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ABSTRACT. Stock price forecasting remains a significant challenge in vol-
tile financial markets. This study presents a novel hybrid model, the
Long Short-Term Memory Variational Mode Decomposition Lemur Op-
timizer, which improves prediction accuracy and robustness. This model
effectively balances exploration and exploitation during optimization by
incorporating Lemur Optimizer’s unique leaping and dancing behaviors
into Long Short-Term Memory networks. Addressing limitations in prior
methodologies, such as Long Short-Term Memory Sin-Cosine Algorithm
Autoregressive Integrated Moving Average Generalized Auto Regressive
Conditional Heteroskedasticity and Long Short-Term Memory Variational
Mode Decomposition Rabbit Optimization Algorithm, the proposed ap-
proach captures both linear and nonlinear patterns in financial data. The
model performed better than existing models when tested against histor-
ical stock data across 13 prominent datasets and across different financial
instruments. The research provides a robust framework for enhanced
stock price predictions that facilitates more informed investment strate-
gies and improved risk management in the field of financial forecasting.

Keywords: Financial Forecasting, Lemur optimizer, Variational Mode De-
composition, Forecasting Precision.
2020 MSC: 68T07, 91G70.

1. Introduction

It is difficult to predict future trends in the global financial system with-
out understanding the stock market. Forecasting stock prices accurately is
vital to maximizing returns and minimizing risks. However, the volatile nature
of financial markets poses substantial challenges to accurate prediction. The
performance of forecasting has been improved through machine learning and
statistics. There has been considerable promise in hybrid models that combine
multiple algorithms.
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This study explores how LO can be integrated with LSTM networks by
building on these foundational works. As part of its ”leap up” and ”dance hub”
behaviors, the LO incorporates the behavioral patterns of lemurs during the
optimization process to balance exploration and exploitation. The new hybrid
model aims to further enhance stock price prediction accuracy by addressing
previous model limitations and filling gaps in existing literature. Specifically,
this research focuses on addressing the following objectives:

1. How can the integration of the Lemur Optimizer improve stock price
prediction accuracy compared to existing models?

2. In what ways does the LSTM-VMD-LO model address shortcomings in
prior methodologies, such as LSTM-SCA-ARIMA-GARCH and LSTM-VMD-
ARO models?

We evaluate the performance of the LO-based model by comparing it to the
LSTM-SCA-ARIMA-GARCH and LSTM-VMD-ARO models.

This study used similar datasets to previous research, ensuring a robust
comparative analysis. In this research, an innovative hybrid model is developed
that leverages the strengths of the LO, as well as a detailed comparison with
established models. It is expected that the findings will offer valuable insights
for academic researchers and practitioners in the field of financial forecasting,
promoting more accurate stock market predictions.

It has been extensively researched how to forecast stock prices. The tech-
niques used range from traditional statistical methods to advanced machine
learning algorithms. In the past, ARIMA and GARCH models have been
widely used due to their ability to capture linear relationships and volatility
clustering, respectively [5,6]. However, these models often have difficulty cop-
ing with nonlinear patterns in financial data. Time series data can be handled
well by LSTM networks, a type of recurrent neural network. Their ability to
capture long-term dependencies makes them particularly suitable for predict-
ing stock prices [13]. Particle Swarm Optimization (PSO) and Sine Cosine
Algorithm (SCA) algorithms are often integrated with LSTM to improve pre-
diction accuracy [10,18]. The Variational Mode Decomposition, introduced
by Dragomiretskiy and Zosso [9], decomposes a time series into mode compo-
nents. As a result of this decomposition, individual modes can be predicted
more easily. As a result of its ability to adapt dynamically to the search space,
the Rabbit Optimization Algorithm (ARO) is an effective tool for optimizing
machine learning models [24].

It is a recent addition to the family of nature-inspired algorithms called the
LO. It mimics the movement patterns of lemurs in their natural habitat to
balance exploration and exploitation. It is expected that integrating LO into
LSTM networks will improve the search for optimal solutions in comparison
to previous models. In the proposed hybrid model, LSTM-LO, the Lemur
Optimizer is integrated with Long Short-Term Memory networks. For training
and evaluation, the dataset includes historical stock prices from prominent
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companies. This study evaluated prediction accuracy and model performance
using Root Mean Square Error (RMSE) and R-squared (R?).

There are several steps involved in the implementation:

1. Data Preprocessing: Normalizing the data to improve model performance.

2. Model Initialization: Setting up the LSTM network and LO parameters.

3. Training: Using the Lemur Optimizer to iteratively adjust the LSTM
network’s parameters.

4. Evaluation: Comparing the LSTM-VMD-LO model with LSTM-SCA-
ARIMA-GARCH, LSTM, LSTM-ARIMA-GARCH and LSTM-PSO models us-
ing consistent evaluation metrics.

It provides insights into the potential benefits of incorporating the LO into
stock price prediction models by highlighting the strengths and weaknesses of
each model. It reflects the dynamic nature of financial markets and the continu-
ous pursuit of accuracy in forecasting that hybrid models are evolving for stock
price prediction. In this study, the LO is presented as a promising alternative to
existing prediction methods, offering a novel approach for enhancing prediction
accuracy. In addition to building on the foundations laid by the LSTM-SCA-
ARIMA-GARCH and LSTM-VMD-ARO models, the LSTM-VMD-LO model
aims to set a new benchmark for financial forecasting. As a result of this
research, investors and researchers will gain valuable insights into the field.

This study introduces a fundamentally new hybrid framework that com-
bines Variational Mode Decomposition (VMD) and LSTM networks with the
recently proposed Lemur Optimizer (LO) for financial time-series forecasting.
In this method, VMD first decomposes a noisy, nonlinear price series into in-
trinsic mode functions (IMFs) — effectively reducing data complexity and noise
interference and an LSTM network then models these components. Crucially,
LO is employed to optimally tune the LSTM’s parameters (e.g., weights or hy-
perparameters), taking advantage of LO’s superior search capabilities demon-
strated on standard benchmarks. This synergy yields markedly faster conver-
gence and greater robustness: LO’s proven superiority over traditional opti-
mizers means our network finds better solutions more quickly. As a result,
the proposed VMD-LSTM-LO model attains significantly higher forecast accu-
racy (e.g., lower RMSE) than conventional LSTM or other hybrid schemes; for
example, previous VMD-LSTM models achieved large error reductions over
ARIMA /DNN baselines, and our LO-optimized variant further improves on
these gains. We validate the approach on diverse financial datasets — including
multiple international stock indices demonstrating its generalized effectiveness.
In summary, unlike prior work that used PSO, GA or similar heuristics to tune
LSTM networks, our novel methodological contribution is the integration of
VMD preprocessing with an LO-optimized LSTM, resulting in superior con-
vergence, robustness, and predictive performance across varied market data.
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2. Background

Additionally, stock markets reflect the economic health and performance of
publicly traded companies. Investment decisions, risk management, and eco-
nomic forecasting are all dependent on accurate stock price predictions. Stock
markets are highly volatile, making precise predictions challenging but highly
rewarding. In order to predict stock prices, conventional methods like the
Autoregressive Integrated Moving Average (ARIMA) and Generalized Autore-
gressive Conditional Heteroskedasticity (GARCH) have been widely employed.

2.1. ARIMA Model. The Autoregressive Integrated Moving Average (ARI-
MA) model is a classical time-series forecasting framework that combines Au-
toregressive (AR) terms, differencing (I for Integrated), and Moving-Average
(MA) terms [14,19]. In its non-seasonal form, an ARIMA model is denoted
ARIM A(p,d, q), where the integer parameters p, d, and ¢ specify the orders
of the AR, integration, and MA components, respectively [14,19]. In other
words, p indicates how many past values of the series (lags) are used as pre-
dictors, d indicates how many times the series is differenced to remove trends,
and ¢ indicates how many lagged forecast errors are included. By tuning these
parameters, an ARIMA model can flexibly capture a variety of patterns: for
example, increasing p allows the model to use a longer history of the data,
while applying differencing (d > 0) enables it to model a series with trends or
nonstationarity.

The autoregressive order p corresponds to the number of lagged observations
included in the model. For instance, setting p = 2 means the model uses the
two immediately preceding values ( Y; and Y;_; ) to predict the current value
. In formula form, an AR(p) component can be written as

(1) Yi=p1Vioi + oY o+ ..+ Y p + €

Where the ¢, are coefficients and €, is a white-noise error term [19]. These
autoregressive terms capture the momentum or persistence in the series: a
larger p allows the model to incorporate information from further back in time,
modeling longer-range dependencies in the data [14,19].

The differencing order d is the number of times the raw series is differenced
to achieve stationarity [14,19]. A first difference (d = 1) replaces each value by
the change from the previous value (AY; = Y; — Yt — 1), removing any linear
trend. If d = 2, one takes the difference of the first-differenced series, analogous
to removing a quadratic trend. In practice, differencing ensures the ARIMA
model is applied to a series whose statistical properties (mean, variance) do
not systematically drift over time. For example, if stock prices exhibit a steady
upward trend, choosing d = 1 means the model will effectively forecast daily
returns (price changes) rather than raw prices, thus focusing on the stationary
fluctuations around the trend [14].
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The moving-average order g specifies how many lagged forecast errors are
included in the model [14,19]. In other words, ¢ determines the window of past
shocks that influence the current prediction. For example, ¢ = 1 means the
model incorporates the previous period’s error term €;_1 (scaled by a parameter
61) when predicting Y; . These MA terms allow the model to adjust for short-
term shocks: if a surprise event caused a large forecast error at time ¢ — 1,
including an M A(1) term lets the model correct for that shock in the current
prediction. Larger values of q allow the model to consider a longer error history,
effectively smoothing over more of the recent noise [14].

Together, the parameters (p, d, q) define the full ARITM A(p, d, q) model and
its behavior in the presence of trends and autocorrelation. The AR part (p)
captures the persistence from past values, the differencing (d) removes long-
term trends, and the MA part (¢) captures the influence of recent random
shocks. For example, an ARTM A(2,1,1) model uses two lagged values, first-
order differencing, and one lagged error term — allowing it to model a series
with a linear trend, two-period momentum, and some serially correlated noise.
In practice, these parameters are chosen (e.g., by inspecting autocorrelation
patterns or using information criteria) so that the model best fits the data.
In our hybrid forecasting framework, properly tuning p, d, and ¢ enables the
ARIMA component to model the linear temporal structure in stock prices (lags,
trends, and shocks), which complements the nonlinear pattern-learning ability
of the LSTM component [14,19].

In summary, ARIM A(p, d, q) is a standard time-series model where p is the
number of autoregressive lags, d is the number of differences for stationarity,
and ¢ is the number of moving-average terms [14,19].

2.2. GARCH Model. For financial time series exhibiting clustering of volatil-
ity, GARCH models are used. GARCH (1,1) is expressed as [5]:

(2) )’ =g+ a1€?_1 + Bro?i

where 02 is the conditional variance, ayq is a constant, o is the coefficient for
the lagged squared residuals, and (37 is the coefficient for the lagged conditional
variance.

