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ABSTRACT

Accurate forecasting of gold prices remains a critical challenge in financial markets due to the nonlinear, nonstationary,
and regime-dependent nature of commodity price dynamics, particularly for gold quoted against the US dollar
(XAU/USD), which plays a central role as a safe-haven asset, inflation hedge, and portfolio diversifier. Motivated by
the growing limitations of traditional econometric and manually tuned machine learning approaches in handling
long-horizon, multi-timeframe financial data, this study proposes a robust forecasting framework that integrates deep
learning with metaheuristic optimization. The main contribution of this work lies in the systematic combination
of a Deep Pyramid Recurrent Neural Network (DPRNN) with advanced metaheuristic algorithms for automated
hyperparameter optimization, with particular emphasis on Greylag Goose Optimization (GGO), alongside other state-
of-the-art optimizers. Using historical XAU/USD data spanning from 2004 to February 2025 across multiple temporal
resolutions, baseline model evaluation demonstrates that DPRNN outperforms other deep learning architectures
prior to optimization, achieving a Mean Squared Error (MSE) of 0.0589, Root Mean Squared Error (RMSE) of
0.2426, and coefficient of determination (R2) of 0.79. Following optimization, the proposed GGO-optimized
DPRNN framework yields a substantial performance enhancement, reducing the MSE to 2.05×10−5 and RMSE to
4.52×10−3, while simultaneously increasing the correlation coefficient to 0.987 and R2 to 0.983, with near-perfect
agreement metrics reflected by a Nash–Sutcliffe Efficiency of 0.986 and Willmott Index of 0.988. These results
confirm the effectiveness of GGO in navigating complex hyperparameter search spaces and significantly improving
predictive accuracy and stability. From an economic and financial perspective, the findings underscore the practical
value of metaheuristic-optimized deep learning models for enhancing gold price forecasting, supporting more
informed investment decisions, improved risk management, and greater market efficiency in volatile and uncertain
financial environments.
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1. INTRODUCTION

Gold, commonly represented in international financial mar-
kets through the XAU/USD exchange rate, has long occupied

a pivotal position within the global economic and financial
system [1, 2, 3]. Unlike conventional financial assets, gold
is not directly linked to the creditworthiness of any issuing
authority, which grants it a distinctive status as a store of
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value and a hedge against systemic risk [4, 5]. Historically,
gold has served as a monetary anchor, a reserve asset for
central banks, and a strategic instrument for wealth preserva-
tion [6, 7]. Its unique economic characteristics have made it
particularly attractive during periods of macroeconomic in-
stability, financial crises, geopolitical uncertainty, and height-
ened inflationary pressures [8, 9]. As a result, gold prices
reflect a complex interplay of monetary, financial, and behav-
ioral factors, rendering their accurate prediction a subject of
substantial academic and practical importance.

From a monetary and macroeconomic perspective, gold prices
are closely associated with inflation expectations, real inter-
est rates, and currency valuation, especially with respect to
the United States dollar [10]. In environments characterized
by expansionary monetary policy or declining real yields,
gold is frequently perceived as a hedge against the erosion of
purchasing power. Central banks and institutional investors
often interpret gold price movements as an implicit signal
of market confidence in fiat currencies and long-term price
stability. Furthermore, gold plays a critical role in portfo-
lio diversification strategies due to its historically low cor-
relation with traditional asset classes such as equities and
fixed-income securities, particularly during periods of market
stress. Consequently, fluctuations in XAU/USD prices have
direct implications for asset allocation, risk management, and
long-term investment decision-making [11].

The increasing volatility and complexity of global financial
markets have further intensified the need for accurate gold
price forecasting [12]. Over the past two decades, financial
markets have been shaped by repeated episodes of systemic
disruption, including global financial crises, sovereign debt
instability, pandemics, and abrupt shifts in monetary pol-
icy regimes [13]. These events have introduced nonlinear
dynamics and regime-dependent behaviors that challenge
conventional analytical frameworks. In such settings, price
movements often exhibit heterogeneous patterns across dif-
ferent temporal horizons, underscoring the importance of
multi-timeframe analysis [14]. Forecasting gold prices across
intraday, daily, weekly, and monthly horizons is therefore
essential for supporting diverse financial objectives, ranging
from short-term trading and hedging to long-term strategic
planning and policy analysis [15].

Despite extensive research on gold price modeling, traditional
econometric and technical analysis methods exhibit notable
limitations when applied to modern financial data. Linear
econometric models often rely on restrictive assumptions
regarding stationarity and linearity, which may not hold in
the presence of structural breaks and evolving market condi-
tions. Similarly, rule-based technical indicators are typically
sensitive to noise and parameter selection, limiting their ro-
bustness and adaptability. These shortcomings become par-
ticularly pronounced when large-scale, high-frequency, and
long-horizon datasets are considered simultaneously, as com-
plex interactions across timeframes are difficult to capture
using conventional techniques.

In response to these challenges, machine learning has
emerged as a powerful paradigm for financial time-series
forecasting. By leveraging advanced computational architec-
tures and data-driven learning mechanisms, machine learning
models are capable of capturing nonlinear relationships, tem-

poral dependencies, and hidden structures that are difficult to
model explicitly. Their ability to process high-dimensional
inputs and adapt to evolving patterns has positioned them as
promising tools for improving the reliability and efficiency
of gold price prediction across multiple temporal scales.

Notwithstanding the potential advantages of machine learning
methodologies, forecasting gold prices remains a highly com-
plex task due to several intrinsic characteristics of financial
time series. One of the most prominent challenges arises from
the high dimensionality associated with multi-timeframe fi-
nancial data. When Open, High, Low, Close, and Volume
information is collected across multiple temporal resolutions,
the resulting feature space expands rapidly, increasing compu-
tational burden and exacerbating the risk of overfitting. This
issue is commonly referred to as the curse of dimensional-
ity and can significantly impair model generalization if not
properly addressed.

Feature redundancy constitutes an additional challenge in
gold price forecasting. Financial indicators derived from
price and volume data often exhibit strong correlations, both
within and across timeframes. Such multicollinearity can
obscure the true informational contribution of individual fea-
tures, reduce learning efficiency, and complicate model in-
terpretation. Without effective feature selection mechanisms,
machine learning models may allocate excessive capacity to
redundant or irrelevant information, thereby limiting their
predictive effectiveness and increasing computational cost.

Another fundamental difficulty stems from the nonlinear and
nonstationary nature of gold price dynamics. Financial mar-
kets evolve continuously in response to macroeconomic de-
velopments, monetary policy decisions, and shifts in investor
sentiment. Sudden structural changes, such as those induced
by financial crises or major policy interventions, can alter
the underlying data-generating process. These characteristics
challenge learning algorithms, which must balance adapt-
ability to new patterns with stability across long historical
horizons.

Deep learning models, while capable of modeling complex
dependencies, introduce further challenges related to hyper-
parameter sensitivity. Model performance is often highly
dependent on architectural and training-related parameters,
including learning rates, network depth, and regularization
strategies. Inappropriate hyperparameter configurations may
lead to poor convergence, excessive variance, or biased fore-
casts. Given the complexity and scale of financial datasets,
manual tuning becomes impractical, underscoring the need
for automated and systematic optimization strategies.

Overfitting represents a persistent concern, particularly when
long-span historical datasets are employed. While extensive
historical coverage enables the inclusion of diverse market
regimes, it also increases the likelihood that models will
learn regime-specific noise rather than generalizable patterns.
Ensuring robust performance across heterogeneous economic
conditions, including periods of crisis, expansion, and policy
transition, remains one of the most critical challenges in
XAU/USD price prediction.

The primary objective of this study is to develop and rig-
orously evaluate machine learning-based forecasting mod-
els for predicting XAU/USD prices using long-term, multi-
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timeframe financial data. By systematically examining mul-
tiple learning architectures, the study aims to identify mod-
eling strategies capable of capturing the complex temporal
dependencies and nonlinear behaviors inherent in gold price
dynamics.

A central focus of the study lies in the integration of meta-
heuristic optimization algorithms to enhance model perfor-
mance through automated feature selection and hyperparam-
eter optimization. Feature selection is employed to reduce
dimensionality and eliminate redundant information, while
hyperparameter optimization seeks to identify configurations
that balance model flexibility and generalization. The com-
bined application of these strategies is intended to improve
learning efficiency, stability, and scalability within a unified
modeling framework.

Through comprehensive model development and optimiza-
tion, the study seeks to advance methodological practices
in financial time-series forecasting and to provide a robust
analytical foundation suitable for practical financial decision-
making contexts.

This study contributes to the existing literature on financial
forecasting by proposing a comprehensive machine learning
framework tailored to the prediction of gold prices across
multiple temporal resolutions. The framework emphasizes
the systematic integration of metaheuristic optimization tech-
niques with advanced learning models to address key chal-
lenges related to feature redundancy, hyperparameter sensi-
tivity, and model generalization.

