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1- Introduction

Gold has long been regarded as a strategic and reliable asset, particularly during periods of economic instability and
inflationary pressure. A safe-haven asset is defined as one that remains uncorrelated or negatively correlated with other
asset classes in times of market stress [1]. Historically, gold has fulfilled this role, acting as both a store of value and a
hedge against inflation. In 2023, global gold demand surged to 4,974 tonnes, driven by record central bank acquisitions
and growing investor interest, while the average LBMA gold price rose to US$2,386 per ounce—a 23% year-over-year
increase [2]. These developments underscore the growing confidence in gold as a protective asset during economic crises

3.

In emerging economies such as Malaysia, gold investment has been recognized as an effective hedge against
financial risk, particularly since the 1997/98 Asian Financial Crisis, when policymakers, including then Prime
Minister Tun Mahathir Mohamad, emphasized gold’s potential role in international trade and monetary stability [4].
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Given Malaysia’s open and trade-dependent economy, it remains highly vulnerable to global shocks such as oil
price volatility, U.S. monetary policy shifts, and exchange rate fluctuations [5]. These external pressures often
amplify domestic inflationary risks and financial market uncertainty, underscoring the importance of reliable gold
price forecasting for investors, financial analysts, and policymakers seeking to manage economic risk and inform
inflation-targeting strategies.

Despite its importance, forecasting gold prices remains challenging because of the nonlinear and dynamic
relationships between macroeconomic indicators and gold market behavior. Traditional econometric models, such as the
AutoRegressive Integrated Moving Average (ARIMA) and Vector AutoRegression (VAR), though widely applied, rely
on assumptions of linearity and stationarity that limit their predictive accuracy in volatile environments [6, 7].
Consequently, researchers have increasingly explored machine learning (ML) and deep learning (DL) techniques capable
of modeling complex, nonlinear relationships [8]. Ensemble ML methods such as Random Forest, Gradient Boosting
Machines (GBM), and XGBoost have demonstrated improved forecasting accuracy, with studies showing Random
Forest outperforming ARIMA and Decision Tree models [6], GBM excelling in short-term horizons [9], and XGBoost
achieving the highest accuracy compared to five competing models, including Linear Regression and Neural Networks
[10]. Similarly, DL models such as Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU) have gained
traction for sequential data modeling, with LSTM networks capturing temporal dependencies in COVID-19 and
macroeconomic data more effectively than CNN-LSTM and Bidirectional LSTM variants [11]. At the same time, GRU
performed better in shorter horizons and LSTM in longer forecasting periods [12]. Hybrid architectures that integrate
multiple modeling approaches have further enhanced predictive performance; for example, the LSTM-Attention-CNN
model combined memory, attention, and local feature extraction to improve forecasting accuracy [13], while the
ICEEMDAN-LSTM-CNN-CBAM hybrid model outperformed 22 benchmark models [14]. More recently, sentiment-
augmented approaches incorporating news and social media sentiment indicators have also demonstrated improved one-
day-ahead forecasting accuracy [15-18].

Nevertheless, several gaps remain. Most studies focus on global markets or high-frequency trading environments,
with limited attention to emerging economies such as Malaysia, where macroeconomic dynamics may differ
substantially [5]. Moreover, although ensemble learners and recurrent neural networks have shown promise individually,
few studies directly compare their forecasting performance under a unified framework. Finally, hyperparameter
optimization—a factor known to influence model accuracy significantly—remains underexplored in gold price
forecasting, despite the availability of advanced optimization techniques such as Tree-structured Parzen Estimator (TPE)
and Covariance Matrix Adaptation Evolution Strategy (CMA-ES) [19].

To address these gaps, this study benchmarks six ML models “our ensemble learning algorithms (Random Forest,
GBM, XGBoost, and LightGBM) and two DL models (LSTM and GRU)” for forecasting Malaysia’s gold prices using
Malaysia-specific macroeconomic data. The Optuna framework [20] is employed to evaluate three hyperparameter
optimization strategies: TPE, Grid Search, and CMA-ES. Specifically, the study seeks to answer the following research
questions:

e Which ML model performs best in forecasting Malaysia's gold prices?
o How does hyperparameter optimization influence the predictive accuracy of these models?
o What are the most influential macroeconomic indicators affecting Malaysia's gold price?

The remainder of the paper is structured as follows: Section 2 reviews existing literature across three key areas—
macroeconomic indicators, ML models, and optimization strategies. Section 3 outlines the dataset and methodology.
Section 4 presents and interprets the results. Section 5 discusses practical implications, limitations, and future research
directions.

2- Related Works

This section reviews prior literature relevant to gold price forecasting, structured around three core themes:
Macroeconomic Indicators (Section 2-1), ML models (Section 2-2), and Hyperparameter Optimization Techniques
(Section 2-3). These themes reflect the multidimensional nature of gold pricing and the methodological evolution from
traditional econometrics to modern predictive analytics. The section concludes with a synthesis of the research gaps
addressed by this study.

2-1-Macroeconomic Indicators Influencing Gold Prices

Domestic and global macroeconomic variables influence gold prices. Among these, inflation rates are frequently cited
as key drivers, as gold is traditionally seen as a hedge against purchasing power erosion [21]. Empirical findings vary:
Hashim et al. [21] found a positive relationship across major economies, while Md Hashim [22] demonstrated inflation
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to be the most influential factor on Malaysian gold prices between 1980 and 2020. However, others, such as Bin Sukri
& Mohd Zain [5] and Mohd et al. [23], reported no significant correlation in the Malaysian context, suggesting that the
gold-inflation nexus may be market-specific or temporally unstable.

Interest rates also play a pivotal role in determining the opportunity cost of holding gold. Hashim et al. [21] and
Mainal et al. [24] observed a negative correlation between interest rates and gold prices, aligning with the standard
economic expectation. In contrast, studies by Md Hashim [22] and Mohd et al. [23] reported statistical insignificance,
reflecting variability due to differences in data periods and modelling methods.

Exchange rates and GDP have also emerged as influential. Since gold is globally traded in U.S. dollars, depreciation
of local currencies often increases domestic gold prices [5, 24]. GDP reflects investor confidence and purchasing
capacity; however, findings have been inconsistent [21, 25].

Additional predictors such as the Volatility Index (VIX) and crude oil prices have been explored as proxies for
economic uncertainty and commodity interlinkages, respectively [26, 27]. These studies highlight the multidimensional
nature of gold pricing while also revealing contextual and methodological divergences, particularly in emerging markets
such as Malaysia.