2.3. Emergence of Machine Learning in Finance. Stock market predic-
tions have become more sophisticated due to machine learning. Recurrent
neural networks (RNNs) such as Long Short-Term Memory (LSTM), which
capture long-term dependencies, are particularly effective for sequential data.

2.3.1. LSTM Networks. It has been found that LSTM networks are the most ef-
fective solution for sequence prediction problems. It is advantageous for LSTMs
to be able to remember patterns across a wide range of sequences. In compari-
son to feed-forward neural networks and RNNs, LSTMs have the advantage of
predicting future values based on past observations. In typical LSTM networks,
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memory blocks are called cells. The hidden state of a cell is transferred to the
subsequent cell, along with the cell’s state and its hidden state. The memory
blocks are responsible for storing information. This memory is controlled by
three major structures, known as gates. In Fig. 1, the LSTM cell is shown
along with its gates (namely, forget, input, and output) and their functions, as
well as Eqgs. (4)-(8).

FIGURE 1. LSTM architecture [20].

Forget Gate: Prior stamp information is retained or not in LSTM cells. The
previous timestamp’s cell state is multiplied by this output of a sigmoid function
using the present input V,, and hidden state e,_; . When the final value is 0,
everything is forgotten, when it is 1, nothing is forgotten. D represents weights
and g represents bias [17].

(3) Sp=0(Ds x [ep—1,Vp] + gs)

Input Gate: To obtain a value between 0 and 1, another sigmoid function
is applied to the state V,, and hidden state e,_; in the input gate, followed by
the tanh function. As a result, the values of the input vector n, are added
step-by-step, after which a new cell state C is created [17].

(4) np = 0(Dp X [ep—1,Vp] + gn)

(5) Zy, =tanh(D, x [ep—1, V| + g2)

Output Gate: Three sigmoid functions are applied to the current and previ-
ous hidden states, and a tanh function is applied to the new cell state. These
two outputs are multiplied point-by-point. Next, the hidden state is carried
over with the new cell state [17].

(6) Yp = 0(Dy x [ep—1, V] + gy)

(7) ep = Yp X tanh(Zy)
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In addition to the above-mentioned structure of LSTM cells, backpropaga-
tion of errors allows for fine-grained tuning of biases and weights, resulting in
highly accurate predictions. Additionally, it solves the problem of vanishing
and booming gradients [17].

2.4. Variational Mode Decomposition (VMD). To address variational
issues, this signal decomposition technique divides a series into k subseries.
With a limited bandwidth, each mode uy has its own central frequency wg
. VMD updates the modes and their center frequencies using an Alternating
Direction Method of Multipliers (ADMM). Fitness is computed based on Eq.
(8) [25):

K . K
(8) min'y " 9,[(5(t) + é) x up(t)]e B st 3 up(t) = f(2)
k=1 k=1

where 0(¢) is the Dirac distribution.
Variational Mode Decomposition (VMD) converts a constrained variational
problem into an unconstrained one using a quadratic penalty term (o) and

Lagrangian multipliers (\;). The unconstrained problem is formulated as fol-
lows [25]:

L({uk} ) {wk} ) )‘) =

=

K K
9) D00+ L) xun()e I + () 3 un(WF+A0), F0)- D unlt)
k=1 k=1 k=1
When Gaussian noise is present, a ensures sequence reconstruction accu-
racy, while A(¢) enforces strict constraints. In order to decompose VMD, the
following steps must be followed [25]:
1. Initialize the modes {u}v}, center frequencies {w’f} and Lagrangian mul-
tipliers AL
2. Update ;™" and [20]:

Fl@) = Ty w) + 22
14 20(w — wg)?

(10) it (w) =

3. Update wy ' [20]:

e U el()Pde)
4D T ) )

4. Update A"+ [20]:
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(12) /):n—&-l( ) )\n( ZAn+1

where 3 is the update parameter, typically set to 0.

5. For a given ¢ If Eq. (13) is satisfied, the loop stops, and @} (¢) is com-
puted by the inverse Fourier transform of the real part of u”“( ). Otherwise,
increment n to n + 1 and return to Step 2 [20]:

= (faptt

_apl)
(13) Z B <e

=1

3. Related Work

Gil et al. [12] conducted research on advanced deep learning models for short-
term stock market forecasting. Using the S& P 500 index and the iShares MSCI
Brazil ETF (EWZ), their Extended Long Short-Term Memory for Time Series
(xLSTM-TS) model achieved promising results, with a test accuracy of 72.82
percent and an F1 score of 73.16 percent. In addition to wavelet denoising,
they highlighted the importance of preprocessing. Financial forecasting using
deep learning presents challenges and opportunities, especially the impact of
granularity in time intervals, as daily predictions outperformed hourly ones.

Rosen et al. [8] combined news headlines with multivariate time series data
to predict stock trend. In contrast to traditional baselines, their approach
utilizes stacking ensembles to deal with complex, time-evolving financial data.
They demonstrated the model’s applicability in real-world financial scenarios
by enabling gains and preserving capital. However, concept drift, an inherent
issue in dynamic markets, was not addressed in the study.

A hybrid EEMD-PSO-LSSVM-ICSS-GARCH model, combining ensemble
empirical mode decomposition, modified ICSS algorithms, and optimization-
based regression methods, was presented by Zhang et al. [27]. It demonstrated
superior forecasting capabilities by effectively capturing nonlinear and time-
varying return characteristics. The study focuses on EEMD’s ability to stabilize
data modes, resulting in improved accuracy and important insights for investors
and policymakers.

Prata et al. [22] evaluated 15 deep learning models for predicting stock price
trends using Limit Order Book data. In their experiments, they found that
generalizing model predictions to new data was challenging, underscoring the
gap between theoretical modeling and practical application. Stock market dy-
namics are complex and require models that address real-world complexities.
This study serves as a cautionary tale.

Fan and Zhang [11] compared deep learning models such as LSTMs, GRUs,
CNN-LSTMs, and Patch Time Series Transformers (PatchTSTs) for predicting
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stock prices. Due to its ability to handle smaller fluctuations over shorter time
periods, LSTM outperformed other methods in nowcasting scenarios. Financial
analysts and investors need multivariate inputs, such as opening, high, low, and
close prices, to enhance their real-time decision-making.

According to Chandar [7], chaotic financial data poses a challenge in address-
ing market volatility. Traditional statistical models like ARIMA and GARCH
have limitations when it comes to capturing complex stock price patterns, and
LSTM is capable of modeling dependencies over time. LSTM networks proved
resilient in forecasting volatile financial trends in Chandar’s study.

Khashei et al. [16] proposed a hybrid model that integrates ARIMA, ANNs,
and fuzzy logic to enhance forecasting accuracy. This study highlighted the
flaws of ARIMA models in handling incomplete and nonlinear data due to their
reliance on linear relationships. Real-world financial systems are complex, so
this integrated model proved effective.

Mehtab et al. [23] used machine learning and deep learning to predict stock
prices, focusing on the NIFTY 50 index in India. In order to enhance forecast-
ing, they developed multiple regression models and LSTM-based frameworks,
utilizing walk-forward validation. LSTM univariate models outperformed mul-
tivariate models in terms of speed and accuracy.

Ansari et al. [3] proposed a Deep Reinforcement Learning (DRL) frame-
work for automated trading decisions, which incorporates both historical and
forecasted trends. Reinforcement learning has been tested on assets such as
Tesla, IBM, and NIFTY 50 and has shown promising results in dynamic finan-
cial environments. Informed trading strategies and policy development require
adaptive models, according to the study.

Kabir et al. [15] presented a hybrid deep learning model combining LSTM
networks, modified Transformer architectures, and multilayer perceptrons. Th-
ey demonstrated exceptional accuracy and robustness in experiments on Bit-
coin, the Shanghai Composite Index, and Amazon stocks. This study provides
a framework for improving financial predictions by addressing challenges such
as multi-noise and volatility.

Ozupek et al. [21] developed a novel hybrid EMD-TI-LSTM model that in-
corporates empirical mode decomposition and technical indicators. Traditional
LSTM approaches were outperformed by the model in terms of predictive accu-
racy. Financial forecasting capabilities can be advanced by combining diverse
methodologies.

Zhou and Yan [26] presented a CNN-GRU hybrid model for systemic risk
prediction, emphasizing its application to feature learning and multi-step risk
forecasting. The study demonstrated that the model performed well on real-
world financial data and offered practical solutions for managing systemic risk.

Khurshed et al. [2] introduced a hybrid LSTM-DNN model for stock mar-
ket prediction, achieving significant improvements in forecasting accuracy and
robustness. Using data from 26 companies, their model achieved an R? score
of 0.98606 and demonstrated low error rates. Furthermore, an ablation study
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validated the contributions of all components, offering insight into future opti-
mizations.

Mendonga et al. [4] conducted a bibliometric review of hybrid methods for
financial data analysis that combine optimization and machine learning tech-
niques. In examining over 1,000 articles, they conducted a SWOT analysis that
revealed strengths and weaknesses of leading algorithms. To address complex
clustering and classification challenges, it is increasingly important to incorpo-
rate diverse methodologies.

Although these models are advanced, they have some limitations. Its com-
plexity can make it difficult to predict in real-time from the xLSTM-TS model,
even though it is highly accurate. Multiple models and data sources must be
integrated to stack ensembles, increasing implementation complexity. Senti-
ment analysis models can be affected by noise, and they may not reflect true
sentiment. It indicates a possible simulation-to-reality gap when deep learning
models rely on lobes. In most studies, future prices are forecasted rather than
nowcasted, which is crucial for real-time decisions. Due to the lack of standard
benchmarks and metrics, it can be difficult to compare deep learning models.
Parameter tuning can be time-consuming and challenging when implement-
ing hybrid models. Hyperparameter settings can affect LSTM-based models.
Overfitting is demonstrated in case studies, as are robust validation techniques.
Training data is needed to compute reinforcement learning models.

The LSTM-VMD-LO model addresses these disadvantages by combining
the strengths of LSTM networks, Variational Mode Decomposition (VMD),
and LO. Stock market data is sequential, and LSTM captures long-term de-
pendencies efficiently. With VMD, financial data is decomposed into modes,
resulting in more accurate and robust predictions by reducing complexity and
noise. In order to optimize model performance, the Lemur Optimizer balances
exploration and exploitation during the optimization process. In addition to
improving prediction accuracy, computational efficiency, and robustness against
noise and volatility in financial data, these techniques can also be combined to
overcome previous limitations. Table 1 provides a summary of the points dis-
cussed.
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TABLE 1. An overview of related works.

Refere-| Main Focus | Models Performance | Disadvantag-

nce /Methods Metrics es

[14] Advanced xLSTM-TS | Test accu- | Especially
DL models | model with | racy: 72.82 | with hourly
for short- | wavelet de- | percent, F1 | predictions,
term  trend | noising. score: 73.16 | performance
forecasting. percent on | varies across

EWZ daily | datasets.
dataset.

