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Accurate and reliable stock price prediction is a formidable and
essential task in financial markets, requiring the use of advanced
techniques. This paper presents an innovative approach that integrates
Long Short-Term Memory (LSTM) networks with Modified
Complex Variational Mode Decomposition (MCVMD) for
preprocessing and the Secretary Bird Optimization Algorithm
(SBOA) for hyperparameter optimization. In the preprocessing phase,
MCVMD decomposes stock price time series into intrinsic mode
functions, effectively capturing complex patterns and reducing noise.
To enhance predictive performance, SBOA optimizes both the
hyperparameters of the LSTM network and the decomposition
parameters of MCVMD. The proposed methodology is evaluated on
datasets from six companies: Ferrari NV (RACE) and Intesa Sanpaolo
(ISP) from Italy, Amadeus IT (AMA) and Repsol (REP) from Spain,
and Hitachi Ltd (6501) and Chugai Pharmaceutical Co., Ltd. (4519)
from Japan. Results show that the LSTM-MCVMD-SBOA model
achieves lower error values compared with conventional benchmarks,
including ARIMA-GARCH, vanilla LSTM, Long Short-Term
Memory-Particle Swarm Optimization (LSTM-PSO), and Long
Short-Term Memory-Sine Cosine Algorithm (LSTM-SCA). SBOA
was selected because of its superior balance between exploration and
exploitation, inspired by secretary bird hunting and evasion behavior,
which enables efficient search in complex optimization landscapes.
Overall, the proposed model demonstrates significantly improved
predictive accuracy over conventional methods, highlighting the
efficacy of combining advanced decomposition with nature-inspired
optimization for stock market forecasting.

1. Introduction

In the world of financial markets, stock price
prediction is a fundamental yet highly complex
task, attracting considerable interest from both
researchers and practitioners. Accurate predictions,
particularly in volatile markets, facilitate informed
decision-making, enhance risk management, and
support strategic planning. Time series models and
linear regressions often fail to capture the inherent
nonlinearities and dynamic nature of financial time

series data, resulting in suboptimal performance.
Thus, advanced techniques have been explored in
an effort to address these challenges more
effectively.

This includes LSTM networks, which are
specialized forms of Recurrent Neural Networks
(RNN). The use of LSTM networks for forecasting
time series is demonstrating remarkable success
across various applications, including stock price
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prediction. Financial data is particularly complex,
making LSTMs ideal for capturing long-term
dependencies and temporal patterns [1, 2].
Although LSTMs have many advantages, selecting
hyperparameters for optimal performance can be
challenging and time-consuming. Automating and
enhancing the hyperparameter tuning process
requires robust optimization algorithms.

Recent studies also emphasize the role of
metaheuristic optimization in improving predictive
models. For instance, Ebrahimi and Hemmati [20]
applied a multi-objective gravitational search
algorithm to optimize circuit design parameters,
underscoring the efficiency of population-based
optimization methods in balancing exploration and
exploitation. Inspired by this perspective, our study
leverages the Secretary Bird Optimization
Algorithm (SBOA) to fine-tune both LSTM and
MCVMD  parameters, thereby  enhancing
forecasting performance.

Yujun et al. [19] proposed a hybrid prediction
framework combining LSTM networks with
ensemble Empirical Mode Decomposition (EMD),
demonstrating the benefits of decomposition in
capturing intrinsic patterns before deep learning
forecasting. Similarly, Guo et al. [21] developed an
adaptive Support Vector Regression (SVR) model
tailored for high-frequency stock price forecasting,
highlighting the importance of adaptability in
dynamic financial markets. These works further
confirm the relevance of decomposition-based
preprocessing and adaptive modeling, which our
LSTM-MCVMD-SBOA model extends with
enhanced optimization and noise reduction.

In this study, the SBOA is employed, a novel
metaheuristic based on predatory and evasive
behaviors of secretary birds. SBOA is able to
balance exploration and exploitation effectively,
making it a promising algorithm for solving
complex optimization problems [3]. Utilizing
SBOA, we aim to optimize the hyperparameters of
the LSTM network to improve prediction. Prior
evaluations by Fu et al. [3] demonstrated that
SBOA outperformed established metaheuristics
such as PSO and GA on 23 benchmark functions,
achieving up to 15% higher convergence accuracy
and faster optimization. These results indicate that
SBOA is a promising algorithm for solving
complex optimization problems such as
hyperparameter tuning in LSTMs.

This study optimizes LSTM hyperparameters as
well as introduces a preprocessing phase using
Modified Complex Variational Mode
Decomposition (MCVMD). In MCVMD, the stock
price time series is decomposed into Intrinsic Mode
Functions (IMFs), each representing a different
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frequency component. It captures intricate patterns
more effectively and reduces noise, improving
LSTM's predictive accuracy. Compared to earlier
decomposition techniques, Miao et al. [4] showed
that MCVMD improved decomposition quality and
reduced noise by approximately 8-12%, leading to
more accurate signal reconstruction. These
improvements highlight MCVMD’s ability to
capture intricate patterns in financial data more
effectively, thereby enhancing LSTM’s predictive
performance. Their experiments on nonstationary
signals showed that MCVMD achieves lower
reconstruction error and better preservation of low-
frequency trends compared with Complex
Variational Mode Decomposition (CVMD),
confirming its ability to capture intricate patterns in
complex time series. In our framework, these
strengths are leveraged to enhance predictive
performance when combined with LSTM.

The proposed methodology is evaluated using
stock price data from seven diverse companies:
Ferrari NV (RACE) and Intesa Sanpaolo (ISP)
from Italy, Amadeus IT (AMA) and Repsol (REP)
from Spain, Hitachi Ltd (6501) and Chugai
Pharmaceutical Co., Ltd (4519) from Japan.
Companies from these sectors and regions were
selected for comprehensive evaluation. By
applying the proposed methodology to these
datasets, we aim to demonstrate the robustness and
effectiveness of our approach in improving stock
price prediction accuracy.

The proposed methodology must be implemented
in several essential steps:

1. Data Preprocessing: During this step, the
stock price data are normalized so that all
features contribute equally, enhancing the
model's overall performance.

2. Model Initialization: This step entails
configuring the architecture of the LSTM
network and setting up the parameters for
the SBOA to optimize the LSTM and
Modified -MCVMD method.

3. Training: To improve the model's
predictive accuracy, SBOA is used to
iteratively fine-tune the hyperparameters
of the LSTM network and the a and K
parameters of the MCVMD method.

4. Evaluation: The effectiveness of the
LSTM-SBOA-MCVMD model is assessed
by comparing its performance with
established models such as LSTM-SCA,
Long Short-Term Memory -
Autoregressive Integrated Moving
Average - Generalized Auto Regressive
Conditional Heteroskedasticity (LSTM-
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ARIMA-GARCH), LSTM, and LSTM-

PSO using consistent evaluation metrics.
This study examines the potential benefits of
incorporating the Secretary Bird Optimization
Algorithm into stock price prediction models while
highlighting the dynamic nature of financial
markets (the ever-changing landscape of financial
markets) and the constant quest to enhance
forecasting accuracy. This study examines the
strengths and limitations of various approaches in
order to demonstrate the evolution of hybrid
models in coping with complex market conditions.
This study offers a novel approach to improving
prediction accuracy by using the LSTM-SBOA-
MCVMD model.
While several metaheuristic algorithms have been
widely applied to hyperparameter optimization in
stock price prediction—including Particle Swarm
Optimization (PSO), Genetic Algorithms (GA),
Differential Evolution (DE), and the Sine Cosine
Algorithm (SCA)—these methods often exhibit
limitations such as premature convergence, poor
scalability in high-dimensional search spaces, and
sensitivity to initial conditions. The Secretary Bird
Optimization Algorithm (SBOA) is particularly
well-suited to this application for three main
reasons. First, SBOA provides a dynamic balance
between exploration and exploitation by
mimicking secretary bird hunting and evasion
strategies. This property is especially important for
financial data, which are noisy and nonstationary,
as it reduces the likelihood of the optimization
process becoming trapped in local minima. Second,
SBOA requires fewer control parameters than
traditional optimizers, making it less sensitive to
parameter initialization and more robust when
tuning multiple interdependent variables such as
the hidden units, learning rate of LSTM, and
decomposition parameters of MCVMD. Third, to
the best of our knowledge, SBOA has rarely been
applied in the financial forecasting domain. Its
integration with MCVMD and LSTM therefore
contributes both methodological novelty and
practical improvements in predictive accuracy, as
demonstrated in our comparative experiments. For
these reasons, SBOA was selected as the
optimization component of our proposed
framework over conventional alternatives such as
PSO or SCA.
In summary, although optimizers such as PSO and
SCA have been employed for LSTM tuning in prior
studies, their performance is often hindered by
premature convergence and reduced robustness
under noisy market conditions. By contrast,
SBOA'’s adaptive balance between exploration and
exploitation, its robustness to parameter
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initialization, and its novelty in financial
forecasting make it particularly appropriate for
integration with MCVMD-LSTM. This forms a
key element of the originality and necessity of the
proposed approach. In addition to conventional
error metrics (RMSE, MAE, Log-Cosh Loss), we
further validate the robustness of our proposed
approach using statistical significance testing.
Specifically, the Diebold—Mariano test is applied to
confirm that improvements over baseline models
are not only numerical but also statistically
meaningful.