In this study, identifying the most influential macroeconomic indicators affecting Malaysia's gold price is a central
objective. Understanding which variables—such as inflation rates, interest rates, exchange rates, and commodity
prices—most strongly impact gold price fluctuations can provide valuable insights for investors, policymakers, and
financial analysts. To support this, a feature importance analysis is employed to interpret model predictions and quantify
the contribution of each variable to the forecasting output. This interpretability component complements model
performance evaluation and enhances transparency in financial decision-making.

2-2-ML Models in Gold Price Prediction

Traditional econometric models such as ARIMA, VAR, and ARDL have long been used in gold price prediction but
often fall short in handling non-linearity and time-series volatility [6, 8]. The limitations of these models have motivated
the adoption of ML techniques, which offer greater flexibility and predictive power.

Recent studies demonstrate how the gold price forecasting has progressed over the years, from standalone ML and
DL maodels to hybrid and adaptive models. For instance, Taneva-Angelova et al. [15] created a hybrid gold forecasting
framework that integrates the classical econometric modelling with ML, DL, and sentiment analysis. Using data from
2014 to 2024, their framework outperformed the traditional econometric approaches. In the same breath, Guo et al. [28]
showed that signal decomposition combined with recurrent networks like GRU and LSTM is able to push the forecasting
performance by a large margin beyond what is possible using raw sequences. Specifically, their EMD-BIGRU-AM
model, built on GRU, performed the best compared to other variants. Other than that, fuzzy logic and optimization
approaches have been used in other works. For example, Das et al. [29] designed a combination of Extreme Learning
Machine with a Fuzzy Inference System, which was enhanced with a Cluster-based Quasi-Oppositional Crow Search
Algorithm (CQCSA). With daily Brent crude oil, WT]I crude oil, and gold prices between 2010 and 2022, the proposed
model exhibited dramatically lower prediction errors than its benchmarks, testifying to the efficiency of fuzzy and
metaheuristic-based optimization in machine learning. Beyond hybrid learning, researchers have also investigated novel
input representations.

Liu et al. [30] proved the predictive ability of news sentiment by using textual analysis in predicting short-term
gold futures prices. Besides, Salim & Djunaidy [31] developed a hybrid CNN-LSTM architecture that converts
daily gold prices (2013-2022) into images via Gramian Angular Fields. The authors who proved the superior
performance of CNN-LSTM using image input data revealed that the integration of deep learning, as well as time-
series-to-image representations, can be used as an efficient measure to enhance the gold price prediction.
Altogether, these developed works clarify the transition towards hybrid and adaptive ML models in the gold price
prediction.

While hybrid and adaptive models have shown promising results, they usually require large or multimodal inputs,
which are not always available in the localized context. In the case of Malaysia, key macroeconomic indicators such as
inflation and interest rates are only reported on a monthly, quarterly, or yearly basis, which results in relatively small
datasets. Under such conditions, ensemble models offer an interpretable solution suited for structured tabular data.
Ensemble models have demonstrated strong performance [32] across various studies (see Table 1). For example, Manjula
and Karthikeyan [9] found that GBM performed best in short-term forecasts, while RF performed better over more
extended periods. Jabeur et al. [10] demonstrated the superiority of XGBoost with a 99.4% Rz, outperforming CatBoost,
LightGBM, and traditional regression. Similarly, Rady et al. [6] found that GBM outperforms both ARIMA and Decision
Trees on monthly gold price data.
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Table 1. Summary of ML and DL Models for Gold Price Forecasting

Best Performing

Study Models Evaluated Variables Used Evaluation Metrics

Model
Makala & Li [33] ARIMA, SVM Daily gold data SVM RMSE, MAPE, R?
Anbananthen et al. [8] ARIMA, LSTM 12 financial time series indices LSTM RMSE

(e.g., S&P 500, Nikkei 225)

Crude oil prices, inflation, interest GBM (short-term),

Manjula & Karthikeyan [9] RF, GBM, Linear Regression MSE, RMSE, MAE

rates, and exchange rates RF (long-term)
Rady et al. [6] ARIMA, Decision Tree, RF, GBM Monthly gold prices RF RMSE
XGBoost, CatBoost, RF, LightGBM, Silver price, oil price, exchange "
Jabeur et al. [10] Linear Regression, Neural Network rates, S&P 500, and iron ore XGBoost RMSE, MAE, MSE, R
Narendran [34] GPR, ARIMA, CatBoost, LightGBM, Daily gold price LightGBM MAPE, MAE, Accuracy

LSTM, XGBoost

Oil prices, exchange rates,

Zangana & Obeyd [35] LSTM, BiLSTM " flation. and interest rates BiLSTM MAE, RMSE, R?
. CNN-LSTM, Vector LSTM, Encoder- Gold price, COVID-19 trends,
Mohtasham Khani et al. [11] Decoder LSTM, BiLSTM stock indices Vector LSTM RMSE, MAE, MSLE
. Gold price in multiple currencies, GRU (short-term),
Primananda & Isa [12] GRU, LSTM stock indices LSTM (long-term) RMSE, MAPE
Dewi et al. [36] GRU, LSTM Gold prices GRU RMSE

In addition to ensemble models, DL models are considered in this study for comparative robustness. DL models, such
as LSTM and GRU, have shown promise in capturing sequential patterns [35], and reported improved accuracy using
BiLSTM over LSTM. Mohtasham Khani et al. [11] leveraged CNN-LSTM and vector-sequence LSTM to enhance the
performance of volatile periods by incorporating COVID-19-related variables. However, several studies, including
Jabeur et al. [10], noted that DL models may underperform on small datasets due to their data-hungry nature and complex
architecture. Although the use of monthly Malaysian data presents constraints in terms of sample size, including DL
approaches allows this study to benchmark their performance against ensemble methods under localized, small-sample
conditions.

On the whole, the literature suggests the promising applicability of hybrid and adaptive models. Still, they usually
require volume and multi-modal data that are prohibitive in local settings, as shown in studies such as [15, 28, 29] that
depended on high-frequency data and decomposed datasets. In comparison, ensemble and deep learning approaches have
been consistently validated across diverse studies (see Table 1), with outcomes varying based on model architecture,
data volume, and the complexity of economic indicators. However, a lack of comprehensive comparative benchmarking
remains between these paradigms, particularly when applied to localized, macroeconomic datasets in emerging markets
such as Malaysia. This gap highlights a key motivation for the present study.

