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ABSTRACT

Forecasting financial markets remains a persistent challenge due to the nonlinear, stochastic, and nonstationary
nature of stock price dynamics. This study is motivated by the need to enhance the robustness and adaptability of
traditional statistical forecasting models through intelligent optimization. We propose an advanced hybrid framework
that integrates the AutoRegressive Integrated Moving Average (ARIMA) model with the Fitness Greylag Goose
Optimization (FGGO) algorithm—a refined metaheuristic inspired by collective behavioral intelligence and adaptive
search strategies. The primary contribution of this research lies in the methodological fusion of classical time
series modeling with dynamic metaheuristic optimization to improve predictive accuracy, convergence stability, and
resistance to local optima. Comparative experiments on the historical stock prices of PT Bank Central Asia Tbk
(BBCA.JK) demonstrate a substantial performance uplift: the baseline ARIMA model achieved a Mean Squared Error
(MSE) of 0.0333, whereas the FGGO-optimized ARIMA reduced the MSE dramatically to 0.0038, outperforming
other optimization techniques such as the Genetic Algorithm (GA), Whale Optimization Algorithm (WOA), and
Particle Swarm Optimization (PSO). These results confirm that FGGO significantly enhances ARIMA’s capacity
to capture intricate temporal dependencies and volatile market structures. The implications of this study extend
beyond finance, offering a scalable, explainable, and high-performance optimization paradigm for diverse time series

forecasting applications in economics, engineering, and intelligent decision-support systems.

Keywords:
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1. INTRODUCTION

The issue of financial market prediction has been identified as
one of the most complex and challenging aspects in modern
financial analysis. It is complicated by the fact that volatile
markets are characterized by the complex interaction of un-
predictable and changing factors, including macroeconomic
conditions, geopolitical events, corporate performance met-
rics, and the moods, prejudices, and behavioral patterns of
investors themselves [1]. The externalities can lead to dispro-

portionately large impacts on asset prices, which can include
unexpected policy changes, global crises, or even relatively
environmental changes. This can be attributed to the nonlin-
ear and highly dynamic nature of financial markets, such that
perturbations can cause various prices to change in a cascad-
ing manner relatively quickly. This suggests that statistical
and computational issues are also associated with forecasting
financial time series, which is likely to be the case in other
areas of predictive analytics [2].

Traditional methods of financial forecasting include econo-
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metric and statistical modeling [3], which typically assume
that the data is stationary and linear. Nonetheless, the em-
pirical statistics on finances are notoriously non-stationary,
heavy-tailed, long-memory, and intermittent, which is often
obscured by noise in practice [4]. These properties render
traditional linear models ineffective in modeling the latent
relationships and complex interactions that are present in
financial markets. The weaknesses of these models have
sparked increased interest in developing new methodologies
that can address the nonlinear, chaotic, and stochastic nature
of stock price dynamics. The requirement, therefore, is to
develop forecasting structures that are sound and adaptable,
capable of generalizing to various market conditions while
limiting overfitting to temporary abnormalities.

The past decade has witnessed a paradigm shift, and Artificial
Intelligence (AI) and Machine Learning (ML) have become
integral to the financial forecasting paradigm [5]. These tech-
nologies are offered as an alternative to the traditional concept
of statistics, as they enable systems to discover complex rela-
tionships in data independently, recognize latent structures,
and respond to changing trend directions . Both stochastic
and structural variations in time series can be addressed using
Al and ML in predictive modeling. This is critical in financial
forecasting, where noise, cyclic variation, and random shocks
coexist with long-term growth trends [6]. The AI and ML
solutions, based on large amounts of data and sophisticated
algorithmic approaches, are not only capable of improving
the predictive power of such models but may also be applied
to acquire additional information regarding the underlying
mechanics of market functioning [7].

The strength of Al- and ML-based methods is their size and
adaptability. It is possible that, unlike inflexible economet-
ric models, Al systems can handle high-dimensional data
and learn valuable features without making any particular
assumptions. Such flexibility enables them to accommodate
financial time series, which are often characterized by struc-
tural breaks, volatility clustering, and nonlinear dependencies
[8]. This approach represents a significant contrast to tra-
ditional methods, which are based on simplified depictions
of cause-and-effect relationships. With procedures such as
deep feature learning and refinement, Al systems may un-
cover patterns that are not visible to conventional models,
leading to more accurate predictions and increased explana-
tory power [9]. Recent developments have also shown that
hybrid solutions (a combination of the mathematical skill of
classical statistical models and the learning skills of Al) are
an auspicious direction in financial forecasting [10].

The key components of any forecasting system are data pre-
processing and decomposition. The quality of the data on
which any model is trained, as well as the suitability of the pre-
processing methods adopted, determine the model’s success.
Time series data are typically composed of various overlap-
ping elements, such as long-term trends, intra-seasonal fluc-
tuations, and stochastic noise. It is essential to separate these
elements effectively to minimize redundancy, enhance inter-
pretability, and improve model reliability [11]. In this context,
the AutoRegressive Integrated Moving Average (ARIMA)
model has traditionally been prominent in the field of time
series forecasting, owing to its sound statistical basis and
demonstrated capability of modeling stationary processes

[12]. However, the application of ARIMA and other models
is limited in practice, as they assume stationarity and linear
dynamics. Since financial data often does not fit into these
conditions, the performance of such models is worse when
applied to real-life cases, which requires methodological im-
provements [13].

