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Abstract— Incorporating Environmental, Social, and Gover-
nance (ESG) factors has become increasingly important in mod-
ern investment strategies for both individual and institutional
investors. However, forecasting ESG market volatility remains
challenging due to the nonlinear and dynamic nature of finan-
cial time series. This study proposes a deep learning framework
for ESG volatility forecasting based on an optimized Long
Short-Term Memory (LSTM) model. The proposed approach
integrates historical financial data, technical indicators, and
macroeconomic variables to capture complex market behavior
and volatility dynamics.

To improve model robustness and automate hyperparameter
selection, a Genetic Algorithm (GA) was employed to optimize
three key LSTM hyperparameters: number of neurons, batch
size, and look-back window. In addition to the proposed ESG-
Volatility-3GA-LSTM framework, baseline LSTM, Random
Search, and Grid Search optimization strategies were evaluated
under identical experimental conditions.

Experimental results demonstrate that the GA-optimized
LSTM achieves competitive forecasting performance with im-
proved stability across repeated runs. Statistical analyses, in-
cluding paired t-tests and Wilcoxon signed-rank tests, further
confirm the robustness and reproducibility of the proposed
framework. The findings highlight the importance of systematic
hyperparameter optimization for ESG volatility forecasting
under varying market conditions.

Keywords : ESG index, volatility prediction, Hyperparam-
eter tuning, Artificial Intelligence (AI) techniques, Computa-
tional Intelligence, Genetic Algorithm, Deep Learning.

I. INTRODUCTION
A. Motivations and Challenges

Conventional investors primarily emphasize maximizing
investment returns by assessing profitability metrics and
conduct thorough analyses of financial statements to iden-
tify the most lucrative stocks available in the market [1].
According to [2], ESG factors, which correspond to non-
financial information, have been viewed in recent years
as new drivers for financial analysis and creditworthiness
evaluation. Policymakers and investors are paying more and
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more attention to ESG investing [3]. In order to manage
financial risk and encourage sustainable investment strate-
gies, investors are gradually incorporating ESG indicators
into their decision-making processes [4]. Accurately fore-
casting the volatility of ESG indexes has become crucial for
risk assessment, portfolio management, and market stability
as these indices gain popularity. However, because of the
complex interactions between financial markets and macroe-
conomic variables, forecasting the volatility of ESG indices
is still difficult. Econometric models like Generalized Au-
toregressive Conditional Heteroskedasticity (GARCH) and
its variations are frequently used in traditional methods for
volatility prediction [5], [6], [7]. While these models offer
valuable insights, they often fail to capture complex temporal
dependencies and nonlinear relationships in financial data.
To increase the accuracy of financial prediction, machine
learning (ML) and DL techniques have been introduced more
recently [8]. Few studies have concentrated on ESG index
volatility prediction using advanced optimization techniques,
despite the growing interest in applying DL to financial
forecasting. Additionally, the majority of current research
relies on fixed model configurations and doesn’t thoroughly
examine how hyperparameter optimization affects predictive
performance [9], [10].

B. Objectives and Contributions

This study aims to improve ESG volatility forecasting
using an optimized LSTM-based deep learning framework.
The proposed approach integrates historical financial data,
technical indicators, and macroeconomic variables to better
capture the nonlinear behavior of ESG financial markets.

The main contributions of this work are summarized
as follows:

o GA-Optimized LSTM Framework: We propose an
ESG volatility forecasting framework based on LSTM
networks optimized using a GA for tuning the number
of neurons, batch size, and look-back window.

o Comparative Experimental Evaluation: The pro-
posed ESG-Volatility-3GA-LSTM framework is com-
pared with baseline LSTM, Random Search, and Grid
Search optimization strategies under identical experi-
mental conditions.

o Application to Sustainable Finance: The study
demonstrates the potential of combining deep learning
and evolutionary optimization for ESG volatility fore-
casting.

The remainder of this paper is organized as follows.

Section II reviews related work on ESG volatility forecast-
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ing and deep learning approaches. Section III presents the
proposed methodology and optimization framework. Section
IV discusses the experimental setup and obtained results.
Finally, Section V concludes the paper and outlines future
work.