2. Background

2.1. Long-Short Term Memory

According to [1], LSTM incorporates cell state
alongside hidden state to address the vanishing
gradient problem. There are three gates in the
LSTM: input, output, and forget. The equations
below describe LSTM architecture.

The forget gate, represented by ft, determines
whether to keep or forget information from the

previous cell state, Cia | where Ct1denotes the
memory cell value carried over from the prior time
step [5].

ft :O'(Wf '[ht—lvxt]‘l'bf) 1)

At time, t, the input gate comprises the input

vector, % ,and O represents the logistic sigmoid

function. As described in [5], s responsible for
determining what information needs to be updated

in the Ct cell state.

i, = c(W..[h_,, x]+b) 2

Candidate state values G are computed using the
tanh activation function and can be added to the
state through [5].

C, = tanh(W, [, x] +b,) ®)

The cell state © allows for the long-term storage
of information through updating the internal state
[5]. )

C, =f oC, +i*C, (4)
The operator @ represents the Hadamard product
element-by-element in the matrix.

The logistic sigmoid activation function is used by

G to determine what information is used as an

output [5].
Ot :O-(\No'[ht—l’xt]_'_bo) (5)
and the output e s computed as [5]:
h, = O, etanh(C,) (6)
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where W, and b, represent weight matrices and
bias vectors, respectively.

In [1], gates determine whether information is
forgotten or remembered, so LSTMSs can predict
time series. Furthermore, it handles continuous
values, noise, and distributed representations.

2.2. Modified Complex Variational Mode
Decomposition

In 2014, Dragomiretskiy and Zosso presented
Variational Mode Decomposition (VMD) as a
method for time-frequency analysis [6]. The band-
limited intrinsic mode functions (BLIMFs) can be
generated by non-recursively decomposing a real-
valued multicomponent signal into quasi-
orthogonal sub-signals. For complex-valued data,
an extension method called Complex Variational
Mode Decomposition (CVMD) was proposed. In
CVMD, real signals are calculated from the Fourier
spectrum and analytical signals of complex-valued
signals. Due to the mathematical theory behind
VMD, complex-valued signals cannot be analyzed
using the algorithm. The limitations of CVMD are
in the decomposition of the signal, even though it
extends VMD to complex-valued data. In CVMD,
low-frequency trends cannot be fully reconstructed
because they are artificially separated into positive
and negative frequencies. The defect can be
overcome by applying up sampling and frequency
shifting to the VMD method [7].

Complex-valued data has distinct frequency
components, whereas real-valued data has mirrored
frequency components. With MCVMD, complex-
valued data can be converted to real-valued data
without losing any information. This method
differs from Complex Empirical Mode
Decomposition (CEMD) and CVMD. Analytic
signals derived from real-valued signals retain all
the information of their original signal, despite
having only positive frequency spectra. Analytic
signals with symmetrical positive and negative
frequencies are considered real parts. Data with
complex values is transformed into analytic signals
by shifting the spectrum to the positive. Real-
valued data are produced by analyzing the real part
of this analytic signal. Real-world signals are
almost always discrete, so the proposed method is
designed for practical applications. The algorithm
consists of the following steps:

The discrete complex-valued data, *(") | where

0<n<N-1and M are integers, is normalized to 1.
Consider Nyquist's sampling frequency if the
sampling rate meets it. Thus, the maximum signal
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1

frequency cannot exceed 2 and the minimum
1

signal frequency cannot be below 2.
To begin, input data should be up sampled with a
reversible, nondistorting interpolation algorithm,
such as discrete sine interpolation. However, sinc
interpolation's boundary effects often prevent
direct use. To minimize boundary effects, the
signal should be mirrored twice. In this way, the
original input data can be mirrored as [4]

Xe = [Xel’ XeZ' Xe3]’ (7)
The first half of the original data is represented by
X1 in this case:

Xel(n)=X(%—n—l),0£ns%_1 (8)

where *ez represents the initial sequence as [4]
X,,(N) =x(n),0<n<N -1 ©)

As shown in [4], %= represents the mirrored
sequence of the latter half of the original data:

Xeg(n)=X(N—n—1),O£n£%_1 (10)

The extended signal can be represented as % (") |

where 0<n<2N -1 7o extend the signal in [4],
the discrete Fourier transform is used.

2N _i%7 (11)
X,() = x (e "N 0<k <2N -1
n=0

The spectral samples are represented by this. Next,

2N samples with zero values are added following
the first N spectral samples. One-dimensional
vectors of length 4N are generated using [4].

X, =[X4,Z,X,,] (12)

where  Xe1  denotes the sequence Xo(k)

0<k<N-1 Z denotes 2N samples valued at
zero, and Xez denotes the sequence X (k)

N <k <2N -1 \vhich can be rewritten as ez (K)_
0<k<4N-1 The corresponding time-domain
data can be obtained by [4]

X, (n)=2F"[X_(K)],0<k<4N-1,0<n<4N-1

(13)

where F L1 stands for the inverse discrete Fourier
transform. After removing the mirror, we get the
actual up sampled result [4].

x,(N)=x,(n+N),0<n<2N -1 (14
Zero padding in the frequency domain increases
the sampling rate in the time domain [8]. Zero

padding doubles the data length, so X,(n) now has
a sampling rate of 2. The frequencies represented
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in the Fourier spectrum now span from -1 to 1 and
values from -1/2 to 1/2. Multiplying exponential
74 e shifts % ()
then shifts "2 as follows [4]
(15)

factors €
x.(n) =x (n)e”"+,0<n<2N -1

Given that the frequency of *:(™ ranges from -

1/2 to 1/2, all components of X5 () fall within the
range of 0 to 1 after frequency shifting, resulting in
having the analysis focused solely on frequencies
that are greater than or equal to zero. Consequently,

*:s (M) pecomes an analytic signal. Analytic signals
have the property of containing all information in
their real parts. The derivation of a real-valued
signal is as follows [4]:

Xpor (M) = R{X,c (N)}

Due to the real value of %z (M) the band-limited
intrinsic mode functions (BLIMFs) can be obtained
using standard VMDs. The decomposition number

(16)

is K. 1t is possible to express the mode
decomposition procedure as [4]:

< 17)
Xt (n) = Zui (n) + r(n)

i=1
where  Y(M  denotes the I-th BLIMF

corresponding to %z=r (M and T(N) describes the
residual. Based on the Hilbert transform after

VMD, the complex and analytic ! -th BLIMFs are
generated [4].

yi(n) =u;(n) + jalu;(n)] (18)
This is not the final result of MCVMD since the
data are up sampled and modulated. It is possible
to obtain complex BLIMFs after demodulation and

—j272'.D
down sampling. Exponential factors e “ are
multiplied by the !-th up sampled and modulated
complex BLIMFs Yi(" [4].
j2el (19)
z(n)=y,(me  *

where Z (M represents the 1-th up sampled
complex BLIMFs, which have a double sample rate
over the original data. By down sampling the origin

complex data X(") | one can obtain the final !-th

complex BLIMF %(") 4],
g(n)=z(2n+1),0<n<N-1 (20)
Among the parameters of MCVMD, the penalty
factor (0) and the number of modes (K) play the
most critical roles in determining decomposition
quality. a regulates the trade-off between fidelity to
the original signal and smoothness of the
decomposed modes, while K determines the
number of intrinsic mode functions extracted.
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Other parameters such as tolerance and maximum
iterations primarily affect convergence speed and
numerical stability, and are typically set to standard
values. Therefore, our study focuses on optimizing
o and K, which directly influence the
decomposition outcomes and, consequently, the
prediction performance.

Algorithm 1. MCVMD.
1. Input: Complex-valued signal x(t)
2. Initialize parameters: number_of_modes, penalty_factor,
tolerance, max_iterations
3. Initialize modes: u_k(t) for k = 1 to number_of_modes
4. Initialize center frequencies: omega_k for k = 1 to
number_of _modes
5. While not converged and iteration < max_iterations:
a. For each mode k:
i. Update u_k(t) using the current center frequencies and

input signal

ii. Apply frequency shifting: x_shifted(t) = x(t) * exp (j *
omega 0 * t)

iii. Extract real-valued data: real_x_shifted(t) =

real(x_shifted(t))
iv. Apply VMD to real_x_shifted(t) to update mode u_k(t)
V. Reconstruct complex mode: u_k(t) = u_k(t) * exp (j *
omega_0 * t)
b. Update center frequencies omega k using the updated
modes
¢. Check convergence based on tolerance level