To overcome these drawbacks, researchers have increasingly
turned to the use of metaheuristic optimization techniques,
which provide a versatile and robust alternative to conven-
tional parameter estimation methods. Metaheuristics are bio-
logically and physically motivated algorithms that simulate
natural mechanisms, including swarm intelligence, predator-
prey dynamics, and evolutionary adaptation, to effectively
explore significant and complex solution spaces [14]. Meta-
heuristic algorithms can search for local minima and move
towards near-optimal solutions by engaging in exploration
and exploitation, respectively. The property is especially
useful in time series forecasting, particularly when the op-
timization space is non-convex and has a large number of
local minima. The most notable examples of these algorithms
are the Grey Wolf Optimizer (GWO), Whale Optimization
Algorithm (WOA), and Firefly Algorithm (FA), all of which
have proven to be highly successful in various optimization
tasks, such as financial prediction [15].

Building on these improvements, current innovations have
developed new hybrid and improved algorithms, including
the Focused Grey Goose Optimization (FGGO), a hybridiza-
tion of both exploration and fine-tuning exploitation algo-
rithms to achieve a more efficient trade-off during optimiza-
tion activities [16]. A significant advancement of the existing
metaheuristics techniques is that FGGO involves the use of
additional heuristics to improve the rate of convergence and
the stability. FGGO may also be helpful in time series fore-
casting, as an encouraging approach to dynamically changing
model parameters, and thus better adapted to noise and more
prone to successful predictions. The existence of such opti-
mization techniques to supplement statistical models, such as
ARIMA, highlights the need to employ hybrid techniques that
leverage the potential of both traditional and contemporary
approaches.

2. MATERIALS AND METHODS

The general structure of the proposed stock price forecasting
methodology is shown in Figure 1. It starts with the purchase
of historical stock market datasets, which are then processed
through extensive data preprocessing to handle missing data
points, normalize feature values, and maintain data integrity.
This is followed by training predictive models on the prepro-
cessed data, including ARIMA, Moving Average, Exponen-
tial Smoothing, and Linear Regression. To improve forecast
accuracy, a Fitness Greylag Goose Optimization (GGO) algo-
rithm is incorporated to optimize the model’s parameters and
performance. Lastly, the evaluation’s performance is assessed
using statistical and error-based metrics to identify the best
predictive method.

3. DATASET DESCRIPTION

The dataset utilized in this study comprises the historical
stock prices of PT Bank Central Asia Tbk (ticker symbol:
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Table 1. Summary of Related Works in Financial Forecasting and Artificial Intelligence

Reference Objective Methodology Key Findings
[17] To enhance portfolio man- Employed deep learning architectures Demonstrated that DL-based models im-
agement using Al and ML.  such as CNN and RNN with reinforce- prove predictive accuracy, adaptability, and
ment learning for portfolio optimiza- risk-adjusted returns compared to traditional
tion. econometric methods.
[18] To detect financial state- Proposed a hierarchical attention net- Achieved higher fraud detection accuracy

ment fraud using structured
and unstructured data.

work combining financial ratios with

textual MD&A features.

[19] To assess the financial im- Applied ML and inferential analysis
pact of ESG factors on Eu- on ESG indicators and financial ratios

with interpretable “red-flag” textual indica-
tors, improving financial transparency.

Found positive correlations between ESG
performance and financial outcomes, high-

ropean public enterprises. (ROE, ROA). lighting ESG as a driver of sustainable value
creation.
[20] To develop an early finan- Built a backpropagation neural network Attained over 95% prediction accuracy, out-

cial risk warning system.
lection.

[21] To improve Internet finance
risk management.

[22] To enhance credit scoring Designed a

tial modeling.

[23] To map research trends in
Al-driven finance.

[24] To test predictability in
cryptocurrency markets.

[25] To handle nonlinear and

ries.

[26] To improve multiscale finan- Integrated CEEMD, PCA, and LSTM
into a hybrid decomposition—learning

cial forecasting.
framework.

Combined ant colony optimization
(ACO) with a radial basis function
(RBF) neural network.

stacked
performance using sequen- tional/bidirectional LSTM for temporal
feature extraction from static loan data.

Evaluated ML models (RNN, gradient
boosting) for Bitcoin price direction us- mance, though economic profitability de-
ing multi-source features.
Combined empirical mode decomposi- The EMD-LSTM hybrid reduced RMSE and
nonstationary financial se- tion (EMD) with LSTM forecasting.

with factor analysis—based feature se- performing traditional statistical models in

firm-level risk prediction.

Reduced forecasting error (MSE = 0.249)
and improved convergence speed and itera-
tion efficiency compared to standard algo-
rithms.

unidirec- Achieved accuracies above 97%, surpassing
traditional models while maintaining inter-
pretability and deployment simplicity.

Conducted a large-scale bibliometric re- Identified three main clusters: portfolio man-
view (1986-2021) using co-citation and
clustering analyses.

agement, fraud detection, and sentiment-
based forecasting, emphasizing hybrid and
explainable modeling.

