evaluate the forecasting performance of models.

Deep learning is a subfield of machine learning, and the proper tuning of hyper-
parameters in prediction models is critical, as it directly influences model performance.
In this study, deep learning models were developed using Optuna [50] to optimize hy-
perparameters. Specifically, Long Short-Term Memory with Optuna (LSTMOPT) and
Convolutional Neural Network with Optuna (CNNOPT) were proposed for regression
and classification tasks, respectively. The forecasting performance of LSTMOPT was com-
pared with other regression models, including MLR, Extreme Gradient Boosting optimized
with Optuna (R_XGBOPT), and Light Gradient Boosting Machine optimized with Optuna
(R_LGBMOPT). Similarly, the forecasting results of CNNOPT were evaluated against other
classification models, including Decision Tree optimized with Optuna (C_DTOPT), Ran-
dom Forest optimized with Optuna (C_RFOPT), and Light Gradient Boosting Machine
optimized with Optuna (C_LGBMOPT).

3.2.1. Long Short-Term Memory with Optuna (LSTMOPT) for Regression Model

The Long Short-Term Memory model, introduced by Hochreiter and Schmidhuber [51],
is an extension of Recurrent Neural Network (RNN). Its primary strength lies in its ability
to record and utilize past states, effectively capturing long-range dependencies. The
fundamental architecture of an LSTM unit consists of a memory cell that stores past
information and a gate control mechanism that regulates how this information is updated
and transmitted. This gating mechanism includes three components, namely the Forget
Gate, the Input Gate, and the Output Gate. Together, these gates determine the flow of
information within the LSTM unit, as illustrated in Figure 2. The basic unit of an LSTM
is the memory block, each containing a cell state and a hidden state. The cell state serves
as the primary pathway for data flow, enabling the data to move forward with minimal
alterations. Each cell at time step t processes the input xt, incorporating information from
the previous hidden state ht−1 and memory cell state Ct−1.

The LSTM architecture has proven successful and efficient in addressing issues related
to the vanishing gradient [52]. This efficiency is particularly notable in contexts requiring
complex data handling and predictions such as predicting market dynamics and trends
in cryptocurrencies like Bitcoin [53]. Similar predictive successes have been observed
in financial domains, including predictions of bank soundness and profit optimization
using deep learning techniques [54,55]. Moreover, LSTM applications in financial analysis
show a broad range of utility, especially in the context of ESG issues. These models
play a crucial role in assessing the volatility of environmentally focused companies and
forecasting performance metrics such as the S&P Green Bond Index. The integration of
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LSTM with advanced data science methodologies, including neural networks and the
Optuna hyperparameter optimization framework, highlights its pivotal role in tackling
complex financial scenarios. This underscores the adaptability of LSTM models across
various financial analyses and their significant impact on how ESG factors are incorporated
and evaluated in financial decision-making [56,57].
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The study utilizes LSTMOPT as a major deep learning regression model. The LSTM
model consists of three layers, namely the LSTM layer, the Dropout layer, and the Dense
layer. The first layer, the LSTM layer, processes the input sequence data and extracts
features from the sequence. The second layer, the Dropout layer, acts as a regularization
mechanism to prevent overfitting by randomly dropping a portion of the neurons’ outputs,
thereby enhancing the model’s generalization ability. The third layer, the Dense layer,
is a fully connected layer that outputs a single predicted value, making it suitable for
regression tasks.

Given the significant influence of hyperparameter settings on prediction accuracy,
identifying optimal hyperparameters is essential. To achieve this, the Optuna framework
was employed to optimize the LSTM model’s hyperparameters, ensuring improved pre-
dictive performance. The hyperparameters optimized for the LSTM model include the
optimizer, number of units, epochs, batch size, dropout rate, and learning rate. Table 4
details the hyperparameter search space configuration used with the Optuna framework
for regression models, including R_XGBOPT, R_LGBMOPT, and LSTMOPT.
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Table 4. The hyperparameter search space configuration using Optuna for regression models.

