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Abstract. This study evaluates LSTM, CNN-LSTM, LSTM-GRU, and CNN-LSTM-
GRU architectures for forecasting Indonesian gold prices using 1,269 daily observations
(2022-2025). Models utilized Bayesian-optimized hyperparameters and were
benchmarked against ARIMA-GARCH and Random Forest baselines across 30-day
and 365-day horizons. Performance was assessed via MAE, RMSE, R?, and MAPE,
confirming deep learning’s superiority in capturing non-linear dynamics over classical
methods. The LSTM-GRU achieved the best numerical results, with MAPEs of 1.21%
(short-term) and 1.32% (long-term). However, qualitative evaluation revealed that the
highest-scoring model produced unstable long-term predictions, indicating a critical
trade-off between numerical accuracy and forecast realism. These findings suggest
financial model selection must prioritize stability alongside statistical metrics. A key
limitation is the exclusive use of univariate data, necessitating future multivariate
validation with macroeconomic indicators.
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1. Introduction

Gold has long served as both a commodity and a financial asset, valued for its rarity, durability, and role
as a store of wealth [1]. In modern financial systems, it functions as a safe-haven asset, often appreciating
during periods of economic uncertainty such as the 2008 global financial crisis and the COVID-19
pandemic. Despite its long-term stability, gold prices exhibit significant short-term volatility driven by
interest rates, geopolitical tensions, currency movements, and market sentiment, making accurate
forecasting both valuable and technically challenging.

A wide range of forecasting approaches has been proposed to model gold price dynamics. Deep
learning methods—particularly Long Short-Term Memory (LSTM) networks—have demonstrated
strong capability in capturing temporal dependencies in sequential data across both financial and applied
Al domains [2]-[4]. Alongside these approaches, traditional statistical models such as ARIMA remain
effective for modeling linear patterns but often struggle to represent the nonlinear behavior typical of
commodity markets [5]-[7]. To address these limitations, machine learning methods such as Random
Forest and Gradient Boosting have been increasingly adopted, showing improved predictive
performance when multiple explanatory variables are available. Building on these developments,
comparative studies involving CNN, LSTM, and GRU architectures highlight important trade-offs
between predictive accuracy, robustness, and computational efficiency in time-series forecasting tasks
[8]-[10].

Despite these advances, important gaps remain in literature. First, most gold price forecasting studies
rely on multivariate inputs, leaving limited empirical evidence on how deep learning models perform
using only historical price data. Second, many works focus on single architecture, making cross-model
comparisons difficult. Most notably, previous studies rarely contrast LSTM-GRU against CNN-LSTM-
GRU architectures under a univariate setting, particularly in emerging-market contexts. As a result, the
accuracy—stability trade-offs of hybrid architectures for univariate financial forecasting remain
insufficiently understood.

Addressing these gaps, this study conducts a systematic comparison of four deep learning
architectures—LSTM, CNN-LSTM, LSTM-GRU, and CNN-LSTM-GRU—for forecasting daily
Indonesian gold prices using a univariate dataset. Bayesian optimization is applied uniformly across
models to ensure fair hyperparameter tuning. This study evaluates accuracy—stability trade-offs using
real Indonesian market data, providing empirical insight into whether increasing architectural
complexity yields more reliable forecasts.

The main objectives of this study are to: (1) evaluate the effectiveness of univariate deep learning
models for gold price forecasting, (2) compare the performance of hybrid and non-hybrid architectures,
and (3) assess the trade-off between predictive accuracy and forecast stability. The remainder of this
paper is organized as follows: Section 2 describes the dataset and methodology; Section 3 presents
experimental results and comparative analysis; and Section 4 concludes with implications and directions
for future research.

2. Methods

This study employs a structured deep learning framework to forecast Indonesian gold prices using
univariate time-series data. The methodology consists of data preparation and exploratory analysis,
model construction, hyperparameter optimization, and quantitative performance evaluation.

2.1. Exploratory Data Analysis (EDA) and Pre-Processing

This study utilizes the Indonesian Gold Price Dataset obtained from the Bullion Rates website, covering
the period from January 3, 2022, to June 24, 2025, with a total of 1,269 daily observations [11]. The
dataset consists of two attributes: date and daily retail gold price in Indonesian Rupiah per gram. This
univariate, high-frequency dataset was selected due to its relevance to consumer-level pricing behavior
and its suitability for short- and long-term time-series forecasting.
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Figure 1. Indonesian gold price time series from January 2022 to June 2025 used for model training
and evaluation.

An exploratory data analysis (EDA) was conducted to examine temporal dynamics and distributional
properties. As illustrated in Figure 1, the gold price series exhibits clear non-stationary behavior,
including sustained upward trends, abrupt price jumps, and volatility clustering during periods of
economic stress. These characteristics motivate the use of nonlinear deep learning architectures, as linear
statistical models such as ARIMA often underperform under such conditions [12].

During preprocessing, missing or inconsistent values were addressed using the forward-fill (FFill)
imputation method, which preserves temporal continuity without introducing artificial trends [13]. The
gold price series was then normalized to the range [0,1] using Min—Max scaling to improve numerical
stability and facilitate neural network training.