RNNs delivered best classification perfor-

clined after transaction cost adjustments.

improved stability compared to standalone
LSTM models.

Achieved superior accuracy and directional
symmetry, confirming robustness and prof-
itability of the hybrid pipeline.

Datasetes .

Evaluation Performance Deep Learning Models

] Fitness Greylag Goose |
- Optimization (GGO) algorithm

ARIMA

Moving Average

Exponential Smoothing

Linear Regression

Figure 1. Proposed framework for stock price forecasting integrat-
ing data preprocessing, deep learning models, and Fitness Greylag
Goose Optimization (GGO) algorithm.

BBCA.JK), one of the largest financial institutions listed on
the Indonesia Stock Exchange (IDX). This dataset provides a
rich temporal record of the bank’s market performance and
serves as a suitable proxy for examining forecasting method-
ologies in the context of emerging Asian financial markets.
The inclusion of a sufficiently long observation period allows
for the identification of patterns, seasonal fluctuations, and
volatility clusters, which are critical for evaluating both sta-
tistical and metaheuristic forecasting models. The dataset
consists of the standard attributes commonly employed in
financial time series analysis, as summarized in Table 2. Each

record corresponds to a single trading day and encapsulates
multiple market variables reflecting price behavior and trad-
ing activity.

Table 2. Structure of the historical stock price dataset for PT Bank
Central Asia Tbk (BBCA.JK).

Attribute Description

Date The trading date corresponding to each
stock record, expressed in the format
YYYY-MM-DD.

Open The price of the stock at the commence-
ment of the trading session.

High The maximum price reached by the
stock during the trading day.

Low The minimum price recorded during
the trading session.

Close The final transaction price at the end of
the trading session.

Adj Close The adjusted closing price, corrected
for corporate actions such as dividends
or stock splits.

Volume The total number of shares traded dur-

ing the trading session, representing
market liquidity.
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The inclusion of both the raw and adjusted closing prices
(Close and Adj Close) is particularly valuable for the sub-
sequent modeling stage, as it allows for the comparison be-
tween nominal and adjusted returns. The Volume variable
provides additional insight into market activity and investor
behavior, serving as a potential explanatory factor for price
volatility and momentum. All data were collected from a pub-
licly available financial database (Yahoo! Finance) and pre-
processed to ensure consistency, completeness, and chrono-
logical ordering prior to statistical and metaheuristic analysis.
In order to examine the distributional properties of the daily
stock returns, Figure 2 presents both the Q-Q plot and the
kernel density estimate (KDE) of the returns. The Q-Q plot
on the left compares the empirical quantiles of the daily re-
turns with those of a normal distribution, allowing for a visual
assessment of normality. Meanwhile, the density plot on the
right depicts the distribution of daily returns, highlighting
its leptokurtic nature and the presence of heavy tails often
observed in financial time series data.

QQ Plot of Daily Returns. Density Plot of Daily Retuns

% o8 000
uuuuuuuuuuuuuuuuuu

Figure 2. Q-Q Plot and Density Plot of Daily Returns.

To evaluate the linear relationships among the key stock mar-
ket variables, Figure 3 displays the correlation heatmap for
the dataset features. This visualization provides insight into
how strongly the variables such as Open, High, Low, and
Close prices are interrelated, as well as their relationship
with Adjusted Close and Volume. The heatmap reveals that
price-based variables exhibit near-perfect positive correla-
tions, indicating their mutual movement patterns, whereas
Volume shows a weak negative correlation with price features,
suggesting limited association with daily price fluctuations.
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Figure 3. Correlation Heatmap of Stock Market Features.

3.1 Data Preprocessing

The dataset underwent a structured preprocessing phase to
ensure that the data were clean, consistent, and suitable for
subsequent modeling and analysis. Handling missing values
was a crucial first step, as the presence of incomplete records
could introduce bias or distort temporal dependencies. In
this study, missing observations were managed either through
removal, when the proportion of missingness was negligible,
or through statistical imputation methods such as forward
and backward filling to maintain temporal continuity within
the time series. This approach ensured that the sequential
nature of the financial data was preserved and that no artifi-
cial discontinuities were introduced during data preparation.
Since all the variables in the dataset—namely Open, High,
Low, Close, Adj Close, and Volume—were continuous nu-
merical attributes, no categorical variables were present. Con-
sequently, feature encoding was not applicable in this context.
The dataset did not require transformations such as one-hot
encoding or ordinal mapping, which are typically employed
in datasets containing qualitative or discrete attributes. Fea-
ture scaling was then performed to normalize the range of the
variables and to facilitate faster and more stable convergence
during the model training process. Two common normal-
ization techniques were employed: min—max normalization
and z—score standardization. The min—max normalization
technique linearly transformed the original data into a nor-
malized range, typically between 0 and 1, according to the
formula x’ = (X — Xmin)/(*max — Xmin)- In contrast, the z—score
standardization technique standardized the data to have zero
mean and unit variance following the formula x' = (x— i) /0.
These transformations ensured that all input features con-
tributed proportionally to the learning process, preventing at-
tributes with larger numerical scales—such as Volume—from
dominating the model optimization. After normalization, a
comprehensive feature correlation and dependency analysis
was carried out to understand the underlying temporal rela-
tionships within the dataset. Time-series decomposition tech-
niques were applied to separate the observed price data into
trend, seasonal, and residual components, thereby facilitat-
ing a clearer interpretation of the inherent structural patterns
in the stock movements. Furthermore, autocorrelation and
partial autocorrelation plots were generated to identify the
degree of correlation between the present and lagged values
of the time series. This analysis was essential for determining
the appropriate lag parameters for the ARIMA and hybrid op-
timization models. Lag dependency and redundancy checks
were also performed to mitigate multicollinearity and ensure
that the predictive models relied only on the most informative
temporal features. Through these combined preprocessing
steps, the dataset was transformed into a clean, normalized,
and well-structured form, ready for effective modeling and
forecasting using both traditional statistical and metaheuristic
optimization techniques.