2-3-Hyperparameter Optimization in Financial Forecasting

Hyperparameter tuning is a critical yet often underexplored component of financial ML model development. As
highlighted by Hutter et al. [19], model performance is susceptible to hyperparameter configurations, particularly in
complex, non-linear domains such as economic forecasting. Traditional tuning methods, such as Grid Search and
Random Search, are widely used but suffer from inefficiencies. Grid Search is exhaustive and computationally
expensive, while Random Search may overlook optimal configurations in high-dimensional search spaces [37].

Recent advancements have introduced more adaptive and efficient optimization frameworks. One such tool is Optuna,
a define-by-run hyperparameter optimization library developed by Akiba et al. [20]. Optuna supports multiple
optimization strategies, including TPE, CMA-ES, and traditional Grid/Random Search. Its dynamic search space
construction, combined with an early stopping (pruning) mechanism, makes it particularly effective for optimizing
models in high-dimensional, noisy financial data settings [38]. A recent study from Kausar et al. [39] has justified the
applicability of Optuna in financial forecasting. The authors created a CEEMDAN-based hybrid ensemble framework
for foreign volatility prediction. They showed that the Optuna-optimized deep learning models consistently performed
better than Particle Swarm Optimization (PSO) in terms of accuracy and computation. Beyond financial applications,
Optuna has also been adopted in other domains.

For instance, Lai et al. [40] proposed an Optuna-based system (MLOPTA) that optimizes the hyperparameters of
SVM, Decision Tree, Random Forest, XGBoost, and LightGBM for disease prediction. While their empirical results
were in the healthcare domain, the key insight was that Optuna’s adaptive search strategy particularly enhanced recall,
making the models less likely to miss rare but important events. Translating this implication to financial forecasting, the
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ability to avoid ‘missed signals’ can be critical when detecting directional shifts in noisy and sparse data. Other than the
conventional tuning methods, such as Random Search, multiple hyperparameter optimization frameworks have been
used in recent studies, such as HyperOpt and Ray Tune. HyperOpt, which is based on Bayesian Optimization, has an
edge in computational efficiency [41]. Still, its static search space and absence of a native mechanism for pruning limit
its effectiveness in high-dimensional and noisy datasets [42]. While Ray Tune is a distributed experimentation platform
that is designed for large-scale training, using it for small datasets could introduce overhead and is often overkill. Other
than that, Sequential Model-based Algorithm Configuration (SMAC), a Bayesian Optimization tool that uses Random
Forests to handle mixed parameter types and is well-known in Combined Algorithm Selection and Hyperparameter
(CASH) optimization. However, it is more complex in terms of computation and implementation, making it more suited
for large-scale AutoML frameworks [43].

Considering these trade-offs among the existing frameworks in the context of small and noisy financial datasets, this
study employs Optuna to optimize hyperparameters across all selected ML models. Its modular architecture enables fair
and consistent comparison across optimization strategies, while its efficiency ensures feasible execution within the
constraints of financial forecasting experiments.

2-4- Summary of Research Gaps

While the reviewed studies have contributed valuable insights into gold price forecasting, several persistent gaps
remain. First, there are limitations in geographic and data granularity. The majority of existing work relies on high-
frequency, globally aggregated datasets, which may not generalize effectively to low-frequency, localized contexts such
as Malaysia. In Malaysia, the key macroeconomic indicators, such as inflation rates and interest rates, are only reported
on a monthly or annual basis. This reporting cycle makes monthly data the most reliable frequency for capturing the
linkages of macroeconomic-gold price relevant to inflation-hedging policy. Using higher-frequency data may introduce
noise or misalignment of policy signals, which can decrease interpretability to financial analysts.

Second, comprehensive benchmarking that incorporates ensemble learning and DL models using Malaysia-specific
macroeconomic indicators is lacking. To address this, the present study adopts a dual modelling strategy. Six predictive
models were selected to represent two distinct ML paradigms: ensemble learning and DL. This approach reflects the
hybrid nature of the dataset, which comprises structured tabular economic indicators and exhibits temporal dependencies
across a 15-year monthly time series.

Ensemble models—including RF, GBM, XGBoost, and LightGBM- are well-suited for capturing nonlinear
interactions and variable importance in structured data. These models are known for their robustness to multicollinearity,
scalability, and consistent performance in economic and financial forecasting tasks [9, 10, 44].

In contrast, DL models such as LSTM and GRU can model sequential dependencies and long-term temporal
dynamics. These architectures are specifically designed for time series prediction, using gating mechanisms and memory
cells to learn from lagged inputs [45, 46].

Third, although hyperparameter tuning significantly impacts model performance, few studies systematically compare
multiple optimization strategies within a unified experimental framework. This study addresses this issue by
implementing three hyperparameter optimization strategies—TPE, Grid Search, and CMA-ES—using the Optuna
framework, which supports flexible and dynamic search space construction and early stopping through pruning.

Finally, while many studies focus on model accuracy, few investigate which macroeconomic variables are most
influential in predicting gold prices. Understanding these drivers is critical for enhancing the interpretability and practical
relevance of forecasting models. To address this, the study incorporates feature importance analysis to identify and rank
key predictors of Malaysia's gold price.

This study addresses these gaps by:
e Benchmarking six ML models using monthly Malaysian macroeconomic data.

e Comparing three hyperparameter optimization strategies (TPE, Grid Search, and CMA-ES) under a unified
experimental design using the Optuna framework.

e Examining which macroeconomic variables most strongly influence Malaysia's gold price through feature
importance analysis.

3- Methodology

This section outlines the methodological framework adopted to forecast Malaysian gold prices. It covers the dataset
and preprocessing procedures, feature selection, ML model design, hyperparameter optimization using Optuna, and
performance evaluation metrics.
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The dataset used in this study comprises 11 macroeconomic variables collected monthly from January 2009 to
September 2024, totaling 189 records, as shown in Table 2. The target variable is GP_Close, representing the closing
price of gold in Malaysian Ringgit. The remaining variables serve as predictors and are listed in Table 2 along with their
descriptions and sources.