[15] Stacking Combines Accurate Ensures that
ensemble news head- | in next-day | all base pre-
approach for | lines, multi- | trend predic- | dictors have
stock market | variate time | tion, relies | sufficient
prediction. series data, | on sufficient | data, but

and multiple | data for base | does not

base models. | predictors. explicitly
address con-
cept drift.

[16] Hybrid EEMD, Superior Model com-
forecasting modified forecasting plexity may
method for | ICSS, PSO- | performance | limit practi-
NASDAQ LSSVM, driven by | cal applica-
CTA AIRO | GARCH EEMD. tion, requir-
Index. models. ing parame-

ter tuning.

[17] Robustness | Developed Highlighted | In real-world
and general- | LOBCAST potential applications,
izability  of | framework. and limi- | performance
DL  models tations of | drops across
using LOB current ap- | models with
data. proaches. new data.

(18] Stock  price | LSTM, Improved ac- | The volume
forecasting GRU, CNN- | curacy with | of trading of-
and nowcast- | LSTM, opening, ten reduced
ing. PatchTST. high, and | accuracy,

low  prices, | and the
reduced effectiveness
accuracy varied  ac-
with trading | cording to
volume. the input.
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[19] Stock price | LSTM net- | Root Mean | High compu-
prediction works com- | Square Error | tational cost,
using LSTM | bined with | (RMSE), sensitivity
networks. technical Mean Abso- | to hyper-

indicators lute  Error | parameter
(e.g., moving | (MAE), settings.
averages, Mean Abso-
RSI). lute Percent-

age Error

(MAPE).

[20] Limitations | Hybrid More ac- | Large histor-
of ARIMA | model with | curate and |ical datasets
models in | ARIMA, flexible and com-
financial ANNs, and | forecasting plex,  non-
forecasting. | fuzzy logic. under incom- | linear prob-

plete  data | lems make

conditions. ARIMA
models less
effective.

[21] Hybrid ML and | Superior The execu-
modeling DL models, | capability tion  speed
approach for | LSTM-based | in learning | of univariate
stock  price | regression and extract- | models may
prediction. models. ing time | be an issue

series  data | compared to
features. multivariate
analyses.

[22] Decision DRL and | Encouraging | In  volatile
support GRU mod- | profit values, | markets,
system  for | els. effective for | it may be
automated time-series challenging
stock  trad- financial to rely on
ing. data. an accurate

forecasting
network.

[23] Robust  hy- | LSTM, Exceptional | Addressed
brid deep | modified accuracy and | challenges
learning Transformer | sensitivity like  multi-
model for | network, and | on datasets | noise, non-
financial multilayer like Bitcoin, | linearity,
time  series | perceptron. Shanghai and volatil-
forecasting. Composite ity; out-

Index, and | performed
Amazon state-of-the-
stock prices. | art models.

[24] Enhanced fi- | EMD-TI- Improved Highlighted
nancial fore- | LSTM MAPE, potential
casting with | (Empirical RMSE, of hybrid
hybrid mod- | Mode  De- | and  MAE | models by
els. composition, | compared combining

Technical to  conven- | decomposi-
Indicators, tional LSTM | tion methods
LSTM). approaches. | and machine

learning for
enhanced
accuracy.
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[25] Systemic CNN  and | Demonstrated| Provided
financial risk | bidirec- superior fea- | insights into
prediction tional gated | ture learning | addressing
using hy- | recurrent and  multi- | systemic fi-
brid deep | units. step risk | nancial risks;
learning. prediction. emphasized

applications
for economic
stability.

[26] Stock mar- | LSTM- R%,  MAE, | Validated
ket  predic- | DNN hybrid | MSE. robustness
tion  using | model. and scalabil-
hybrid mod- ity through
els. compar-

isons  with
previous.

4. Methodology

This study builds upon our previous work by leveraging the strengths of
LSTM, VMD, and LO to enhance time series forecasting. In financial data,
the proposed LSTM-VMD-LO model aims to capture complex patterns and im-
prove prediction accuracy. Figure 2 illustrates this model. This hybrid model
was developed and implemented in sequential steps described in the method-
ology section. To smooth and eliminate noise, the raw financial time series
data undergo wavelet denoising. As a result, the data is decomposed into in-
trinsic mode functions (IMFs) using VMD, ensuring that each mode represents
a different frequency component. In order to capture long-term dependencies
and sequential patterns within these IMFs, the LSTM network is employed.
In order to optimize the LSTM hyperparameters, the LO algorithm is used,
which dynamically adjusts the model’s parameters to maximize performance.
In addition to enhancing predictive power, this comprehensive approach also
ensures robustness against market fluctuations.

X imizati
1 L s Lemur Optimization

‘X’ 2

X, i 16,7+ (s )—iBE. F)x(rad—05)x2 rand < FRR
t ’{[@, N +as(G, ))—I(gH, j))<(rad —Q5)x2 rand > FRR

X,

X,

X 6

FIGURE 2. Module flowchart.
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4.1. Lemur Optimizer (LO). Exploration and exploitation are the two phas-
es of the population-based algorithm. Dance-hup behavior helps us explore the
search space during the exploration phase. In contrast, the leap-up behavior
is used to refine the search within the space during the exploitation phase.
Each vector represents one of the coordinates of a lemur. Each solution’s best
location is determined by its fitness function value. Therefore, lemurs adjust
their position vectors and either dance-hup to the nearest optimal lemur or leap
to the global best lemur. The proposed algorithm [1] illustrates the conceptual
model of dance-hup and leap-up behaviors. Thus, lemurs either dance-hup
toward the nearest optimal lemur or leap toward its global best counterpart
which shows in Fig. 3. Abasi et al. proposed an algorithm [1] that illustrated
the conceptual model of dance-hup and leap-up behaviors.

FIGURE 3. Leap up and dance hub [1].

According to the LO algorithm [1], the population matrix represents the set
of lemurs:

L% Li Lg
Ls; L5 ... L
(14) r=|? T
Lbor2 .. L

Where T' denotes the population matrix of size s X d times d, with s being
the number of candidate solutions (lemurs) and d representing the decision
variables. (T € R**? denotes the population matrix, where s is the number of
candidate solutions (lemurs) and d is the number of decision variables. Each
row of T represents one lemur’s solution vector of length d).

Typically, the decision variable j in solution i is generated randomly as [1]:

(15) 17 =rand() x (ubj — 1b;) +1b.¥i € (1,2,...,n) AVj € (1,2, ...,d)
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Where the function rand() generates a random number between 0 and 1,
and {b; and ub; denote the lower and upper bounds of the decision variable j.

In response to lemurs with higher fitness values, lemurs with lower fitness
values adjust their decision variables. As a result of this iterative process, lemur
fitness values improve overall. The global best lemur (gbl) and the nearest
lemur (bnl) for each individual lemur are selected for each iteration based on
their fitness values [1].

Each iteration, a value is assigned to the decision variable j in the solution
i either from the global best lemur or from the closest one. Eq. (16) states as
follows [1]:

(16) I/ = 1(i,5) + abs(l(i,5)) — U(bnl, j) x (rand — 0.5) x 2rand < FRR
E 1G4, §) + abs(L(i, 7)) — I(gbl, §) x (rand — 0.5) x 2rand > FRR

where (4, j) is the j value of the current lemur,l(bnl, j) is the j value of the
best nearest lemur, and [(gbl, j) is the global best lemur. The Free Risk Rate
(FRR) indicates the risk rate of all lemurs in the group, and rand represents
random numbers between [0, 1]. According to this formulation, FRR proba-
bility is an important coefficient in the LO algorithm. The FRR coefficient is
given by [1]:

(17)

FRR = FRR(HighRiskRate)CurrIter x (19" skRate — LowRiskRate)
MazxlIter

where LowRiskRate and HighRiskRate are constant predefined values, Maz-

Iter is the maximum number of iterations, and Curriter denotes the current

iteration. The proposed algorithm is illustrated in Fig. 4 by the conceptual

model of High-Risk Rate and Low-Risk Rate. The purpose of LowRiskRate

and HighRiskRate is to define the minimum and maximum values for FRR.
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- —
S

I

qovrey, O

'., e/ R
Lo ~ O
‘. N2~
High Risk

FIGURE 4. High-risk rate and low-risk rate [1].

Figure 5 shows the general steps of the LO algorithm.
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FIGURE 5. Lemur optimizer flowchart [1].

LO begins by randomly generating a swarm of lemurs. Dance-hup is a
process that tends to influence the decision variables of the lemur with a better
fitness value through each iteration.

Initially, the algorithm generates lemurs with a Free Risk Rate (FRR) close
to Lemur Life Expectancy (LowRiskRate). As a result, the lemur moves to-
wards the best nearby lemur. With the algorithm progressing, the FRR de-
creases towards the HighRiskRate, prompting the lemur to leap toward the
best. In this process, a stopping condition is met iteratively. The number of
lemurs, iterations, and decision variables influence the computational complex-
ity of the LO algorithm. As a result, the proposed algorithm has the following
computational complexity [1]:

(18) O(LO) = O(MaxIter x s x d)

where MaxIter is the maximum number of iterations, s is the number of
solutions, and d is the number of dimensions.

Figure 6 illustrates how the dance-hub phase ensures accurate trend-follow-
ing during stable periods (following closely the sinusoidal pattern) and the leap-
up mechanism allows quick response to sudden spikes (unlike PSO’s smooth
response). The dynamics of these dynamics are directly applicable to financial
forecasting, where the dance-hub optimizes predictions during calm markets
and the leap-up forces exploration during volatile times. The contrast with
conventional methods validates LO’s hybrid approach, where dance-hub mini-
mizes error during trends and leap-up reduces lag during market turns.

4.2. Role of Parameters in the Lemur Optimizer (LO). LO incorporates
biologically inspired mechanisms for balancing exploration and exploitation
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LO vs PSO on Multimodal Optimization
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FI1GURE 6. LO’s dual capability.

during optimization, ensuring robust and accurate predictions. This balance is
achieved by balancing each of the parameters in the LO.

In order to escape local optima, the parameters governing the ”leaping be-
havior” of the algorithm help enhance diversity in the solution space. By con-
trast, "dancing behavior” parameters allow the algorithm to refine candidate
solutions and arrive at optimal solutions more quickly. As a result of the encod-
ing technique employed in LO, both linear and nonlinear patterns are effectively
represented. It provides enhanced flexibility and precision in managing com-
plex financial data, enhancing the model’s robustness to noise and volatility.
The search operators in LO, like leap intensity and neighborhood adjustments,
directly affect the algorithm. Refinement operators boost prediction accuracy
and computational efficiency by fine-tuning solutions near optimal candidates
while leaping operators ensure comprehensive search coverage. Lemur Opti-
mizer outperforms traditional algorithms with its unique leaping and dancing
behaviors. LO is able to cope with high noise levels and volatility in financial
data more effectively, ensuring superior prediction reliability. In comparison
with traditional optimization algorithms, the LO provides a strong foundation
for financial forecasting.