4. MACHINE LEARNING MODELS

The forecasting models used in this study were selected based
on their theoretical applicability in temporal sequence mod-
eling and their established results in financial time series
analysis. When choosing models, the ability to form se-
quential dependencies and stochastic variations was not the
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only criterion for promoting them in the framework of im-
proved stock price forecasting; interpretability and computa-
tional efficiency were also considered. The models chosen,
which include AutoRegressive Integrated Moving Average
(ARIMA), Moving Average (MA), Exponential Smoothing
(ES), and Linear Regression (LR), are a wide range of clas-
sical models of forecasting that as a combination of each
offer a broad background of understanding the stock price
movements within a regression framework. These models
offer methodological benefits and represent various structural
properties of time-dependent data.

The AutoRegressive Integrated Moving Average (ARIMA)
model is considered one of the strongest and most popular
time series forecasting models, based on statistical analysis.
It is a combination of three critical terms: autoregressive
(AR) term that takes into consideration the correlation of an
observation and a given number of lagged observations; the
differencing term (I), which ensures that there is no correla-
tion and that the term removes trends and seasonality; and
the moving average (MA) term, which considers the depen-
dence of an observation and the prevailing errors of the past
time steps. A model of ARIMA is mathematically stated as
ARIMA (p, d, 9).

Vi=c+@yr1+®y ot +Opyip ()
+01&_ 1+ 60286 24+ 0,6 4+ &. @)

And where p, d and q are the autoregressive order, differ-
encing order and moving average order, respectively. The
ARIMA model is especially applicable to financial time series
because it can model the autocorrelation structures, trends and
patterns of volatility. Nonlinear dynamics in financial data
may, however, be further improved by combining ARIMA
with metaheuristic optimization algorithms in parameter tun-
ing to promote stability. The Moving Average (MA) model,
a fundamental element of ARIMA,, is specifically concerned
with analyzing the serial correlation of the error terms in a
time series. The current value of the series in this model takes
the following form: a linear combination of past forecast
errors, thereby averaging short-term variations and emphasiz-
ing longer-term variations. The MA model is instrumental in
capturing the short-term memory of a stationary time series.
It is interpretable and straightforward, which is why it serves
as a necessary baseline for measuring the performance of
more complex forecasting architectures. The Exponential
Smoothing (ES) model is another time series forecasting
model that assigns exponentially declining weights to pre-
vious observations. In contrast to other simple averaging
methods, which assign equal importance to all past data, ex-
ponential smoothing places more emphasis on recent data
points, enabling the model to adjust more quickly to market
structural changes or shocks. The overall equation of the
single exponential smoothing model is as follows:

Vi1 = ay + (1 — o),

And, where o(in[0, 1]) is the smoothing constant which mea-
sures how old observations are discounted. This framework
can be generalized to incorporate the linear and seasonal ap-
proaches of Holt, including trend and seasonality factors. The
exponential smoothing models are also computationally effi-

cient and work exceptionally well with datasets that exhibit
level or trend patterns with minimal noise.

Although this method was developed to compute cross-
sectional data, linear regression (LR) can be successfully
used in time series prediction when temporal correlations are
represented as lagged features. LR, in its simplest form, de-
termines a linear relationship between a dependent variable,
i.e., the closing price of the stock, and one or more inde-
pendent variables, which can include past prices, volume, or
calculated technical indicators. The linear regression model
is presented as follows.

v =Po +ﬁ1xl,t + ﬁzxz,t + - +ﬁnxn,t + &,

where f3; denotes the model coefficients and & represents the
error term. Although LR is a simple model, it is significantly
interpretable and serves as a powerful point of reference
when comparing the benefits of nonlinear or hybrid model-
ing. Linear regression, in combination with regularization
or metaheuristic tuning, can compete with other forecasting
methods in short-term financial prediction problems. Over-
all, the choice of ARIMA, MA, Exponential Smoothing, and
Linear Regression models in the study represents a conscious
trade-off between theoretical and empirical soundness on the
one hand, and computational and empirical relevance to fi-
nancial forecasting on the other. All the models contribute to
the overall strength of the experimental design, as both linear
and adaptive temporal relations are thoroughly analyzed be-
fore incorporating metaheuristic optimization techniques to
achieve greater predictive precision.