Methods Hyperparameters Types Search Ranges

R_XGBOPT

lambda Real numbers 0.00001, 10
alpha Real numbers 0.00001, 10
colsample_bytree Real numbers 0.2, 0.6
subsample Real numbers 0.4, 0.8
learning_rate Real numbers 0.0001, 0.2
n_estimators Integers 50, 10000
max_depth Integers 2, 12
min_child_weight Integers 1, 300

R_LGBMOPT

feature_fraction Real numbers 0.01, 1.0 + EPS
subsample Real numbers 0.01, 1.0
learning_rate Real numbers 0.001, 0.1
max_depth Integers 2, 12
num_leaves Integers 2, 2048
n_estimators Integers 100, 1000
min_data_in_leaf Real numbers 1, 100
lambda_l1 Real numbers 1 × 10−8, 10.0
lambda_l2 Real numbers 1 × 10−8, 10.0
min_gain_to_split Real numbers 0, 15
bagging_fraction Real numbers 0.3, 1.0 + EPS
bagging_freq Integers 1, 7
extra_trees Categorical True, False

LSTMOPT

optimizer Categorical

Adam, Adagrad,
Adamax,
Nadam, RMSprop,
SGD

units Integers 50, 1000
epochs Integers 100, 500

batch_size Categorical 16, 32, 64, 128, 256,
512

dropout_rate Real numbers 0.1, 0.6
learning_rate Real numbers 1 × 10−3, 1 × 10−1

The objective function of Optuna was defined as the Root Mean Square Error (RMSE),
with the optimization direction set to minimize it. A total of 100 trials were conducted to
determine the optimal hyperparameter settings for each model.

3.2.2. Convolutional Neural Network with Optuna (CNNOPT) for Classification Model

The Convolutional Neural Network [58] is a powerful tool for efficiently processing
and classifying image data through its structured layers, as illustrated in Figure 3. This
algorithm is specifically designed for image classification tasks. It begins with an input
layer that captures raw data and proceeds through convolutional layers that apply filters
for feature extraction. Pooling layers are then used to reduce data dimensionality while
preserving essential information. The processed data are subsequently flattened into a
vector and passed through fully connected layers for detailed classification. Finally, the
output layer generates classification scores for each category, representing predictions
based on the analyzed features.
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Initially developed for identifying features in images, the CNN algorithm has achieved
significant success in a variety of image recognition tasks, such as deciphering postal hand-
written characters and diagnosing cataract patient eye images due to its robust feature
amplification and automatic extraction capabilities [59]. Recognizing its potent feature
extraction abilities, researchers have extended CNN applications to a wide range of classifi-
cation challenges [60–62]. Notably, CNNs have been adapted for use in the financial sector,
demonstrating efficacy in processing one-dimensional (1D) data. This adaptation is evident
in its integration into predictive models for enhancing commercial key performance indica-
tors [63], stock investment strategies [64], and federated machine learning methods for risk
assessment in supply chain financing [65]. Furthermore, CNNs are widely employed due
to their proficiency in analyzing complex, multi-dimensional financial data, particularly
in fraud detection and risk management. With the growing emphasis on sustainable in-
vestment practices and the need to incorporate non-financial performance metrics, there
is an increasing momentum to integrate ESG factors into financial decision-making. The
literature underscores the transformative impact of these technologies and methodologies,
indicating a shift towards more responsible and technologically advanced financial systems.
It also highlights existing gaps in the application of machine learning techniques within
financial intermediation, providing valuable opportunities for future research [66].

The study employs CNNOPT as a primary deep learning classification model. The
CNN model comprises six layers, namely the first Conv1D layer, the first MaxPooling1D
layer, the second Conv1D layer, the second MaxPooling1D layer, the Flatten layer, and the
Dense layers.