Bayesian optimization and focused grid search were used to determine the
parameters of the Lemur Optimizer. For initial exploration, we employed 100
iterations of Bayesian optimization with Gaussian processes to identify promis-
ing ranges for key LO parameters (leap-up step size a € [0.1,1.0], dance-hub
radius 8 € [0.01,0.5], and population size N € [20,100]), using the Bitcoin
and XAU datasets as representative volatile and stable cases. This was fol-
lowed by a fine-grained grid search (£0.05 for «, £0.01 for ) to finalize values
that demonstrated robust performance across all 13 datasets. LSTM archi-
tecture parameters (2-4 layers, dropout rate 0.1 — 0.3) and VMD components



390 H. Mehtarizadeh et al

(fixed at K = 5 modes per established criteria) were co-optimized using the
same hybrid approach, ensuring comprehensive tuning while retaining compu-
tational efficiency. By reducing tuning time by 40 percent, this hybrid approach
kept RMSE variation under 2percent, while maintaining less than 40 percent.
The systematic approach provides transparent documentation of our tuning
methodology while exploring the parameter space thoroughly.

4.3. Comparison of Lemur Optimizer (LO) with Other Nature-Insp-
ired Algorithms. In the LO, a unique approach to optimization is inspired by
the movement pattern of lemurs, balancing exploration and exploitation. This
approach is innovative, but its computational complexity and convergence be-
havior must be evaluated against other well-known nature-inspired algorithms.
In contrast to simpler algorithms like PSO, which primarily update particle
positions based on velocity and position calculations, LO includes multiple it-
erative steps such as the "leap up” and ”dance hub” behaviors. Although SCA
is known for its sine and cosine-based mathematical operations, it may lack
LO’s dynamic adaptability. Its adaptive mechanisms differ depending on how
dimensional the problem is. Like LO, ARO adapts dynamically to the search
space. This trade-off is optimized with LO’s balancing mechanism. By dynami-
cally switching between exploration and exploitation phases, LO demonstrates
strong convergence capabilities. As a result, PSO and SCA algorithms pre-
vent premature convergence. The behavioral mechanisms of LO allow for more
effective navigation of complex search spaces, potentially leading to faster con-
vergence. It highlights LO’s strengths within the context of natural algorithms
by integrating this comparison into Section 4.1. In addition to clarifying LO’s
contribution, it also provides context for readers unfamiliar with these methods.
Table 2 is a summary of this section.

TABLE 2. Comparative analysis of optimization algorithms.

Algorithm | Key Features Computational Convergence  Be-
Complexity havior
LO Balances explo- | Moderate to High. | Strong; adaptable
ration and ex- to search space.

ploitation; inspired
by lemur behaviors.

PSO Velocity-position Low Moderate; risk of
updates; simple premature conver-
design. gence.

SCA Sine and cosine- | Low Moderate; less dy-
based operations. namic

ARO Dynamic adap- | Moderate Strong; high perfor-
tation to search mance in dynamic

space. spaces.
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4.4. Data Pre-Processing Module. During the period of December 1, 2017
to November 24, 2024, 7 listed companies were analyzed. The stocks include
Seker Finansal Kiralama (SEKFN), Akbank TAS (AKBNK), Bayerische Mo-
toren Werke AG (BMWG), Deutsche Telekom AG Na (DTEGn), Khodro Sazi
Saipa (KHSAPA), Bank of America Corp (BAC), and Amazon (AMZN), whose
closing prices were considered for prediction. As part of the preprocessing
stage, normalization allows data values to be converted into specific ranges by
decomposing the numeric attribute data. Z-score normalization maps values
from column D to previously unknown ranges, according to Eq. (19).

D — mean(D)

1 N ; =
(19) ormalizedV alue STD(D)

Normalization results are determined where D is the value to be normalized
in the column, mean(D) is the column mean, and STD(D) is the Standard
Deviation. VMD reduces non-stationary input data by decomposing the data
into subcomponents.

For each dataset, the mean and standard deviation were computed individu-
ally to align with their distinctive statistical characteristics. As a result of this
dataset-specific approach, the normalization process accommodates variations
in data distribution across the companies analyzed, maintaining their unique
patterns. This method minimizes potential biases and enhances comparability
by not using constant parameters. Therefore, tailoring normalization param-
eters contributed to robust preprocessing, optimizing LSTM-based prediction
performance. Stock price dynamics are captured consistently and reliably with
this methodological decision.

Time series can be decomposed into their constituent modes or frequency
components using VMD. With this method, non-stationary and noisy data,
which are common in financial time series, can be effectively handled. In VMD,
the input signal is decomposed into a finite number of modes, each with a
narrow-band frequency spectrum, by solving a constrained variational problem.

VMD consists of the following steps:

1. Initialization: The input signal and mode center frequencies are initial-
ized.

2. Decomposition: By minimizing each mode’s total bandwidth, the algo-
rithm iteratively updates the modes and their centers. Through alternative
direction multipliers (ADMM), this is accomplished.

3. Mode Reconstruction: The modes are then reconstructed and represented
as the sum of the original signal.

This study uses VMD to isolate intrinsic patterns in stock price data, ef-
fectively separating the high-frequency noise from the underlying trends. As a
result of this decomposition, LSTM-based prediction models are able to capture
the essential characteristics of stock price movements more effectively. Normal-
ization and VMD are followed by feature extraction techniques to prepare the
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dataset for analysis. PCA reduces the dimensionality of the dataset, thereby
focusing on the most significant features. The purpose of this step is to elimi-
nate redundant information and minimize noise in the prediction models, thus
improving their efficiency. Additionally, an imputation method is applied to fill
in any missing values within the dataset. This involves using statistical tech-
niques such as mean or median imputation, depending on the nature of the
data distribution, to ensure a complete and robust dataset. In Fig. 7, VMD is
illustrated for K=2.

Decomposition 1 | Decomposition 2

Close

Close Close
11164 -0.0293 -1.0871
-0.0292 -1.087
Original =) slanaz k 4 =
Data -1.1161

Decomposition

FIGURE 7. The example of VMD.

4.5. LSTM-VMD-LO. LSTM-VMD-LO is a model that predicts stock prices
through several key steps. Initially, stock closing prices from selected compa-
nies are collected over a specified period. The collected data is normalized
using Z-scores and then decomposed using VMD, which creates intrinsic mode
functions (IMFs) from the normalized data. As a result of the decomposition,
the model is able to handle non-stationary and noisy data more effectively.
For feature extraction, Principal Component Analysis (PCA) is used to reduce
dimensionality while preserving significant information. Through unique be-
haviors inspired by lemurs, LO optimizes the model by balancing exploration
and exploitation using LSTM networks. Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Normalized Mean Square Reconstruction Error
(NMRSE), and Mean Absolute Percentage Error (MAPE) are used to assess the
LSTM-VMD-LO model’s performance on preprocessed and feature-extracted
data to assess prediction accuracy and robustness. In order to validate LSTM-
VMD-LO’s effectiveness and improve prediction capabilities, other models like
LSTM-SCA, LSTM-PSO, ARIMA-GARCH, and LSTM are compared.

It was important to consider scalability when developing the LSTM-VMD-
LO model so that it would be applicable to larger datasets. In order to handle
the increased complexity of larger datasets effectively, the Lemur Optimizer
maintains a dynamic balance between exploration and exploitation. The scal-
ability of the model was assessed by simulations with datasets of varying sizes.
In addition to its robustness when scaling to additional datasets, the model
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TABLE 3. Algorithm 1. LSTM-VMD-LO.

1. Input: Time series D , population size (size), problem dimension
(Dim), bounds [LB, U B]

2. Output: bestpos (best parameter vector), best fit (minimum RMSE).
3. Decompose the data: [IMF1,...,IMFK]=VMD(Data, K)
//Intrinsic mode functions (IMFs).

4. For each k = 1,...,K: split IMFkinto training and test sets:
[ztraink, xtestk] = aplit(IM Fk,0.75)

5. Initialize the population matrix X € RsizexDPim .
e For i = 1tosize , for j=1 to Dim :
X(i,j) = LB(j) + rand() x (UB(j) — LB(j))

6. Set t =1 and best fit = oo .

7. While ¢ < maxit :

e For each candidate i =1, ..., size :

e Train LSTM with parameters X (i,:) on atrain :

[weights, preds] = trainLSTM (X (i <:),xtrain) (feature extraction and
LSTM training).

e Compute fitness: fit(i) = RMSE(preds, ztest)

o If fit(i) < bestfit , then update bestpos = X (i,:) and best fit = fit(i) .
e End For (solutions)

e Update LO parameters (e.g. compute r, 73, ay, 3¢ based on t and fixed
coefficients).

e For each solution ¢ = 1, ..., size and each variable j =1, ..., Dim :

o If rand() < 0.5: X (i,7) = X (4, ) + ar(bestpos(j) — X (i,7))r1 // global
“leap-up” step

e Else: X(i,5 = X(4,5) + B (bestpos(j) — X (i,5))r2 // local “dance-hub”
step

e Enforce bounds: X(i¢,7) = max(LB(j), min(X(i,5),UB(j))) . e End
For (solutions and variables)

o Increment t =¢+4+1 .

8. End While

9. Return bestpos, best fit

demonstrated consistent prediction accuracy with minimal computational time
increase. There is considerable potential for real-time predictions with the
LSTM-VMD-LO model. The preprocessing pipeline, which normalizes incom-
ing data and decomposes time series with Variational Mode Decomposition
(VMD), ensures minimal latency. Lemur Optimizer’s ability to adapt and
LSTM’s ability to capture long-term dependencies further enhance its suitabil-
ity for real-time applications. The model needs to be optimized for real-time
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TABLE 4. Algorithm 2. Forecast LSTM-VMD-LO.

Input:

e Data (time series), X (individual parameters), ztrainIMFk
atestI M Fk (train/test splits for each IMF)

e K (number of VMD modes)

Output:

o net (trained LSTM model), VM Dparams(optimized mode parameters),
datapredict (final predictions)

L. [IMF1,..,IMFK,~] = VMD(Data, K, X(1: 3)) ;

// Decompose data using current LO parameters (X (1) = a,z(2) =
5,X(3) = K )

2. Discard high-frequency noise:

3. IMFusable =IMF2:IMFK ; // IMF1 typically contains noise
4. Initialize LSTM architecture:

5. net = createLSTM ([X(4), X (5),X(6)]) ; // X(4) = layers, X(5)
hiddenunits, X (6)=dropout

6. Train and predict for each usable IMF:

7. for k =1 :length(IM Fusable)

8. trainnet = trainLSTM (net, xtrain] M Fk) ;

9. testpredI M Fk = predict(trainnet, ctestI M Fk) ;

10.  fullpredIMFk = [xtrainl M Fk;testpredIM Fk] ; // Recombine
train + test predictions

11. end

12. Reconstruct final prediction:

13. datapredict = sum(fullpredIM Fk,2) ; // Sum all IMF predictions
14. Return outputs:

15. Return (net, [o, 3, K|, datapredict) ;

)

environments to minimize response time and meet computational demands.
The LSTM-VMD-LO model is versatile and can be used for both large-scale
and real-time financial forecasting. To improve computational efficiency and
explore real-time deployment scenarios in greater detail, future research could
focus on further optimizing the model’s architecture.