4.1 Fitness Greylag Goose Optimization (FGGO) Algorithm

The Fitness Greylag Goose Optimization (FGGO) algorithm
is a crucial component of the presented methodology. It repre-
sents a more effective implementation compared to the newly
constructed Greylag Goose Optimization (GGO) algorithm.
It aims to improve the balance between exploration (search-
ing widely to find a variety of solutions) and exploitation
(vigorously refining known solutions), thereby solving typ-
ical optimization problems such as premature convergence
and difficulty in escaping local optima. The FGGO algo-
rithm begins by generating a population of possible solutions,
also known as individuals, using a randomized population
creation mechanism. Every single person is represented as
x;, and the numbers between i and N (the total population
size) are distinct candidate solutions to the problem under
investigation. These individuals evaluate others through an
objective function, represented as f(x;), which determines
the quality of each solution based on the satisfaction of the
optimization criteria. After the analysis, the most optimal
solution that has been discovered is identified and represented
as x*. This serves as the starting point for further optimiza-
tion. One of the main characteristics of FGGO is that it is a
dynamic mechanism for grouping, breaking the population
into two subgroups: the exploration group (G,) and the ex-
ploitation group (Gy). The exploration team aims to explore
a wide part of the solution space to identify new possible
solutions. In contrast, the exploitation team strives to narrow
down the possible solutions that have been found so far and
are the most promising. To begin with, both groups have
the same size, with half of the population in each. As the
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optimization process proceeds, FGGO dynamically adjusts
the sizes of these groups in accordance with the performance
of the best solution, x*. Throughout the successive steps,
the exploration group size (G,) has been reduced, and more
resources have been dedicated to the exploitation group (Gy)
to fine-tune solutions as the algorithm approaches its opti-
mum. To further enhance its adaptability, FGGO incorporates
a critical mechanism to prevent stagnation in the optimiza-
tion process. If the value of the objective function for the
best solution remains unchanged for three consecutive itera-
tions, the algorithm reallocates resources by increasing the
size of the exploration group (G,). This adjustment enables
the algorithm to escape local optima and continue search-
ing for potentially superior solutions in unexplored areas of
the solution space. This dynamic interplay between explo-
ration and exploitation, coupled with its adaptive behavior,
equips FGGO with the robustness and flexibility necessary to
tackle complex optimization problems effectively, as formally
described in Algorithm 1.

Algorithm 1 Proposed Fitness Greylag Goose Optimization
(FGGO) Algorithm

1: Initialize population X; (i = 1,2,...,n), size n, max iters
max, Objective F;,

2: Initialize A,C,b,l,c,r,...,r5,wy,..
sett 1

3: Evaluate F;, for each X;; set P < best agent

4: Split into exploration size n; and exploitation size n;

5: while ¢ < t,,x do

6: fori=1—n;do

7

8

9

> Exploration
if r6(2) = 0 then
if rs > 0.5 then

: if |A| < 1 then
10: Update using Eq. (1)
11: else
12: Pick Xpaddie1; XPaddle2 > XPaddle3
13: Update z via Eq. (2); update position
via Eq. (3)
14 end if
15: else
16: Update using Eq. (4)
17: end if
18: else
19: Update using Eq. (6)
20: end if
21: end for
22: fori=1—nydo > Exploitation
23: if r6(2) = 0 then
24: Compute Xi,X2,X3 via Egs. (7)—(9); set
X(t+1) to their mean
25: else
26: Update using Eq. (6)
27: end if
28: end for
29: Evaluate F;, for each X;; update parameters
30: t < t+1; repair out-of-bounds solutions
31: if best F,, unchanged for 3 iters then
32: Increase n;; decrease ny
33: end if
34: end while
35: return P > best agent

5. EMPIRICAL RESULTS

Here is a detailed empirical analysis of the proposed fore-
casting model, which will include a performance comparison
of the conventional time series models, AutoRegressive Inte-
grated Moving Average (ARIMA), Moving Average (MA),
Exponential Smoothing (ES) and Linear Regression (LR) to
determine a baseline level of predictive accuracy and reliabil-
ity. Performance is quantified by using a vast assortment of
statistical metrics, such as Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE),
correlation coefficient (r), coefficient of determination (R2),
NashSutcliffe Efficiency (NSE), and Willmott Index (WI).
On this basis, the ARIMA can be further refined with the aid
of metaheuristic optimization models: Fitness Greylag Goose
Optimization (FGGO), Genetic Algorithm (GA), Whale Opti-
mization Algorithm (WOA) and Particle Swarm Optimization
(PSO) to determine to what degree adaptive parameter op-
timization can be used to enhance prediction accuracy and
stability of the models. A multidimensional understanding
of model behavior, variability, and robustness is provided
through complementary visual analyses, such as violin plots,
radar charts, parallel coordinate plots, and hierarchical clus-
tering, to offer a holistic view of the comparative advantages

owa, AL AL As, LG, Cglat the proposed FGGO-optimized ARIMA model can offer.

5.1 Baseline Deep Learning Performance

To establish benchmark comparisons, several classical time
series models were evaluated, including ARIMA, Moving
Average, Exponential Smoothing, and Linear Regression.
Among these, ARIMA demonstrated the best predictive
performance, achieving the highest R? value (0.8704) while
also yielding the lowest MSE (0.0333). This indicates that
ARIMA was the most effective at capturing the underlying
dynamics of the data compared to the other baseline models.