The first Conv1D layer is a convolutional layer designed to extract local sequence
features, utilizing a kernel size of 3 and an optimized number of filters (filters_1) determined
through the Optuna framework for optimal performance. The first MaxPooling1D layer
follows, reducing the size of the feature map with a pooling size of 2. The second Conv1D
layer further extracts higher-level local features, using a kernel size of 3 and an optimized
number of filters (filters_2) to enhance performance. The second MaxPooling1D layer
again reduces the feature map size, condensing critical information. The Flatten layer
transforms the feature map into a 1D vector, preparing it for the fully connected dense
layers. The Dense layers include a hidden layer and an output layer. The hidden layer is
fully connected with 32 units, combining extracted features, while the output layer uses a
sigmoid activation function to output a single probability value for binary classification.

The architecture effectively extracts, processes, and classifies features for binary classifi-
cation tasks. Hyperparameters optimized for the CNN model using the Optuna framework
include the learning rate, batch size, optimizer, filters_1, and filters_2. Table 5 outlines the
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hyperparameter search space configuration for classification models, including CNNOPT
as the primary deep learning model and comparative machine learning models, namely
C_DTOPT, C_RFOPT, and C_LGBMOPT.

Table 5. The hyperparameter search space configuration using Optuna for classification models.

Methods Hyperparameters Types Search Ranges

C_DTOPT

criterion Categorical ‘gini’, ‘entropy’
splitter Categorical ‘best’, ‘random’
max_depth Integers 1, 10
min_samples_split Integers 2, 20
min_samples_leaf Integers 1, 10
max_features Real numbers 0.1, 1.0

C_RFOPT

n_estimators Integers 10, 1000
criterion Categorical ‘gini’, ‘entropy’
max_depth Integers 1, 24
min_samples_split Integers 2, 20
min_samples_leaf Integers 1, 10
max_features Real numbers 0.1, 1.0

C_LGBMOPT

boosting_type Categorical ‘gbdt’, ‘dart’, ‘goss’
num_leaves Integers 10, 200
learning_rate Real numbers 0.01, 0.5
max_depth Integers 1, 20
min_child_samples Integers 1, 20
subsample Real numbers 0.1, 1
colsample_bytree Real numbers 0.1, 1
reg_alpha Real numbers 1 × 10−8, 100.0
reg_lambda Real numbers 1 × 10−8, 100.0

CNNOPT

lr Real numbers 1 × 10−5, 1 × 10−1

batch_size Integers 2100

optimizer Categorical ‘sgd’, ‘adam’,
‘rmsprop’

filters_1 Categorical 16, 32, 64, 128
filters_2 Categorical 16, 32, 64, 128

The objective function is defined as accuracy, with the optimization direction set to
maximize it. A total of 100 trials were conducted to ensure a fair basis for comparison
across all models.

4. Results and Discussion
4.1. Numerical Results

In this study, the LSTMOPT regression model and the CNNOPT classification model
are employed to forecast Return on Assets and Return on Equity, respectively, using ESG
data as factors to predict the financial performance of listed companies. The forecasting
performance of the LSTMOPT regression model is compared against the MLR, R_XGBOPT,
and R_LGBMOPT models. Similarly, the CNNOPT classification model is compared with
C_DTOPT, C_RFOPT, and C_LGBMOPT models.

Three performance metrics, namely Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), and the Coefficient of Determination (R2), are employed to evaluate the
effectiveness of regression models. These metrics are widely recognized for their utility in
performance assessment. RMSE and MAE are key indicators used to quantify prediction
errors, with lower values indicating higher prediction accuracy. R2 complements these
measures by assessing the explanatory power of the predictions relative to the actual
values, acting as an indicator of correlation [67–70]. An R2 value close to 1 indicates a
strong explanatory capability of the model, whereas a value near 0 reflects poor explanatory
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power. A negative R2 value suggests that the residual sum of squares exceeds the total sum
of squares, underscoring significant deficiencies in the model’s fit. Equations (1)–(3) outline
the calculations for these performance metrics.