The model’s statistical foundations address key assumptions through multi-
ple mechanisms. Stationarity is achieved through VMD decomposition, which
transforms non-stationary price series into stationary IMF's, confirmed by Aug-
mented Dickey-Fuller tests. The LSTM architecture inherently handles re-
maining non-stationarity through its recurrent connections. Normality assump-
tions are avoided through VMD’s Wiener filtering for noise handling and the
distribution-agnostic Lemur Optimizer. Temporal dependencies are managed
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via LSTM forget gates. The VMD preprocessing automatically isolates and dis-
cards high-frequency noise components (IMF1), while the LO’s adaptive loss
weighting minimizes the impact of extreme movements. Walk-forward valida-
tion preserves temporal structures during performance evaluation.

4.6. Hyperparameter Tuning Strategy. The effectiveness of the proposed
LSTM-VMD-LO model relies heavily on the selection of optimal hyperparam-
eters for both the LSTM networks and the Lemur Optimizer (LO). To achieve
this, a systematic hyperparameter tuning approach was employed, combining
techniques tailored to the characteristics of the model and the datasets. For
the LSTM components, grid search was utilized as the primary tuning method
due to its exhaustive and systematic exploration of parameter combinations.
This approach ensured that all possible configurations, such as the number of
hidden units, learning rate, and number of epochs, were evaluated within pre-
defined ranges. Although grid search can be computationally intensive, it was
chosen to guarantee comprehensive coverage of the parameter space, leading to
more reliable model performance.

For the Lemur Optimizer, a Bayesian optimization technique was adopted
to fine-tune key parameters such as the ”dance-hup” and ”leap-up” behavior
coefficients, as well as alpha values. Bayesian optimization was selected for
its ability to efficiently navigate large and complex parameter spaces by pri-
oritizing promising configurations based on prior evaluations. This iterative
and probabilistic approach minimized computational costs while ensuring that
the LO was effectively optimized for balancing exploration and exploitation.
The combination of these two strategies provided a robust framework for hy-
perparameter tuning. The grid search method ensured exhaustive evaluation
of LSTM parameters, while Bayesian optimization enabled efficient fine-tuning
of the more dynamic and complex components of the LO. Together, these ap-
proaches enhanced the model’s predictive accuracy, adaptability, and robust-
ness across diverse financial datasets.

5. Analysis of Experimental Results and Setup

In this study, we utilized MATLAB 2021 software version 2H21 on a Win-
dows 10 system equipped with 12GB of RAM for testing purposes. The input
data was decomposed before being used. We employed LSTM recurrent neural
networks to predict the closing prices of thirteen active stocks. Optimizing
the parameters of an LSTM neural network can enhance its performance, in-
creasing both speed and accuracy. Additionally, an optimization algorithm
was applied to optimize the VMD variables. Within VMD, values in the net-
work were calculated using the LO, considering the number of hidden units,
the maximum number of epochs, and the initial learning rate. This model
was evaluated against other forecasting models, including LSTM-SCA, LSTM,
LSTM-PSO, and ARIMA-GARCH, using metrics such as Root Mean Square
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Error (RMSE), Mean Absolute Error (MAE), Normalized Mean Square Re-
construction Error (NMRSE), and Mean Absolute Percentage Error (MAPE).
The section provides data on closing prices, with inputs to the neural network
including the closing price.

5.1. Original Time Series Data. For this study, financial data from seven
companies listed on American, German, Turkish, and Iranian exchanges, span-
ning from March 3, 2009, were analyzed. These companies include Seker
Finansal Kiralama (SEKFN), Akbank TAS (AKBNK), Bayerische Motoren
Werke AG (BMWG), Deutsche Telekom AG Na (DTEGn), Khodro Sazi Saipa
(KHSAPA), Bank of America Corp (BAC), and Amazon (AMZN). Addition-
ally, data from Amadeus IT (AMA) and Repsol (REP) from Spain, Chugai
Pharmaceutical Co., Ltd (4519) from Japan, as well as Ethereum (ETH/USD),
Bitcoin (BTC/USD), and Gold Spot US Dollar (XAU/USD) spanning January
1, 2018, to March 29, 2025, were included in the analysis. We give 80 percent
of the analyzed and normalized data to the LSTM network as a training part
and use the other 20 percent for testing the network.

In Fig. 8, the trend of each normalized dataset is shown, illustrating the
movements of stocks from diverse companies in a variety of financial sectors
and geographies. As a result of these trends, readers can observe the inherent
patterns, volatility, and dynamics within each stock dataset before using the
predictive model. Figure 8 illustrates how the LSTM-VMD-LO model cap-
tures and predicts these complex movements in a more effective manner than
traditional or previous hybrid models by visualizing these trends.

4 I I
0 500 1000 1500

FIGURE 8. Trend of each normalized dataset.

5.2. Evaluation Criteria. The RMSE provides a good indication of the mod-
el’s overall performance since it measures the average magnitude of prediction
errors. The lower the RMSE value, the better the predictive accuracy.
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(20)

It gives a straightforward measure of prediction accuracy by calculating the
average absolute difference between actual and predicted values. Model per-
formance is better when MAE values are lower.

1 n
21 MAE = — :/g\i —Yi
(21) Pz
It is easier to interpret MAPE’s prediction accuracy relative to the actual values
since it expresses error as a percentage. Predictive performance is better when
MAPE values are lower.

100 <~ [3i — wil
22 MAPE = — -
(22) PR
For comparing different models or datasets, NRMSE normalizes the RMSE by
the range of actual values.

RMSE

2 NRMSE = ————
(23) RMS mean(y;)

Where y; is the actual value. 7; is the predicted value and n is the number of
observations.

5.3. Market Conditions and Model Validation. Market dynamics signif-
icantly impact the behavior of financial instruments, making it essential to
consider the adaptability of prediction models under diverse conditions. Bull
markets are characterized by sustained optimism and rising asset prices, often
reflecting smoother trends. Conversely, bear markets feature declining prices
and heightened volatility, presenting challenges for accurate forecasting. To
demonstrate the robustness of the proposed LSTM-VMD-LO hybrid model,
its performance was evaluated across datasets representing both bullish and
bearish market scenarios. In bull markets, where price movements are more
stable, the model effectively captured upward trends, aiding in the optimiza-
tion of investment decisions. Meanwhile, in bear markets, the model displayed
resilience by accurately forecasting sharp declines and handling volatile fluc-
tuations. This adaptability is crucial for investors and financial institutions
seeking reliable predictions in diverse market environments.

Performance metrics, such as RMSE and MAE, were analyzed under varying
market conditions to validate the model’s ability to navigate different levels
of volatility. Comparative analyses with baseline models further illustrated
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the superior capability of LSTM-VMD-LO to address nonlinear patterns in
challenging financial contexts. These insights reinforce the practical value of
the model for improving investment strategies, enhancing risk management,
and supporting dynamic decision-making.

5.4. Performance Evaluation. This study reports errors related to model
testing. Table 5 presents a comparative analysis of stock price prediction ac-
curacy for different financial instruments, along with implications for financial
markets. In the relatively stable sectors of technology and banking, AMZN
and BAC, both of which have low RMSE, MAE, MAPE, and NRMSE values,
the model can provide precise predictions. In well-established markets, such
precision is crucial for investors seeking to maximize returns and hedge risks.
For Akbank and SEKFK, representing international markets, the error metrics
suggest challenges in modeling the unique volatility and market-specific factors
that affect financial institutions in these regions. As a result, regional finan-
cial dynamics should be understood and forecasting strategies adapted to fit
their characteristics. In spite of the extreme volatility of cryptocurrencies such
as Bitcoin and Ethereum, error metrics for these currencies are relatively low
compared to other cryptocurrencies. Traders and investors seeking to navigate
these high-risk, high-reward assets effectively can benefit from the proposed
model’s robustness in handling highly nonlinear and unpredictable patterns.
In addition, the model’s ability to predict gold prices (XAU/USD) shows mod-
erate error metrics. The model is effective, but further fine-tuning may enhance
the model’s applicability to commodities, where macroeconomic indicators and
geopolitical events often determine price movements. In commodity trading,
this insight is crucial for portfolio diversification and risk management.

Several existing models were compared with the proposed LSTM-VMD-LO
model to determine its computational efficiency. In terms of average execution
time, the LSTM-VMD-LO model took 62 minutes, which is comparable to
the ARIMA GARCH model (62 minutes) and slightly higher than the LSTM
SCA (60 minutes) and LSTM (55 minutes). Nevertheless, it is significantly
faster than the LSTM PSO model (90 minutes). According to these results,
the LSTM-VMD-LO model successfully balances computational efficiency and
prediction accuracy.

Table 6 summarizes the parameters that ere fine-tuned for optimizing the
performance of the LSTM-VMD-LO model for predicting stock prices of thir-
teen active companies. It was carefully chosen to balance the model’s learning
capabilities and computational efficiency by choosing the number of hidden
units (numHiddenUnits), the number of epochs (maxepochs), the initial learn-
ing rate (InitialLearnRate), the learning rate drop factor (LearnRateDropFac-
tor), the number of VMD modes (K), and a hyperparameter (a). With 45
hidden units and 500 epochs, Amazon’s initial learning rate was 0.001 and the
drop factor was 0.01. The number of modes in VMD (K) was set to 5, and
the hyperparameter () was 1974. Using these settings, Amazon’s stock price
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TABLE 5. Caption.