Table 2. Dataset Overview

Variables Description Source
1 GP_Close  Closing price of gold in Ringgit Malaysia https://www.investing.com
2 GP_High The highest price of gold in Ringgit Malaysia https://www.investing.com
3 GP_Low Lowest price of gold in Ringgit Malaysia https://www.investing.com
4 MIFR Malaysia inflation rates (2010=100) https://operT.dosm.gov.'my
https://tradingeconomics.com
5 MITR Malaysia's interest rates https://financialmarkets.bnm.gov.my
6 UIFR U.S. inflation rates (2010=100) https://fred.stlouisfed.org
7 UITR U.S interest rates https://fred.stlouisfed.org
8 USD_MYR Malaysia-US Dollar exchange rates https://www.investing.com
9 VIX CBOE Volatility Index- closing prices (USD) https://www.investing.com
10 BRENT Brent crude oil spot prices (USD) https://www.eia.gov
11 KLCI FTSE Bursa Malaysia KLCI- closing prices (MYR)  https://www.investing.com

Table 3 illustrates an excerpt of the raw dataset, showcasing the typical data structure and format. Monthly data were
used because key macroeconomic indicators in Malaysia, such as inflation rates and interest rates, are only reported
monthly or annually. Using higher-frequency data would either require omitting these essential variables or interpolating
missing values, potentially introducing noise and reducing reliability. Monthly data thus provide a consistent and policy-
relevant framework for macroeconomic forecasting.

Table 3. Raw Dataset

Date GP_Closing GP_High GP_Low MIFR MITR UIFR UITR USD_MYR VIX BRENT KLCI
2009M1 3346.86 3378.65 2775.16 98.1 25 96.8 0.15 3.6075 44.84 43.44 884.45
2009M2 3504.14 3731.23 3176.82 98.3 2 97.3 0.22 3.7075 46.35 43.32 890.67
2009M3 3347.12 3618.71 3190.44 98.1 2 97.5 0.18 3.6455 44.14 46.54 872.55
2009M4 3155.94 3413.26 3069.02 97.9 2 97.8 0.15 3.5600 36.50 50.18 990.74
2009M5 3417.75 3508.55 3057.71 98.1 2 98.1 0.18 3.4875 28.92 57.30 1044.11
2009M6 3257.88 3524.28 3170.32 98.2 2 98.9 0.21 3.5150 26.35 68.61 1075.24
2009M7 3363.11 3456.84 3176.89 98.3 2 98.8 0.16 3.5225 25.92 64.44 1174.90
2009M8 3349.47 3450.83 3243.84 98.4 2 99.0 0.16 3.5215 26.01 72.51 1174.27
2009M9 3487.65 3635.14 3275.67 98.7 2 99.0 0.15 3.4610 25.61 67.65 1202.08

2009M10 3565.72 3731.55 3300.51 98.8 2 99.1 0.12 3.4125 30.69 72.77 1243.23
2009M11 4001.96 4106.81 3488.05 99.0 2 99.2 0.12 3.3948 24,51 76.66 1259.11
2009M12 3753.39 4223.18 3621.40 99.2 2 99.0 0.12 3.4240 21.68 74.46 1272.78
2010M1 3693.28 3987.75 3576.07 99.4 2 99.4 0.11 3.4148 24.62 76.17 1259.16
2010M2 3799.23 3906.31 3533.19 99.4 2 99.4 0.13 3.4028 19.50 73.75 1270.78
2010M3 3632.66 3894.47 3536.61 99.4 2.2 99.8 0.16 3.2615 17.59 78.83 1320.57

3-2-Data Preparation and Preprocessing

To ensure model reliability, the following preprocessing steps were applied:

o Data Cleaning: Currency normalization, date formatting, and missing value imputation using forward-fill
resampling.

o Data Normalization: Min-Max Scaling was applied to scale all variables between 0 and 1, mitigating the bias
toward features with larger magnitudes [47].
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o Data Splitting: To ensure robust model evaluation, different data splitting strategies were applied based on model
architecture. For tree-based ensemble models, including RF, XGBoost, GBM, and LightGBM, 5-fold cross-
validation was employed. This approach partitions the data into five subsets, iteratively training on four folds and
validating on the remaining one. It reduces variance and enhances model generalizability [48, 49] and is widely
accepted for tabular data structures [50]. For DL models such as LSTM and GRU, a traditional 80/20
chronological train-test split was employed to preserve the temporal sequence of observations. This follows best
practices outlined by Brownlee [51], who cautions against using random k-fold cross-validation in time series
contexts, as it can introduce data leakage and distort performance estimates due to broken temporal order. While
k-fold cross-validation is standard for ensemble models and chronological splits are recommended for time-series
DL models to preserve temporal ordering, we ensured fairness by evaluating all models on the same test set using
identical performance metrics. This approach reflects best practices for each model type; however, we
acknowledge that validation protocols were not fully harmonized across paradigms.

3-3- Feature Selection

Feature selection was conducted using Pearson correlation analysis to assess the linear relationships between each
independent variable and the target variable (GP_Close). Variables with a correlation coefficient of 0.6 or greater were
included in the Selected Feature Set, representing those with strong linear associations. Conversely, the Full Feature Set
retained all available variables, including those with weaker correlations. The strength of these correlations is visualized
in Figure 1 and summarized in Table 4, while Table 5 presents the assignment of variables to their respective feature
sets.

Correlation Matrix of Features
1.0
GP_Closing 1.00
GP_High 0.8
GP_Low 06
MIFR
-0.4
MITR -
-0.2
UIFR
UITR -0.0
USD_MYR
--0.2
VIX -
—-0.4
BRENT -
KLCl - -0.04 -0.05  -0.03 L 0.57 1 . ! 0.6
I I I I I I I I I
GP_ClosingGP_High GP_Low  MIFR MITR UIFR UITR  USD_MYR  WVIX BRENT  KLCI

Figure 1. Correlation Matrix

Table 4. Correlation Strength

Correlation with GP_Closing Variables

Strong correlation relationship GP_High, GP_Low, MIFR, UIFR, UITR, USD_MYR
Weak correlation relationship MITR, VIX, BRENT, KLCI

Table 5. Selected and Full Feature Sets

Correlation with GP_Closing Variables

Strong correlation relationship GP_High, GP_Low, MIFR, UIFR, UITR, USD_MYR
Weak correlation relationship MITR, VIX, BRENT, KLCI
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Employing both feature configurations enables a dual analysis strategy designed to enhance model robustness. The
Selected Feature Set, comprising variables that exhibit strong correlations with the target, helps reduce dimensionality,
mitigate noise, and minimize the risk of overfitting. In contrast, the Full Feature Set, which includes both strongly and
weakly correlated predictors, may capture complex non-linear interactions and latent relationships that are not detectable
through linear correlation analysis alone. This comparative approach supports a more comprehensive evaluation of
model performance under varying input complexities.