RMSE =

√√√√∑n
i=1

(
YAct

i − YPre
i

)2

n
, (1)

MAE =
1
n

n

∑
i=1

∣∣∣YAct
i − YPre

i

∣∣∣, (2)

R2 = 1 −
∑n

i=1

(
YAct

i − YPre
i

)2

∑n
i=1

(
YAct

i − YAct
)2 , (3)

where n is the number of forecasting data, YAct
i is the ith actual finance performance value

as ROA or ROE, YPre
i is the ith forecasting value, and YAct is the mean value of actual

finance performance value.
When solving classification problems, accuracy, precision, recall, specificity, and F1-

score are used to evaluate the model performance for this study. The formulation can be
computed as described in Equations (4)–(8).

Accuracy(%) =
TP + TN

TP + FP + FN + TN
, (4)

Precision(%) =
TP

TP + FP
, (5)

Recall(%) =
TP

TP + FN
, (6)

Specificity(%) =
TN

TN + FP
, (7)

F1 − Score (%) = 2 ∗ Precision ∗ Recall
Precision + Recall

(8)

where TP is True Positives, TN is True Negatives, FP is False Positives, and FN is
False Negatives.

Tables 6 and 7 present the optimal hyperparameters identified using Optuna for the
regression and classification models, respectively. After constructing the optimal models
for each method, 20% of the test data were used to evaluate the models’ performance
in forecasting ROA and ROE. Table 8 shows the regression model forecasting results for
ROA and ROE, measured by RMSE, MAE, and R2. The ROA and ROE results exhibit
a consistent trend across the four regression models, with both machine learning and
deep learning models outperforming MLR. Among these, LSTMOPT demonstrates the
most outstanding performance, exhibiting the smallest RMSE and MAE, as well as the
highest R2, indicating superior explanatory power of the predicted values relative to the
actual values. The second-best results are achieved by the machine learning models,
with R_LGBMOPT slightly outperforming R_XGBOPT. In the classification models, deep
learning models also outperform machine learning models, similar to the regression models.
Table 9 presents the performance of four classification models in predicting ROA and ROE.
The CNNOPT models outperform the others, achieving the highest accuracy, precision,
recall, sensitivity and F1-Score for both tasks. It is followed by the C_LGBMOPT model,
with both significantly surpassing the performance of C_RFOPT and C_DTOPT.
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Table 6. The optimal hyperparameters result of regression models using Optuna.

Methods Hyperparameters ROA ROE

R_XGBOPT

lambda 4.1888 × 10−3 1.0633 × 10−5

alpha 6.4829 × 10−4 4.1196 × 10−4

colsample_bytree 3.8271 × 10−1 3.3269 × 10−1

subsample 7.0626 × 10−1 5.5720 × 10−1

learning_rate 8.5336 × 10−2 1.5310 × 10−1

n_estimators 2228 4405
max_depth 10 12
min_child_weight 18 12

R_LGBMOPT

feature_fraction 5.3813 × 10−2 7.1434 × 10−1

subsample 6.8759 × 10−1 5.2976 × 10−1

learning_rate 7.0864 × 10−2 7.1328 × 10−2

max_depth 2 11
num_leaves 1700 1056
n_estimators 570 935
min_data_in_leaf 17 37
lambda_l1 1.4513 × 10−7 1.3802 × 10−4

lambda_l2 1.1461 × 10−7 6.1407 × 10−8

min_gain_to_split 6.1928 2.8318
bagging_fraction 8.7951 × 10−1 9.7636 × 10−1

bagging_freq 5 5
extra_trees FALSE FALSE

LSTMOPT

optimizer Adam Adam
units 850 100
epochs 350 200
batch_size 128 128
dropout_rate 5.6188 × 10−1 1.3653 × 10−1

learning_rate 4.9687 × 10−2 7.2607 × 10−2

Table 7. The optimal hyperparameters result of classification models using Optuna.