A distinguishing contribution of the study lies in the joint
treatment of feature selection and hyperparameter optimiza-
tion as complementary components of model enhancement
rather than as isolated preprocessing steps. By embedding op-
timization mechanisms directly within the modeling pipeline,
the proposed approach aims to improve both predictive sta-
bility and computational efficiency. Furthermore, the use of
long-term, multi-timeframe financial data enables a thorough
examination of model behavior across diverse economic envi-
ronments, thereby strengthening the empirical relevance and
applicability of the framework.

The remainder of this paper is organized to provide a coher-
ent and systematic exposition of the proposed methodology
and analytical framework. Following this introduction, the
next section describes the dataset, data preprocessing proce-
dures, machine learning models, and optimization techniques
employed in the study. Subsequent sections present the ex-
perimental design and analytical evaluation, followed by a
discussion that situates the findings within the broader con-
text of financial forecasting research. The paper concludes
with a summary of key insights and directions for future
investigation.

2. LITERATURE REVIEW

Gold price forecasting has been extensively investigated in the
literature due to gold’s strategic importance as a safe-haven
asset, an inflation hedge, and a core component of global
financial markets. The XAU/USD exchange rate, in partic-
ular, acts as a high-frequency barometer of macro-financial
stress because it embeds information about the U.S. dollar’s
strength, real interest rate expectations, liquidity conditions,

and shifts in global risk sentiment. These characteristics make
gold price dynamics intrinsically nonlinear, strongly regime-
dependent, and sensitive to abrupt shocks, thereby challeng-
ing standard assumptions of stationarity and linearity that
underlie many classical time-series models. Consequently,
the recent forecasting literature increasingly prioritizes robust
modeling pipelines that (i) capture long- and short-memory
temporal dependencies, (ii) exploit multivariate information
from macroeconomic and market indicators, and (iii) incorpo-
rate mechanisms for adaptivity and uncertainty quantification
to support real-world decision-making under risk.

A major strand of the literature is the systematic advancement
of deep learning architectures for commodity and precious-
metal price prediction. A broad comparative study evaluates
multiple deep learning systems for forecasting crude oil, gold,
and silver prices under different temporal window configu-
rations [16]. Its findings show that forecasting performance
depends jointly on the selected architecture, the target com-
modity, and the length of the historical input sequence. This
evidence is particularly relevant to XAU/USD because it cau-
tions against assuming that one network configuration will
generalize uniformly across markets or horizons. Instead,
model selection and temporal context should be evaluated to-
gether, especially when price series exhibit nonlinear dynam-
ics, volatility clustering, and rapidly changing signal-to-noise
ratios.

A complementary literature directly compares gated recur-
rent architectures for gold price prediction. A 2023 study
evaluates Long Short-Term Memory (LSTM) and Gated Re-
current Unit (GRU) models on gold price data, demonstrating
the practical suitability of both architectures for learning
nonlinear temporal dependencies [17]. The comparison is
methodologically useful because LSTM provides a more elab-
orate memory structure, whereas GRU offers a more compact
parameterization that can reduce training complexity. The re-
sults reinforce the importance of selecting recurrent architec-
tures empirically rather than solely on theoretical complexity,
with evaluation based on consistent data partitions and error
measures.

Beyond architecture selection, an important theme concerns
feature enrichment and the integration of macro-financial
drivers. A study comparing LSTM, Bi-LSTM, and MLP
incorporates variables such as economic indicators, interest
rates, currency exchange rates, and news emotion, thereby
recognizing that gold prices respond to a complex informa-
tion set rather than to their own lag structure alone. The
reported results favor LSTM, indicating that gated recurrent
memory mechanisms provide a practical advantage when
fusing heterogeneous predictors into a unified temporal rep-
resentation [18]. Importantly, this work also signals that,
although bidirectionality can be beneficial in offline sequence
labeling tasks, it may be less advantageous in forecasting
settings where causal ordering and forward-only information
constraints dominate deployment realities.

Heterogeneous ensemble learning provides another route to
robust gold price prediction. A 2024 study combines struc-
turally different learning algorithms within a unified ensemble
so that the final forecast benefits from complementary repre-
sentations of the same market series [19]. The reported results
support the premise that aggregating diverse learners can re-
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duce dependence on the weaknesses of any single model and
improve predictive stability. For gold markets, this is partic-
ularly valuable because trend-dominated, range-bound, and
high-volatility periods may favor different inductive biases
and therefore different component learners.

A further maturation in the literature is the explicit emphasis
on interpretability and model transparency, especially given
the high-stakes nature of financial forecasting. The Tempo-
ral Fusion Transformer (TFT) study applied to the Indian
gold market adopts an end-to-end preprocessing and tuning
workflow, benchmarks against classical and neural baselines,
and then leverages attention mechanisms and variable impor-
tance analysis to explain model behavior. The results indicate
that TFT not only improves predictive performance relative
to ARIMA, linear regression, and LSTM, but also provides
an interpretable account of how macroeconomic indicators
such as CPI and exchange rates contribute to predictions over
time [20]. From an applied standpoint, this interpretability
is valuable because it supports scenario analysis, policy as-
sessment, and model governance, enabling stakeholders to
scrutinize whether forecasts align with plausible economic
narratives rather than merely minimizing error ex post.

Ensemble learning constitutes another major research direc-
tion, motivated by the observation that individual models
often specialize in different regimes. A deep learning ensem-
ble developed for financial time-series forecasting integrates
complementary linear and nonlinear modeling components
and reports improved accuracy and robustness relative to in-
dividual benchmarks [21]. The broader implication for gold
forecasting is that ensemble strategies may reduce model risk
by diversifying across inductive biases: one component can
represent persistent linear structure while another captures
nonlinear temporal behavior. Such combinations are espe-
cially attractive when the data-generating process changes
across market regimes.

Hybrid deep learning architectures are also widely explored in
gold-specific settings, where combining convolutional feature
extraction with recurrent temporal modeling is often advan-
tageous. In the Iranian market, a comparison between GRU
and CNN–LSTM for 18-carat gold price forecasting finds
that CNN–LSTM yields lower prediction errors, supporting
the hypothesis that convolutional layers can efficiently extract
robust short-horizon representations (e.g., local trends and
micro-patterns) before recurrent layers model longer depen-
dencies [22]. Relatedly, a CNN–BiGRU hybrid framework
is proposed for gold forecasting and reported to outperform
competing hybrid and standalone models across a broad error
metric set, indicating that bidirectional gated recurrence may
further enhance representation learning in contexts where
training can exploit richer temporal context, even if deploy-
ment remains forward-looking [23]. Collectively, these hy-
brid deep networks reflect a design pattern in the literature:
use convolution for denoising and local pattern extraction,
and use gated recurrence to integrate information across time.

Evidence from other highly volatile financial assets also
informs model design for gold. A comparative study of
cryptocurrency price forecasting evaluates ensemble learning
alongside deep learning methods and shows that predictive
performance varies materially across algorithms and market
conditions [24]. Although cryptocurrencies and gold dif-

fer economically, both can display pronounced nonlinearity,
abrupt regime changes, and sensitivity to investor sentiment.
The study therefore supports broad model comparison and
out-of-sample validation rather than reliance on a single fash-
ionable architecture.

A related decision-support direction combines numerical mar-
ket histories with textual information. A stacking ensemble
for stock-market prediction integrates time-series data and
news headlines, allowing different base learners to capture
distinct signals before a higher-level model combines their
outputs [25]. This contribution is relevant to gold because
XAU/USD reacts to both quantitative market conditions and
rapidly arriving macroeconomic or geopolitical news. The
results motivate multimodal ensembles that incorporate infor-
mation sources with different frequencies and noise charac-
teristics.

Another direction expands gold forecasting beyond purely
price-based inputs by incorporating multimodal information
such as news content and sentiment. A multimodal regression
framework uses concept-based news representations, mood
signals from specialized groups, and technical indicators, and
employs recurrent convolutional and recurrent layers to model
temporal dynamics across modalities. By explicitly address-
ing nonstationarity—via learning how predicted values drift
around local averages—the model achieves substantial error
reduction relative to baselines [26]. The methodological im-
plication is that gold price movements may be driven not only
by lagged price dynamics and macroeconomic variables, but
also by information diffusion processes that unfold at differ-
ent speeds across news topics, thereby requiring architectures
designed for heterogeneous temporal response patterns.

The economic role of gold also depends on whether it behaves
as a hedge or a safe haven under changing equity-market con-
ditions. Evidence based on conditional comoments shows
that this relationship is state-dependent rather than constant
across markets and periods [27]. This finding matters for
forecasting because the usefulness of equity indicators as
predictors of gold may strengthen, weaken, or reverse during
stress episodes. It therefore supports regime-aware and multi-
variate specifications that allow cross-market dependence to
evolve over time.

Cross-asset evidence further demonstrates that gold’s defen-
sive properties are conditional on both the comparison asset
and the crisis period. A study of oil, gold, and cryptocur-
rencies for the G7 equity markets compares their hedging,
diversification, and safe-haven roles before and after the
COVID-19 episode [28]. The changing results across as-
sets and subperiods reinforce the need to model structural
breaks explicitly. They also suggest that a gold forecasting
framework should incorporate broader risk indicators rather
than treating the gold series as an isolated process.