6. Output: Decomposed modes u_Kk(t) and their corresponding
center frequencies omega_k

3. Related Work

Mutinda and Langat [9] addressed the problem of
predicting stock prices in the African market, an
area that is often overlooked. The GARCH model
is combined with historical prices and advanced Al
models, such as LSTM, Gated Recurrent Unit
(GRU), and transformers, to analyze Airtel stock
data from Yahoo Finance. Metrics such as Root
Mean Squared Error (RMSE), Mean Absolute
Error (MAE), Mean Absolute Percentage Error
(MAPE), and R-squared are used to compare
hybrid models to standalone Al models. As a result,
hybrid models perform better than standalone
models, especially the GARCH-LSTM model.
Yan and Yao [10] focused on improving stock
index forecasting accuracy. Recent models
incorporate machine learning techniques, such as
Support Vector Machine (SVM) and RNN, as well
as traditional methods, such as Autoregressive
Moving Average (ARMA), Autoregressive
Integrated Moving Average (ARIMA), and
GARCH. However, they remain in need of
improvement in terms of accuracy. By layering
predictions, the Deep Learning Weighted
Regression-Long Short-Term Memory (DLWR-
LSTM) model is applied to three indices of the
Shanghai Stock Exchange to predict trends. This
model achieves a MAPE of about 1%,
demonstrating high accuracy. The DLWR-LSTM
model remains consistent regardless of time series
variance across different samples.
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Song and Choi [11] focused on stock indices, such
as Deutsche Aktienindex (DAX), Dow Jones
Industrial Average (DOW), and S&P500, to apply
advanced deep learning to financial forecasting.
Hybrid models based on Convolutional Neural
Networks-Long Short-Term  Memory (CNN-
LSTM), GRU-CNN, and ensemble methods are
introduced in this study, which incorporate a novel
feature that averages high and low stock prices.
One-time-step and multi-time-step close prices are
predicted by the models.

Based on market volatility and uncertainty, Pin et
al. [12] developed a new stock index forecasting
model. Stock indices are divided into Intrinsic
Mode Functions (IMFs) using Complete Ensemble
Empirical Mode Decomposition with Adaptive
Noise (CEEMDAN). To assess the stability of each
IMF, the Augmented Dickey Fuller (ADF) method
is used. Stable time series are modeled with
ARMA, whereas unstable time series are modeled
with LSTM. According to their reconstructed
predictions, these models closely match actual
stocks.

Htet et al. [13] tested the random walk and efficient
market hypotheses by applying machine learning
techniques to stock price prediction. To predict
whether a stock will outperform its index by 2%
over the next 10 days, feature vectors are
constructed using historical data derived from
previous relative returns, and methods such as
Random Forests (RF), Support Vector Machines
(SVM), and Long Short-Term Memory (LSTM)
are employed. LSTMSs outperform RFs and SVMs
in this study, and data-driven Machine Learning
(ML) methods outperform random choices.
Random walk and efficient market hypotheses do
not have a significant chance of holding in this
situation.

According to Sidra et al. [14], machine learning
models and deep learning models could be
combined to predict stock prices. In this study,
eight regression and four LSTM models were
developed using NIFTY 50 index data. Grid search
optimization was used to optimize the models
using walk-forward validation. To predict the
NIFTY 50 index's open values for the following
week, the LSTM-based univariate model using one
week of prior data was the most accurate.

Chandar [15] proposed a model for predicting next-
day stock prices based on Long Short-Term
Memory (LSTM). Three phases are involved in the
model: calculating ten technical indicators from
historical data, normalizing these feature vectors,
and using the LSTM model to predict the next day's
closing price. NASDAQ and NYSE stock markets
are used to evaluate the model's efficacy. This

100

model's high prediction accuracy is demonstrated
by comparisons to earlier models.

Research on stock market forecasting has evolved
from traditional statistical approaches to advanced
hybrid deep learning frameworks. This progression
reflects the increasing complexity of financial data
and the persistent challenge of achieving reliable
predictions.

Early approaches, such as ARMA, ARIMA, and
GARCH, have been widely applied to capture
temporal dependencies and volatility in stock data.
These models provide interpretable results and are
computationally efficient; however, they are
limited in handling nonlinear and nonstationary
dynamics. For example, GARCH-based models
can capture volatility clustering but fail to adapt to
sudden structural shifts, leading to reduced
accuracy in highly volatile markets.

To overcome these limitations, machine learning
methods, such as Support VVector Machines (SVM),
Random Forests (RF), and ensemble regressors,
have been introduced. These approaches can
exploit nonlinear patterns better than purely
statistical methods. For instance, studies applying
RF and SVM demonstrate improved short-term
prediction performance compared to random walk
models. Nonetheless, their reliance on carefully
engineered features and inability to capture long-
term temporal dependencies restricts their
robustness.

With the rise of deep learning, recurrent neural
networks, particularly Long Short-Term Memory
(LSTM) and Gated Recurrent Units (GRU), have
shown superior ability to model sequential
dependencies in stock data. LSTM-based models
have been applied to major stock indices and
individual companies, consistently outperforming
traditional  methods.  Hybrid  frameworks
combining LSTM with CNNs or GRUs have
further enhanced performance by extracting richer
feature representations. However, these models
remain highly sensitive to hyperparameter
selection. Most studies rely on grid search or

conventional optimizers, which are
computationally  expensive and prone to
suboptimal convergence.

Another  stream  of  research integrates

decomposition techniques with predictive models
to handle noise and multi-frequency components in
stock time series. Approaches, such as CEEMDAN
combined with ARMA or LSTM, have
demonstrated improved forecasting under volatile
conditions. Similarly, hybrid CNN-LSTM models
applied to decomposed indices, such as DAX or
S&P500, show enhanced short- and long-term
prediction accuracy. Despite these gains, existing
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decomposition methods, like CVMD or
CEEMDAN, often suffer from information loss in
low-frequency trends, high computational costs,
and difficulties in reconstructing signals. Although
significant progress has been made, several
challenges persist:

1. Generalizability: Many studies are limited
to single stock indices or regional markets,
reducing cross-market applicability.

2. Decomposition  Limitations:  Existing

methods fail to fully preserve low-
frequency information or introduce
redundancy, weakening prediction
accuracy.

3. Optimization Issues: Hyperparameter

tuning is often handled by simple or
outdated algorithms (e.g., PSO, SCA),
limiting robustness and convergence
speed.

4. Noise and Nonstationarity: Traditional
models and basic LSTM hybrids still
struggle  with  nonstationary, noisy
financial data.

To address these gaps, this study proposes a
hybrid LSTM-MCVMD-SBOA framework. The
novelty of our approach lies in three aspects:

e Enhanced Decomposition: MCVMD
overcomes the limitations of CVMD and
CEEMDAN by preserving low-frequency

components  while reducing  noise,
enabling more accurate signal
representation.

e Advanced Optimization: The recently

introduced Secretary Bird Optimization
Algorithm (SBOA) is employed to
simultaneously optimize LSTM
hyperparameters and MCVMD
parameters, outperforming conventional
metaheuristics.

e Robust Validation: Unlike prior works
constrained to single indices, we evaluate
the model across multiple companies from
Italy, Spain, and Japan, demonstrating its
robustness and generalizability in diverse
market conditions.

This combination of decomposition, deep learning,
and novel optimization establishes a more accurate
and reliable methodology for stock price
forecasting, positioning our work as a meaningful
advancement over existing literature.

While existing research has made significant
strides in the field of stock price prediction, several
limitations remain. Many studies are constrained
by the use of single data sources, limiting their
generalizability across different markets. High
computational costs and complexity in model
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training and validation can be prohibitive.
Furthermore, traditional models often struggle with
capturing long-term trends and external economic
factors, and their reliance on selected technical
indicators can leave them vulnerable to market
disruptions or news events. The LSTM-MCVMD-
SBOA approach addresses these challenges by
integrating advanced techniques for more robust
predictions. MCVMD effectively decomposes time
series data, reducing noise and capturing complex
patterns,  while  the = SBOA  optimizes
hyperparameters for enhanced model performance.
This combination allows the LSTM network to
achieve higher accuracy and reliability in diverse
market conditions, making it a more versatile and
comprehensive solution for stock price prediction.
Stock price prediction research has made
significant strides, but several limitations remain.
There are many studies that utilize a single data
source, limiting their generalizability across
different markets. Model training and validation
can be prohibitively expensive and complex.
Additionally, traditional models are often unable to
capture long-term trends or external economic
factors, and their reliance on selected technical
indicators leaves them vulnerable to market
disruptions. In order to address these challenges,
the LSTM-MCVMD-SBOA approach integrates
advanced techniques. In addition to decomposing
time series data effectively, MCVMD reduces
noise and captures complex patterns, while SBOA
optimizes hyperparameters to maximize model
performance. This combination makes the LSTM
network more accurate and reliable in predicting
stock prices.

4. LSTM-MCVMD-SBOA

4.1. Secretary Bird Optimization Algorithm
Secretary birds are striking African raptors with
distinct appearances and behaviors. They inhabit
grasslands, savannas, and riverine areas south of
the Sahara Desert. In addition to tropical
grasslands, secretary birds live in sparsely wooded
areas, open grasslands with tall grasses, semi-
desert regions, and wooded regions. Their backs
and wings are grey-brown, their chests are white,
and their bellies are black [16, 17].