Methods Hyperparameters ROA ROE

C_DTOPT

criterion ‘entropy’ ‘gini’
splitter ‘random’ ‘random’
max_depth 8 9
min_samples_split 12 9
min_samples_leaf 4 1
max_features 7.3206 × 10−1 6.8707 × 10−1

C_RFOPT

n_estimators 32 100
criterion ‘gini’ ‘gini’
max_depth 19 7
min_samples_split 14 4
min_samples_leaf 1 3
max_features 5.0455 × 10−1 1.5870 × 10−1

C_LGBMOPT

boosting_type ‘goss’ ‘goss’
num_leaves 29 60
learning_rate 1.3350 × 10−1 1.2114 × 10−2

max_depth 11 16
min_child_samples 2 5
subsample 8.8388 × 10−1 6.8396 × 10−1

colsample_bytree 7.1277 × 10−1 9.6565 × 10−1

reg_alpha 2.2414 × 10−1 8.2534 × 10−4

reg_lambda 3.9651 × 10−4 1.7167 × 10−5
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Table 7. Cont.

Methods Hyperparameters ROA ROE

CNNOPT

lr 1.8631 × 10−4 2.3397 × 10−5

batch_size 43 36
optimizer sgd adam
filters_1 128 128
filters_2 32 128

Table 8. The regression model forecasting performance for ROA and ROE.

Datasets ROA ROE

Methods RMSE MAE R2 RMSE MAE R2

MLR 7.98 5.84 −0.28 13.19 9.37 0.07
R_XGBOPT 6.03 4.42 0.27 11.81 8.59 0.25

R_LGBMOPT 6.00 4.19 0.28 10.44 7.93 0.42
LSTMOPT 3.92 3.23 0.71 7.43 4.46 0.72

Table 9. The classification model forecasting performance for ROA and ROE.

Datasets ROA ROE

Methods Accuracy Precision Recall Specificity F1-Score Accuracy Precision Recall Specificity F1-Score

C_DTOPT 55.56% 47.06% 53.33% 57.14% 50.00% 66.67% 71.43% 33.33% 90.48% 45.45%
C_RFOPT 58.33% 50.00% 46.67% 66.67% 48.28% 69.44% 75.00% 40.00% 90.48% 52.17%
C_LGBMOPT77.78% 76.92% 66.67% 85.71% 71.43% 77.78% 88.89% 53.33% 95.24% 66.67%
CNNOPT 80.56% 83.33% 66.67% 90.48% 74.07% 80.56% 90.00% 60.00% 95.24% 72.00%

In summary, the results of both the regression and classification models in predicting
ROA and ROE indicate that deep learning models outperform machine learning models.
Table A1 in Appendix A depicts abbreviations used in this study.