II. LITERATURE REVIEW

The incorporation of Al into sustainable finance has be-
come a crucial innovation for enhancing the evaluation of
ESG factors. In the financial sector, Al-powered solutions
have shown exceptional abilities in refining decision-making,
optimizing portfolio management, and reducing risks [9].

Although there is significant enthusiasm for Al-driven
sustainable finance, the empirical evidence supporting Al’s
effectiveness in ESG prediction is still scattered. Many
traditional ESG scoring systems depend on rule-based frame-
works, such as ARCH and GARCH models [7], that find it
challenging to capture real-time or detailed data, especially
in climate-sensitive industries. On the other hand, Al-based
models, particularly those utilizing ML, offer the potential
for improved predictive capabilities, but their advantages
over traditional systems have not been thoroughly investi-
gated [9]. In the context of this study, predicting ESG index
volatility is crucial as it captures market dynamics influenced
by these non-financial factors, offering investors deeper in-
sights into risk and opportunity within sustainable investment
landscapes. In a recent study, a new DL framework called
ESG2Risk was implemented to forecast the future volatility
of stock prices using ESG news [11].

Most of the studies have focused on price prediction and a
few papers tackled the ESG volatility prediction (mentioned
in Table I, which is the focus of this study.

TABLE I: Related works of used techniques to forecast the
volatility of ESG index

Used Methodology | Used data Evaluation Met- | Experiments and
rics Results

DL model | Fundamental RMSE, MAE and | The LSTM with

architectures data + R-scores of a test | 10 neurons showed

like LSTM, | Technical indica- | set outperformed other

gated recurrent | tors model with:

unit (GRU), and | Macroeconomic RMSE=0.5849

convolutional neural | data MAE=0.1425

network (CNN) to R=0.9952

forecast ESG index

volatility [1]

Generative input company | Accuracy (ACC) Tested on various
Adversarial information number of tasks
Networks (GANs) | historical ESG reaching 100

for predicting the | index data. Achieved ACC=
volatility of ESG 90.3%

indices. [12]

GARCH and LSTM | input company | RMSE GARCH

models for predict- | information outperformed with
ing the return of | historical ESG RMSE= 0.01135
ESG volatility [5] index data.

The mentioned studies in this section lack the analysis on
the robustness of the utilized models.

Therefore, our study aimed to address these issues by
developing a novel DL-based framework in the context of
ESG volatility forecasting trained with the best possible set
of influencing factors.

III. PROPOSED METHODOLOGY
A. Choice of the model

Previous studies on ESG volatility forecasting have inves-
tigated several deep learning architectures, including CNN,
GRU, and LSTM networks [1]. Among these architectures,
LSTM demonstrated superior forecasting performance due to
its ability to capture long-term temporal dependencies and
nonlinear sequential patterns in financial time-series data.
Based on these observations and the comparative results
reported in prior work, the present study adopts the LSTM
architecture as the baseline forecasting model and focuses
on improving its hyperparameter configuration through opti-
mization strategies.

GAs were selected for hyperparameter optimization due to
their effectiveness in exploring complex and nonlinear search
spaces without requiring gradient information. Previous stud-
ies deep learning optimization have demonstrated that GA-
based tuning can improve model robustness and automate the
selection of suitable hyperparameter configurations [13],[14].
Compared with manual tuning approaches, GA provides a
systematic search mechanism capable of balancing explo-
ration and exploitation during optimization.

The GA optimization process focused on three influential
LSTM hyperparameters: the number of neurons, batch size,
and look-back window. These parameters were selected
because they directly affect model complexity, temporal
dependency learning, and training stability in time-series
forecasting tasks. Previous studies have shown that opti-
mizing these hyperparameters can significantly influence
LSTM forecasting performance in financial applications [15].
Restricting the optimization process to these parameters also
helps maintain a manageable search space and computational
cost during GA optimization.

B. Algorithm Design

This framework combines a GA with a LSTM network to
optimize hyperparameters and improve prediction accuracy.
The optimized LSTM has been previously implemented
in few studies across different contexts, demonstrating its
versatility and effectiveness [13], [14]. This methodology
consists of a primary algorithm and a number of core
procedures, where each step addresses a specific challenge
in the forecasting process as shown in figure 1.