3-3-1- ML Models

Six models were selected in this study to represent a diversity of learning paradigms, specifically ensemble learning
and DL approaches. This variety ensures a comprehensive benchmarking of predictive strategies suited to both structured
tabular data and temporal sequences.

Ensemble models:

¢ RF constructs an ensemble of decision trees during training and outputs the average of their predictions. It leverages
bagging (bootstrap aggregation) and random feature selection to reduce variance and improve generalization
performance [44].

e GBM builds learners sequentially, where each tree is trained to correct the residuals of the previous model,
gradually improving prediction accuracy through iterative refinement.

e XGBoost is an optimized version of GBM that incorporates L1 and L2 regularization to prevent overfitting and
improve generalization by penalizing model complexity.

e LightGBM is a fast, histogram-based boosting framework that employs techniques such as Gradient-based One-
Side Sampling (GOSS) and Exclusive Feature Bundling (EFB) to enhance scalability and speed, especially in high-
dimensional datasets.

Equation 1 shows the function of the prediction of RF, whereas Equation 2 shows the prediction function of GBM,
XGBoost, and LightGBM.

P LT () 1)
Y =3, fX) )
L models:

e LSTM networks are a type of recurrent neural network (RNN) designed to capture both short-term and long-term
dependencies in sequential data. The architecture incorporates a memory cell and three gates: forget, input, and
output, which regulate the flow of information, enabling the model to retain relevant features across time steps.

e GRU is a streamlined variant of LSTM that employs only two gates: update and reset, to control the flow of
memory. Its simpler architecture allows for faster training, fewer parameters, and reduced risk of overfitting,
particularly in small to medium-sized datasets.

To adapt both LSTM and GRU to the relatively small monthly dataset, we kept the architectures simple with a single
recurrent layer containing 32—64 hidden units. We applied dropout during training to reduce overfitting. We used early
stopping to halt training when validation performance ceased to improve. These strategies are widely recommended for
small datasets as they reduce model complexity, mitigate overfitting, and improve generalization performance without
requiring extensive hyperparameter tuning.

Equation 3 shows the prediction function of LSTM and GRU:
Y, =o(W, h + by) (3)

In this study, the six models are grouped into two learning paradigms to assess their ability to capture different types
of data relationships. The ensemble models (RF, GBM, XGBoost, LightGBM) and the deep learning models (LSTM
and GRU) are evaluated under a unified experimental framework to compare their effectiveness in modeling static versus
temporal relationships in the context of macroeconomic gold price forecasting. This design enables a structured
assessment of how well each paradigm handles different data dependencies within the same forecasting task.

3-4- Hyperparameter Optimization with Optuna

Hyperparameter tuning critically impacts model performance but is often underreported in financial ML studies [19].
This study employs Optuna [20], a define-by-run optimization framework, due to its flexibility, dynamic search space
construction, and built-in pruning mechanism. Optuna was selected over alternatives such as Hyperopt and Ray Tune
because of its flexible search space design, efficient pruning mechanisms, and ease of use without the overhead of
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distributed frameworks. These features allowed for fast experimentation while maintaining accuracy. No major practical
limitations were encountered when applying Optuna to our study.

Three optimization strategies are applied in this study to optimize the hyperparameter:

e TPE: A Bayesian method that models good vs. bad parameter regions and selects based on expected improvement
[37].

o Grid Search: Exhaustive combinatorial search.
e CMA-ES: Evolutionary strategy using Gaussian sampling and covariance matrix updates.

For each model, a predefined set of hyperparameters and search ranges was established based on prior studies and
empirical performance considerations. These are summarized in Table 6. The parameters were sampled using integer
ranges, uniform, log-uniform, and categorical options, depending on their nature. Each model was tuned independently
using all three optimization strategies to ensure a fair comparison. The best configuration for each model was selected
based on the lowest validation RMSE during the tuning process. The final models were then evaluated on the test set
using RMSE, MAE, and R? to assess performance.

Table 6. Hyperparameter Search Space per Model

Model Hyperparameter

Search Range / Options

n_estimators
max_depth
Random Forest min_samples_split
min_samples_leaf
max_features
bootstrap
learning_rate
n_estimators
max_depth
XGBoost subsample
gamma
colsample_bytree
reg_alpha
reg_lambda
learning_rate
n_estimators
max_depth
LightGBM subsample
min_child_samples
colsample_bytree
reg_alpha
reg_lambda
learning_rate
n_estimators
max_depth
GBM subsample
min_samples_split
min_samples_leaf
max_features
n_units_1
n_units_2
LSTM batch_size
epochs
dropout_rate
n_units_1
n_units_2
GRU batch_size
epochs

dropout_rate

50 — 500 (integer range)
3 - 20 (integer range)

2 — 20 (integer range)
1- 10 (integer range)
[None, "sqrt", "log2"] (categorical options)
[True, False] (categorical options)
0.01 - 0.3 (log-uniform)
50 — 100 (integer range)
3 - 15 (integer range)
0.5 — 1.0 (uniform)
1e-8 — 1.0 (log-uniform)
0.5 — 1.0 (uniform)
1e-8 — 10.0 (log-uniform)
1e-8 —10.0 (log-uniform)
0.01 - 0.3 (log-uniform)
50 — 500 (integer range)
3 - 15 (integer range)
0.5 - 1.0 (uniform)

5 — 50 (integer range)
0.5 - 1.0 (uniform)
1e-8 —10.0 (log-uniform)
1e-8 —10.0 (log-uniform)
0.01 — 0 3 (log-uniform)
50 — 100 (integer range)
3—15 (integer range)
0.5— 1.0 (uniform)

2 — 20 (integer range)
1-10 (integer range)
[None, "sqrt", "log2"]
32— 128 (integer range)
32— 128 (integer range)
[16, 32, 64]

30 — 100 (integer range)
0.1 - 0.5 (uniform)

32 — 128 (integer range)
32 — 128 (integer range)
[16, 32, 64]

30 — 100 (integer range)
0.1 - 0.5 (uniform)
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This multi-strategy optimization process enables the study to determine which model performs best overall and
evaluate the relative effectiveness of each optimization method across different model architectures.