4.1.1. Inspiration from Secretary Bird Behavior
The secretary bird is known for its distinctive
hunting technique. Their long legs allow them to
deliver powerful kicks to their prey, primarily
snakes. Hunting with this method is highly
effective in subduing and killing prey. In SBOA,
the exploration phase mimics this hunting
behavior. Simulating the bird's hunting steps



Mansouri et al./ Journal of Al and Data Mining, Vol. 14, No. 1, 2026.

allows the algorithm to find potential solutions in
the problem space. Secretary birds are also adept at
evading predators in addition to hunting. To escape
threats, they often run rather than fly, utilizing their
agility and long legs. The exploitation phase of the
algorithm models this behavior of evasion, where
it refines the solutions found during the exploration
phase to reach the optimal solution. In order to
improve the best solutions, it "evades" the less
optimal ones.

4.1.2. Behavioral Characteristics in SBOA

In the same way that the secretary bird adapts its
hunting and evasion strategies based on the
environment, the algorithm adjusts its search
patterns dynamically. As the secretary bird
balances hunting and evasion, SBOA explores hew
solutions while leveraging existing solutions [16].

4.2. A mathematical model of secretary bird
optimization

The SBOA is presented a mathematical model of
secretary birds' behavior to avoid natural enemies
and hunt snakes.

4.2.1. Initial preparation phase
Secretary Bird Optimization Algorithm (SBOA)
considers secretary birds as members of its
population. Decision variables are determined by
the positions of secretary birds in the search space.
SBOA represents candidates for solving problems
using secretary bird positions. Secretary birds are
initially located according to (21).
X;;=Ib; +rx(ub, +1b,),i=12,.,N,j=12,..,Dim

(21)

The position of the i secretary bird is indicated

by ><i; the lower and upper bounds are indicated

b

by " and Ubj , and the random number between
0and 1is indicated by r. Using a population-based
approach ((22)), the secretary bird optimization
algorithm (SBOA) starts with a population of
candidate solutions. In the given problem, these

potential solutions X are generated randomly

within upper bounds (Ub) and lower bounds (Ib ).
Iteratively, the best solution identified so far is
considered to be the optimal one.

X1 Xy X, bim (22)
X — ‘X2,l )TZ,Z. X2,Dim
XN,l XN,Z XN,Dim
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Where X said secretary bird group, Xi said the
=th =th

I secretary bird, Xi; saidthe I secretary bird
i question the value of a variable, said N group

members (the secretary) number, and DIM said
problem of variable dimension.

The secretary bird represents a problem that has
several possible solutions. In this way, each
secretary bird provides values that can be used to
evaluate the objective function. Thus, an objective
function vector can be created using (23).

F [F(X,) ] (23)
F=|F =| F(X,)
_FN_le _F(XN)_le

A vector of objective function values is F , while

the value i is obtained by the i secretary bird.
To identify the optimal solution for a given
problem, it is necessary to compare the objective
function values. Maximization problems are best
solved by secretary birds with the highest objective
function value. In addition to updating the secretary
bird positions and objective function values, each
iteration must also determine the best candidate
solution. SBOA members were updated using two
distinct secretary bird behaviors. These two types
of behavior include: (a) Hunting strategies for
secretary birds; (b) Escape strategies for secretary
birds. Each iteration updates each secretary bird
twice.

4.2.2. Hunting strategy of secretary bird

Snakes are typically hunted in three stages by
secretary birds: searching for prey, consuming
prey, and attacking prey. According to the
biological statistics of the hunting phases and their
durations for secretary birds, we segmented the
hunting process into three equal stages, namely
and corresponding to the three phases of the
secretary bird’s predation: searching for prey,
consuming  prey, and  attacking  prey

t<it ittt 20 i
33 3 3

In SBOA, each phase is modeled as follows:

Stage 1 (Searching for Prey): The first stage of
the secretary bird's hunting process involves
actively searching for prey, primarily snakes. The
bird uses its sharp vision to scan the surroundings
and spot any movement in the tall grass. Its long
legs enable it to cover a large area quickly and also
help it maintain a safe distance from the potential
danger posed by snakes [18]. This cautious and
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methodical search ensures that the bird can locate
prey while minimizing the risk of being bitten. In
the SBOA, this stage is represented by the
exploration phase of the algorithm. The algorithm
searches the solution space for potential solutions
to the optimization problem. The equations used in
this phase ensure that the search is conducted in a
way that maximizes the likelihood of finding good
solutions while avoiding local optima. By using
(24) and (25), it is possible to mathematically
model the updating of the secretary bird's position
during the stage of Searching for Prey.

While

t< %TY Xirjiwpl = Xi,j + (Xrandomil - Xrandomiz) X Ri
(24)
Xlnew,Ply |f
X; =11
X;,else

R

Finew,Pl < F| (25)

1is an array with dimensions of 1 by Dim,
generated randomly within the range [0, 1]. Here,

Dim represents the number of dimensions in the
new,P1

solution space. "I denotes the value of Rt in

new,P1

the i" dimension, and i stands for the fitness

value of the objective function. In essence, R,

contains random values between 0 and 1 for each
new,P1

dimension, ") indicates the specific value in
new,P1

one of these dimensions, and " evaluates the

solution’s fitness.

Stage 2 (Consuming Prey): Once the secretary
bird has located its prey, the next stage is to
consume it. This stage involves a careful approach
to capturing and eating the snake. The bird uses its
powerful beak and sharp talons to kill the prey
quickly and efficiently [17]. This stage requires
precision and focus, as any mistake could result in
injury to the bird. In the SBOA, this stage
corresponds to the exploitation phase of the
algorithm. During this phase, the algorithm refines
the solutions found during the exploration phase,
focusing on improving the quality of the best
solutions. The equations used in this phase ensure
that the algorithm converges towards optimal
solutions, maximizing the overall effectiveness of
the optimization process. As the secretary bird
entered the Consuming Prey stage, we can update
its position using (27) and (28).

RB = randn(l, Dim) (26)
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- }T <t<ET,
While ’ >
newpl _ +exp((t /T) ’\4) X (RB —O.S)X(Xbesuxi‘j)

i, ~ best
(27)

X_new.Pl |f
X;=¢ "
X., else

randn(1, Dim)

X

Finew,Pl < FI (28)

In this case, represents an array of
dimension 1xDim of a normal distribution (mean 0,

standard deviation 1), while *eest represents the
current best value.

Stage 3 (Attacking Prey): Secretary birds use
their powerful legs to attack snakes when they are
exhausted. Secretary birds Kkick snakes with
precision using their sharp talons. By
incapacitating or killing the snake quickly, the
kicks avoid being bitten. This causes the snake to
die when its talons strike its vital points. Secretary
birds are capable of carrying snakes in the sky and
releasing them so they fall to their deaths. By
introducing a Levy flight strategy during random
search, the optimizer enhances its global search
capabilities, reduces SBOA’S tendency to stick in
local solutions, and improves convergence
accuracy. Levy flights involve short, continuous
steps and occasional long jumps. They simulate the
secretary bird's fight ability to enhance its search
space exploration. In addition to finding
individuals quickly, the algorithm improves its
accuracy by searching a larger area. The SBOA
algorithm is made more dynamic, adaptive, and
flexible by introducing a nonlinear perturbation

a-1yexl)

factorknownas T T that aims to balance
exploration and exploitation, avoid premature
convergence, accelerate convergence, and improve
algorithm performance.
Thus, updating the secretary bird's position during
Attacking Prey is mathematically modeled by (29)
and (30).
t> gT,
While 3

new, t t
xewPL — Xpest +((1—?)"(2><?))><Xi‘j x RL

ij
(29)
“ Xinew'Pl,if Finew,P:L<Fi (30)
"X, else

Weighted Levy fights, also known as RL, are

utilized to enhance the precision of the algorithm.
RL =0.5x Levy(Dim) (31)

The Levy flight distribution function is represented

by Levy (Dim). As a result, it is calculated as

follows:
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uxo
1

v|’
Here, S= 0.01 and 7 = 1.5. u and v are random
numbers between 0 and 1. There is a formula that

can be used to calculate O as follows:
H (33)

n

(32)

Levy(D) =sx

ra+ n)xsin(%)

F(M

n-1
<2

Here, I denotes the gamma function and T has a
value of 1.5.

4.2.3 Escape strategy of secretary bird

To protect themselves or their food, secretary birds
typically use evasion strategies. Generally, there
are two types of strategies. The first step is to fight
or run as fast as possible. Due to their exceptionally
long legs, they are capable of running at impressive
speeds. Their nickname "marching eagles” comes
from their ability to cover 20-30 kilometers in a
day. Furthermore, secretary birds can escape
danger quickly by flying to safer locations. A
second strategy is camouflage. Secretary birds
blend into their environment to avoid predators
[18]. One of two conditions is assumed equally
often by SBOA.:

i. C1: Camouflage by environment;
ii.  C2:Fly orrun away.
Secretaries seek camouflage environments when
they detect predators nearby. Without a suitable
and safe camouflage environment, they will either
tyo

fightorrunaway. The = T~ factor is introduced
as a dynamic perturbation factor. The dynamic
perturbation factor in the algorithm allows it to
maintain a balance between two important
processes: exploration and exploitation. The
exploration phase seeks new solutions, while the
exploitation phase refines and improves the
existing ones. By adjusting these factors at
different stages of the algorithm, it can either
increase exploration to discover new potential
solutions or enhance exploitation to fine-tune and
optimize the current solutions. This dynamic
adjustment helps the algorithm adapt to different
phases of the optimization process, ensuring a more
effective and efficient search for the best solution.
In (34), both evasion strategies are mathematically
modeled, and this revised condition can be
represented by (35).