4.2. Discussion

ESG emphasizes that while companies pursue economic interests, they must also
assume social and environmental responsibilities to achieve sustainable development. Pro-
moting ESG not only benefits society and the environment but also enhances corporate
reputation and creates shared value for companies and stakeholders. As global attention
shifts toward sustainability, ESG has become a key measure of corporate responsibility,
effectively embodying the principles of CSR. Although prior research has examined the
relationships between ESG, CSR, and corporate performance, the findings remain inconclu-
sive. The advent of machine learning and deep learning presents new opportunities for
research in this area. This study leverages deep learning methodologies to predict corporate
financial performance (CFP) in the next period based on this year’s ESG outcomes, ad-
dressing existing research gaps. CFP predictions are represented by return on assets (ROA)
and return on equity (ROE). Beyond regression tasks, this study applies deep learning and
machine learning techniques to solve classification problems and optimizes models using
an automated hyperparameter optimization framework. Regression results reveal that,
after hyperparameter optimization, the LSTMOPT model achieves the lowest RMSE values
for both ROA (3.92) and ROE (7.43), producing predictions closest to the actual values. The
optimal LSTMOPT configurations consistently select the Adam optimizer for both ROA and
ROE predictions, highlighting Adam’s compatibility with this model. By fine-tuning hid-
den units, learning rates, and dropout rates, LSTM demonstrates adaptability to forecasting
objectives. In contrast, traditional multiple linear regression (MLR) yields the highest RMSE
and MAE values, with a negative R2 for ROA (−0.28), underscoring its inability to capture
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data variability and handle nonlinear problems. LSTM’s performance is comparable to
R_XGBOPT and R_LGBMOPT, further showcasing its ability to extract deeper features
from the data. In classification tasks, CNN outperforms other models for both ROA and
ROE, highlighting its robust capability for processing complex data. C_LGBMOPT ranks
second, excelling in handling nonlinear and high-dimensional data with faster training
times. In comparison, traditional models like C_DTOPT and C_RFOPT perform poorly,
struggling with complex data and proving suitable only for simpler structures.

In summary, deep learning models such as LSTM and CNN excel in both regression
and classification tasks, showcasing exceptional capabilities for processing nonlinear and
complex data. Hyperparameter optimization further enhances the predictive performance
and stability of these models. When implementing these approaches, practitioners should
carefully balance data characteristics, computational resources, and prediction objectives
to achieve optimal results. Most of the existing literature employs statistical methods to
predict ROA and ROE. While effective at modeling linear relationships, these methods
struggle with nonlinear and complex relationships. This study adopts two deep learning
approaches, yielding results that not only surpass the performance of statistical methods
but also outperform traditional machine learning techniques. The findings underscore the
potential of deep learning in financial performance analysis, addressing the limitations of
conventional statistical methods and offering innovative perspectives and methodologies
for future research and practical applications.

5. Conclusions and Future Research
The main objective of this study is to predict financial performance based on ESG

performance. In addition to employing the commonly used multiple linear regression
model, we also utilize machine learning and deep learning techniques for prediction.
Models can be constructed as either regression or classification models, depending on
the problem type. For both regression and classification models, the input data are split
into 80% for training and 20% for testing. This split allows for model learning with the
training data and prediction using the test data. Additionally, considering the deferred
effect of ESG performance, ROA and ROE are studied using data from the preceding period.
Summarizing the results of both regression and classification models in predicting ROA
and ROE, this study found that deep learning models perform better than machine learning
models.

Financial performance is the cornerstone of corporate survival, market competitive-
ness, and long-term sustainable development. Strong financial performance not only
consolidates a company’s competitive advantage but also enhances stakeholder confidence,
which is crucial for achieving growth and sustainability in an increasingly dynamic and
competitive market environment. In recent years, Corporate Social Responsibility has
gained widespread global attention. However, CSR only provides a broad framework for
sustainable operations and lacks quantitative indicators to assess whether companies are
progressing toward sustainability goals.

Over the past decade, and particularly in the last five years, the global rise in ESG
factors has led ESG to become a key performance indicator for corporate sustainability.
ESG helps assess whether companies are fulfilling their corporate social responsibilities
and achieving sustainable development goals. Despite the rapid advancements in artificial
intelligence and its widespread application across various fields, research on its use in
predicting corporate financial performance remains relatively scarce. This study aims
to fill this gap by using ESG performance to predict corporate financial performance,
employing not only MLR models but also machine learning and deep learning techniques
for predictive analysis.
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The study introduces an innovative approach by using ESG performance as an indi-
cator for predicting corporate financial performance—a method that remains relatively
uncommon in current academic research. This methodology not only offers a novel per-
spective for practical applications in financial performance forecasting but also enriches
the academic discourse in this field. The study’s findings present new opportunities for
research while providing valuable insights for companies and stakeholders to evaluate
corporate financial performance and sustainability. Additionally, the research combines re-
gression and classification models with deep learning techniques, offering a dual analytical
framework. By incorporating a time lag—using ESG performance from the preceding year
to influence corporate financial performance predictions for the following year—, the study
establishes a more realistic and robust analytical model. This approach advances the appli-
cation of artificial intelligence in ESG and financial performance forecasting, contributing
to the sustainable development of these fields.