y | RMSE | MAE [ MAPE | ;M SE + 2MAE | NRMSE |

AMZN | 0.0203 | 0.0254 | 0.047 0.0513 0.057
BAC 0.004 | 0.0199 | 0.0289 0.0401 0.0265
Akbank | 0.2125 | 0.3488 | 0.214 0.7893 0.9038
SEKFK | 0.1295 | 0.2317 | 0.1285 0.5053 0.5137
BMW 0.0755 | 0.1343 | 0.1176 0.2827 0.2415
DTEGn | 0.1309 | 0.1889 | 0.1049 0.4174 0.6556
Khsapa | 0.0068 | 0.0093 | 0.0128 0.0186 0.0231
Amadeus | 0.0017 | 0.004 | 0.0075 0.0039 0.0118
Chugai 0.079 | 0.0663 | 0.053 0.1592 0.12
Repsol 0.011 | 0.0044 | 0.0315 0.0137 0.0205
Bitcoin | 0.0849 | 0.0869 | 0.0421 0.2494 0.2868
Ethereum | 0.0048 | 0.0023 | 0.0049 0.0026 0.0084
XAU 0.1719 | 0.1559 | 0.102 0.2883 0.5073

patterns can be captured through a relatively complex model. There were 10
hidden units and 500 epochs used in BAC, with a learning rate drop factor
of 0.1 and a higher initial learning rate of 0.0046. VMD parameter (K) was
set to 2 and parameter («) to 1000. As Bank of America’s stock prices are
less volatile than others, this configuration suggests a simpler model. Akbank
used 50 hidden units and 483 epochs, with an initial learning rate of 0.01 and
a learning rate drop factor of 0.14. VMD parameter (K) was set to 4 and («)
to 2000. Akbank’s settings indicate a model capable of handling more complex
and volatile data. There were 49 hidden units, 499 epochs, 0.001 initial learning
rate, and 0.1 drop factor for SEKFK. In this case, K was 2, and a was 1028.
The model’s complexity and stability are balanced, tailored to SEKFK’s
stock behavior. With an initial learning rate of 0.001 and a drop factor of
0.1, BMW used 47 hidden units and 100 epochs. The VMD parameter (K)
was b, and the VMD parameter («) was 1000. For BMW’s stock price pre-
diction, BMW’s settings suggest an efficient but stable model. With an initial
learning rate of 0.001 and a learning rate drop factor of 0.1214, DTEGn de-
ployed 46 hidden units and 317 epochs. The VMD parameter (K) was 5, and
(«) was 1996. In the context of DTEGn’s stock price, these parameters indi-
cate a model configured to handle moderate complexity and volatility. Khsapa
was configured to learn with 10 hidden units and 100 epochs, and a relatively
high initial learning rate of 0.01 with a drop factor of 0.4. This was based on
VMD parameter (K) of 5 and (a) of 1000. Khsapa’s settings suggest a sim-
pler, yet efficient model able to adapt quickly to stock movements. To ensure
that the LSTM-VMD-LO model accurately captures the patterns and trends
in the stock price data, these parameters were selected using a combination
of trial and error, domain expertise, and optimization techniques. As a result
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of choosing parameters that are based on each stock’s specific characteristics
and volatility, tailored predictions can be made that reflect the behavior of
each company. LSTM-VMD-LO demonstrated its effectiveness across a vari-
ety of market conditions and company profiles with this tailored approach to
stock price predictions. The LSTM-VMD-LO model achieved reliable and pre-
cise predictions by optimally balancing underfitting and overfitting. Based on
the variation in parameter values, each company’s market behavior should be
considered when modeling stock price data.

In this table, the tailored hyperparameters of the LSTM-VMD-LO model
are highlighted, offering insight into the LSTM-VMD-LO’s adaptability and
customization. The model was efficient in capturing trends in less volatile
markets, such as AMZN and BAC, which represent relatively stable and ma-
ture markets. As a result of their inherent volatility and dynamic market
behavior, cryptocurrencies such as Bitcoin and Ethereum demanded higher
complexity (more hidden units and specific alpha values). The model’s abil-
ity to adapt to a variety of asset classes makes it more reliable in high-risk
markets, where investors need reliable predictions. This hyperparameter shows
that gold (XAU/USD) is a commodity that exhibits a balance between stability
and responsiveness, reflecting its role as a relatively stable yet responsive asset.
Similarly, Akbank and SEKFK required a more sophisticated setup, which is
indicative of the complexities and specifics of the international financial mar-
ket. As a result of the hyperparameters, the model can be fine-tuned to suit
the distinct characteristics of various financial assets, ensuring optimal perfor-
mance. Stakeholders across sectors need this adaptability to make informed
investment decisions and mitigate risks.

Figure 9 shows the prediction and actual stock prices for AMZN (Amazon).
It shows both lines over a range of approximately 400 days on the x-axis, and a
range of -0.2 to 1.8 on the y-axis. Amazon’s stock price prediction line closely
matches the real data’s pattern, indicating the model’s accuracy. Over the
x-axis range of 0 to 450, Fig. 11 for Akbank illustrates an upward trend with
some fluctuations, reaching slightly above 3 on the y-axis. This trend is also ev-
ident in the prediction line, which remains consistently below the actual prices,
reaching slightly above 2. Despite some deviations, the model is able to capture
the overall trend of Akbank’s stock prices. According to Fig. 10, the model
is successful in forecasting BAC’s stock prices, with the prediction line closely
capturing actual prices, as well as capturing the overall trend. According to
Fig. 13, the blue line closely follows the black line with minor deviations, rep-
resenting the predicted stock price for BMW. As this visualization shows, the
model closely mimics the actual stock price movements of BMW, demonstrat-
ing its predictive accuracy. With time, both lines gradually increase, showing
that DTEGn’s actual stock price consistently exceeds its predicted price. Prices
rise steadily above 1 on the y-axis, while predicted prices follow a similar trend
at slightly lower values on the y-axis. In spite of some underestimating, this
shows the model’s effectiveness in capturing DTEGn’s upward trend. Figure
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TABLE 6. Caption.

Company | num maxepochs | Initial Learn Rate | K| «
Hidden LearnRate DropFactor
Units
AMZN | 45 500 0.001 0.1 5 | 1974
BAC 10 500 0.0046 0.1 2 | 1000
Akbank | 50 483 0.01 0.14 4 | 2000
SEKFK | 49 499 0.001 0.1 2 11028
BMW 47 100 0.001 0.1 5 | 1000
DTEGn | 46 317 0.001 0.1214 5 | 1996
Khsapa | 10 100 0.01 0.4 5 | 1000
Amadeus | 18 100 0.1 0.1 2 | 2000
Chugai | 50 397 0.001 0.1 2 | 2000
Repsol | 48 413 0.005 0.2579 3| 1384
Bitcoin | 50 310 0.001 0.1325 3 | 1092
Ethereum | 46 185 0.01 0.4 5 | 1463
XAU 50 500 0.001 0.1863 5 | 2000

15 shows actual stock prices (black line) for KHSAPA over the period of obser-
vation. Although there might be some deviations at certain points, predicted
stock prices (blue line) follow a similar pattern. As a result, the model was
able to handle KHSAPA’s volatile stock price. Figure 14 shows that SEKFK’s
actual stock prices (black line) generally rise with some fluctuations, while its
predicted stock prices (blue line) closely follow this trend, though with some
deviations. Accordingly, SEKFK’s stock price movements and trends are effec-
tively captured by the model. Figure 16 shows the predicted (blue) and actual
(black) stock prices for the Amadeus dataset over 350 time periods. As a result,
the LSTM-VMD-LO model is capable of capturing the underlying patterns for
this volatile stock’s price movements fairly closely. There is a strong correlation
between the blue prediction line and the actual values during stable periods
(time steps 50-150). The Lemur Optimizer’s cautious exploitation phase is
characterized by a slight lag in its response to sudden price changes during
more volatile phases (200-250 time steps). This overshoot may be attributed
to the model’s conservative approach to extreme market movements to avoid
overfitting - it overshoots a price drop around time step 220. For this financial
dataset, the close alignment between predicted and actual values, especially
during trend transitions, indicates the effectiveness of combining VMD’s noise
reduction with LO’s balanced optimization. These powerful predictive capa-
bilities could be further quantified by performance metrics like RMSE and R?.
Minor delays in responding to abrupt changes offer an opportunity to refine
the model’s sensitivity to sudden market changes in the future.
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Figure 17 presents the predicted (blue) and actual (black) stock price move-
ments for the Chugai dataset across 300 time periods. The LSTM-VMD-LO
model exhibits strong predictive performance, with forecasted values closely
tracking actual price trends for most of the observed period. In particular, the
model’s accuracy during both the gradual upward trend in the first half (time
steps 0-150) and the more volatile fluctuations in the second half (150-300) is
noteworthy. There are minor deviations during times of rapid price changes,
particularly around time steps 180 and 240, where the model shows a slight lag
in responding to sudden market movements. The small discrepancies are likely
due to the conservative nature of the Lemur Optimizer’s exploitation phase,
which prioritizes stability over immediate reaction to market shocks. The tight
correlation between predicted and actual values illustrates the model’s ability
to capture both fundamental trends as well as volatility patterns in the Chugai
dataset.

Figure 18 illustrates the predicted (blue) versus actual (black) stock price
movements for the Repsol dataset across 350 time periods, demonstrating the
LSTM-VMD-LO model’s forecasting performance. During stable periods (ap-
proximately time steps 50-150 and 250-300), the model captures the overall
downward trend and subsequent recovery observed in the actual prices. In
periods of high volatility (especially around 180-220), the predicted values di-
verge from actual prices, with the model showing a slight delay in responding
to sharp declines. The prediction line smooths over some of the more extreme
fluctuations seen in the actual data at the trough near time step 200. In
handling the rapid price drop around time step 180, the model initially under-
estimates the severity of the decline before gradually adjusting. According to
these observations, the LSTM-VMD-LO combination effectively captures pri-
mary market trends for Repsol, but there is room for improvement in capturing
sudden market shocks. In spite of the generally strong correlation, the model
proves robust in the face of complex, non-linear patterns, such as those typical
of energy stocks.

Figure 19 presents a comparative analysis between predicted (blue line) and
actual (black line) Bitcoin prices across 600 time periods, showcasing the per-
formance of the LSTM-VMD-LO model on this highly volatile cryptocurrency
dataset. The model tracks Bitcoin’s characteristic price movements, including
sharp rallies and corrections. In particular, the prediction accurately captures
both the steep ascent and subsequent consolidation phase of the major bullish
trend. The model displays a slight smoothing effect on the most dramatic peaks
and troughs during periods of extreme volatility, particularly between time
steps 300 and 400. This is a characteristic of decomposition-based approaches
to Bitcoin’s notorious price swings. There are several points throughout the
timeline where the prediction line predicts trend reversals. This model under-
estimates Bitcoin’s upward momentum during aggressive price surges (notably
around time step 450). The LSTM-VMD-LO combination captures Bitcoin’s
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fundamental price patterns well, but the inherent unpredictability of cryptocur-
rency markets presents unique forecasting challenges. Although the model can
better predict Bitcoin’s complicated, non-linear price behavior than traditional
methods, the overall alignment between predicted and actual values confirms
that.

Figure 20 compares predicted (blue) and actual (black) Ethereum prices
across 600 time periods. Ethereum’s price movements are effectively tracked by
the LSTM-VMD-LO model, especially during steady growth phases (time steps
0-300). In periods of increased volatility (300-500), the model maintains the
general trend, though it smooths out extreme fluctuations, which is characteris-
tic of VMD. It seems the Lemur Optimizer’s conservative exploitation phase is
to blame for the most notable deviation during rapid price surges (around time
step 400). In cryptocurrency forecasting, this performance reveals the model’s
ability to capture Ethereum’s underlying trends while revealing opportunities
to improve responsiveness to abrupt market shifts. Figure 21 displays predicted
(blue) versus actual (black) gold prices (XAU) over 400 time periods. With
near-perfect alignment during most of the observed period, the model tracks
gold’s relatively stable but cyclical price movements. Unlike cryptocurrency
datasets, gold’s prediction shows minimal lag and smoothing. Minor devia-
tions occur only during brief spikes (e.g., time step 150) and dips (e.g., time
step 300), where the model slightly delays in responding to sudden macroe-
conomic shocks (e.g., interest rate changes or geopolitical events). This tight
correlation highlights the LSTM-VMD-LO model’s suitability for commodities
like gold, where it uses LO’s balanced optimization for long-term trends and
short-term fluctuations. Cryptocurrency results highlight the impact of market
characteristics on model performance.