Chaos theory has also been integrated with deep learning to
improve general time-series forecasting. A 2024 study de-
velops a framework in which chaotic structure informs the
representation and prediction of complex temporal processes,
reporting gains across nonlinear forecasting tasks [29]. The
methodological relevance to gold lies in recognizing that
apparently irregular fluctuations may still contain structured
dynamics that conventional linear models fail to capture. This
connects naturally with broader discussions of sensitivity to
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initial conditions, regime switching, and nonlinear depen-
dence in financial markets.

Finally, methodological transfer from agricultural commodity
markets underscores the value of systematic optimization. A
comparative study applies several optimized machine learn-
ing techniques to commodity-price prediction and demon-
strates that tuning strategy can materially affect performance
across model families [30]. The broader lesson is that no
single forecasting architecture universally dominates across
commodities; results depend on the target series, feature set,
optimization procedure, and validation design. This evidence
supports the present study’s emphasis on metaheuristic hy-
perparameter search rather than manual configuration.

Overall, the reviewed literature—spanning 15 studies—
demonstrates a clear shift from isolated statistical forecast-
ing toward deep, hybrid, ensemble, multimodal, and regime-
aware frameworks. Across diverse markets and datasets, the
evidence suggests that gold price prediction benefits from (i)
architectures capable of learning nonlinear temporal depen-
dencies, such as LSTM and GRU; (ii) ensemble designs that
combine complementary model structures; (iii) multimodal
and macroeconomic feature integration, including news, senti-
ment, CPI, and exchange rates; (iv) interpretable mechanisms
such as attention and variable importance; and (v) validation
procedures that account for changing market regimes. Taken
together, these directions form a coherent foundation for ad-
vanced XAU/USD forecasting and for decision-support tools
used in trading, hedging, and macro-financial analysis.

3. MATERIALS AND METHODS

3.1 Dataset Description

The empirical analysis conducted in this study is based on an
extensive historical dataset of XAU/USD prices, which repre-
sents the value of gold quoted in United States dollars within
international financial markets. The dataset spans from June
2004 to February 2025, providing more than twenty years
of continuous market observations. This prolonged temporal
coverage is particularly valuable for financial modeling, as
it encompasses multiple economic cycles, shifts in monetary
policy regimes, and episodes of pronounced market turbu-
lence. Over this period, gold markets have been influenced by
a wide range of macroeconomic forces, including inflationary
and deflationary environments, financial crises, geopolitical
tensions, and changes in global liquidity conditions. As such,
the dataset offers a rich empirical foundation for developing
forecasting models that are resilient to structural changes and
evolving market dynamics.

A key feature of the dataset is its multi-timeframe struc-
ture, which captures gold price movements across both high-
frequency and low-frequency temporal horizons. Intraday
market behavior is represented through observations recorded
at 5-minute, 15-minute, 30-minute, 1-hour, and 4-hour inter-
vals, allowing the analysis to incorporate short-term price fluc-
tuations and microstructural effects. In parallel, longer-term
dynamics are captured through daily, weekly, and monthly
data, which reflect broader macroeconomic trends and strate-
gic investment behavior. This multi-resolution design ac-
knowledges the fact that gold price formation mechanisms dif-
fer across time horizons, with short-term prices often driven

by liquidity and order flow, while long-term prices are more
closely linked to macroeconomic fundamentals and investor
expectations.

Across all timeframes, the dataset maintains a consistent set
of financial attributes derived from standard market price
information. Each observation includes a timestamp and cor-
responding calendar date, ensuring precise temporal ordering
and facilitating alignment across different frequencies. The
core price variables consist of the Open, High, Low, and
Close prices, expressed in United States dollars, which collec-
tively describe the intraperiod price range and final settlement
price. These variables form the foundation of most financial
time-series analyses and are widely used in both academic
research and professional market practice. In addition to price
information, tick volume is included as a proxy measure of
trading activity and market participation. Although tick vol-
ume does not represent actual traded volume in decentralized
markets, it has been shown to capture meaningful information
regarding market intensity and liquidity conditions.

The target variable in this study is defined with reference to
the gold closing price, which serves as a benchmark indicator
in financial valuation, portfolio assessment, and forecasting
applications. The closing price is particularly relevant be-
cause it reflects the consensus market valuation at the end
of each trading interval and is commonly used in the com-
putation of returns, risk measures, and performance metrics.
Depending on the modeling configuration, the forecasting
task may focus on predicting the future closing price directly
or on modeling the directional movement of prices over a
specified horizon. Both formulations are economically mean-
ingful, as they support decision-making in contexts such as
trading, hedging, and strategic asset allocation.

Importantly, the dataset spans a wide range of economic and
financial regimes, including periods of relative stability, sys-
temic crises, and transitional phases associated with changes
in monetary policy. This diversity enhances the suitability
of the data for training machine learning models that aim to
generalize beyond specific historical episodes. By exposing
models to heterogeneous market conditions, the study seeks
to mitigate the risk of regime-dependent overfitting and to
improve robustness across different economic environments.

For model development and evaluation, the dataset is parti-
tioned into distinct training, validation, and testing subsets.
The training subset is used to estimate model parameters and
learn underlying data patterns, while the validation subset sup-
ports model selection and optimization processes. The testing
subset is reserved exclusively for out-of-sample assessment,
ensuring that model evaluation reflects genuine predictive
capability rather than in-sample fitting. This partitioning
strategy adheres to established best practices in financial ma-
chine learning and is designed to preserve temporal integrity
while preventing information leakage across datasets.

Understanding the intraday dynamics of market activity is
essential for analyzing liquidity patterns, volatility transmis-
sion, and trader behavior across different trading sessions.
Market participation is not uniformly distributed throughout
the day; instead, it exhibits pronounced temporal heterogene-
ity driven by overlapping trading hours, information releases,
and institutional trading strategies. To provide an empirical
illustration of these intraday variations, Figure 1 presents

59



Journal of Sustainable Development and Green Technology (JSDGT) Vol. 05, No. 02 · 2025

the distribution of trading volume across the 24-hour trading
cycle. The visualization highlights substantial differences in
both central tendency and dispersion of volume at different
hours, offering valuable insights into periods of heightened
market engagement and elevated liquidity risk.

A comprehensive understanding of asset return behavior re-
quires examining both their distributional characteristics and
their temporal variation across trading days. Financial return
series are well known for exhibiting non-normal features such
as leptokurtosis, asymmetry, and clustering, which have im-
portant implications for risk assessment and predictive mod-
eling. To capture these stylized facts from multiple statistical
perspectives, Figure 2 provides an integrated visualization
framework that combines kernel density estimation, swarm
plots, violin plots, and box plots. Together, these graphical
representations offer complementary insights into the over-
all density of returns, cross-day dispersion, central tendency,
and the presence of extreme observations, thereby enabling
a nuanced assessment of return dynamics and day-of-week
effects.

Examining the relationship between opening and closing
prices is fundamental for understanding intraday price for-
mation, market efficiency, and short-term price dynamics in
financial markets. The degree of alignment between these
two price points reflects the extent to which new informa-
tion is incorporated during the trading session and provides
insights into intraday volatility and directional persistence.
As illustrated in Figure 3, the scatter distribution of open-
ing and closing prices reveals a strong linear association,
suggesting high price continuity and limited intraday price
dislocation over the observed period. Such behavior is indica-
tive of relatively stable trading conditions and supports the
use of opening prices as informative predictors in intraday
and end-of-day forecasting frameworks.

3.2 Data Preprocessing

Prior to model training, a comprehensive data preprocessing
pipeline is implemented to ensure data quality, numerical
stability, and compatibility with deep learning architectures.
Given the scale and complexity of the multi-timeframe finan-
cial dataset, preprocessing plays a critical role in facilitating
effective learning and reliable forecasting performance.

The first stage of preprocessing addresses the presence of
missing values and irregularities in the time series. Long-
horizon financial datasets frequently contain gaps arising
from market closures, holidays, or data acquisition inconsis-
tencies. Such irregularities, if left untreated, can distort tem-
poral dependencies and degrade model performance. Appro-
priate handling strategies are therefore employed to maintain
continuity of the time series while preserving its underlying
statistical characteristics.

A crucial preprocessing step involves the alignment of times-
tamps across multiple timeframes. Since observations are
recorded at different temporal resolutions, careful synchro-
nization is required to ensure that features derived from vari-
ous timeframes correspond to the correct chronological con-
text. This alignment process is essential when integrating
information from intraday and longer-term data sources, as
misalignment could introduce spurious relationships or lead
to information leakage. By enforcing strict temporal consis-

tency, the preprocessing pipeline ensures that all model inputs
reflect information available up to the forecasting point.

Feature scaling and normalization are applied to address dis-
parities in the numerical ranges of price and volume vari-
ables. Financial time-series data often exhibit large variations
in magnitude, particularly when long historical periods are
considered. Such variations can hinder gradient-based opti-
mization and slow model convergence. Through appropriate
scaling techniques, input features are transformed to com-
parable ranges, thereby improving numerical stability and
enhancing the efficiency of the learning process.