3-5-Evaluation Metrics
Three evaluation metrics were utilized to evaluate the predictive performance of the ML

¢ Root Mean Squared Error (RMSE) measures the standard deviation of residuals. A lower RSME value indicates a
better predictive accuracy. Equation 4 presents the formula for RMSE.

RMS = |15, (9; - y)? “)

o Mean Absolute Error (MAE) measures the average of the absolute differences between predicted and actual values.
A lower MAE suggests a better predictive accuracy. Equation 5 presents the formula for MAE.

1 -
MAE = — i=1 19 — wil (®)

o The coefficient of Determination (R measures the proportion of the variance in the dependent variable that is
explained by the independent variables in a regression model. It indicates goodness-of-fit. A value of R2 =1 denotes
a perfect fit, where the model describes all variability in the target variable. In contrast, a value of R2 = 0 indicates
that the model fails to capture any of the variance. Intermediate values reflect partial explanatory power. Equation
6 presents the formula of R2.

Z;Ll(Yi_JA’i)Z

RZ=1-2& 6
Zi=1(yi_37)2 ( )

4- Results and Analysis

This section presents the performance evaluation. It is structured into four parts: Baseline Model Performance
(Section 4-1), The Impact of Hyperparameter Optimization Using Optuna (Section 4-2), Visualization of Predicted vs
Actual Gold Prices (Section 4-3), and Feature Importance Analysis (Section 4-4).

4-1-Baseline Model Performance

Table 7 summarizes the baseline performance of the six models, including ensemble models (XGBoost, RF, GBM,
and LightGBM) and DL models (LSTM and GRU), trained using the default hyperparameter settings. Each model was
evaluated on both the Selected Feature Set (SF set) and the Full Feature Set (FF set) using RMSE, MAE, and R? as
performance metrics.

Table 7. Baseline Model Performance

RMSE MAE R?
SF set 148.215 117.357 0.9941
XGBoost
FF set 152.898 118.853 0.9937
RE SF set 124.711 99.901 0.9958
FF set 131.752 103.489 0.9953
SF set 119.056 99.752 0.9962
GBM
FF set 117.808 96.894 0.9963
SF set 177.373 128.472 0.9862
LighGBM
FF set 207.515 146.834 0.9812
GRU SF set 5748.321 5414.546 -7.8675
FF set 5777.822 5445.831 -7.9588
SF set 5768.018 5435.548 -7.9284
LSTM
FF set 5812.250 5482.368 -8.0659

The baseline results reveal that models trained on the Selected Feature Set generally outperform those using the Full
Feature Set across most configurations. This suggests that carefully selected macroeconomic indicators are more
informative than a naive feature space expansion and indicates that focusing on strongly correlated variables enhances
model generalization by reducing noise and dimensionality. Among all models, GBM consistently achieved the best
performance, recording the lowest RMSE (119.056), MAE (99.752), and highest R2 (0.9962) with the Selected Feature
Set. Interestingly, when trained on the Full Feature Set, GBM still led with an even lower RMSE (117.808), MAE
(96.894), and slightly higher Rz (0.9963), indicating its robustness in leveraging both strong and weak predictors through
iterative refinement.
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All ensemble models demonstrated stable and high accuracy, with R2 values exceeding 0.98. In contrast, DL models
performed poorly, yielding negative R? values and RMSE exceeding 5700, indicating severe overfitting and poor
generalization. These performance differences can be attributed to the architectural suitability of ensemble models for
structured tabular data, particularly when working with relatively small datasets. Similar findings were reported by Bailly
et al. [52], who highlighted the ensemble models with the row-column nature of economic data. In contrast, DL models
typically require larger training volumes and extensive hyperparameter tuning to perform effectively. The suboptimal
performance observed in this study likely reflects issues of overfitting and poor convergence, arising from insufficient
data and default parameter configurations. This observation aligns with findings by Dewi et al. [36] and Greff et al. [53]
who emphasize the sensitivity of ML and DL to both dataset size and tuning complexity.

In summary, the baseline results highlight the robustness of ensemble models relative to DL models, and suggest that
GBM offers a strong foundation for gold price forecasting.

4-2-Optimized Model Performance Using Optuna

To improve model accuracy, hyperparameter optimization was conducted using the Optuna framework, incorporating
three strategies: TPE, Grid Search, and CMA-ES. Table 8 results show a substantial improvement across all models after
post-optimization, confirming that the default set parameters were suboptimal. GBM again emerged as the top performer,
achieving an RMSE of 101.261 and R2 of 0.9972 using CMA-ES on the Full Feature Set. XGBoost, optimized via TPE,
ranked second with RMSE of 107.50 and R2 of 0.9969. Both RF and LightGBM also showed notable improvements.

Table 8. Optimized Model Performance Metrics

RMSE MAE R?
TPE SF set 107.500 88.746 0.9969
FF set 108.618 90.064 0.9968
SF set 109.861 89.633 0.9968
XGBoost Grid Search
FF set 112.991 94.878 0.9966
SF set 110.037 91.506 0.9968
CMA-ES
FF set 109.647 89.754 0.9968
TPE SF set 117.552 93.627 0.9963
FF set 115.282 92.988 0.9964
. SF set 120.831 96.019 0.9961
RF Grid Search
FF set 125.517 100.710 0.9958
SF set 119.684 95.291 0.9962
CMA-ES
FF set 119.852 96.999 0.9961
TPE SF set 112.076 92.505 0.9966
FF set 110.997 84.556 0.9967
. SF set 115.650 99.356 0.9964
GBM Grid Search
FF set 115.419 91.374 0.9964
SF set 113.283 91.123 0.9966
CMA-ES
FF set 101.261 77.826 0.9972
SF set 145.770 109.672 0.9907
TPE

FF set 151.886 111.999 0.9899
SF set 212.403 164.235 0.9803
FF set 184.414 149.990 0.9841
SF set 151.445 121.686 0.9900

LightGBM Grid Search

CMA-ES
FF set 184.215 143.078 0.9852
TPE SF set 403.791 271.436 0.9562
FF set 626.577 332,571 0.8946
SF set 1066.66 523.206 0.6947
GRU Grid Search
FF set 980.213 503.716 0.7422
SF set 729.662 308.072 0.8571
CMA-ES
FF set 872.707 383.083 0.7956
TPE SF set 589.389 263.189 0.9068
FF set 1164.43 570.012 0.6361
SF set 1502.91 1033.05 0.3938
LSTM Grid Search
FF set 1720.16 1294.52 0.2059
SF set 705.542 300.977 0.8664
CMA-ES