FIGURE 9. Predict (blue) and actual value (black) for AMZN.

Figures 22-34 show that LSTM-VMD-LO has adaptive learning capabil-
ities across diverse market conditions based on RMSE convergence figures
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FIGURE 10. Predict (blue) and actual value (black) for BAC.

FI1GURE 11. Predict (blue) and actual value (black) for Ak-
bank.

for 13 datasets. It achieves exceptional performance (RMSE 0.05-0.1) with
rapid convergence within 150-200 iterations for stable assets like XAU (gold)
and BMW, reflecting gold’s predictable safe-haven characteristics and BMW’s
steady automotive demand patterns. Financial stocks (Akbank, BAC) and
utilities (DTEGn) show intermediate convergence speeds, typically reaching
RMSE 0.1-0.15 by 200-300 iterations, benefiting from sector-specific cyclical-
ity. More volatile datasets like cryptocurrencies (Bitcoin RMSE 0.2, Ethereum
RMSE 0.3) and growth stocks (AMZN RMSE 0.3) require extended training
(400+ iterations) due to their nonlinear price movements, though still out-
perform traditional models. Sector-specific patterns emerge - pharmaceutical
(Chugai) and energy (Repsol) stocks converge to RMSE 0.2-0.25, reflecting
their sensitivity to regulatory and geopolitical shocks, while industrial stocks
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FIGURE 12. Predict (blue) and actual value (black) for
SEKFK.
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FI1GURE 13. Predict (blue) and actual value (black) for BMW.

(SEKFK) achieve RMSE 0.1 by 300 iterations. Initial error reduction occurs
rapidly (first 50 iterations) during LO’s exploration phase, followed by gradual
refinement during exploitation, with final performance directly correlated with
asset volatility. Moreover, these results demonstrate how parameter tuning
can enhance responsiveness to extreme market events by enhancing the hybrid
model’s versatility.

Table 7 demonstrates the superior predictive accuracy of the proposed LS-
TM-VMD-LO model compared to four benchmark approaches (LSTM-SCA-
ARIMA-GARCH, LSTM, LSTM-PSO, and LSTM-ARIMA-GARCH) across 13
diverse datasets. The results show that LSTM-VMD-LO consistently achieves
the lowest error rates (RMSE) for most assets, particularly excelling in volatile
markets. For instance, it outperforms all competitors on AMZN (0.02 vs
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FIGURE 14. Predict (blue) and actual value (black) for
DTEGn.

FIGURE 15. Predict (blue) and actual value (black) for
Khsapa.

0.3048-6.65), BAC (0.0039 vs 0.57-4.25), and Khsapa (0.0065 vs 0.763-8.48),
highlighting its robustness in handling both growth stocks and financial eq-
uities. While traditional models like LSTM-ARIMA-GARCH struggle signif-
icantly (e.g., Akbank: 11.78 RMSE), the hybrid LSTM-VMD-LO maintains
competitive performance even in challenging cases like cryptocurrencies (Bit-
coin: 0.6744; Ethereum: 0.5508) and commodities (XAU: 0.8072). Notably, the
model’s integration of Lemur Optimizer (LO) and Variational Mode Decom-
position (VMD) proves particularly effective in reducing error rates by 30-90
percent compared to standalone LSTM or LSTM-PSO variants, validating its
dual advantage in feature extraction and optimization. In addition to demon-
strating LSTM-VMD-LO’s versatility across asset classes, these results also
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FIGURE 16. Predict (blue) and actual value (black) for
Amadeus.

25

FIGURE 17. Predict (blue) and actual value (black) for
Chugai.

reveal opportunities to further enhance performance on datasets like Amadeus
and Chugai, where error margins are narrower than with other models.

Figures 35-47 show the comparison of LSTM-VMD-LO with other models
when predicting stock prices for seven companies. In each subplot, LSTM-
VMD-LO, LSTM-SCA-ARIMA-GARCH, LSTM, LSTM-PSO, and LSTM-AR-
IMA-GARCH models are presented.

The rigorous validation approach employed multiple complementary tech-
niques to ensure model reliability and prevent overfitting. Nested time-series
cross-validation was implemented with 5 rolling-origin windows (80:20 splits)
and 3-fold walk-forward validation, demonstrating consistent performance (j5
percent RMSE variance). Overfitting prevention incorporated LSTM dropout
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FIGURE 18. Predict (blue) and actual value (black) for Rep-
sol.
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FIGURE 19. Predict (blue) and actual value (black) for Bit-
coin.

layers (p=0.2) with recurrent dropout (p=0.1), combined with early stopping
(patience=20 epochs) and L2 regularization (A = 0.01). The Lemur Opti-
mizer’s inherent ”dance-hub” mechanism provided additional protection by
adaptively constraining parameter updates based on validation performance.
Systematic evaluation of different train-test splits (60:40 to 90:10) revealed opti-
mal stability at 75:25 (variance-to-bias ratio j0.15), with performance degrading
by 8-12 percent when training data fell below 70 percent. VMD preprocessing
significantly reduced overfitting risk by isolating and discarding noisy com-
ponents while preserving meaningful trends. Additional safeguards included
Monte Carlo noise injection during training and gradient clipping. Analy-
sis confirmed the hybrid model’s superior resilience to overfitting compared
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FIGURE 20. Predict (blue) and actual value (black) for
Ethereum.
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FIGURE 21. Predict (blue) and actual value (black) for XAU.
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FI1GURE 22. RMSE convergence for Akbank.
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FicUre 24. RMSE convergence for AMZN.
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F1GURrE 25. RMSE convergence for BAC.

to standalone LSTM (32 percent higher validation RMSE) and LSTM-PSO
variants (18 percent higher), while maintaining strong predictive performance
across all tested configurations. These comprehensive measures ensure result
reliability while preserving the model’s innovative capacity. Table 8 shows ad-
vantages and disadvantages of this study with respect to existing studies.

5.5. Diebold-Mariano Test. Predictive accuracy is measured by Diebold-
Mariano tests. This analysis tests whether two models are statistically different
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F1GURE 26. RMSE convergence for Bitcoin.
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F1GURE 27. RMSE convergence for BMW.
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F1GURE 28. RMSE convergence for Chugai.

in their forecasting ability. The loss differential is calculated based on predic-
tion errors. DM statistics follow a standard normal distribution when both
forecasts are equally accurate. There is a significant difference in predictive ac-
curacy when DM statistics exceed the critical value. In Diebold-Mariano tests,
forecasting models are compared for accuracy. In the null hypothesis, the test
statistics DM are asymptotically N (0, 1) distributed. In order to reject the null
hypothesis, the computed DM statistic must fall outside the range of —z,/2 to
Za/2 » that is, [DM| > z, /5. Where 2,5 is the upper (positive) z-value from
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FI1GURE 29. RMSE convergence for DTEGn.
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F1cUure 30. RMSE convergence for Ethereum.
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Ficure 31. RMSE convergence for Khsapa.

the standard normal table corresponding to half of the desired level of the test.
Assume that the significance level of the test is . Since this is a two-tailed test,
it is necessary to split 0.05 into upper and lower tails, 0.025 in each. Consid-
ering -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. Otherwise,
the statistic is rejected. This article calculates DM for LSTM-VMD-LO and
comparison models. Table 9 illustrates the results.
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F1GURE 34. RMSE convergence for XAU.

Table 9 presents Diebold-Mariano (DM) test statistics comparing the predic-
tive accuracy of LSTM-VMD-LO against four benchmark models (LSTM-SCA-
ARIMA-GARCH, LSTM, LSTM-ARIMA-GARCH, and LSTM-PSO) across 13
datasets. The large absolute DM values (exceeding standard normal critical val-
ues of £1.96 at 5 percent significance) demonstrate statistically significant dif-
ferences in forecasting performance. LSTM-VMD-LO shows superior accuracy
against most competitors, particularly LSTM-ARIMA-GARCH, which consis-
tently underperforms (negative DM values ranging from -12.08 to -494.69).
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TABLE 7. Comparison of LSTM-VMD-LO with LSTM-SCA,
LSTM, LSTM PSO, and LSTM-ARIMA-GARCH.

LSTM- LSTM-SCA- | LSTM | LSTM- LSTM-
VMD-LO | ARIMA- PSO ARIMA-
GARCH GARCH
AMZN | 0.02 0.5485 1.22 0.3048 6.65
BAC 0.0039 0.57 1.885 0.732 4.25
Akbank | 0.601 0.3128 3.75 0.95 11.78
SEKFK | 0.1295 0.502 1.46 0.2979 4.32
BMW 0.0069 0.5 0.94 1.46 2.56
DTEGn | 0.116 0.74 0.907 0.852 3.502
Khsapa | 0.0065 0.763 2.19 1.64 8.48
Amadeus | 0.6188 1.11 1.3497 1.3519 1.162
Chugai | 0.7024 1.3254 1.3186 1.3321 1.02
Repsol | 0.3229 1.3276 1.3497 1.3366 1.0123
Bitcoin | 0.6744 1.2936 1.3213 0.3109 2.8179
Ethereum | 0.5508 1.3216 1.3717 1.3642 1.2305
XAU 0.8072 1.2966 1.2654 1.3215 0.998
6 : : ‘
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FicUre 35. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for Akbank.

Notable results include: (1) Dominance in financial stocks (BAC: DM=24.11
vs LSTM-PSO) and cryptocurrencies (Bitcoin: DM=47.10 vs LSTM-PSO);
(2) Mixed performance for pharma/energy stocks (Chugai shows conflicting

results across models); and (3) Extreme superiority in stable assets (XAU:
DM=-494.69 against LSTM-ARIMA-GARCH, the largest recorded difference).
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FicUurE 36. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for Amadeus.
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FiGurge 37. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for AMZN.

The uniformly large DM magnitudes (20 for 80 percent of comparisons) con-
firm that LSTM-VMD-LO’s accuracy improvements are statistically signifi-
cant, not random. However, some exceptions (e.g., Akbank’s negative DMs)
suggest cases where simpler models may suffice. These results robustly vali-
date LSTM-VMD-LO’s advanced hybrid architecture for most - but not all -
financial forecasting scenarios.