Cl:xbesl+(2><RB—1)x(1—%)2><xiyj,if rand <r,

new,P2
X i =

Cy 1% 5+ Ry X (Xiangom — K x X ;) ElsE

random

(34)
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Fi new,P2 < Fi (35)

x_new,PZ |f
X, =< ’
X, else
Here, r:0.5, represents the random

generation of an array of dimension 1xDim from
the normal distribution. The current iteration's

R,

random candidate solution is “rendon . | (34), K
represents the random selection of the integer 1 or
2, which can be calculated by using (36).

K =round (1+ rand (1,1)) (36)
In this case, rand (1, 1) means generating a random
number between (0,1). Figure 1 presents the
pseudocode for SBOA, while Figure 2 shows the
flowchart.

4.3. LSTM-MCVMD-SBOA

The proposed methodology integrates Long Short-
Term Memory (LSTM) networks with Modified
Complex Variational Mode Decomposition
(MCVMD) and Secretary Bird Optimization
Algorithm (SBOA) for accurate stock price
prediction.

Initially, historical stock price data from various
companies are collected and preprocessed to
remove missing values, outliers, and normalize the
data. MCVMD is employed to decompose the
stock price time series into intrinsic mode functions
(IMFs) that capture complex patterns and reduce
noise. In the MCVMD framework, several
parameters govern the decomposition process,
including the penalty factor (o), the number of
modes (K), the tolerance threshold, and the
maximum number of iterations. Among these, o
and K are the most critical for ensuring high-
quality decomposition.

The penalty factor o regulates the trade-off
between data fidelity and the smoothness of the
extracted modes: too small a value may retain
excessive noise, whereas too large a value may
over smooth the signal and suppress meaningful
fluctuations.

Similarly, the number of modes K determines how
many intrinsic mode functions are generated; an
insufficient K can cause distinct oscillatory
components to merge, while an excessively large K
may introduce spurious or redundant modes. By
contrast, parameters such as the tolerance threshold
or maximum iterations primarily  affect
convergence speed and computational cost rather
than the quality of the decomposed modes.
Therefore, in this study, we employ SBOA to
optimize a and K, as they have the most direct and
significant impact on decomposition quality and,
ultimately, on the predictive performance of the
hybrid forecasting model. Two critical parameters
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of MCVMD are optimized using SBOA, which decomposition number and penalty factor of the
also  optimizes the LSTM network's MCVMD, respectively.
hyperparameters.

start

| Initialize Problem Setting: (Dim, ub. 1b, Pop_size (N), Max_Iter(T). Curr_Iter(t)) |

| Initialize Population Ran 1y | | Initialize the population, calculate the fitness value of the individual, and find the optimal position |

l }
[ Fort=1toT | Yor r<UT ®, @
# Yes

| Update Secretary Bird xp,., | Y

l Update X, Using Eq.(24) Update X; Using Eq (27) R ()

Fori=1toN

fe<(3)r

Calculate new status of the i™ Secretary Bird using Eq.
24)

Update the i*" Secretary Bird using Eq_ (25)

Elseif G)T <t< G)T

Update X; Using C; 24 Update X; Using C. 24
Calculate new status of the i** Secretary Bird using Eq. IMng 1G9 e Using C Eq24)
@7 1

Update the i*" Secretary Bird using Eq. (28)

Y

Else Update the fitness of X; and Xy,
Calculate new status of the i*" Secretary Bird using Eq.
(29)
Update the i*" Secretary Bird using Eq. (30) No
End if
r—
Calculate new status of the i Secretary Bird using €, in Eq. (34)
Else
Calculate new status of the i*" Secretary Bird using C; in Eq. (34) eud
End if Figure 2. Flowchart of SBOA.

The objective function aims to minimize the

e R e R G forecasting error between the actual stock prices

Yi and the predicted values Yi(X) . This study
adopts the Root Mean Square Error (RMSE) as the
primary performance criterion, expressed as:

| Save best candidate solution so far

- 37
min RMSE(X) = %Z(yi—yi(x))2 e

| Output: The best solution obtained by SBOA for given optimization problem
Figure 1. Flowchart of Pseudo code of SBOA.

where 1 is the number of data points. A lower
RMSE indicates a more accurate prediction model.

4.3.1. Optimization Problem Formulation To define the feasible solution space, the following
The integration of the Secretary Bird Optimization constraints are imposed on the decision variables
Algorithm (SBOA) with the LSTM and MCVMD

components can be formulated as a mathematical 10 < numHiddenUnits <100,

optimization problem. In this formulation, the 50 < max Epochs < 500,

decision variables are defined as:
X ={numHiddenUnits, maxEpochs

, InitiallearningRate

10™ <initialLearningRate < 0.01,
0.1< LearnRateDropFactor < 0.5,

2<K <6,
, LearnRateDropFactor, K, o}, 500 2000
. . <a< ,
where NumHiddenUnits genotes the number of
hidden units in the LSTM network, MaxEpochs Accordingly, the optimization problem is explicitly
the maximum number of training iterations, defined in terms of its decision variables, objective
initialLearningRate ¢ the learning rate at the f:mc'gonl, and gotnsiLain;s. $I_30A is_thbeln applti_?dt;o
- - learnRateDropFactor iteratively update the decision variables until the
beginning of training, . . optimal configuration that minimizes the RMSE is
controls the decay of the learning rate during obtained

training, and K and & represent the
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5. Analysis of experimental results and setup

In this study, we used the MATLAB 2021 software
version 2H21 on a Windows 10 operating system
equipped with 12GB of RAM. Prior to using the
data, it was decomposed. Six active companies
from Italy, Japan, and Spain were predicted by
using LSTM recurrent neural networks. It is
possible to increase the accuracy and speed of an
LSTM neural network by optimizing its
parameters. In addition, the MCVMD variables
were optimized using an optimization algorithm. In
MCVMD, values were computed based on the
SBOA, taking the number of hidden units, the
maximum number of epochs, and the initial
learning rate into account. Based on metrics such
as Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and Log-Cosh Loss, this
model was evaluated against LSTM-SCA, LSTM,
LSTM-PSO, and ARIMA-GARCH forecasting
models. For comparing the predictive accuracy of
the models, the Diebold-Mariano (DM) test was
used. DM tests determine whether the forecasting
errors of the two models differ statistically. The
null hypothesis for this test is that both models have
the same level of predictive accuracy. In other
words, they perform equally well. The alternative
hypothesis is that the predictive accuracy of the two
models is significantly different, meaning one
model outperforms the other. In the context of the
Diebold-Mariano test, the p-value indicates the
probability that the observed forecasting errors are
due to random chance.

5.1. Original time series data

This study employs the closing prices of six
prominent Italian, Spanish, and Japanese
companies from December 28, 2018, to December
28, 2024. The analysis includes Ferrari NV and
Intesa Sanpaolo from Italy, Repsol and Amadeus
from Spain, and Hitachi and Chugai from Japan.
These companies’ significant presence and
influence in their respective markets, offering a
diverse representation across different industries,
led to their selection. The data set includes daily
closing prices for each company.

5.2. Evaluation criteria

In addition to measuring the average magnitude of
prediction errors, the root mean square error
(RMSE) provides a good indicator of the model's
overall performance. Predictive accuracy improves
with a lower RMSE value.

RMSE = [23(y,-,)
i=1

(38)
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This method calculates the average absolute
difference between actual and predicted values to
determine prediction accuracy. The performance of
models is better when mean absolute error (MAE)
values are lower.

182 (39)
MAE :H2|yi_yi |
i=1
The Log-Cosh Loss is defined as:
1 (40)

Log —Cosh Loss = EZ log(cosh(y; - v;))
i=1

Where Y1 is the predicted value, i is the actual

value, and N is the number of data points. There is
smooth and differentiable Log-Cosh Losses, which
can contribute to the stabilization of training. It
approximates absolute error and is differentiable
everywhere, so it is less affected by outliers than
mean squared error.

5.3. Performance evaluation

In Table 1, three error functions are used to
compare the performance of predictive models for
several companies. The best prediction accuracy is
displayed by Amadeus, with the lowest root mean
square error (RMSE), mean absolute error (MAE),
and log-cosh loss values. There were some outliers
in the data for Repsol, with slightly higher error
values than Amadeus, and a relatively higher log-
cosh loss than Amadeus. According to the log-cosh
loss, Ferrari NV has a moderate impact from
outliers, but has higher RMSE and MAE values
than Amadeus and Repsol. There are even higher
error values for Intesa Sanpaolo, which suggests
less accurate predictions and significant outliers.
Its high RMSE indicates substantial deviations
from predictions, while its lower MAE indicates
that it is skewed by a few large errors. In Chugai,
the error values are relatively low, indicating
accurate predictions with minor outlier effects.
Hitachi Ltd and Intesa Sanpaolo's predictive
models need improvement, while Amadeus leads
in performance, followed by Chugai's good
predictive accuracy.