Step 1: Data preprocessing and normalization The raw
dataset is first cleaned to remove inconsistencies and missing
values. The data is then divided into training, validation, and
test sets. A Min—Max normalization is also applied to both
the input variables and the target variable.

Step 2: Sequence construction Since LSTM networks
require sequential inputs, the time-series data is transformed
into supervised learning sequences using a sliding window
mechanism. The parameter look_back determines the number
of past observations used to predict the next time step.

Step 3: Hyperparameter optimization using GA To
enhance model performance, a GA is used to automatically
search for the optimal hyperparameters of the LSTM net-
work. The algorithm initializes a population of candidate



solutions representing different combinations of neurons,
batch size, and look-back window. Through iterative pro-
cesses including fitness evaluation, selection, crossover, and
mutation, the GA identifies the hyperparameter configuration
that minimizes the validation error.

Step 4: Optimized LSTM training and forecasting
Using the optimal hyperparameters obtained from the GA,
the LSTM model is trained with early stopping to pre-
vent overfitting. To ensure robustness, the model is trained
through multiple independent runs. The trained model then
generates predictions on the test dataset.

Step 5: Performance evaluation and statistical valida-
tion The forecasting performance of the proposed ESG-
Volatility-3GA-LSTM model is evaluated using several met-
rics, including Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and the determination coefficient
(R?). To verify the statistical significance of the improve-
ments, the ESG-Volatility-3GA-LSTM model is compared
with a baseline LSTM model using statistical tests such
as the paired t-test, Wilcoxon signed-rank test, and the
Diebold—Mariano test.
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Fig. 1: The Proposed ESG-Volatility-3GA-LSTM Framework

This algorithm describes the main procedure of the pro-
posed ESG-Volatility-3GA-LSTM forecasting framework. It
takes a raw time-series dataset as input and processes it
through several stages including preprocessing, hyperparam-
eter optimization using a GA, and final model training
for forecasting. Each stage contributes to improving the
prediction accuracy of the volatility time series.

The algorithm requires several important inputs:

D : Raw dataset The original time-series dataset contain-
ing historical observations used for volatility prediction.

P : GA parameters A set of configuration parameters
controlling the behavior of the GA, including the popula-
tion size, number of generations, and mutation rate. These
parameters guide the evolutionary search for optimal LSTM
hyperparameters.

H : Hyperparameter search space A predefined set of
candidate values for the LSTM hyperparameters optimized
by the GA. It includes:

neurons : Number of hidden units in the LSTM layer,
controlling the model’s learning capacity.

batch_size : Number of training samples processed before
updating the network weights.

look_back : Length of the sliding window used to trans-
form the time series into input sequences.

R : Number of training replicates Number of inde-
pendent model training runs performed using the optimal
hyperparameters to ensure robustness and reduce randomness
from neural network initialization.

Mpest @ Optimized ESG-Volatility-3GA-LSTM model
The final LSTM forecasting model trained using the best
hyperparameter configuration identified by the GA.

Yprea : Forecasted volatility values Predicted volatil-
ity values produced by the optimized ESG-Volatility-3GA-
LSTM model on the test dataset.

Algorithm 1 ESG-Volatility-3GA-LSTM Hyperparameter
Optimization for Volatility Forecasting

: Data: XY : Input features and target volatility

: PopSize : Population size

: Ng : Number of GA generations

C': Crossover probability

M : Mutation probability

: H : Hyperparameter ranges {neurons, batch_size, look_back}
: Result: Optimal hyperparameters Hp, ¢

: Fitness_Set < () // Initialize fitness values

: Pop < Initial_Population(PopSize, H)

10for t < 1 to PopSize do

e R I Y R N P

11: neurons; < Poplt].neurons

12: batchi <— Poplt].batch_size

13: lookbacky < Pop]t].look_back

14: (Xtrain7 Xoats Yerain, Yoal) < Split_Data(X,Y)
15: Model < Build_-LST M (neuronst)