The dataset was chronologically divided into 80% training data (1,015 observations) and 20% testing
data (254 observations) to prevent information leakage and ensure evaluation on unseen future data.
Within the training set, an internal validation split was applied during Bayesian hyperparameter
optimization [14].
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Figure 2. Data preprocessing workflow illustrates normalization, sliding-window sequence
generation, and chronological data splitting.

Figure 2 illustrates the complete data preprocessing pipeline applied in this study. The raw gold price
data were first imported from an Excel file using the Pandas library, followed by index resetting and
data integrity checks. Missing values were handled using forward-fill imputation to preserve temporal
continuity. The cleaned price series was then normalized using Min—Max scaling and transformed into
supervised learning samples using a sliding-window approach. Finally, the processed sequences were
reshaped into three-dimensional tensors and chronologically split into training, validation, and testing
sets for model development and evaluation.
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The dataset was chronologically split into 80% training (1,015 observations) and 20% testing (254
observations) to prevent information leakage [15]. A sliding-window technique was applied to generate
input sequences for 30-day and 365-day horizons with an input shape of (samples, timesteps, 1), where
each sample consists of 30 consecutive price observations and one output corresponding to the next-day
price [16]. Finally, these sequences were reshaped into 3D tensors to accommodate the convolutional
and recurrent architectures [17]. The results of EDA and preprocessing directly informed the
architectural design choices. LSTM layers were selected to capture long-term temporal dependencies,
CNN layers were employed to extract short-term local patterns and suppress noise, and GRU layers
were incorporated to improve convergence efficiency and reduce computational complexity. Previous
studies have consistently reported that such hybrid deep learning architectures outperform conventional
statistical methods in volatile commodity markets, particularly when modelling nonlinear temporal
dynamics using univariate data [18].

2.2.  Hybrid CNN-LSTM Model

The CNN-LSTM architecture utilizes a one-dimensional convolutional layer (Conv1D) as a front-end
to extract local features and filter high-frequency noise. These feature maps are subsequently processed
by an LSTM layer, which models long-range temporal dependencies. This design allows the LSTM to
focus on structured temporal representations rather than raw price fluctuations, thereby improving
generalization performance [19][20].

2.3, Hybrid LSTM-GRU Model

The LSTM—-GRU model balances modeling power and computational efficiency by cascading an LSTM
layer with a GRU layer. The LSTM captures complex long-term dependencies and passes the full
sequence of hidden states to the GRU. The GRU layer then refines this temporal representation using
fewer parameters, which enhances convergence speed and helps mitigate overfitting, particularly on
moderate-sized datasets [21].

2.4.  Hybrid CNN-LSTM-GRU Model

This hierarchical architecture integrates ConvlD, LSTM, and GRU layers to model nonlinear dynamics
effectively. The Conv1D layer extracts salient local features, which are passed to an LSTM layer for
long-term dependency modeling. A subsequent GRU layer refines the sequential representation to
reduce computational overhead before a final Dense layer generates the prediction. This combination
maximizes the strengths of feature extraction, long-range memory, and efficient sequential refinement
[22]. Table 1 summarizes the functional roles and necessity of each deep learning component used in
the proposed hybrid architecture:

Table 1. Functional Roles of CNN, LSTM, and GRU in the Proposed Forecasting Framework

Limitation
Primar Temporal Role in This
Model ! . y P ! ! Reason for Inclusion Addressed by
Function Study Sl .
Hybridization
Captures short-term Enhances feature
Local pattern . . . Lacks long-term
CNN (Conv1D) . price fluctuations and representation from raw .
extraction ) dependency modeling
local temporal structures price sequences
Handl ishi .
Long-term Learns long-range an. e yams e Computationally
. ) gradient issues and . )
LST™ dependency  temporal relationships intensive, slower
. . . preserves long-term
modeling  in gold price movements convergence
memory
Efficient Refines sequential Improves training Slightly weaker long-
GRU temporal representations with efficiency and term memory than
refinement fewer parameters generalization LSTM
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2.5. Model Validation
Model performance was quantitatively evaluated using four established regression metrics.

n
1
MAE == |y, - 3 M
i=1

The first evaluation metric used is the Mean Absolute Error (MAE), defined in equation (1), which
measures the average absolute difference between the predicted values ¥, and the actual observations
y;, providing an intuitive estimate of error magnitude expressed directly in Rupiah.

n
1 P
;lzyi—yl)
=1

The Root Mean Squared Error (RMSE), given in equation (2), computes the square root of the mean
squared prediction error, thereby assigning greater penalty to large deviations and serving as an indicator

of model stability under extreme forecasting errors.
n

MAPEzlz Yi yl|><100% (3)
n i=1 Yi
The Mean Absolute Percentage Error (MAPE), defined in equation (3), expresses the average
prediction error as a percentage of the actual value, enabling scale-independent comparison of
forecasting accuracy across models.
Y (i — W)?