FF set 836.323 391.820 0.8123
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Although GRU and LSTM showed meaningful gains, with Rz improving from negative values to 0.9562 (GRU) and
0.9068 (LSTM), they still underperformed compared to ensemble models. This reinforces the idea that recurrent neural
networks need larger-volume training and more frequent training data to exploit sequential dependencies optimally. Even
with improved hyperparameters, these findings reaffirm that DL models are less suited to small-scale tabular financial
data without additional feature engineering or architectural modifications. These findings are consistent with previous
research by Manjula & Karthikeyan [9], who reported that the strong performance of GBM Machines in predicting gold
prices

In terms of optimization strategy, as shown in Table 9, TPE generally provided the best balance of performance and
efficiency across models. As a Bayesian optimization approach, TPE models the distribution of good versus and
hyperparameter regions and efficiently balances exploration with exploitation. This sample efficiency is particularly
useful in macroeconomic forecasting, where computational resources as well as data availability are constrained. CMA-
ES, however, yielded the best results specifically for GBM. This can be explained by its suitability for complex, non-
convex hyperparameter spaces. GBM’s parameters, such as learning rate, estimators, and tree depth, interact in highly
non-linear ways that create many local minima.

By exploring multiple regions of the search space simultaneously, the findings suggest that CMA-ES was able to
escape poor local optima and converge toward global solutions, which may explain its advantage over the more locally
focused TPE method in optimizing GBM on the Full Feature Set. By contrast, Grid Search was the least effective, likely
due to its exhaustive nature and inefficiency in high-dimensional parameter spaces.

As observed in Table 9, the Selected Feature Set generally continued to perform better than the Full Feature Set in
most of the optimized models. This trend is consistent with the baseline results, reinforcing the need to select features
carefully in financial forecasting.

Table 9. Summary of Best Optimized Models

Model Best Optimization Feature Set RMSE MAE R?
GBM CMA-ES FF set 101.261 77.826 0.9972
XGBoost TPE SF set 107.500 88.746 0.9969
RF TPE FF set 115.282 92.988 0.9964
LightGBM TPE SF set 145.770 109.672 0.9907
GRU TPE SF set 403.791 271.436 0.9562
LSTM TPE SF set 589.389 263.189 0.9068

To sum up, these findings highlight the critical importance of hyperparameter optimization in financial forecasting.
GBM provides a reliable forecasting tool that remains stable even when new indicators (e.g., geopolitical risk indices
and global shocks) are added, making GBM a strong candidate for production forecasting systems. Next, the strong
performance of ensemble models when compared to DL models highlights the importance of aligning algorithm choice
with data availability. In emerging markets such as Malaysia, where the macroeconomic variables are monthly and
relatively less dense, ensemble models are a more robust and interpretable forecasting solution. In contrast, the DL
models could be used when they are provided with larger or higher-frequency datasets to maximize their potential. For
policymakers or investors in Malaysia, it is more efficient to focus on a smaller number of selected macroeconomic
indicators rather than tracking all the possible variables. This implies that even small but well-chosen datasets can yield
robust gold price forecasting.

4-3- Actual vs. Predicted Gold Prices

Figure 2 illustrates the predicted gold prices versus actual gold prices, generated using the best-performing
model (GBM with CMA-ES on Full Feature Set). The visual alignment confirms the model's ability to follow real -
world trends accurately. The inclusion of the Malaysia Inflation Rate (MIFR) curve further supports the role of
inflation in driving gold prices, consistent with the literature on gold as an inflation hedge. As inflation rises, both
actual and predicted gold prices exhibit an upward trend, reinforcing the economic rationale that gold serves as a
hedge against inflation.
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Actual vs Predicted Gold Prices (Gradient Boosting)
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Figure 2. Actual vs. Predicted Gold Prices Using GBM (CMA-ES) and Overlaid MIFR

4-4- Feature Importance Analysis

Identifying the key economic factors that influence Malaysia's gold price is essential for investors and policymakers
to make informed decisions about investment and trading strategies. Figure 3 presents the feature importance scores
generated by the GBM model optimized with CMA-ES, using the Full Feature Set. The top five most influential features
are GP_Low, GP_High, UIFR (U.S. inflation rate), MIFR (Malaysia inflation rate), and UITR (U.S. interest rate). The
dominance of GP_Low and GP_High underscores the model's sensitivity to gold's internal pricing behavior. Meanwhile,
the significant contributions of both domestic and international inflation and interest rates reflect gold's well-established
role as a hedge against inflation and its responsiveness to global monetary policy conditions.

Feature Importance Scores (Gradient Boosting)
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GP_High
UIFR
MIFR

UITR

Features
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T T T T T
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Feature Importance Score

Figure 3. Feature Importance for GBM (Full Feature Set)

5- Discussion

The overall results demonstrate the superiority of ensemble models for predicting the Malaysian gold price using
structured macroeconomic data. GBM consistently outperformed all other models in both baseline and optimized
scenarios. DL models, although improved with tuning, remained less effective due to the dataset's size and structure.
These findings are consistent with Rady et al. [6] and Manjula & Karthikeyan [9], where tree-based ensemble models
performed better than traditional models in small-sample contexts. It is also in line with Jabeur et al. [10], who found
that tree-based ensemble models outperformed neural networks in forecasting gold prices. However, unlike studies such
as Primananda & Isa [12] and Ahmed et al. [54], where DL models are increasingly demonstrating superior performance
in financial time series tasks with large-scale and high-frequency datasets, the monthly-frequency dataset and limited
size in this study constrained DL effectiveness in capturing long-term temporal dependencies.

Page | 1485



Emerging Science Journal | Vol. 10, No. 3

The improvement from Optuna optimization in our study mirrors results from Kausar et al. [39] and Hanifi et al. [55],
which showed that Optuna’s adaptive strategies generally outperform traditional optimization methods. Among
optimization strategies, TPE offered consistent gains across models, while CMA-ES delivered the best single result. Grid
Search, despite being exhaustive, was the least effective due to its inefficiency in high-dimensional search spaces.

Performance across feature sets showed that the Selected Feature Set generally yielded better results, likely due to
noise reduction and improved generalization. An exception was GBM, which benefited from the richer Full Feature Set,
highlighting its robustness in handling weakly correlated predictors.