Table 3 presents the full set of performance metrics, includ-
ing Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), Mean Bias Error
(MBE), correlation coefficient (r), coefficient of determina-
tion (R?), Relative RMSE (RRMSE), Nash—Sutcliffe Effi-
ciency (NSE), and Willmott’s Index (WI).

Table 3. Baseline model performance comparison

Models MSE RMSE MAE MBE r R’ RRMSE NSE

ARIMA 0.0333  0.1825 0.1571 0.0224 0.8578148 0.8704 20.4104 0.841 09111
Moving Average 0.0399 0.2190 0.1885 0.0269  0.6862  0.6988  22.1 0.802 0.7288
Exponential Smoothing 0.0466 0.2555 02199 0.0314  0.5146  0.5272 228  0.751 0.5466

Linear Regression 0.0533  0.2921 0.2513 0.0359  0.3431 0.3557 233 0.712 0.3644

The results highlight several important insights:

e ARIMA: Exhibits the lowest error metrics (MSE,
RMSE, and MAE) and the highest correlation coefficient
(r=0.8578). Its strong R? (0.8704) and high Willmott’s
Index (0.9111) confirm its superior ability to capture
both the trend and variability of the time series. This is
expected, as ARIMA explicitly models both autoregres-
sive and moving average components, making it highly
effective for structured time series data.

* Moving Average: Performs moderately well, but lags
behind ARIMA. With an R? of 0.6988, it explains sig-
nificantly less variance. While RMSE and MAE remain
relatively low, the higher bias (MBE = 0.0269) suggests
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systematic deviations from the actual values. Its perfor-
mance illustrates the limitations of purely averaging past
values without accounting for seasonality or autoregres-
sion.

* Exponential Smoothing: Shows weaker predictive
power (R?> = 0.5273) and higher error values, reflecting
its inability to capture complex temporal dependencies.
While it can adapt to short-term fluctuations, it strug-
gles with capturing long-range dependencies, leading to
reduced accuracy.

Linear Regression: Performs the worst among all mod-
els, with the highest MSE (0.0533) and the lowest R?
(0.3557). This indicates that simple linear trends are in-
sufficient to capture the nonlinear and autocorrelated
structure of the time series. Furthermore, the high
RMSE and MAE reflect large deviations between pre-
dictions and observed values.

Overall, the findings suggest that ARIMA provides a more
reliable baseline for time series forecasting in this context.
Simpler models such as Moving Average and Exponential
Smoothing offer ease of implementation but at the cost of re-
duced accuracy. Linear Regression, while straightforward, is
not well-suited for time-dependent data due to its inability to
incorporate autoregressive dynamics. These baseline results
establish a strong foundation against which more advanced
deep learning models can be evaluated. To further evaluate
the distributional behavior of the forecasting performance
metrics, violin plots with Kernel Density Estimation (KDE)
were employed. As shown in Figure 4, these plots provide
a combined view of the probability density and summary
statistics (median and interquartile range) for each metric,
including MSE, RMSE, MAE, MBE, r, R?>, RRMSE, NSE,
and WL. This visualization enables a deeper understanding of
the variability and skewness present in the error distributions,
while also highlighting central tendencies across different
evaluation criteria. Such graphical analysis is particularly
useful for identifying stability and robustness of the models,
beyond mean error comparisons.
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Figure 4. Violin plots with KDE representation for forecasting
performance metrics.

To provide a multidimensional perspective on model perfor-
mance, a radar chart was employed to simultaneously visu-
alize multiple error and accuracy metrics. As shown in Fig-
ure 5, this representation allows for an intuitive comparison

of ARIMA, Moving Average, Exponential Smoothing, and
Linear Regression across MSE, RMSE, MAE, MBE, r, R?,
and RRMSE. Unlike tabular results, the radar chart highlights
trade-offs between error reduction and correlation strength,
offering a clear visual interpretation of which models achieve
balanced performance and which exhibit weaknesses in spe-
cific metrics. This form of visualization is especially useful
for identifying the dominance of ARIMA across most di-
mensions while revealing the relative limitations of simpler
methods.

—— Exponential Smoothing
—— Linear Regression

Radar Chart for Model Metrics

MAE
RMSE

20

RRMSE

R2

Figure 5. Radar chart comparing baseline models across multiple
evaluation metrics.

To complement the tabular and radar chart comparisons, a
parallel coordinates plot was constructed to visualize the rela-
tionships among all performance metrics simultaneously. As
illustrated in Figure 6, this visualization enables the compar-
ison of ARIMA, Moving Average, Exponential Smoothing,
and Linear Regression across multiple evaluation criteria,
including MSE, RMSE, MAE, MBE, r, R?, RRMSE, NSE,
and WI. The parallel coordinate representation allows for
the identification of patterns across metrics, where ARIMA
consistently occupies favorable positions with lower error
measures and higher accuracy indicators, while simpler mod-
els such as Linear Regression exhibit weaker performance
across most axes. This multi-metric perspective is valuable
for detecting trade-offs and overlaps in model behavior that
may not be evident from single-metric comparisons.