To capture temporal dependencies and dynamic market behav-
ior, lagged features and rolling window representations are
constructed from the original price and volume series. These
transformations enable the models to incorporate historical
context and to learn patterns related to momentum, volatility
persistence, and trend evolution. Rolling window features, in
particular, allow the extraction of localized statistical informa-
tion that reflects recent market conditions, which is especially
relevant in nonstationary financial environments.

Given the extensive use of overlapping price indicators and
multiple timeframes, correlation analysis is conducted to
identify redundant and highly correlated features. Excessive
multicollinearity can reduce learning efficiency, increase com-
putational burden, and complicate model interpretation. By
systematically analyzing feature correlations, the preprocess-
ing stage supports dimensionality reduction and prepares the
data for subsequent feature selection procedures.

Finally, the processed data are organized into structured in-
put formats suitable for deep learning models. This includes
reshaping time-series data into sequential representations and
ensuring consistency with the architectural requirements of
the learning algorithms employed in the study. Through this
carefully designed preprocessing pipeline, the raw financial
data are transformed into a form that supports robust, scal-
able, and economically meaningful machine learning-based
forecasting of XAU/USD prices.

3.3 Deep Learning Models

The selection of deep learning models for financial time-series
forecasting requires careful consideration of the unique statis-
tical and structural properties of market data. Financial time
series, particularly those associated with commodity markets
such as gold, exhibit pronounced nonlinearity, temporal de-
pendence, volatility clustering, and regime shifts driven by
macroeconomic and geopolitical factors. These character-
istics necessitate modeling approaches that are capable of
learning complex sequential patterns while remaining robust
to noise and nonstationarity. In the context of XAU/USD
price forecasting, the chosen models must effectively pro-
cess multi-timeframe inputs, accommodate high-dimensional
feature spaces, and generalize across heterogeneous market
conditions.

Model selection in this study is guided by both theoretical
suitability and empirical relevance within the financial fore-
casting literature. Priority is given to architectures that have
demonstrated strong capabilities in sequential learning, repre-
sentation extraction, and nonlinear function approximation.
Rather than relying on a single modeling paradigm, a diverse
set of deep learning models is employed to reflect different
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Figure 1. Market Activity by Hour (Volume Distribution).

Figure 2. Statistical and Distributional Analysis of Asset Returns.

inductive biases and learning mechanisms. This diversity
enables a comprehensive examination of how alternative ar-
chitectures capture gold price dynamics and provides a robust
baseline for subsequent optimization procedures.

The Deep Pyramid Recurrent Neural Network (DPRNN) is
included due to its hierarchical recurrent structure, which
is designed to capture temporal dependencies at multiple
levels of abstraction. By organizing recurrent layers in a pyra-
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Figure 3. Relationship Between Opening and Closing Prices.

midal fashion, the DPRNN progressively reduces temporal
resolution while retaining essential sequential information.
This hierarchical compression allows the model to integrate
short-term fluctuations with longer-term trends, making it
particularly suitable for multi-timeframe financial data. In
the context of gold price forecasting, such an architecture
facilitates the simultaneous modeling of intraday volatility
and broader market movements. However, the depth and
structural complexity of the DPRNN can increase sensitiv-
ity to architectural design choices and training dynamics,
highlighting the importance of systematic configuration and
optimization.

The Variational Autoencoder (VAE) is employed as a proba-
bilistic learning framework capable of extracting latent rep-
resentations from financial time series. By modeling the
underlying data distribution through a latent variable struc-
ture, the VAE enables dimensionality reduction and noise
filtering in a principled manner. In financial applications,
these latent representations can capture hidden market states
and structural patterns that are not immediately observable in
raw price data. This characteristic is particularly valuable in
gold markets, where prices often reflect unobserved macroe-
conomic expectations and investor sentiment. Nonetheless,
because the primary objective of the VAE is reconstruction
rather than direct prediction, its application to forecasting
tasks involves a trade-off between representational richness
and deterministic forecasting accuracy.

The Encoder–Attention LSTM (EA-LSTM) extends conven-
tional recurrent architectures by integrating an attention mech-
anism that dynamically weights different segments of the in-
put sequence. This mechanism allows the model to focus se-
lectively on temporally relevant information, thereby enhanc-
ing its ability to capture salient market events and structural
changes. In the context of XAU/USD forecasting, attention
mechanisms are especially useful for identifying periods of
heightened informational content, such as rapid price move-
ments or shifts in volatility. Additionally, attention-enhanced
models offer improved interpretability by providing insight

into which temporal features contribute most significantly to
the learning process. However, the increased architectural
complexity of EA-LSTM models can lead to higher compu-
tational demands and greater sensitivity to hyperparameter
settings.

Graph Neural Networks (GNNs) are incorporated to explore
the modeling of structured dependencies that extend beyond
linear temporal sequences. Although financial time series
are inherently ordered in time, relationships among features,
timeframes, or derived indicators can exhibit complex inter-
dependencies that are naturally represented in graph form.
GNNs enable the propagation and aggregation of information
across interconnected nodes, allowing the model to learn rela-
tional patterns that may not be captured by purely sequential
architectures. In gold price forecasting, such relational model-
ing can provide a flexible framework for integrating heteroge-
neous sources of information. However, the effectiveness of
GNNs is closely tied to the quality of graph construction, and
inappropriate structural assumptions may limit their practical
utility.

Convolutional Neural Networks (CNNs) are included due
to their demonstrated effectiveness in extracting local pat-
terns and hierarchical representations from structured data.
When applied to time-series inputs, convolutional filters can
identify recurring short-term motifs, such as local trends, re-
versals, or volatility bursts. These localized patterns often
carry important information for financial forecasting, partic-
ularly in high-frequency market environments. CNNs also
offer advantages in terms of parameter efficiency and paral-
lel computation, which can be beneficial when processing
large-scale financial datasets. Nevertheless, the inherently
local receptive fields of CNNs may constrain their ability to
capture long-range temporal dependencies unless combined
with additional architectural components.

Bidirectional Recurrent Neural Networks (BiRNNs) are em-
ployed to leverage contextual information from both past
and future directions within a sequence. By processing time-
series data in forward and backward order, BiRNNs generate
richer sequence representations that incorporate surrounding
temporal context. This bidirectional perspective can enhance
pattern recognition and improve the modeling of symmetric
temporal structures. In financial applications, such represen-
tations can be useful for retrospective analysis and sequence
modeling. However, from an operational forecasting stand-
point, the reliance on future information imposes practical
limitations, as future observations are not available at pre-
diction time. Consequently, the applicability of BiRNNs in
real-time financial decision-making requires careful consider-
ation.

Taken together, the deep learning models selected in this study
represent a broad spectrum of architectural approaches to fi-
nancial time-series forecasting. Each model exhibits distinct
strengths in terms of temporal modeling, feature representa-
tion, and computational characteristics, while also presenting
specific limitations when applied to the complex dynamics
of gold markets. By establishing this diverse set of baseline
models, the study lays a rigorous foundation for subsequent
enhancements through advanced optimization and feature
selection strategies, thereby supporting a systematic investi-
gation of improved forecasting methodologies for XAU/USD
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prices.

3.4 Metaheuristic Algorithms

The rapid growth in the complexity of deep learning architec-
tures has significantly increased the difficulty of configuring
models for financial time-series forecasting tasks. In markets
such as gold, where price dynamics are driven by nonlin-
ear interactions among macroeconomic conditions, investor
behavior, and liquidity fluctuations, the performance of fore-
casting models is highly sensitive to hyperparameter settings.
These hyperparameters govern essential aspects of the learn-
ing process, including convergence speed, stability, and gen-
eralization capability. As a result, conventional trial-and-error
or grid-based tuning approaches are no longer sufficient for
identifying optimal configurations, particularly when large-
scale, multi-timeframe datasets are involved. Within this con-
text, metaheuristic optimization algorithms provide a flexible
and efficient framework for automating the hyperparameter
tuning process in deep learning-based financial forecasting
systems.

Metaheuristic algorithms are designed to explore complex
and high-dimensional search spaces using stochastic and
population-based strategies. Unlike gradient-based optimiza-
tion methods, metaheuristics do not rely on differentiability
assumptions and are therefore well suited for optimizing ob-
jective functions that are noisy, nonconvex, or computation-
ally expensive to evaluate. These characteristics are common
in financial forecasting problems, where model evaluation
often depends on sequential learning processes and where
small parameter changes can lead to substantial differences
in predictive behavior. By iteratively refining candidate so-
lutions through adaptive search mechanisms, metaheuristics
enable the systematic discovery of high-quality hyperparame-
ter configurations that enhance model robustness and learning
efficiency.

3.4.1 Role of Metaheuristics in Hyperparameter Optimization

In deep learning-based financial forecasting, hyperparameter
optimization plays a critical role in shaping the bias–variance
characteristics of predictive models. Hyperparameters such
as learning rates, network depth, and regularization controls
directly influence the trade-off between model flexibility and
generalization. An overly flexible model may closely fit his-
torical gold price movements but fail to generalize to new
market conditions, while an overly constrained model may un-
derrepresent the complex dynamics inherent in financial data.
Metaheuristic algorithms address this challenge by enabling
adaptive exploration of hyperparameter spaces, allowing the
learning process to balance bias and variance in a data-driven
manner.