16: Model. Train(Xtrain, Yirain, batcht)

17: Yprea < Model. Predict(Xyq1)

18: fitness <~ RMSE(Yya1, Ypred)

19: Poplt]. fitness <+ fitness

20: Fitness_Set < Fitness_Set U { fitness}

21end for

22for g <+ 1 to N4 do

23: (indiv1,indive) < RouletteSelection(Pop, Fitness_Set)
24: (childy, childa) < Crossover(C,indivy, indiva)
25: (childy, childy) <— Mutation(M, childy, childz)
26: Pop < UpdatePopulation(Pop, child} , child})
27end for

28:Best < Select Best(Pop)

29nmeuronsyest < Best.neurons

30batchpest < Best.batch_size

311ookbackyest < Best.look_back

32return (neuronspest, batchyest, lookbackyest)

IV. EXPERIMENTS AND RESULTS
A. Dataset Description

The dataset used in this study is a combination of funda-
mental, macroeconomic, and technical variables, originally
collected and processed in prior research [1].

Fundamental data: This category includes historical fi-
nancial variables that provide basic information regarding
index performance. The closing price of the index is used as
the primary variable representing daily market performance.

Macroeconomic data: Macroeconomic indicators are in-
cluded to capture the overall health of the financial market.
The selected variables are CBOE Volatility Index (VIX), Ef-
fective Federal Funds Rate (EFFR), Civilian Unemployment
Rate (UNRATE), Consumer Sentiment Index (UMCSENT),
US Dollar Index (USDX).



Technical indicators: Technical indicators are commonly
used by active traders to analyze short-term market dynam-
ics. The included features are Volatility (used both as an
input and the target variable), Moving Average Convergence
Divergence (MACD), Relative Strength Index (RSI), Sharpe
Ratio (SR).

Monthly volatility is computed as the rolling standard
deviation of monthly returns[1], and is then annualized by
multiplying by v/12:

Volatility ., ,,,; = Volatility,, .45, X V12 (1)

The dataset combines these variables to capture both
short-term market movements and longer-term economic
trends, forming a comprehensive input for the proposed ESG-
Volatility-3GA-LSTM volatility forecasting framework.

The target variable corresponds to the annualized ESG
volatility index volat_ann, modeled as a continuous real-
valued regression output. In the considered dataset, the target
values range approximately from 0.0077 to 0.2131. Prior to
training, MinMax normalization is applied using parameters
estimated exclusively from the training set, while all reported
metrics are computed after inverse transformation to the
original volatility scale.

B. Experimental Setup

All experiments were implemented in Python using the
TensorFlow/Keras deep learning framework. The experimen-
tal environment was executed on Google Colab using an
NVIDIA T4 GPU accelerator. The TensorFlow version used
during experimentation was TensorFlow 2.20.0.

C. Dataset Preparation and Preprocessing

The proposed ESG-Volatility-3GA-LSTM framework was
evaluated using the dataset described in Section IV-A. The
data were split into training, validation, and test sets based
on the following:

TABLE II: Chronological Dataset Partitioning

Subset Period
Training 2013-01-02 — 2018-05-28
Validation ~ 2018-05-29 — 2020-03-16
Testing 2020-03-17 — 2021-11-30

The training subset was used for model learning, while
the validation subset was exclusively reserved for hyperpa-
rameter optimization during the GA search process. The test
subset remained completely unseen until the final evaluation
stage. This chronological separation ensures that future ob-
servations are never used during training or hyperparameter
optimization, thereby preventing temporal leakage.

All input features were normalized using Min-Max scal-
ing. Importantly, scaling parameters were estimated exclu-
sively from the training data and subsequently applied to
the validation and testing subsets. All reported evaluation
metrics were computed after inverse transformation to the
original target scale.

Since LSTM models require sequential temporal input,
sliding-window sequences were generated using a look-back

mechanism. For each prediction step, the model receives
a fixed number of previous observations and predicts the
corresponding volatility value.

The GA was employed to optimize three hyperparameters:
number of LSTM neurons, batch size, and look-back window
length. To ensure robustness, all experiments were repeated
for R = 30 independent replicates. Performance metrics
include RMSE, MAE, and R2.