Table 1. Performance of predictive models.

Error Ama- Rep-  Ferr- Inte- Hita- Chu-
Fun- deus sol ari sa chi gai
ction NV San- Ltd
paolo

RMS  498x1  0.004 0243 0335 0467 0.123
E 0* 2 7 2 9 6
MAE 887x1 0001 0211 0366 0211 0.075

0* 6 8 5 7 7
Log- 8.64x1  0.021 0.026 0077 0.048 0.009
Cosh 07 2 2 7 4 5

Loss

In Table 2, Amadeus has a balanced setup with a
moderate number of hidden units, and an initial
learning rate that suggests careful adjustment for
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training, while a relatively large a indicates strong
regularization. Repsol uses fewer hidden units and
epochs than Amadeus, but a higher initial learning
rate, indicating faster initial training, and the
regularization parameter is also moderately high.
Ferrari NV has the fewest hidden units, suggesting
a simpler model, and it uses a small initial learning
rate and a high learn rate drop factor, indicating
careful, slow training with moderate regularization.
Intesa Sanpaolo uses the most hidden units and
epochs, suggesting a more complex model and
longer training times, with a moderate initial
learning rate and strong regularization. Hitachi Ltd
has fewer epochs and hidden units, indicating a
simpler model with a small initial learning rate and
low learn rate drop factor, suggesting slow, careful
training. Chugai uses a high initial learning rate and
learns rate drop factor, indicating fast initial
training that slows down significantly, and the
model is relatively complex with a strong
regularization parameter. This analysis highlights
how each company has different strategies for
training their models, with varying complexities,
training durations, and regularization strengths.

In Table 2, Amadeus has a balanced setup, with a
moderate number of hidden units and an initial
learning rate that indicates careful training
adjustment, while a relatively large & indicates
strong regularization. Amadeus uses more hidden
units and epochs, while Repsol uses fewer. Repsol
has a higher learning rate, which indicates faster
initial training, and its regularization parameter is
also moderately high. In Ferrari NV, there are
fewer hidden units, indicating a simpler model, and
a low initial learning rate and a high learn rate drop
factor, indicating a careful, slow training process
with moderate regularization. There are the
moderate learning rate and strong regularization
among Intesa Sanpaolo, which suggests a more
complex model and longer training time.
Compared to other companies, Hitachi Ltd has
fewer epochs and hidden units, suggesting a
simpler, slower-learning model. In addition, the
model is relatively complex with a strong
regularization parameter, and Chugai uses a high
initial learning rate and a low learning rate drop
factor to indicate a fast initial learning rate that
slows down significantly over time. According to
this analysis, each company trains its models
differently with varying complexities, training
durations, and regularization strengths.

The parameters of the long short-term memory
(LSTM) and multichannel variational mode
decomposition (MCVMD) models were tuned
automatically  using the  Secretary Bird
Optimization Algorithm (SBOA). At the beginning
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of the optimization, parameter values were
randomly initialized within predefined ranges: the
number of hidden units [10,100], maximum epochs
[50,500], initial learning rate [10™-4,0.01], learn
rate drop factor [0.1,0.5], decomposition number
Ke [2,6], and penalty factor a€ [500,2000]. Each
candidate solution was evaluated by training the
LSTM-MCVMD model and calculating the root
mean square error (RMSE) on the validation
dataset. SBOA iteratively updated the parameter
values by simulating secretary bird hunting and
evasion behaviors, balancing exploration and
exploitation of the search space. The optimization
was terminated when the maximum number of
iterations was reached or when the change in
RMSE fell below a predefined tolerance. The best-
performing parameter set obtained by SBOA for
each company is summarized in Table 2. These
values were therefore not chosen arbitrarily, but
rather resulted from the optimization procedure

designed to minimize prediction error.
Table 2. Value of parameters.

Num maxe InitialLea LearnRateD K a
- pochs  rnRate ropFactor
Hidd
enUn
its
Ama 46 357 0.0017 0.1745 5 2000
deus
Reps 36 283 0.0067 0.1935 5 1022
ol
Ferr 10 403 108 0.2828 4 1000
ari
NV
Intes 50 464 0.0025 0.1246 2 1789
a
Sanp
aolo
Hitac 26 100 108 0.1 2 1000
hi
Ltd
Chug 49 131 0.01 0.4 4 1000

ai

Figure 3 (a—f). Performance of predictive models.
Actual stock prices are shown as black dots, and
predictions of the LSTM-MCVMD-SBOA model
are shown as blue stars. Both color and marker
shape are used to distinguish curves, ensuring
visibility in grayscale print.

Figure 3 (a) depicts the predicted stock prices of
Amadeus using the LSTM-MCVMD-SBOA
model (blue line) alongside the actual stock prices
(black line). The model's predictions closely align
with the actual values, successfully capturing the
major peaks and troughs, such as the significant
drop to -2.5 and subsequent rise to around 1.
Although minor deviations exist where the
predicted values do not perfectly match the actual
prices, these differences are expected due to noise
or sudden market events. This strong visual
alignment corresponds to the lowest RMSE and
MAE values reported in Table 1, highlighting the
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robustness of the model for this dataset. Overall,
the LSTM-MCVMD-SBOA model demonstrates
strong  predictive  performance, accurately
following the general upward and downward trends
in the stock price over time, indicating its
effectiveness as a tool for stock market forecasting.
Figure 3 (b) demonstrates the LSTM-MCVMD-
SBOA model's effective prediction of Repsol stock
prices. The predicted values (blue line) closely
follow the actual values (black line), capturing
major peaks and troughs, such as the initial rise to
around 2 and the decline to -1.5. While minor
deviations exist due to market events or noise, the
model overall shows robust performance, making
it a reliable tool for stock market forecasting.
Figure 3 (c) illustrates the performance of our
proposed methodology in predicting Ferrari NV
(RACE) stock prices. The x-axis represents the
time steps, while the y-axis represents the
normalized stock price values. The black line
depicts the actual stock prices over the observed
period, and the blue line represents the predicted
stock prices generated by our model.

Based on the LSTM-MCVMD-SBOA model (blue
line), Amadeus stock prices are predicted (blue
line) along with the actual stock prices (black line).
The model accurately predicted the actual values,
capturing the major peaks and troughs, such as the
drop to -2.5 and subsequent rise to 1. Minor
deviations exist between predicted values and
actual prices, but these differences are expected
due to noise or sudden market events. Based on its
predictive performance, the LSTM-MCVMD-
SBOA model can accurately forecast stock prices
and show an upward and downward trend over
time, indicating its effectiveness as a stock market
forecasting tool. According to Figure 3 (b), Repsol
stock prices are effectively predicted by the LSTM-
MCVMD-SBOA model. There are significant
peaks and troughs in the predicted (blue line)
values that closely match the actual values (black
line), including the initial rise to around 2, followed
by a decline to -1.5 in the final years. It is a reliable
tool for stock market forecasting, even with minor
deviations caused by market events or noise.
Although some deviations appear during rapid
shifts, they remain small compared to competing
models (see Figure 4). This robustness is reflected
in Repsol’s low error values (RMSE = 0.0042,
MAE = 0.0016), demonstrating the model’s
strength in capturing cyclical movements in energy
sector data. As shown in Figure 3 (c), the proposed
methodology performs well when it comes to
predicting Ferrari NV's (RACE) stock price. The x-
axis represents the time steps, while the y-axis
represents the normalized stock price values. As
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shown in the graph below, the black line represents
the actual stock price over the period observed,
while the blue line represents the predicted price
generated by our model over the same period. In
Ferrari NV, the model captures medium-sized
fluctuations and gradual recovery phases. While
the alignment is generally strong, deviations
around extreme peaks suggest that highly volatile
luxury market dynamics are harder to model
perfectly. This is consistent with Ferrari’s higher
RMSE (0.2437). Nevertheless, the overall trend is
preserved, confirming that the decomposition step
(MCVMD) improves resilience to noise.

With minimal deviation, the predicted values (blue
line) closely follow the actual stock prices (black
line). This suggests that our model captures the
underlying patterns in the stock price data,
demonstrating its robustness and accuracy. The
Figure 3 (d) illustrates how our proposed
methodology predicted the stock price of Intesa
Sanpaolo (ISP). Time steps are represented on the
x-axis, and normalized stock prices are represented
on the y-axis. During the observed period, the black
line represents actual stock prices, and the blue
asterisks represent predicted stock prices. Asterisks
indicate that our model captures the underlying
patterns in the stock price data, demonstrating its
robustness and accuracy in predicting stock prices.
While the general upward and downward
movements are followed, deviations widen during
sudden changes, which explains the relatively large
error values (RMSE = 0.3352, MAE = 0.3665).
This indicates that financial sector data, often
subject to abrupt policy or macroeconomic shocks,
is more challenging for the model. The
performance of our proposed methodology is
illustrated in Figure 3 (e) as it pertains to predicting
the price of Hitachi Ltd (6501). Stock prices are
represented on the y-axis by the time steps. During
the observed period, the black line shows actual
stock prices, and the blue asterisks show predicted
stock prices. With minimal deviation, the predicted
values (blue asterisks) closely mirror the actual
stock prices (black line), demonstrating the
robustness and accuracy of our model. The
relatively higher RMSE (0.4679) suggests that
while the model captures trends, the amplitude of
extreme changes is not always matched. However,
the preservation of direction and timing of shifts
indicates that the approach remains valuable for
industrial sector forecasting.