While the model proposed in this study demonstrates significant predictive ability
and practical value, it is not without its limitations. For instance, as the data utilized in this
research are derived from publicly available corporate reports, future studies could enhance
robustness by incorporating longer timeframes and more diverse datasets. Furthermore,
this study focuses exclusively on ESG indicators as input variables. Future research could
explore the integration of other influential factors, such as macroeconomic conditions, in-
dustry characteristics, or company size, to offer a more comprehensive analysis of corporate
financial performance. Although the LSTMOPT and CNNOPT models excel in regression
and classification tasks, respectively, their performance is highly dependent on specific
hyperparameter settings and the characteristics of the data. One potential direction for
future research is to employ other deep learning and machine learning models to explore
the possibility of improving forecasting performance. Another direction for further research
could involve using other financial performance indicators. In addition to ROA and ROE,
commonly used indicators in past research include Earnings Per Share (EPS), Net Income,
Stock Price, and the Price/Earnings (P/E) ratio. These could serve as dependent variables
in the forecasting models to evaluate the robustness of the models. A third avenue for
future research could involve exploring the use of large language models to analyze ESG
factors as independent variables.
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Appendix A

Table A1. List of abbreviations.

# Abbreviation Description

Sustainability and Corporate Responsibility

1 CSR Corporate Social Responsibility
2 ESG Environmental, Social, and Governance
3 CFP Corporate Financial Performance
4 CSP Corporate Social Performance
5 GRI Global Reporting Initiative
6 SASB Sustainability Accounting Standards Board

7 TCFD Task Force on Climate-related Financial
Disclosures

Financial and Economic Metrics

1 ROA Return on Assets
2 ROE Return on Equity
3 EBIT Earnings Before Interest and Taxes

Data and Market Terms

1 TSEC Taiwan Stock Exchange Corporation
2 OTC Over the Counter
3 TEJ Taiwan Economic Journal

Statistical, Machine Learning and Deep Learning Models

1 MLR Multiple Linear Regression
2 RR Ridge Regression
3 LR Logistic Regression
4 NB Naive Bayesian
5 ML Machine Learning
6 DL Deep Learning
7 SVR Support Vector Regression
8 SVM Support Vector Machine
9 DT Decision Tree

10 RF Random Forest
11 XGB Extreme Gradient Boosting
12 LGBM Light Gradient Boosting Machine
13 KNN K Nearest Neighbor
14 MLP Multi-layer Perceptron
15 ANN Artificial Neural Network
16 RNN Recurrent Neural Network
17 LSTM Long Short-Term Memory
18 CNN Convolutional Neural Network
19 XAI Explainable Artificial Intelligence

20 1D-CNN One-Dimensional Convolutional Neural
Network
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Table A1. Cont.

# Abbreviation Description

Optimized Models

1 LSTMOPT Long Short-Term Memory with Optuna
2 CNNOPT Convolutional Neural Network with Optuna

3 R_XGBOPT Extreme Gradient Boosting optimized with
Optuna for Regression

4 R_LGBMOPT Light Gradient Boosting Machine optimized
with Optuna for Regression

5 C_DTOPT Decision Tree optimized with Optuna for
Classification

6 C_RFOPT Random Forest optimized with Optuna for
Classification

7 C_LGBMOPT Light Gradient Boosting Machine optimized
with Optuna for Classification

Evaluation Metrics

1 RMSE Root Mean Square Error
2 MAE Mean Absolute Error
3 R2 Coefficient of Determination
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