Automated hyperparameter search is particularly important
in financial contexts where datasets span multiple economic
regimes and structural changes. Manual tuning strategies of-
ten rely on subjective judgment and limited experimentation,
which may lead to suboptimal configurations that perform
well only under specific conditions. Metaheuristic optimiza-
tion mitigates this risk by maintaining a population of can-
didate solutions and continuously updating them based on
performance feedback. Through mechanisms such as selec-
tion, mutation, and information sharing, these algorithms can

escape local optima and adapt to the underlying structure of
the optimization landscape.

Computational efficiency is another crucial consideration in
large-scale financial datasets. Deep learning models trained
on multi-timeframe XAU/USD data require substantial com-
putational resources, as each training cycle involves process-
ing long sequences and high-dimensional inputs. Exhaustive
search methods quickly become infeasible as the number of
hyperparameters increases. Metaheuristic algorithms offer
a computationally efficient alternative by focusing search
efforts on promising regions of the parameter space and re-
ducing redundant evaluations. This efficiency enables the
practical deployment of automated optimization strategies
even when computational budgets are constrained, thereby
supporting scalable and reproducible financial forecasting
workflows.

3.5 Greylag Goose Optimization (GGO) Algorithm

The Greylag Goose Optimization (GGO) algorithm is a
population-based metaheuristic inspired by the collective for-
aging, migration, and vigilance behavior of greylag geese.
The algorithm models the adaptive balance between explo-
ration and exploitation observed in goose flocks, where in-
dividuals dynamically switch between wide-area searching
and focused local refinement depending on environmental
conditions and collective feedback. This balance is partic-
ularly well suited for hyperparameter optimization in deep
learning-based financial forecasting, where the optimization
landscape is nonlinear, multimodal, and sensitive to small
parameter perturbations.

In GGO, each candidate solution represents a search agent,
denoted as Xi, within the population of size n. The agents col-
lectively explore the search space over a predefined number of
iterations tmax with the objective of minimizing or maximiz-
ing a fitness function Fn, depending on the optimization goal.
At each iteration, the population is divided into two adap-
tive groups: an exploration group (n1) responsible for global
search and an exploitation group (n2) dedicated to local refine-
ment around promising regions. The best-performing agent
at iteration t is denoted as X∗(t) and serves as a reference
point for guided movements.

Exploration Phase. The exploration mechanism in GGO
is designed to encourage diversity and global search during
the optimization process. Exploration updates are applied
primarily to agents in the exploration group when the iteration
index satisfies the condition t mod 2 = 0. In this phase, agent
movements are governed by adaptive coefficients A and C,
which control step size and directional influence.

When the absolute value of A is less than one, agents are
guided toward the current best solution according to

X(t +1) = X∗(t)−A · |C ·X∗(t)−X(t)| , (1)

which promotes directed exploration around promising re-
gions while maintaining stochastic variability.

When |A| ≥ 1, exploration is intensified through interactions
among randomly selected agents, denoted as XPaddle1, XPaddle2,
and XPaddle3. A time-dependent control parameter z is com-
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puted as

z = 1−
(

t
tmax

)2

, (2)

which gradually shifts the algorithm from exploration toward
exploitation as iterations progress. The agent position is
then updated using a weighted combination of neighboring
solutions:

X(t +1) = w1XPaddle1 + zw2 (XPaddle2 −XPaddle3)

+(1− z)w3 (X −XPaddle1) .
(3)

This formulation enhances population diversity and enables
long-range movements across the search space, which is es-
sential for avoiding premature convergence in complex opti-
mization landscapes.

Additionally, when stochastic control parameters satisfy al-
ternative conditions, exploration is performed using a spiral-
shaped movement inspired by goose flock dynamics:

X(t +1) = w4 |X∗(t)−X(t)|ebl cos(2πl)

+2w1(r4 + r5)X∗(t),
(4)

where b and l regulate the spiral amplitude and frequency.
This mechanism allows agents to explore the vicinity of elite
solutions while preserving stochastic motion.

Exploitation Phase. The exploitation phase focuses on in-
tensifying the search around high-quality solutions to refine
convergence. Agents assigned to the exploitation group up-
date their positions using multiple reference points, denoted
as sentry agents XSentry1, XSentry2, and XSentry3. Candidate
positions are computed as

Xk = XSentryk −Ak
∣∣Ck ·XSentryk −X

∣∣ , k ∈ {1,2,3}, (5)

and the final position update is obtained by averaging these
candidates:

X(t +1) = Xi
∣∣3
0 . (6)

This strategy enables localized refinement around multiple
elite solutions, enhancing stability and convergence accuracy.

In cases where alternative conditions are met, exploitation
agents update their positions according to

X(t +1) = X(t)+D(1+ z)w(X −XFlock1) , (7)

which models coordinated flock movement and reinforces
convergence toward optimal regions.

A distinctive feature of GGO is its adaptive adjustment of
exploration and exploitation group sizes. When the best fit-
ness value remains unchanged for consecutive iterations, the
algorithm increases the number of exploration agents while
reducing the exploitation group. This adaptive mechanism
enhances global search capability in stagnation scenarios and
improves robustness when optimizing deep learning hyperpa-
rameters for nonstationary financial datasets.

Through the integration of these exploration and exploitation
strategies, GGO provides a flexible and adaptive optimization
framework capable of efficiently navigating complex, high-
dimensional search spaces. This makes it particularly suitable
for tuning deep learning models applied to financial time-
series forecasting tasks such as XAU/USD price prediction.

3.5.1 State-of-the-Art Metaheuristic Optimization Algorithms

To ensure a comprehensive evaluation of optimization strate-
gies, this study employs a diverse set of state-of-the-art meta-
heuristic algorithms, each characterized by distinct search
behaviors and adaptive mechanisms. The use of multiple opti-
mizers allows for the assessment of how different exploration
and exploitation strategies influence hyperparameter tuning
outcomes in financial forecasting applications.

The Genetic Algorithm (GA) is grounded in evolutionary
theory and simulates the process of natural selection through
iterative cycles of reproduction, crossover, and mutation. Can-
didate solutions are evaluated based on a fitness function, and
higher-performing configurations are more likely to propagate
to subsequent generations. In the context of deep learning
hyperparameter optimization, GA supports global exploration
of the search space while preserving solution diversity. This
evolutionary process is particularly effective in avoiding pre-
mature convergence and in handling the complex, multimodal
optimization landscapes commonly encountered in financial
modeling tasks.

Greylag Goose Optimization (GGO) is inspired by the col-
lective migratory behavior and social interactions of grey-
lag geese. The algorithm emphasizes cooperation and infor-
mation exchange among agents, enabling the population to
converge toward high-quality solutions through shared ex-
ploration. GGO incorporates adaptive movement strategies
that balance exploration of new regions with exploitation of
promising areas. In financial forecasting applications, this co-
operative behavior supports stable convergence and enhances
robustness when optimizing deep learning hyperparameters
under noisy and nonstationary conditions.

The Bat Algorithm (BA) draws inspiration from the echolo-
cation capabilities of bats, modeling frequency modulation,
loudness adjustment, and pulse emission rates to guide the
search process. BA dynamically adapts its exploration and
exploitation behavior based on feedback from candidate so-
lutions, allowing it to efficiently navigate complex search
spaces. This adaptability makes BA well suited for optimiz-
ing deep learning models whose performance landscapes may
vary across different regions of the hyperparameter space.

Differential Evolution (DE) is a population-based optimiza-
tion algorithm that generates new candidate solutions by com-
bining the differences between randomly selected individuals.
This vector-based mutation strategy enables efficient explo-
ration of continuous search spaces and has been shown to
perform well in high-dimensional optimization problems. In
the context of financial forecasting, DE offers a simple yet
powerful mechanism for tuning hyperparameters, providing
a balance between exploration efficiency and algorithmic
simplicity.

The Whale Optimization Algorithm (WOA) is motivated by
the bubble-net hunting strategy of humpback whales. It em-
ploys adaptive mechanisms that alternate between encircling
prey and spiral-shaped movements to explore and exploit the
search space. This dual-mode search behavior allows WOA
to dynamically adjust its focus based on the optimization
stage, making it effective in navigating the nonlinear and
multimodal fitness landscapes associated with deep learning
hyperparameter tuning.
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Multiverse Optimization (MVO) is inspired by cosmologi-
cal theories and conceptualizes candidate solutions as uni-
verses connected through probabilistic exchange mechanisms.
White holes, black holes, and wormholes facilitate informa-
tion transfer among universes, enabling both exploration and
exploitation of the search space. In financial forecasting ap-
plications, MVO provides a flexible and adaptive framework
capable of handling complex objective functions and interact-
ing hyperparameter effects.

Particle Swarm Optimization (PSO) models the collective
movement of social organisms, such as bird flocks, through
iterative updates of particle velocities and positions. Each
particle adjusts its trajectory based on personal experience
and shared knowledge from the swarm. PSO is widely rec-
ognized for its simplicity and rapid convergence, making it
an attractive option for optimizing deep learning models in
large-scale financial datasets where computational efficiency
is paramount.