The forecasted and actual gold prices (Figure 2) further illustrate that the GBM model optimized with CMA-ES is
able to closely follow the observed price movements and aligns with inflationary trends. This consistency with gold’s
role as an inflation hedge indicates that the model is not only statistically accurate but also captures the underlying
economic behavior.

In feature importance analysis (Figure 3), the prevalence of GP_Close and GP_High suggests the model’s ability to
incorporate gold’s internal trading signals. At the same time, the strong contributions of inflation and interest rates
validate gold’s role as a hedge against purchasing power erosion and monetary uncertainty. These findings are in line
with Md Hashim [22], who reported that inflation is the most influential factor in determining the Malaysian gold price
volatility, and Ahmed et al. [56], who demonstrated that U.S. money policy shocks have significant spillover effects on
emerging markets, which produces a stronger impact of U.S. interest rates and inflation on the asset prices. Nevertheless,
the findings do not coincide with the results obtained by Leng et al. [57] and Shiva & Sethi [58], who reported the
significant influences of equity indices on gold prices in Malaysia and India contexts, respectively. This divergence may
stem from the use of monthly macroeconomic data, which emphasizes gold’s macro hedge function rather than capturing
short-term sentiment.

These findings, as summarized in Table 10, directly address the first, which concerns the ability of ensemble and deep
learning models to capture static versus temporal relationships in gold price forecasting. The superior performance of
ensemble models, such as GBM and XGBoost, suggests that static, cross-sectional relationships—where concurrent
macroeconomic indicators explain gold prices—are the dominant patterns in this dataset. In contrast, the
underperformance of LSTM and GRU, even after optimization, indicates that temporal dependencies (i.e., how past
economic conditions influence future gold prices) are either weak or not effectively learnable given the monthly
frequency and limited sample size. This reinforces the conclusion that, in small-scale, low-frequency macroeconomic
datasets, ensemble models are more suitable than recurrent DL architectures for predictive forecasting tasks.

Table 10. Comparison between previous studies and the present study

Study Data / Context Models Used Key Findings Relation to Present Study

Ensembles outperformed traditional Consistent- our GBM is also superior
models. in short/ medium horizons

Monthly gold price data

(362 data points) RF, ARIMA, GBT, DT

Rady et al. [6]

Ensembles outperformed traditional Consistent- our GBM is also superior
models. in short/ medium horizons

Manjula & Monthly gold price data

Karthikeyan [9] (228 data points) Linear Regression, RF, GB

Monthly gold price data XGBoost, CatBoost, RF, LightGBM, NN, Matches our finding that ensembles

Jabeur et al. [10] Ensembles outperformed NN.

(408 data points) Linear Regression outperform DL in small/medium samples
Primananda & Isa Daily gold price data LSTM. GRU DL models performed well in large Differs- our monthly dataset limited
[12] (approximately 7305 data points) ! samples. the effectiveness of DL
Ahmed et al. [54] Daily gold price data LSTM, ARIMA, Covariance Matrix DL models, particularly LSTM, Differs- our monthly dataset limited
’ (10850 data points) Estimation, Deep Regression, SVR, CNN  outperformed the compared models. the effectiveness of DL

Optuna tuning enhanced forecasting Consistent- our study also found that
performance. Optuna improved model accuracy.

Kausar et al. [39],

Hanifi et al. [55] Financial time series forecasting ML/ DL models with Optuna optimization

Consistent- our feature importance also
showed inflation as a dominant driver
of Malaysian gold prices.

Inflation significantly influences
Malaysian gold prices.

Malaysia, yearly data from

1980 to 2020 Regression (POLS)

Md Hashim [22]

U.S. monetary policy shocks have
significant spillover effects on EMs,
amplifying the effect of U.S. interest

rates and inflation on asset prices.

Consistent- our feature importance also
showed the strong impact of UIFR and
UITR on Malaysian gold prices.

Emerging markets, macro-

Ahmed et al. [56] financial linkages

Econometric/ VAR analysis

Lengetal. [57] Malaysia, financial market context Econometric analysis Equity indices _S|gn|f|cant!y influence Differs- our_study found weak
Malaysian gold prices. equity effects.

. . India, commodity and financial - . . Equity indices significantly influence Differs- our study found weak
Shiva & Sethi [58] market context Econometric/ Time-series analysis gold prices in the Indian context equity effects

Overall, the discussion underscores that the models not only provide empirical answers to the research questions but
also demonstrate their practical limitations. Results show the areas where ensemble approaches excel and where deep
learning is limited in such a context. Based on these insights, the following sections summarize the contributions to the
study and present broader implications, limitations, and future directions.
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6- Conclusion

This study benchmarks the predictive performance of six machine learning models “four ensemble learners (Random
Forest, Gradient Boosting, XGBoost, and LightGBM) and two deep learning models (LSTM and GRU)” for forecasting
Malaysia’s gold prices using monthly macroeconomic data from 2009 to 2024. The models were optimized using three
strategies (TPE, Grid Search, and CMA-ES) in a unified Optuna framework. Hyperparameter tuning significantly
improved predictive accuracy, with GBM optimized by CMA-ES achieving the highest performance, underscoring the
strength of ensemble methods in capturing static, cross-sectional relationships. Although deep learning models also
benefited from optimization, their performance remained constrained by the low-frequency, small-sample dataset.
Feature importance analysis confirmed that internal gold price movements and macroeconomic indicators “particularly
domestic and U.S. inflation and interest rates” were the most influential predictors, reaffirming gold’s role as an inflation
hedge.

Despite these contributions, several limitations remain. Validation protocols differed across model types, were
appropriate within each paradigm, but not fully harmonized. Future research should incorporate stress-testing for
structural breaks such as COVID-19 and post-2022 interest rate hikes, employ higher-frequency data where available,
and extend forecasts to other safe-haven assets such as silver or sovereign bonds to assess generalizability. Hybrid
ensemble—DL approaches could also be explored to leverage the strengths of both paradigms, potentially improving
robustness across economic regimes. Furthermore, integrating sentiment indicators from news or social media at monthly
horizons could capture behavioral drivers of gold prices often missed by macroeconomic variables. Expanding feature
importance analysis across multiple models would further enhance interpretability, consistency, and transparency,
providing deeper insights for policymakers, investors, and researchers alike.
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