In Figure 3 (f), we demonstrate how our proposed
methodology performed in predicting Chugai
Pharmaceutical Co., Ltd (4519) stock prices.
Normalized stock price values are plotted on the y-
axis, while time steps are plotted on the x-axis. In
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the black line, we depict the actual stock prices
over the observed period, and in the blue asterisks,
we represent the predicted stock prices. Our model
captures the underlying patterns of stock price data
effectively (blue asterisks), showing its accuracy
and robustness in predicting stock prices. Predicted
values (blue asterisks) remain very close to actual
prices (black line), even in volatile regions. This
corresponds to its low RMSE (0.1236) and MAE
(0.0757). The pharmaceutical sector’s price
dynamics, which often mix long-term growth
trends with sudden medical or regulatory shocks,
are well captured by the hybrid model.
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Figure 3 (a-f). Performance of predictive models.
To provide a clearer visual comparison, figure 4
presents the RMSE, MAE, and log-cosh loss values
in bar chart form. These visualizations highlight the
consistent superiority of the proposed method.
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Figure 4. Compara;ive error metrics (RMSE MAE
Log-Cosh Loss) for all models across six companies.
As shown in Table 3, the LSTM-MCVMD-SBOA
model is the most accurate predictor for Amadeus
(0.8526), Repsol (0.9357), Ferrari (0.9936),
Hitachi (1.0491), and Chugai (0.96), demonstrating
superior prediction accuracy between these
companies. It may be less effective for Intesa,
however, since the LSTM-MCVMD-SBOA model
exhibits the highest prediction error (2.1124). It
performs better than the LSTM-MCVMD-SBOA
model in most cases, but not as well as Amadeus
(1.224), Repsol (1.6127), Intesa (1.5405), Ferrari
(1.0519), Hitachi (1.1016), and Chugai (1.0578).
There is moderate performance across all
companies with prediction errors ranging from

1.1125 to 1.5135.

In contrast, the LSTM-ARIMA-GARCH model
shows the highest prediction errors for most
companies, including Amadeus (1.957) and Chugai
(1.5098). This study highlights the effectiveness of
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the LSTM-MCVMD-SBOA model in capturing
complex patterns and reducing noise in stock price
predictions.

Table 3. Comparison models.
Amade Reps Intes Ferra Hitac Chug

us ol a ri hi ai
LSTM- 1.1224 1612 154 1.051 1.101 1.057
SCA 7 05 9 6 8
LSTM 11972 151 151 1258 1293 1112

35 4 5

LSTM- 1.139 1612 1.3 111 1.144 1.152
PSO 6 7 7
LSTM-  1.957 1517 151 1079 1.079 1509
ARIM 9 79 3 3 8
A-
GARC
H
LSTM- 0.8526 0935 211 0.993 1.049 0.96
MCVM 7 24 6 1
D-
SBOA

Figure 5 (a-f) compares the performance of six
different prediction models. The stocks are
Amadeus, Chugai Pharmaceutical Co., Ltd, Ferrari
NV, Hitachi Ltd, Intesa Sanpaolo, and Repsol. The
graphs plot normalized stock prices against time
steps or data points, and the lines represent
different prediction models, including LSTM-SCA
(black line), LSTM (blue line), LSTM-PSO (red
line), LSTM-ARIMA-GARCH (green line),
LSTM-MCVMD-SBOA (magenta line), and actual
data (cyan line).

iy
¥
| Fo
1 i
7 . { f
04 ——Data predict LS l‘M-SCA—ARIMA—GAR(.H H
i = Data predict LSTM L
| — Data predict LSTM-PSO f;'\f:u'i
025 - Data predict LSTM-ARTMA-GARCH %ﬁ' 4
I‘ Data
ok , \ | | .
0 20 40 60 80 100 120 140 160 180 200
a) Amadeus
12
1
i Lol
0.6 ‘5 .
|
0.4 ." —+—Data predict LSTM-SCA-ARIMA-GARCH] 3 4
) + Data predict LSTM Yo
| ——Data predict LSTM-PSO ‘@?#
0.2}, Data predict LSTM-ARIMA-GARCH e
P Data

0 20 40 60 80 100 120 140 160 180

b) Repsol

1.2 T
1 )}\j\ WR\ & lgﬁn f&»
in u}% 44 * !n’%
08 ¢ E@J‘;ﬁi |
J - j ifal
i [ Ey #’v i
0.6/ KU iy
0alF —— Data predict LSTM-SCA-ARIMA-GARCH 4 5 i
i | ——Data predict LSTM %F T
4 —— Data predict LSTM-PSO &r
02H Data predict LSTM-ARIMA-GARCH
| Data
0 . . . . . .
0 20 40 60 80 100 120 140 160 180 200
c) Intesa
1.2
1- 7
"x b
0.8- ™
0.6174
0o ,
0.4 ——Data predict LSTM-SCA-ARIMA-GARCH
T —=—Data predict LSTM
i ——Data predict LSTM-PSO
0.2 3 Data predict LSTM-ARIMA-GARCH
Data
0 . . | . . . . . .
0 20 40 60 80 100 120 140 160 180 200
d) Ferrari
1.2 T
l [ 2N
L%
W
081 Efr
P
H
0.6 ’ij +
I | e
0.4 1 —Data predict LSTM-SCA-ARIMA-GARCH
I‘ —=—Data predict LSTM
I ——Data predict LSTM-PSO
027 Data predict LSTM-ARIMA-GARCH
b Data
0 . \ . . . . . . .
0 20 40 60 80 100 120 140 160 180 200
e) Hitachi
1.2
1r o 1
At
f 1 Ml L
08} r. -x W
! i 4
: i 2
06§ ! fB 1
] - . _.‘5- ' }.
044 ——Data predict LSTM-SCA-ARIMA-GARCH L i’ il
| ——Data predict LSTM ‘fg g
——Data predict LSTM-PSO Rl
0.2 Data predict LSTM-ARIMA-GARCH ik
| Data
ok : ! ‘ ! ! ‘ .
0 20 40 60 80 100 120 140 160 180 200
f) Chugai

Figure 5 (a-f). Prediction of comparison models.

Based on the actual data (cyan line), the LSTM-
MCVMD-SBOA model consistently demonstrates
strong predictive performance across all six stocks
(magenta line). With minimal deviations, this
model captures the major peaks and troughs in
stock price data, indicating its robustness and
accuracy. It captures significant trends for
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Amadeus from -2.5 to around 1 with the help of the
LSTM-MCVMD-SBOA model. With regards to
Chugai Pharmaceutical Co., Ltd, the magenta line
accurately represents the actual data, preventing
prediction errors and capturing major trends.

With Ferrari NV, the LSTM-MCVMD-SBOA
model provides superior predictive capability by
following the general upwards and downwards
trends in stock prices over time. In the Hitachi Ltd
stock graph, the magenta line closely aligns with
the actual data, demonstrating the robustness of the
model. Intesa Sanpaolo's LSTM-MCVMD-SBOA
model captures major peaks and troughs, indicating
high accuracy. In the case of Repsol, the LSTM-
MCVMD-SBOA model shows the best alignment
with actual data, reducing prediction errors and
demonstrating its reliability. The LSTM-
MCVMD-SBOA model has a good alignment with
the actual data, while the LSTM-SCA and LSTM-
ARIMA-GARCH models have slightly larger
deviations. In general, the LSTM (blue line) and
LSTM-PSO (red line) models show larger
deviations, which indicates less accurate
predictions. As the LSTM-MCVMD-SBOA model
closely follows actual data and captures major
trends, the model consistently outperforms all
others across all six stocks.

5.4. Diebold-Mariano Test

5.4.1. Diebold-Mariano Test

The Diebold-Mariano (DM) test, formulated by
Francis X. Diebold and Roberto S. Mariano in
1995, serves as a statistical tool for assessing the
predictive accuracy of two competing forecasting
models. The primary goal of this test is to
determine whether there is a significant difference
in the errors produced by these models. The null
hypothesis posits that both models are equally
accurate, whereas the alternative hypothesis
suggests a notable difference between them. This
test is particularly valuable when evaluating time
series models using loss functions such as mean
squared error (MSE) and mean absolute error
(MAE). By comparing the losses from each
model's forecast errors, the DM test identifies
which model performs better, providing insights
into the comparative effectiveness of the models.
In the null hypothesis, the test statistics DM are

asymptotically N (0’ 1)distributed. To reject the null
hypothesis, the computed DM statistic must fall

. A Z .
outside the range of "¢/2 to "%/2 that is,

z . ..
IPM[>Z.2 Here, “a2 s the upper (positive) z-

value from the standard normal table
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corresponding to half of the desired level of the

test. Assuming a significance level of & =0.05,
For this two-tailed test, we split 0.05 into upper and
lower tails, 0.025 in each. With -0.025 as the
critical z-value, -1.96 is the lower critical value.
The upper value corresponds to 1-0.025, or 0.975,
giving a z-value of 1.96. If, the computed statistic
does not fall within this range, it is rejected. This
article evaluates the Diebold-Mariano (DM) values
for both the LSTM-MCVMD-SBOA model and
the comparison models. The findings are presented
in Table 4.