Stochastic Fractal Search (SFS) is inspired by fractal growth
phenomena observed in natural systems. The algorithm com-
bines diffusion processes with adaptive updating mechanisms
to explore the search space in a stochastic yet structured man-
ner. By maintaining diversity and encouraging exploration
across multiple scales, SFS is effective in avoiding local op-
tima and sustaining robust search behavior. This property
is particularly valuable in financial forecasting, where noisy
data and evolving market dynamics can complicate optimiza-
tion efforts.

Together, these metaheuristic algorithms form a comprehen-
sive optimization framework for enhancing deep learning-
based gold price forecasting models. Their complementary
search strategies and adaptive behaviors enable systematic
and efficient exploration of hyperparameter spaces, support-
ing the development of robust and scalable financial fore-
casting systems suitable for complex and dynamic market
environments.

4. EXPERIMENTAL RESULTS

4.1 Baseline Model Performance (Before Optimization)

This subsection evaluates the predictive performance of the
baseline deep learning models prior to the application of
any feature selection or metaheuristic-based hyperparameter
optimization. The purpose of this analysis is to establish
a quantitative benchmark that reflects the intrinsic forecast-
ing capability of each model architecture when applied to
XAU/USD price data under identical experimental conditions.
Such a baseline assessment is essential for isolating the true
impact of optimization strategies introduced in subsequent
stages of the study.

The comparative results, reported in Table 1, reveal noticeable
variation in model behavior across all evaluation metrics,
underscoring the heterogeneous suitability of different deep
learning architectures for gold price forecasting. Error-based
metrics, correlation measures, and agreement indices are
jointly considered to ensure a comprehensive assessment of
predictive accuracy, bias, and robustness.

Among the evaluated baseline models, DPRNN exhibits the
strongest overall performance. Specifically, DPRNN achieves
an MSE of 0.0589 and an RMSE of 0.2426, indicating

relatively low dispersion between predicted and observed
gold prices. The MAE value of 0.0802 further confirms
the model’s ability to limit absolute forecasting deviations,
while the MBE of 0.0715 suggests a moderate but controlled
systematic bias. From a statistical association perspective,
DPRNN records a correlation coefficient of 0.778 and an R2

value of 0.79, demonstrating a strong linear relationship and
high explanatory power. Additionally, the model achieves an
NSE of 0.804 and a Willmott Index (WI) of 0.774, reflecting
a high level of agreement between predictions and observed
values.

The VAE-based model demonstrates competitive but slightly
weaker baseline performance relative to DPRNN. While the
RMSE of 0.2419 is marginally lower than that of DPRNN, the
MSE increases to 0.07195 and the MAE rises to 0.0935, indi-
cating greater sensitivity to absolute prediction errors. The
MBE value of 0.0806 suggests a higher degree of systematic
deviation. In terms of correlation, the VAE model attains an
r value of 0.754 and an R2 of 0.767, reflecting a moderate re-
duction in explanatory capability. The NSE and WI values of
0.78 and 0.776, respectively, indicate acceptable agreement,
though with reduced stability compared to DPRNN.

The EALSTM model exhibits moderate baseline performance,
with an MSE of 0.08074 and an RMSE of 0.2681. The MAE
of 0.1067 and MBE of 0.1352 reveal increased absolute and
directional errors, suggesting that while the attention mecha-
nism enhances temporal focus, it does not fully mitigate error
accumulation over the forecasting horizon. The correlation
coefficient of 0.753 and R2 value of 0.765 indicate a reason-
able level of association, though inferior to both DPRNN
and VAE. Agreement-based metrics further decline, with an
NSE of 0.769 and WI of 0.723, highlighting limitations in
predictive consistency.

The GNN-based model shows a further deterioration in base-
line forecasting performance. The model records an MSE of
0.16032 and an RMSE of 0.2841, accompanied by an MAE
of 0.1458 and an MBE of 0.1521. These values indicate el-
evated prediction errors and systematic bias. Although the
correlation coefficient remains relatively moderate at 0.738
and the R2 value reaches 0.759, agreement metrics such as
NSE (0.754) and WI (0.693) reveal reduced alignment with
observed gold price movements. This outcome suggests that
relational modeling alone may be insufficient for capturing
dominant temporal dependencies in financial price series with-
out extensive structural refinement.

CNN and BiRNN models demonstrate the weakest baseline
performance among the evaluated architectures. The CNN
model reports an MSE of 0.3489 and an RMSE of 0.5907,
with MAE and MBE values increasing to 0.2156 and 0.2913,
respectively. These results reflect substantial forecasting de-
viations and limited robustness. Correspondingly, the correla-
tion coefficient declines to 0.724 and R2 to 0.733, while NSE
and WI fall to 0.733 and 0.659. The BiRNN model performs
even less favorably, recording the highest error values with an
MSE of 0.5714 and an RMSE of 0.7559. The MAE of 0.2504
and MBE of 0.3841 indicate pronounced absolute and direc-
tional errors. Despite achieving an r value of 0.704 and an
R2 of 0.714, the agreement metrics further deteriorate, with
NSE and WI reaching only 0.711 and 0.657, respectively.

Overall, the baseline results clearly demonstrate that while
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Table 1. Baseline performance comparison of deep learning models for XAU/USD price forecasting before optimization.

Model MSE RMSE MAE MBE r R2 RRMSE NSE WI

DPRNN 0.0589 0.2426 0.0802 0.0715 0.778 0.790 6.08 0.804 0.774
VAE 0.07195 0.2419 0.0935 0.0806 0.754 0.767 6.29 0.780 0.776
EALSTM 0.08074 0.2681 0.1067 0.1352 0.753 0.765 6.43 0.769 0.723
GNN 0.16032 0.2841 0.1458 0.1521 0.738 0.759 6.55 0.754 0.693
CNN 0.3489 0.5907 0.2156 0.2913 0.724 0.733 6.86 0.733 0.659
BiRNN 0.5714 0.7559 0.2504 0.3841 0.704 0.714 7.18 0.711 0.657

Figure 4. Distribution of Model Performance Metrics Using Violin
Plots with Jittered Observations.

certain architectures, particularly DPRNN and VAE, exhibit
relatively strong inherent forecasting capability, none of the
evaluated models achieve consistently low error and high
agreement across all metrics. The observed performance
dispersion highlights the sensitivity of deep learning mod-
els to architectural design and parameter configuration in
financial time-series forecasting. These findings provide a
strong empirical justification for the subsequent application
of feature selection and metaheuristic-based hyperparameter
optimization to enhance predictive accuracy, stability, and
generalization in XAU/USD price forecasting.

A rigorous evaluation of predictive model performance re-
quires assessing multiple error- and efficiency-based metrics
simultaneously in order to capture both accuracy and robust-
ness. Single-point summary statistics may obscure variability
across evaluation runs or validation folds, thereby limiting
the interpretability of comparative model performance. To
address this, Figure 4 presents the distributional characteris-
tics of key performance metrics using violin plots augmented
with jittered data points. This visualization highlights the
central tendency, dispersion, and density structure of error
measures (such as mean squared error, root mean squared
error, mean absolute error, and mean bias error) alongside
goodness-of-fit and efficiency indicators, enabling a compre-
hensive and transparent assessment of model reliability and
stability.

Comparative analysis of predictive models benefits from un-
derstanding not only their individual performance levels but
also the structural similarities in their evaluation outcomes.
Hierarchical clustering provides a systematic framework for
identifying groups of models that exhibit comparable be-

Figure 5. Dendrogram for Hierarchical Clustering of Predictive
Models.

havior across multiple performance metrics, thereby reveal-
ing latent relationships among modeling approaches. In this
context, Figure 5 illustrates a dendrogram resulting from hi-
erarchical clustering applied to the evaluated models. The
branching structure and linkage distances reflect the degree of
similarity between models, enabling a clear interpretation of
clusters that share analogous predictive characteristics and of-
fering insights into model complementarity and redundancy.

A detailed comparison of predictive models requires not only
evaluating their average performance but also examining the
variability and stability of their evaluation metrics across dif-
ferent configurations or validation instances. Error-based
measures and goodness-of-fit indicators may exhibit hetero-
geneous dispersion patterns that are not fully captured by
point estimates alone. To address this issue, Figure 6 presents
a combined visualization framework in which box plots are
overlaid with swarm plots for individual performance met-
rics, complemented by explicit annotations of the mean and
standard deviation. This integrated representation facilitates
a nuanced assessment of central tendency, dispersion, and
outlier behavior across models, thereby supporting a more
transparent interpretation of model accuracy, robustness, and
comparative reliability.

Analyzing the joint distributional behavior of multiple per-
formance metrics provides deeper insight into model accu-
racy, efficiency, and stability than isolated metric evaluations.
Kernel density estimation offers a flexible, non-parametric
approach for capturing the underlying probability structure of
each metric, while stacked visualizations facilitate simultane-
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Figure 6. Distribution of Individual Performance Metrics Across Models Using Box and Swarm Plots with Mean and Standard Deviation.