D. Hyperparameter Optimization

The GA was used to search the hyperparameter space H
for optimal values. The fitness function was defined as the
RMSE on the validation set:

2

The GA was used to optimize three LSTM hyperparame-
ters:

o Number of LSTM neurons,

o Batch size,

o Look-back window size.

The search ranges used in the GA optimization process
are summarized in Table III.

TABLE III: GA Hyperparameter Search Space

Hyperparameter Search Range

Number of neurons [10, 200]
Batch size 4, 32]

Look-back window [5, 60]

The GA was configured using a population size of 10 indi-
viduals, 5 generations, and a mutation rate of 0.2. Selection,
crossover, and mutation operators were iteratively applied
to evolve candidate solutions toward improved forecasting
performance on the validation set.

The optimization process with GA converged relatively
quickly across generations, showing that the evolutionary
search was able to efficiently identify suitable LSTM hy-
perparameters. The best solution was obtained at Generation
4, where the lowest validation RMSE value reached approx-
imately 0.0644.

The best hyperparameters found by the GA are summa-
rized below:

e Number of neurons: 149
o Batch size: 7
o Look-back window: 6

These results indicate that the model achieved better
forecasting performance using a relatively short historical
window together with a larger number of neurons to capture
complex temporal patterns in ESG volatility data.

The optimized hyperparameters obtained from the GA
were then used for the final ESG-Volatility-3GA-LSTM
model training and evaluation on the unseen test set.

For comparative analysis, additional experiments using
Grid Search and Random Search optimization strategies
were also conducted under the same preprocessing pipeline,



evaluation protocol, and testing conditions to ensure fair
comparison and reproducibility.

E. Model Performance

Table IV reports the mean and standard deviation of
RMSE, MAE, and R? over 30 replicates for the ESG-
Volatility-3GA-LSTM model and a baseline LSTM model.
The baseline LSTM model was independently reimple-
mented and evaluated under the same preprocessing pipeline,
dataset partitioning strategy, and experimental protocol as the
proposed ESG-Volatility-3GA-LSTM framework. To evalu-
ate the effectiveness of the proposed GA-based optimization
approach, Random Search and Grid Search strategies were
also implemented for LSTM hyperparameter tuning. The
comparison was conducted using the same dataset splits,
preprocessing pipeline, scaling procedure, evaluation metrics,
and testing protocol to ensure fairness.

TABLE IV: Performance comparison of forecasting models
over 30 runs.

Model
Baseline LSTM
ESG-Volatility-3GA-LSTM
Random Search LSTM
Grid Search LSTM

RMSE MAE R?
0.007437 £ 0.001928  0.005703 £ 0.002140  0.839635 £ 0.115822
0.008223 £ 0001314 0.005363 =+ 0.000826  0.938192 + 0.019075
0.008149 = 0.002092  0.005106 + 0.001205  0.963508 + 0.012253
0.009384 =+ 0.002930  0.005357 =+ 0.001048  0.951482 + 0.013078

The experiments demonstrate that hyperparameter opti-
mization techniques such as GA, Random Search, and Grid
Search do not necessarily guarantee superior forecasting ac-
curacy compared with a carefully configured baseline LSTM
model.

F. Statistical Analysis

To evaluate the statistical significance of forecasting dif-
ferences between models, paired t-tests, Wilcoxon signed-
rank tests, Cohen’s d effect size analysis, and the Friedman
test were conducted on the RMSE values obtained across 30
independent runs.

TABLE V: Statistical comparison between the baseline
LSTM and optimized models.

RMSE Distribution Across 30 Runs
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Baseline GALSTM Random Grid

Fig. 2: Boxplot of the models

To further analyze prediction errors, the distribution of
residuals is presented in Figure 3 showing that most errors
are concentrated near zero.
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Fig. 3: Error Distribution (ESG-Volatility-3GA-LSTM)

Figure 4 shows that ESG-Volatility-3GA-LSTM achieved
the lowest RMSE variability across 30 runs. This result
highlights the ability of GA-based hyperparameter optimiza-
tion to improve the stability and reproducibility of LSTM
forecasting, even when average prediction accuracy remains
comparable to other optimization strategies.