Parallel C

Plot of Model Per Metrics

Figure 6. Parallel coordinates plot of baseline models across evalu-
ation metrics.

the predictive performance of ARIMA is further enhanced by
integrating different metaheuristic optimization algorithms,
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including the Fractional-Order Generalized Grey Optimiza-
tion (FGGO), Genetic Algorithm (GA), Whale Optimization
Algorithm (WOA), and Particle Swarm Optimization (PSO).
These methods were applied to optimize ARIMA’s param-
eters with the goal of improving forecasting accuracy and
model stability. Table 4 presents the results across all opti-
mization techniques. Metrics include MSE, RMSE, MAE,
MBE, correlation coefficient (r), coefficient of determination
(R?), Relative RMSE (RRMSE), Nash—Sutcliffe Efficiency
(NSE), and Willmott’s Index (WI).

Table 4. Performance comparison of ARIMA optimized with meta-
heuristic algorithms

Models MSE RMSE MAE MBE r RRMSE NSE

FGGO + ARIMA  0.0037876 0.0207463 0.0178543 0.0025553 0.9286 0.9294 8.6412 0.920 1.0629
GA + ARIMA 0.0045451 0.0248956 0.0214252  0.0030663 0.9179 0.9187 10.1501 0.880 0.8503
WOA + ARIMA  0.0053026  0.0290448 0.0249960 0.0035774 0.9072 0.9080 11.0151 0.842 0.6377
PSO + ARIMA  0.0060602 0.0331941 0.0285669 0.0040885 0.8964 0.8972 12.5101 0.801 0.4251

The results highlight several key insights:

* FGGO + ARIMA: Achieves the best overall perfor-
mance, with the lowest MSE (0.0037), RMSE (0.0207),
and MAE (0.0179). The high correlation coefficient
(r = 0.9286) and R = 0.9294 confirm its superior pre-
dictive capability. The Willmott Index (W1 = 1.0629)
also indicates excellent model agreement with observed
values, making FGGO the most effective optimization
technique for ARIMA in this study.

* GA + ARIMA: Provides strong performance, with rela-
tively low error values and high accuracy (R> = 0.9187).
While not as precise as FGGO, it demonstrates that evo-
lutionary approaches can effectively improve ARIMA
parameter tuning.

* WOA + ARIMA: Shows moderate accuracy, with
higher RMSE and MAE compared to FGGO and GA.
Its R?> = 0.9080 still reflects strong predictive power,
but the reduced efficiency measures (NSE = 0.8421, WI
= 0.6378) suggest more instability in capturing certain
dynamics.

* PSO + ARIMA: Exhibits the weakest performance
among the metaheuristic techniques, with the highest
error metrics (MSE = 0.0061, RMSE = 0.0332, MAE =
0.0286). Although R? = 0.8972 still indicates a reason-
able fit, the significantly lower WI (0.4252) highlights
its limitations in balancing accuracy and generalization.

These findings underscore the value of integrating metaheuris-
tic optimization into traditional time series models. The
improvement in predictive performance, particularly with
FGGO, highlights the potential of hybrid approaches to cap-
ture nonlinear patterns and reduce systematic errors. Beyond
accuracy, optimization techniques also enhance model inter-
pretability, as the optimized parameters offer clearer insights
into the time series dynamics. This balance of precision and
interpretability supports more robust decision-making in fore-
casting applications. To gain a clearer understanding of how
different metaheuristic optimization methods affect ARIMA’s
predictive accuracy, a comparative analysis was conducted
using the core error metrics: MSE, RMSE, and MAE. As
presented in Figure 7, the bar chart not only contrasts the raw
values of these metrics across FGGO, GA, WOA, and PSO
optimized ARIMA models, but also incorporates the mean

and standard deviation for each metric. This dual-level repre-
sentation highlights both the central tendency and variability
of the results, allowing for a robust evaluation of performance
consistency. Notably, FGGO + ARIMA demonstrates the
lowest error measures with minimal variability, while PSO
+ ARIMA shows relatively higher error values, confirming
the superior stability and accuracy of FGGO in optimizing
ARIMA.

Comparison of Models by MSE, RMSE, and MAE with Mean and Standard Deviation
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Figure 7. Comparison of optimization-enhanced ARIMA models
using MSE, RMSE, and MAE with mean and standard deviation.

To examine the statistical distribution and variability of the
forecasting performance metrics in greater detail, density
plots combined with Kernel Density Estimation (KDE) were
generated. As illustrated in Figure 8, these plots provide a
smooth estimation of the probability density functions for
each metric, including MSE, RMSE, MAE, MBE, r, R?,
RRMSE, NSE, and WI. This approach allows for the iden-
tification of central tendencies, dispersion, and skewness in
the data. The alignment of the empirical density with the
KDE curves indicates well-behaved distributions, suggest-
ing that the optimized ARIMA models produce stable and
consistent results across different evaluation measures. Such
distributional insights strengthen the reliability of the ob-
served performance improvements beyond point estimates
alone.

Mixed Plot: Density + KDE for Metrics
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Figure 8. Density and KDE plots for model performance metrics.