Figure 7. Stacked Kernel Density Estimation Streamgraph of Model
Performance Metrics.

ous comparison across heterogeneous scales. In this regard,
Figure 7 presents a stacked kernel density streamgraph of key
error-based and goodness-of-fit metrics, enabling a holistic
assessment of their relative concentration, overlap, and disper-
sion. This representation highlights dominant density regions
and reveals potential trade-offs among metrics, thereby sup-
porting a more integrated interpretation of predictive model
performance.

4.2 Optimized Model Performance

This subsection evaluates the predictive performance of the
optimized forecasting models obtained by integrating meta-
heuristic algorithms with the DPRNN architecture. The ob-
jective of this analysis is to quantify the extent to which
metaheuristic-driven optimization enhances forecasting accu-
racy, stability, and agreement relative to the baseline models.
By employing multiple optimization strategies under identical
experimental conditions, this section provides a comprehen-
sive assessment of how different metaheuristics influence the
performance of deep learning models in XAU/USD price
forecasting.

The optimized performance results are summarized in Table 2,
which reports error-based metrics, correlation measures, and
agreement indices for each metaheuristic–DPRNN combi-
nation. Across all evaluated configurations, substantial re-
ductions in prediction error and systematic bias are observed,
accompanied by marked improvements in correlation strength
and overall model agreement.

Among the optimized models, the GGO+DPRNN configura-
tion achieves the strongest overall performance. This model
records an exceptionally low MSE of 2.05× 10−5 and an
RMSE of 4.52× 10−3, indicating a dramatic reduction in
forecasting error magnitude. The MAE value of 2.05×10−4

further confirms the model’s ability to maintain minimal ab-
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solute deviations, while the MBE of 5.40 × 10−5 reflects
negligible systematic bias. From a statistical association
perspective, the GGO-optimized model attains a correlation
coefficient of 0.987 and an R2 value of 0.983, demonstrat-
ing an exceptionally strong alignment between predicted and
observed gold prices. Agreement-based metrics further re-
inforce this outcome, with an NSE of 0.986 and a Willmott
Index of 0.988, indicating near-perfect predictive consistency.

The GA+DPRNN model also demonstrates strong optimiza-
tion benefits, achieving an MSE of 3.12×10−5 and an RMSE
of 5.58×10−3. The MAE and MBE values of 2.60×10−4

and 6.80×10−5, respectively, indicate low absolute and di-
rectional errors. The correlation coefficient reaches 0.979,
with an R2 of 0.975, while the NSE and WI values of 0.978
and 0.981 confirm a high degree of agreement. Although
slightly inferior to the GGO-based configuration, the GA-
optimized model exhibits substantial improvements over all
baseline results.

The BA+DPRNN configuration yields further competitive
performance, with an MSE of 4.18× 10−5 and an RMSE
of 6.50 × 10−3. The MAE of 3.00 × 10−4 and MBE of
8.20×10−5 reflect controlled error behavior, while the cor-
relation coefficient of 0.973 and R2 value of 0.97 indicate
strong explanatory power. Agreement metrics remain high,
with an NSE of 0.972 and WI of 0.977, confirming the effec-
tiveness of bat-inspired optimization in refining deep learning
hyperparameters for financial forecasting.

The DE+DPRNN model also exhibits notable performance
gains, recording an MSE of 5.42× 10−5 and an RMSE of
7.36×10−3. The MAE and MBE values of 3.36×10−4 and
9.60× 10−5, respectively, indicate slightly increased error
levels relative to GA- and BA-based configurations. Nonethe-
less, the model maintains a strong correlation coefficient of
0.966 and an R2 of 0.963, supported by an NSE of 0.965 and
WI of 0.973, reflecting robust predictive agreement.

The WOA+DPRNN configuration records an MSE of 6.98×
10−5 and an RMSE of 8.38×10−3, with corresponding MAE
and MBE values of 3.76×10−4 and 1.13×10−4. Although
error levels increase slightly, the model retains a strong corre-
lation coefficient of 0.959 and an R2 of 0.957. The NSE and
WI values of 0.958 and 0.968, respectively, indicate consis-
tent predictive behavior and effective convergence.

The MVO+DPRNN model achieves an MSE of 8.88×10−5

and an RMSE of 9.44×10−3. The MAE and MBE increase to
4.08×10−4 and 1.28×10−4, while the correlation coefficient
and R2 values reach 0.952 and 0.95, respectively. Agreement
metrics remain high, with an NSE of 0.95 and WI of 0.962,
confirming the capability of multiverse-based optimization to
enhance model stability and forecasting accuracy.

The PSO+DPRNN configuration yields an MSE of 1.08×
10−4 and an RMSE of 1.04× 10−2. The MAE and MBE
values of 4.36×10−4 and 1.43×10−4 reflect moderate error
increases relative to other optimized models. Nonetheless,
the correlation coefficient of 0.946 and R2 of 0.944, together
with an NSE of 0.944 and WI of 0.957, indicate substantial
improvements over baseline performance.

Finally, the SFS+DPRNN model records an MSE of 1.33×
10−4 and an RMSE of 1.15× 10−2, with MAE and MBE
values of 4.63× 10−4 and 1.58× 10−4. Although this con-

Figure 8. Parallel Coordinates Plot of Normalized Performance
Metrics for Hybrid Predictive Models.

figuration exhibits the highest error among the optimized
models, it still achieves a correlation coefficient of 0.939 and
an R2 of 0.937. The NSE and WI values of 0.937 and 0.952,
respectively, confirm meaningful performance gains relative
to all baseline architectures.

Overall, the optimized results presented in Table 2 demon-
strate that integrating metaheuristic algorithms with DPRNN
leads to substantial improvements in forecasting accuracy,
bias reduction, and predictive agreement. The consistent en-
hancement across all optimization strategies highlights the
effectiveness of metaheuristic-driven hyperparameter tuning
in addressing the complexity and nonlinearity of gold price
dynamics.

Evaluating predictive models across multiple performance
criteria requires a visualization framework capable of simul-
taneously capturing trade-offs among error-based measures
and goodness-of-fit indicators. Parallel coordinates plots are
particularly well suited for this purpose, as they enable the
comparison of high-dimensional performance profiles within
a unified visual space. In this context, Figure 8 presents a par-
allel coordinates representation of normalized model perfor-
mance metrics for different hybrid modeling configurations.
Each polyline corresponds to a distinct model, allowing for
a direct visual assessment of relative strengths, weaknesses,
and overall balance across accuracy, bias, correlation, and
efficiency metrics.

A comprehensive evaluation of predictive model performance
necessitates examining both the central tendency and disper-
sion of multiple accuracy and efficiency metrics. While sum-
mary statistics provide a concise overview, distribution-based
visualizations offer deeper insight into variability, robustness,
and the presence of extreme values across competing models.
In this respect, Figure 9 presents a box plot representation of
key performance metrics overlaid with swarm plots of individ-
ual observations. This combined visualization enables a clear
assessment of median performance, interquartile ranges, and
point-level dispersion, thereby facilitating a nuanced com-
parison of error magnitudes, correlation strength, and overall
model reliability.

Evaluating predictive models across a diverse set of perfor-
mance indicators requires a metric-wise examination of both
central tendency and dispersion in order to ensure robust
and reliable conclusions. Different error, bias, and efficiency
metrics may exhibit distinct distributional characteristics that
reflect trade-offs between accuracy and stability. In this con-
text, Figure 10 presents a series of horizontal box plots over-
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Table 2. Performance comparison of metaheuristic-optimized DPRNN models for XAU/USD price forecasting.

Model MSE RMSE MAE MBE r R2 RRMSE NSE WI

GGO + DPRNN 2.05×10−5 4.52×10−3 2.05×10−4 5.40×10−5 0.987 0.983 0.059 0.986 0.988
GA + DPRNN 3.12×10−5 5.58×10−3 2.60×10−4 6.80×10−5 0.979 0.975 0.081 0.978 0.981
BA + DPRNN 4.18×10−5 6.50×10−3 3.00×10−4 8.20×10−5 0.973 0.970 0.098 0.972 0.977
DE + DPRNN 5.42×10−5 7.36×10−3 3.36×10−4 9.60×10−5 0.966 0.963 0.128 0.965 0.973
WOA + DPRNN 6.98×10−5 8.38×10−3 3.76×10−4 1.13×10−4 0.959 0.957 0.178 0.958 0.968
MVO + DPRNN 8.88×10−5 9.44×10−3 4.08×10−4 1.28×10−4 0.952 0.950 0.228 0.950 0.962
PSO + DPRNN 1.08×10−4 1.04×10−2 4.36×10−4 1.43×10−4 0.946 0.944 0.278 0.944 0.957
SFS + DPRNN 1.33×10−4 1.15×10−2 4.63×10−4 1.58×10−4 0.939 0.937 0.408 0.937 0.952

Figure 9. Box Plot with Swarm Overlay of Model Performance
Metrics.

laid with swarm plots for individual performance metrics.
This visualization enables a detailed comparison of metric
distributions across models, highlighting variability, median
performance, and the presence of extreme values, thereby
supporting a comprehensive assessment of model consistency
and predictive reliability.