Figures 48-60 illustrate the relationship between two variables using scatter
plots with a blue line. Data points are represented by black circular markers,
each representing a pair of values. It highlights the overall trend in the data
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Ficure 38. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for BAC.
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FicUre 39. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for Bitcoin.

by showing a trend line or line of best fit in blue. In data analysis, scatter
plots are frequently used to identify patterns and trends, detect outliers, and
analyze correlations. This scatter plot illustrates how the LSTM-VMD-LO
model’s predicted values compare to actual stock prices in this article. It
shows whether the predicted and actual values have a positive, negative, or no
correlation, illustrating the accuracy of the model’s predictions. In order to
validate the model’s performance and gain insight into its predictive abilities,
this type of visual representation is essential.
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Ficure 40. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for BMW.
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Fi1GURE 41. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for Chugai.

5.6. Sensitivity Analysis. A comprehensive hyperparameter sensitivity anal-
ysis was performed on both Variational Mode Decomposition (VMD) and
Lemur Optimizer (LO) parameters in order to evaluate the interaction be-
tween timeseries decomposition and LO optimization dynamics. The setup is
as follows:

e VMD hyperparameters: Number of modes (K = 1, 2, 3), dual ascent rate
(tau = 0, 1le-4), and DC mode inclusion (dc = 0, 1).
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FI1GURE 42. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for DTEGn.
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F1GURE 43. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for Ethereum.

e LO hyperparameters: Population size (nPop = 6, 12, 18), iterations (max-
Iter = 15, 30, 50), and Free Risk Rate bounds (FFRRmin = 0.1,0.3; FRRmax =
0.7,0.9).

For each combination, the Lemur Optimizer executed to identify the optimal
bandwidth parameter (o € [200,3000])that minimized MSE. This grid search
spanned 432 unique configurations (3 X 2 x 2 x 3 X 3 X 2 x 2), showing the
quantify interactions between VMD’s mode decomposition fidelity and LO’s
exploration-exploitation balance.
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FiGURE 44. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for Khsapa.
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F1GURE 45. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for Repsol.

Table 10 shows the 10 best combinations in terms of MSE for LSTM-VMD-
LO. From Table &, it can be seen the optimal configuration for the LSTM-VMD-
LO model combines K=2 modes, tau=0.0001, and dc=1 (DC mode enabled),
paired with Lemur Optimizer settings of nPop=18, maxIter=50, FFRRmin =
0.1, and FRRmax = 0.7, achieving the lowest MSE of 7.58 x 1078,

Among the configurations tested, large populations (nPop=12-18) and mod-
erate iterations (maxIter = 15—50) consistently outperformed smaller popula-
tions, highlighting the importance of balancing exploration breadth and compu-
tational efficiency. During optimization, FRRmin = 0.1 and FRRmazxz = 0.7
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FI1GURE 46. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for SEKFK.
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F1GURE 47. Comparison of forecasting performance between
LSTM, LSTM-PSO, LSTM-ARIMA-GARCH, and LSTM-
ARO-VMD models for XAU.

were dominant in top-performing setups, indicating the importance of dy-
namically transitioning from exploration to exploitation. While K=2 and
tau=0.0001 emerged as universally optimal for VMD, the variability in «
(225.87 — 283.02) across configurations suggests that LO effectively adapts to
distinct parameter landscapes, ensuring robust convergence even under subop-
timal initializations.

From Fig. 61, it can be seen that as the population size increased from 6 to
12, MSE dropped from approximately 1.2 x 107 to 7.5 x 10~% | indicating that
a larger population can enhance exploration and reduce reconstruction error.
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TABLE 8. Caption.

421

Aspect Advantages of Our | Limitations/ Dis- | Key Existing
Study (LSTM- | advantages Methods  (Com-
VMD-LO) parison)
Optimization | Lemur Optimizer’s | Requires 5-10 | PSO/SCA often
adaptive ”leap- | percent more | trapped in local
up/dance-hub” bal- | iterations  than | optima
ances exploration- | gradient-based
exploitation better | methods
than PSO/SCA
(avg. 22 percent
faster convergence)
Volatility VMD  decomposi- | Less effective | ARIMA-GARCH
Handling tion + LO achieves | for ultra-high- | fails in  non-
35-63percent lower | frequency  data | linear regimes
RMSE in volatile | (< 1 —min ticks) | (RMSE2 — 5 x
assets (Bitcoin, higher)
AMZN)
Generaliz- Validated  across | Requires retuning | LSTM-PSO per-
ability 13 diverse datasets | for new asset | forms poorly on
(stocks, crypto, | classes cryptocurrencies
commodities)
Computat- Hybrid Bayesian- | Still 15-20percent | SCA-ARIMA-
ional Cost grid tuning reduces | slower than stan- | GARCH has
hyperparameter dalone LSTM higher O(n?)
search time by 40 complexity
percent
Interpret- New Figs. 4-5 visu- | Less interpretable | ARIMA-GARCH
ability alize LO’s decision | than pure statisti- | offers clearer
phases (leap/dance | cal models parameter signifi-
triggers) cance
Robustness Maintains < 8 per- | Sensitive to ex- | Traditional mod-
cent RMSE vari- | treme black-swan | els break down
ation under noise | events in crashes (DM
(vs. 25 percent for tests)
LSTM-PSO)

Likewise, raising the iteration count from 10 to 20 decreased MSE from about
1.9 x 1077 to 9.8 x 1078 . In the 3D plot of FRRmin (0.1 — 0.3) vs. FRRmax
(0.7—0.9), the lowest MSE near 7.4 x 10~% emerged around FRRmin=0.2 and
FRRmax=0.85, suggesting an optimal balance between “dance-hup” and “leap-
up” behaviors. For the number of modes K, increasing K from 1 to 3 reduced
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TABLE 9. DM value.
Aspect LSTM-SCA- | LSTM LSTM- LSTM-PSO
ARIMA- ARIMA-
GARCH GARCH
AMZN 12.4408 1.2524 -64.8364 15.373
BAC 23.135 18.8026 -20.025 24.1057
Akbank -47.9037 -26.3018 -67.1645 -33.8091
SEKFK -29.164 17.1344 -12.084 15.598
BMW 81.2577 198432 -109.856 60.875
DTEGn 11.946 6.882 -14.640 12.3158
Khsapa 23.1902 30.7738 -19491 22.262
Amadeus | 2.7673 4.0913 -17.9818 8.5052
Chugai 25.23 -12.5084 -17.6764 -31.2844
Repsol 62.76 -2.8092 92.7842 82.3983
Bitcoin 43.87 77.9353 -274.8581 47.1024
Ethereum | 16.651 30.399 -208.4262 76.7504
XAU 20.5539 30.1708 -494.6862 38.9685

FIGURE 48. DM test for Akbank.

FIGURE 49. DM test for Amadeus.
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%o

FIGURE 50. DM test for .

FIGURE 51. DM test for BAC.

FIGURE 52. DM test for Bitcoin.

MSE from 1.1 x 1077 to 6.3 x 10~ | showing that probably additional modes
can better capture timeseries components. Varying the dual ascent rate 7 from
0 to 10~ improved performance, with the best MSE of roughly 5.7 x 108 at
7 = 10~%. Finally, enabling DC mode (i.e., dc=1) further lowered MSE from
9.1 x 107® to 8.7 x 10~® , demonstrating that accounting for a zero-frequency
component slightly enhances accuracy.
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FIGURE 53. DM test for BMW.

FIGURE 54. DM test for Chugai.

FIGURE 55. DM test for DTEGn.

6. Conclusion

This research introduces LSTM-VMD-LO, a hybrid model for predicting
stock prices. Through the integration of Long Short-Term Memory (LSTM)
networks with Variational Mode Decomposition (VMD) and the Lemur Opti-
mizer (LO), our model effectively captures both linear and nonlinear patterns
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FIGURE 56. DM test for Ethereum.

2 QEOOO&@QO

FIGURE 57. DM test for Khsapa.

FIGURE 58. DM test for Repsol.

in financial data. Comparing the LSTM-VMD-LO model with existing mod-
els such as LSTM-SCA, LSTM-PSO, and ARIMA-GARCH, the LSTM-VMD-
LO model demonstrated superior prediction accuracy and robustness against
volatility across multiple stocks, including AMZN, BAC, Akbank, SEKFK,
BMW, DTEGn, and KHSAPA. As a result of the proposed model, informed
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FIGURE 59. DM test for SEKFK.

00

FIGURE 60. DM test for XAU.

TABLE 10. An analysis of the 10 best configurations for hy-

perparameters.
K | tau dc | nPop | max- | FRR-| FRR-| best- bestMSE
Iter | min | max | Alpha

2 0.0001 |1 18 50 0.1 0.7 225.87 7.5816e-08
2 0.0001 | 1 18 15 0.3 0.7 240.46 9.7637¢-08
2 0.0001 |1 12 50 0.1 0.9 242.48 7.47e-08

2 0.0001 | 1 12 15 0.1 0.7 249.12 5.7123e-08
2 0.0001 | 1 12 50 0.3 0.7 249.94 1.8563e-07
2 0.0001 | 1 12 15 0.3 0.7 251.49 1.143e-07
2 0.0001 | 1 6 50 0.1 0.9 256.51 1.2886¢-05
2 0.0001 | 1 12 30 0.3 0.7 261.4 1.5713e-05
2 0.0001 | 1 12 15 0.3 0.9 277.42 2.8721e-05
2 0.0001 | 1 12 50 0.1 0.7 283.02 3.4929¢-05
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FIGURE 61. Hyperparameter sensitivity analysis of VMD us-
ing Lemur Optimizer.

investment decisions can be made and financial predictive analytics can be en-
hanced. As a result of its high prediction accuracy, the LSTM-VMD-LO model
consistently showed the lowest Root Mean Square Error (RMSE) values. As an
example, the model had RMSE values of 0.02 for AMZN, 0.0039 for BAC, and
0.0069 for BMW, demonstrating its robustness and efficiency. Although effec-
tive, other models like LSTM-SCA and LSTM-PSO exhibited higher RMSE
values, whereas traditional models like ARIMA-GARCH exhibited the highest
RMSE values, reflecting lower effectiveness in capturing complex price patterns.
It is possible to further improve and expand the capabilities of the LSTM-
VMD-LO model through future research. Incorporating additional data sourc-
es, such as macroeconomic indicators and social media sentiment analysis, may
improve the model’s predictive ability and robustness. Stock price forecasts
could be continuously monitored and updated in real-time, providing investors
with timely insights. The model’s generalizability and performance across dif-
ferent financial environments can be assessed by extended evaluation on stocks
from different sectors and markets. Analyzing the model’s performance under
different market conditions, such as bull and bear markets, could be helpful for
understanding its robustness and adaptability. By integrating risk management
strategies into the predictive model, not only would better investment decisions
be made but also actionable risk assessments could be provided. The practical
application of the model may be further enhanced by developing user-friendly
interfaces and tools that allow investors and analysts to easily interact with the
model, interpret results, and make data-driven decisions. Future studies can
build on the foundations laid by this research to develop advanced models for
accurate and reliable stock market forecasting by addressing these areas.
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