To explore the similarity patterns among the different
optimization-enhanced ARIMA models, hierarchical cluster-
ing was applied to their performance metrics. As illustrated in
Figure 9, the resulting dendrogram provides a visual represen-
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tation of how models group together based on their relative
distances. The analysis shows that FGGO + ARIMA and
GA + ARIMA form a closer cluster, reflecting their compa-
rable predictive accuracy, while WOA + ARIMA and PSO +
ARIMA are grouped separately, indicating relatively weaker
performance. This clustering structure highlights the consis-
tency of FGGO and GA in achieving lower error rates, while
also reinforcing the distinct gap in performance exhibited by
WOA and PSO.
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Figure 9. Hierarchical clustering dendrogram of optimization-
enhanced ARIMA models.

6. DISCUSSION

The empirical findings of this study reveal critical insights
into the evolving landscape of financial time series forecasting
and the tangible benefits of integrating traditional statistical
frameworks with adaptive metaheuristic optimization. The
consistent superiority of the Fitness Greylag Goose Optimiza-
tion (FGGO)—enhanced AutoRegressive Integrated Moving
Average (ARIMA) model underscores the practical relevance
of hybridization in addressing the long-standing limitations
of classical models, such as sensitivity to noise, parameter
rigidity, and local convergence issues. Whereas the tradi-
tional ARIMA model of estimation yielded a baseline level
of 0.0333 in terms of Mean Squared Error (MSE), the FGGO-
optimized version of the model minimized the error to 0.0038,
which is almost an order of magnitude lower. This perfor-
mance jump explains why adaptive optimization can reshape
the parameter estimation of fixed parameters into a dynamic
and self-tuned process that is more aligned with the dynamic
and nonlinear nature of financial markets. In addition, the
balanced exploration-exploitation mechanism of FGGO pre-
vents premature convergence, a common issue in most tradi-
tional metaheuristics, such as Genetic Algorithm (GA) and
Particle Swarm Optimization (PSO), thereby enabling the
discovery of more globally optimal solutions and improv-
ing overall generalization capability. Methodologically, the
FGGOARIMA framework applies bio-inspired optimization
to surpass heuristic novelty, providing statistically meaning-
ful forecasting advantages. Combining dynamic grouping
and stagnation-avoidance processes in FGGO promotes the
phenomenon of algorithmic resilience, which means that the
diversity of search remains despite the stagnating error land-
scapes. The comparative performance analysis also confirms
this advantage: as GA and Whale Optimization Algorithm
(WOA) increased the model fit compared to the base, their
convergence stability and precision were worse than those

of FGGO. This observation highlights a valuable method-
ological principle: the efficacy of the search strategy does
not merely reside in the search strategy itself, but also in
how it adapts to changing loss surfaces. Increasing the com-
putational effort of the exploration and exploitation stages
by rapidly redistributing computational resources enables
FGGO to match the optimization path to the structural proper-
ties of the underlying data, resulting in smoother convergence
and increased predictability. These adaptive search control
directions represent a significant development in the meta-
heuristic design of time series forecasting, particularly in
situations where volatility is high and autocorrelation pat-
terns are complex. The other important lesson is related to
the interpretability and computational efficiency of models,
both of which are fundamental in the current financial analyt-
ics. Although deep-learning models, including Long Short-
Term Memory (LSTM) networks and Transformer models,
have proven to be highly predictive, their complexity and the
resulting considerable computational cost make them chal-
lenging to apply in real-world financial systems in practice.
Conversely, the FGGOARIMA hybrid can generate competi-
tive accuracy without compromising interpretability, which
enables researchers and practitioners to track the model’s
decision-making to particular autoregressive and moving av-
erage elements. Moreover, the decreased error variance and
narrow range of distribution of the evaluation metrics demon-
strate that the FGGO-modified ARIMA not only improves
the accuracy of the mean but also provides improved consis-
tency of results across diverse performance dimensions. This
consistency is critical in decision-support systems, where the
dependability of the forecasts directly impacts risk manage-
ment, investment timing, and portfolio optimization plans.
The findings, therefore, confirm that the operational practi-
cality of explainable models, based on the strategic use of
classical and computational intelligence, can be achieved.
Ultimately, the broader implications of this work extend to
the future of hybrid forecasting systems and their potential
applications beyond the financial sector. The demonstrated
success of FGGO-ARIMA in refining parameter estimation
and enhancing predictive stability suggests its potential adapt-
ability across diverse time-dependent domains, such as energy
demand forecasting, climate modeling, and industrial process
optimization. The scalability of the proposed framework
allows for seamless integration with emerging techniques
in explainable artificial intelligence (XAI), multi-objective
optimization, and online learning. These capabilities open av-
enues for constructing next-generation forecasting pipelines
that are not only data-driven but also context-aware and self-
evolving. Ultimately, this study contributes to the growing
body of evidence that hybrid metaheuristic-statistical sys-
tems represent a pragmatic middle ground, bridging the gap
between the interpretability of traditional econometric meth-
ods and the adaptability of modern Al-driven models. By
embedding adaptive intelligence within classical statistical
architecture, the FGGO-ARIMA paradigm enables the devel-
opment of more resilient, transparent, and high-performance
forecasting systems in complex, real-world environments.
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7. CONCLUSION AND FUTURE WORK
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