Assessing the relative effectiveness of competing predic-
tive models requires a normalized comparison framework
that highlights performance gains with respect to a common
benchmark. Improvement ratios provide an intuitive and
scale-independent measure of how closely each model ap-
proaches the best observed performance for a given metric. In
this regard, Figure 11 presents an improvement ratio matrix
in which each entry quantifies the relative performance of
a model compared to the best-performing model for each
evaluation criterion. This visualization enables a concise yet
comprehensive comparison across error-based, correlation,
and efficiency metrics, thereby facilitating the identification
of dominant modeling strategies and systematic performance
differentials.

5. DISCUSSION

The empirical findings of this study provide important in-
sights into the behavior of gold prices in modern financial
markets and the effectiveness of advanced forecasting frame-
works when applied to long-horizon, multi-timeframe data.
From a financial market perspective, the results highlight the
intrinsic complexity of XAU/USD price dynamics, which
are shaped by nonlinear interactions among macroeconomic
conditions, investor expectations, and global risk sentiment.

The baseline analysis demonstrates that even sophisticated
learning architectures exhibit substantial variation in predic-
tive accuracy and stability when operating without systematic
optimization, reflecting the challenges posed by nonstation-
arity, volatility clustering, and regime-dependent behavior in
gold markets.

The pronounced improvement observed after optimization un-
derscores the critical role of model configuration in financial
forecasting applications. The optimized DPRNN-based mod-
els exhibit significantly reduced forecasting errors, enhanced
correlation with observed prices, and stronger agreement met-
rics across all evaluated measures. These improvements sug-
gest that optimization enables the model to more effectively
capture both short-term market fluctuations and longer-term
structural patterns embedded within the XAU/USD series. In
economic terms, this enhanced predictive capability implies
a more accurate representation of market information, which
is essential for decision-making in trading, hedging, and port-
folio allocation contexts. Improved forecast reliability can
reduce estimation risk for investors and support more efficient
pricing of gold as a financial asset.

The impact of optimization on forecasting accuracy is partic-
ularly relevant in the context of gold’s role as a safe-haven
asset. Gold prices often respond sharply to changes in macroe-
conomic uncertainty, monetary policy expectations, and fi-
nancial stress. The ability of the optimized framework to
substantially reduce bias and error indicates that the model
is better equipped to adapt to such conditions and to reflect
the underlying economic signals driving price movements.
This adaptability is crucial for financial practitioners who rely
on timely and accurate forecasts to manage exposure during
periods of heightened volatility or systemic risk.

When compared with existing financial forecasting studies,
the findings of this work are broadly consistent with the grow-
ing consensus that data-driven models outperform traditional
econometric approaches in capturing nonlinear and regime-
dependent market behavior. Prior research on commodity
and foreign exchange forecasting has emphasized the lim-
itations of linear models in environments characterized by
frequent structural breaks and evolving market dynamics. The
results presented here reinforce these observations by demon-
strating that even among advanced learning architectures,
performance gains are strongly contingent on appropriate
optimization strategies. The substantial performance gap be-
tween baseline and optimized configurations suggests that
methodological rigor in model tuning is as important as the
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Figure 10. Horizontal Box Plots with Swarm Overlays for Individual Model Performance Metrics.

Figure 11. Improvement Ratio Matrix Relative to the Best Perfor-
mance Achieved for Each Metric.

choice of forecasting architecture itself.

Despite these encouraging results, several limitations must
be acknowledged. Financial markets are subject to sudden
shocks arising from geopolitical events, policy announce-
ments, and exogenous crises, which can induce abrupt struc-
tural changes in price behavior. While the long historical cov-

erage of the dataset allows the model to learn from multiple 
past regimes, no forecasting framework can fully anticipate 
unprecedented events or structural breaks that fundamentally 
alter market dynamics. Consequently, model performance 
may deteriorate during extreme events that fall outside the 
range of historical experience captured in the training data.

Another limitation relates to the assumption of temporal sta-
bility in the learned relationships. Although optimization 
improves generalization across observed regimes, financial 
markets remain adaptive systems in which behavioral pat-
terns and institutional structures evolve over time. Changes 
in market microstructure, trading technology, or regulatory 
environments may affect the relevance of historical patterns 
for future forecasting. Addressing such challenges may re-
quire adaptive or online learning strategies that continuously 
update model parameters in response to new information.

Overall, the discussion highlights that while the proposed 
forecasting framework represents a significant advancement 
in modeling gold price dynamics, its effectiveness is inher-
ently linked to the evolving nature of financial markets. Rec-
ognizing these limitations is essential for responsible applica-
tion and interpretation of forecasting results in economic and 
financial decision-making contexts.
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This study has presented a comprehensive investigation into the 
application of deep learning and metaheuristic optimiza-tion 
techniques for forecasting XAU/USD prices using long-term, 
multi-timeframe financial data. Gold occupies a central position 
in global financial markets as a safe-haven asset, an inflation 
hedge, and a portfolio diversification instrument. Accurate 
forecasting of gold prices is therefore of significant economic 
importance, with direct implications for investors, financial 
institutions, and policymakers operating in increas-ingly 
volatile and interconnected markets.

The empirical analysis demonstrates that baseline deep learn-ing 
models, while capable of capturing certain nonlinear and 
temporal patterns in gold price dynamics, exhibit substantial 
variability in predictive accuracy, bias, and agreement. These 
limitations reflect the inherent complexity of financial time se-
ries, which are characterized by nonstationarity, regime shifts, 
and sensitivity to model configuration. The observed base-
line performance underscores the challenges associated with 
applying deep learning architectures to financial forecasting 
tasks without systematic optimization.

By integrating metaheuristic optimization algorithms with 
deep learning models, the study establishes a robust frame-
work for enhancing forecasting performance in the XAU/USD 
market. Metaheuristic-driven hyperparameter optimization 
enables automated exploration of complex configuration 
spaces, effectively addressing issues related to bias–variance 
trade-offs and convergence stability. The optimized models 
exhibit pronounced reductions in forecasting error, improved 
correlation with observed prices, and enhanced agreement 
metrics, indicating more reliable representation of gold price 
dynamics across diverse market conditions.

From an economic perspective, the findings highlight the 
value of advanced optimization techniques in improving the 
informational efficiency of forecasting models used in finan-
cial markets. More accurate and stable gold price predictions 
can support better-informed trading strategies, risk manage-
ment practices, and portfolio allocation decisions. For insti-
tutional investors and asset managers, such improvements 
contribute to more effective hedging against inflation and sys-
temic risk. At the macro-financial level, enhanced gold price 
forecasting may also provide policymakers with additional 
insights into market expectations, investor sentiment, and the 
credibility of monetary regimes.

Overall, this study contributes to the financial forecasting lit-
erature by demonstrating that the combination of deep learn-ing 
and metaheuristic optimization constitutes a powerful 
methodological approach for modeling complex commod-ity 
price dynamics. The proposed framework is particularly well 
suited for long-horizon and multi-timeframe financial 
datasets, where traditional econometric methods often fall 
short in capturing nonlinear and regime-dependent behavior.

While the proposed framework delivers substantial method-
ological and empirical contributions, several avenues for fu-
ture research remain open. One important direction involves the 
integration of additional macroeconomic and financial in-
dicators, such as interest rates, inflation measures, exchange 
rate indices, and financial market volatility proxies. Incor-
porating such exogenous variables could further enhance 
the economic interpretability and predictive robustness of

gold price forecasting models, particularly during periods of
macroeconomic stress.

Another promising avenue lies in extending the framework
to real-time and high-frequency forecasting applications. As
financial markets continue to evolve toward faster trading
environments, the ability to deploy optimized deep learning
models in near real-time settings becomes increasingly rele-
vant. Future work may therefore focus on reducing computa-
tional overhead, improving model scalability, and assessing
latency constraints associated with live market deployment.

The adaptability of the proposed optimization framework
also enables its extension to other financial assets and mar-
kets. Applying similar methodologies to foreign exchange
rates, equity indices, energy commodities, or fixed-income
instruments would allow for a broader assessment of the gen-
eralizability of metaheuristic-optimized deep learning models
across asset classes. Such extensions could contribute to the
development of unified forecasting systems capable of sup-
porting cross-asset portfolio management and systemic risk
monitoring.

From a methodological standpoint, future research may ex-
plore hybrid optimization strategies that combine multiple
metaheuristic algorithms or integrate reinforcement learning
mechanisms to dynamically adjust optimization behavior in
response to changing market conditions. These enhancements
could further improve convergence efficiency and robustness
in nonstationary financial environments.

Finally, future studies may investigate the integration of the
proposed forecasting framework into intelligent financial
decision-support systems. Embedding optimized predictive
models within automated trading platforms, risk assessment
tools, or policy analysis frameworks could facilitate more
responsive and data-driven decision-making in complex fi-
nancial markets. Such developments would strengthen the
practical relevance of advanced forecasting methodologies
and contribute to more resilient and efficient financial sys-
tems.

DATA AVAILABILITY

The dataset used in this study is pub-
licly available on Kaggle at https://www.
kaggle.com/datasets/novandraanugrah/
xauusd-gold-price-historical-data-2004-2024?
select=XAU_15m_data.csv.
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