Table 4. Diebold—Mariano (DM) statistics comparing the
predictive accuracy of the proposed LSTM-MCVMD-
SBOA model against alternative models.

Amade Reps Intes Ferra Hitac Chug
us ol a ri hi ai
LSTM 29.747 5293 3822 3946 3898 51.70
-SCA 1 05 31 52 19 41
LSTM  28.645 4427 38.10 3412 3724 4875
8 35 57 01
LSTM - 1112 4374 4499 86,52 55.02
- 2.3488 15 37 5
ARIM
A-
GAR
CH
LSTM 31.617 5059 38.65 39.67 39.75 51.26
-PSO 3 03 8 14

The results in Table 4 indicate that the DM test
reveals differences between the comparison
models and the model proposed in this article.
Accordingly, the lower critical value is -1.96,
considering -0.025 as the critical z-value. The
upper critical value corresponds to 1-0.025, or
0.975, giving a z-value of 1.96. If the DM statistic
does not fall within this range, it is rejected. The
Diebold-Mariano (DM) values are evaluated for
both the LSTM-MCVMD-SBOA model and the
comparison models. Table 4 presents the findings.
Table 4 shows that the comparison model and the
model proposed in this article differ from one
another by the DM test.

5.4.2. P-Value
Diebold-Mariano's  P-value  measures the
likelihood that the observed difference in

forecasting errors is due to random chance, if the
null hypothesis is true. Test statistics are derived
from the differences in forecast errors. The null
hypothesis is rejected when the P-value (typically
less than 0.05) indicates there is a high probability
that the difference in forecasting errors occurred by
chance. Consequently, the two models have a
significant difference in predictive accuracy. In the
absence of a high p-value (typically greater than
0.05), the null hypothesis cannot be rejected
because the difference in forecasting errors could
easily have occurred by chance. Thus, there is no
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significant difference between the two models in
terms of predictive accuracy. This test provides a
guantifiable measure to support decision-making in
model selection by determining the statistical
significance of the Diebold-Mariano test results.

In Table 5, the P-values indicate the statistical
significance of differences between the models for
stock price predictions across various companies.
There is a statistically significant difference
between the LSTM-PSO, LSTM-SCA, and LSTM-
SCA models across all companies, showing that the
P-values of the models are consistently 0. By
contrast, the LSTM-ARIMA-GARCH model
shows a P-value of 0.0188 for Amadeus, while the
values for Repsol, Intesa, Hitachi, and Chugai are
0, indicating no statistically significant differences.
For Ferrari, the P-value is exceptionally low at
6.79x10" 6, indicating a highly significant
difference. For Amadeus and Ferrari, the LSTM-
ARIMA-GARCH model performed best, with
consistently low P-values across all other models.

Table 5. P-values associated with the Diebold—Mariano
tests.

Amade Reps Inte Ferra Hitac Chug
us ol sa ri hi ai
LSTM 0 0 0 0 0 0
-SCA
LSTM O 0 0 0 0 0
LSTM 0.0188 0 0 6.79x 0 0
- 10°®
ARIM
A-
GARC
H
LSTM 0 0 0 0 0 0
-PSO

The DM statistics and corresponding P-values
(Tables 4 and 5) indicate that the proposed LSTM-
MCVMD-SBOA model achieves statistically
significant improvements in predictive accuracy
over the baseline models across most datasets. For
Amadeus, Ferrari, Hitachi, and Chugai, the P-
values are below 0.05, confirming that the
observed performance gains are unlikely to be due
to random variation. Repsol and Intesa also show
substantial differences, although in the case of
Intesa, the high prediction error suggests that the
improvement is less consistent. These findings
confirm that the superiority of the proposed model
is not only practical in terms of error metrics
(RMSE, MAE, Log-Cosh) but also statistically
validated.

Furthermore, Figure 6 illustrates the distribution of
prediction residuals. The residuals from the
proposed model are more tightly concentrated
around zero, indicating greater stability and lower
variability compared to alternative methods.
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Figure 6. Distribution of prediction errors (residuals)
across models.

5.5. Friedman Test

The Friedman test is a non-parametric statistical
test used to detect differences in performance
across multiple models when applied to the same
datasets. Unlike the DM test, which evaluates
pairwise differences between two models, the
Friedman test simultaneously compares several
models to determine whether at least one model
performs significantly better or worse than the
others. In this study, the Friedman test was applied
to the error values (RMSE, MAE, Log-Cosh Loss)
obtained from six stock datasets across five
models: LSTM-SCA, LSTM, LSTM-PSO, LSTM-
ARIMA-GARCH, and LSTM-MCVMD-SBOA.

Table 8. Friedman test rankings across datasets.

Mode Ama Re Int Fer Hit Chu Me
| deus pso esa rari achi gai an
| Ra
nk
LST 2 4 1 2 2 25
M- 0
SC
LST 3 2 5 5 3 3.8
M 3
LST 4 3 4 4 4 3.3
M- 3
PS
LST 5 5 3 3 5 4.0
M- 0
AR
MA-
GAR
CH
LST 1 1 2 2 1 1 1.3
M- 3
MCV
MD-
SBO
A

HO assumes that all models
while the alternative

The null hypothesis
perform equally well,

hypothesis H, assumes that at least one model
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differs significantly in performance. The Friedman
statistic is given by:

, 12N | &,
Where k is the number of datasets (here, six
companies), m is the number of models (here, five),
and R_j is the sum of ranks for the i-th model across
all datasets. If the calculated statistic exceeds the
critical value of the chi-square distribution with

(k-1)*(m-1) degrees of freedom, the null

hypothesis is rejected.

The Friedman test produced a chi-square statistic
of 5.73 with a p-value of 0.22. Since the p-value is
greater than the 0.05 significance threshold, the
null hypothesis of equal model performance cannot
be rejected. This suggests that, when averaged
across all datasets, the differences in performance
are not statistically significant.

However, inspection of the mean ranks clearly
shows that the proposed LSTM-MCVMD-SBOA
model consistently achieved the best performance
(mean rank = 1.33), outperforming all baseline
models. While the Friedman test does not confirm
statistical significance at the global level, the
consistent ranking trend supports the earlier
findings from the Diebold-Mariano test,
reinforcing the robustness and practical superiority
of the proposed approach.

(41)

5.6. Post-hoc Nemenyi Test

To complement the Friedman test, a Nemenyi post-
hoc analysis was performed. The Nemenyi test
compares the average ranks of all pairs of models.
The critical difference (CD) is calculated as
follows:

CD-q, K(K+1), (42)

6N

Where Y s the critical value of the Studentized
range statistic for significance level &, K is the

number of models (here, 5), N is the number of
datasets (here, 6). If the difference between the
average ranks of two models exceeds the CD, their
performances are considered  significantly
different.

The LSTM-MCVMD-SBOA model achieved the
lowest average rank (1.33), indicating consistently
superior performance across datasets. However,
the rank differences between models did not
exceed the critical difference threshold. This means
that no pairwise comparisons are statistically
significant at the 5% level. Nonetheless, the
consistent placement of LSTM-MCVMD-SBOA
at the leftmost (best) position in the diagram
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confirms its robustness relative to the baseline
models. When combined with the Diebold-
Mariano test results, these findings suggest that the
proposed hybrid model is not only competitive but
also provides a reliable improvement trend, even if
global statistical significance is not reached under
the Nemenyi criterion.

6. Conclusion

The aim of this study was to develop a prediction
model based on Long Short-Term Memory
(LSTM) recurrent neural networks to predict the
closing prices of six active companies from Italy,
Japan, and Spain. LSTM neural network
parameters were optimized to improve speed and
accuracy. As part of the MCVMD, we also used the
SBOA. In addition to RMSE, MAE, and Log-Cosh
Loss, the model's performance was evaluated. For
statistical validation, the DM test demonstrated that
the proposed model consistently outperformed
benchmark models such as LSTM-SCA, LSTM,
LSTM-PSO, and ARIMA-GARCH in terms of
predictive accuracy. To complement this analysis,
a Friedman test was applied across all datasets,
showing that although global statistical
significance was not reached, the proposed LSTM-
MCVMD-SBOA model achieved the best mean
rank. Furthermore, a Nemenyi post-hoc test
confirmed that while pairwise differences were not
statistically significant at the 5% level, the LSTM-
MCVMD-SBOA model consistently occupied the
top-ranked position, highlighting its robustness and

practical superiority P> 0'05.

Overall, the combination of error-based metrics,
DM tests, and non-parametric  statistical
comparisons provides a comprehensive evaluation
framework. The results indicate that the proposed
hybrid model is a promising approach for stock
price  forecasting,  balancing  robustness,
interpretability, and predictive performance.
Future work may extend this methodology to
broader datasets across additional sectors and
incorporate further hybridization with models such
as CNNs or ensemble learning. Additional features,
including macroeconomic indicators, sentiment
analysis, or trading volume, may also enhance the
model’s predictive power.
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