Model Stability Comparison

0.0030

0.0025

0.0020

Comparison t-test p  Wilcoxon p  Cohen’s d S
Baseline vs ESG-Volatility 3GA-LSTM _ 0.0547  0.0549 -0.3718
Baseline vs Random Search 0.1809 0.1579 -0.2546 % 00010
Baseline vs Grid Search 0.0050 0.0043 -0.5645 :

The statistical results indicate that the differences between
the baseline LSTM and both ESG-Volatility-3GA-LSTM and
Random Search LSTM were not statistically significant at
the 5% significance level. However, Grid Search LSTM
produced significantly higher forecasting errors compared
with the baseline model.

Additionally, the Friedman test yielded a p-value of
0.004467, confirming the existence of statistically significant
differences among the evaluated forecasting approaches over-
all.

The boxplot representation in Figure 2 further illustrates
the distribution and variability of RMSE values across the
30 runs for each model.

0.0005

0.0000
Baseline GALSTM Random Grid

Fig. 4: Comparison of RMSE standard deviation across 30
independent runs

G. Robustness Under Different Market Conditions

To evaluate generalization under varying market regimes,
the proposed framework was assessed during periods charac-
terized by elevated financial volatility, including the COVID-
19 market disruption period. Experimental observations in-
dicate that the model maintains stable predictive behavior
despite increased market uncertainty, suggesting robustness
under changing volatility conditions.
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H. Discussion

The experimental results show that the proposed ESG-
Volatility-3GA-LSTM framework achieves competitive and
stable forecasting performance for ESG volatility prediction.
Compared with the baseline LSTM, the GA-optimized model
obtained slightly improved MAE and R? values while main-
taining comparable RMSE performance across repeated runs.
The lower variability observed in several experiments also
indicates improved prediction stability and reproducibility.

The results further confirm the effectiveness of LSTM
networks for financial time-series forecasting due to their
ability to capture temporal dependencies and nonlinear mar-
ket behavior. In addition, the comparative analyses with
Random Search and Grid Search highlight the importance
of systematic hyperparameter optimization for improving
training consistency.

Statistical analyses based on paired t-tests and Wilcoxon
signed-rank tests indicate that the observed improvements
remain moderate, suggesting that GA optimization mainly
enhances model stability rather than producing substantial
forecasting gains.

Despite these advantages, GA-based optimization intro-
duces additional computational cost because multiple neural
network models must be trained across several generations
and candidate solutions. Consequently, a trade-off exists
between optimization quality and computational efficiency.

V. CONCLUSION AND FUTURE WORK

This study proposed a ESG-Volatility-3GA-LSTM frame-
work for ESG volatility forecasting by integrating histori-
cal financial data, macroeconomic variables, and technical
indicators within a deep learning architecture. A GA was
employed to optimize key LSTM hyperparameters, namely
the number of neurons, batch size, and look-back window. To
improve robustness and reproducibility, multiple independent
runs and early stopping were adopted.

Experimental results demonstrated competitive forecast-
ing performance with stable RMSE, MAE, and R? values
across repeated runs. Additional comparisons with baseline
LSTM, Random Search, and Grid Search were conducted
under identical experimental conditions. Statistical analyses,
including paired t-tests and Wilcoxon signed-rank tests, were
also performed to evaluate the robustness of the obtained
results.

The main contribution of this work lies in establishing
a rigorous and reproducible evaluation framework for ESG

volatility forecasting using systematically optimized LSTM
architectures. The results suggest that hyperparameter opti-
mization mainly improves model stability and reproducibility
rather than producing dramatic predictive gains.

Despite its effectiveness, the proposed framework remains
computationally expensive due to repeated model training
during optimization. In addition, only a limited subset of
hyperparameters and LSTM-based architectures was consid-
ered.

Future work may investigate alternative optimization
methods such as PSO or Bayesian Optimization, as well as
more advanced architectures including stacked LSTM, bidi-
rectional LSTM, attention-based models, and transformers.
Larger and more recent ESG datasets may also be explored
to further assess generalization and scalability.
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