Xie (i = 9)? )

Finally, the coefficient of determination R?, formulated in equation (4), quantifies the proportion of
variance in the observed gold prices that is explained by the model predictions, with values closer to
unity indicating stronger explanatory power. All evaluation metrics were computed using the
sklearn.metrics library to ensure consistency, accuracy, and reproducibility of the experimental results
[23].

RMSE = 2)

R*=1-

2.6. Hyperparameter and Computational Environment

Bayesian Optimization was employed using the Keras Tuner framework to efficiently identify optimal
hyperparameter configurations [24]. The search space included within Table 2:

Table 2. Hyperparameter Search Space

Parameter Search Space
LSTM/GRU units 50-150
CNN filters 32-128
Kernel size 2-5
Dropout rate 0.2-0.4
Learning rate le—4—1e—2
Optimizer Adam, RMSProp, Nadam, SGD

This strategy balances exploration and exploitation via a probabilistic surrogate model and
acquisition function, enabling faster convergence than grid or random search [25]. Optimizer selection
was treated as a tunable parameter to ensure architectural and learning-strategy compatibility [26]-[29].
All experiments were conducted using Python 3.x with TensorFlow/Keras, Pandas, NumPy, and Scikit-
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learn. Model training was performed on an ASUS ROG (2021) laptop equipped with an NVIDIA RTX
3050 GPU (4 GB VRAM) and an AMD Ryzen 5 5600H processor.

3. Results and Discussion

This section presents the experimental results of the four evaluated deep learning architectures like
LSTM, CNN-LSTM, LSTM-GRU, and CNN-LSTM-GRU in forecasting daily gold prices in Indonesia.
The models were trained on historical data from 2022 to 2025 and tested across short-term (30-day) and
long-term (365-day) horizons. Model performance is evaluated using MAE, RMSE, R?, and MAPE,
followed by statistical significance testing and qualitative trend analysis. The discussion emphasizes
accuracy, stability, and generalization capability, with findings contextualized against existing literature.

3.1.  Model Parameters
The final hyperparameter configurations obtained via Bayesian Optimization for both forecasting

horizons are summarized in Table 3.

Table 3. Hyperparameter Tuning Model within 30 Days and 365 Days

Parameter LSTM LSTM-GRU CNN-LSTM CNN-LSTM-GRU
30 days 365 days 30 days 365days 30 days 365 days 30 days 365 days
Epoch 100 100 100 100 100 100 100 100
Batch Size 16 16 16 16 16 16 16 16
Units 100,150 100,100 150,100 150,150 150 150 150,150 50,150
Dropout 0.5;0.4 0.6;0.6 0.4;0.2 0.2;0.2 0.4;0.2 0.5;0.3 0.2;0.4;0.3 0.2;0.3;0.4
Filter (Kernel Size) - - - - 128(2)  128(3) 64(3) 32(2)
Optimizer Adam Adam Adam Nadam Adam Adam Adam Adam

All models converged within 100 epochs using a batch size of 16, ensuring consistent training
conditions. While hybrid architectures employed convolutional filters and multiple recurrent layers,
simpler configurations consistently emerged as optimal, particularly for univariate long-horizon
forecasting. This early indication suggests diminishing returns from excessive architectural depth when
input information is limited.

3.2. Actual vs Predicted Price Simulation
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Figure 3. Actual vs Predicted Price Illustration
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Figure 3 compares actual gold prices (IDR/gram) against predictions from the four models between late
2024 and mid-2025. While all models captured the general upward trend and the March 2025 rally,
notable differences in responsiveness emerged. The LSTM-GRU and CNN-LSTM-GRU models
demonstrated superior adaptability, closely tracking rapid surges and corrections, particularly during the
volatile phase in April 2025. Conversely, the CNN-LSTM model produced a smoother curve that
effectively filtered noise but underestimated peaks, while the standalone LSTM exhibited lag during
sudden fluctuations. These results highlight the advantage of hybrid architecture in balancing feature
extraction with responsiveness.

3.3. Model Performance Comparison

Table 4 summarizes the forecasting performance of all evaluated models, including deep learning
architecture and classical baselines, under both short-term (30-day) and long-term (365-day) horizons.
Across both horizons, the LSTM—GRU model consistently achieved the best overall performance,
yielding the lowest error metrics and highest explanatory power. For the 30-day horizon, LSTM-GRU
recorded a MAPE of 1.21%, RMSE 0f 25,435, and an R? 0of 0.976, indicating highly accurate short-term
predictions. The CNN-LSTM model followed closely, while the more complex CNN-LSTM—-GRU
architecture underperformed relative to simpler hybrids, suggesting diminishing returns from increased
architectural depth and a higher susceptibility to overfitting in short-horizon settings. In contrast,
classical baselines exhibited substantially weaker performance, with ARIMA-GARCH and Random
Forest producing negative R? values (—0.41 and —1.38, respectively), reflecting their inability to capture
nonlinear temporal dependencies when limited to univariate inputs.

A general degradation in forecasting accuracy was observed when extending the prediction horizon
to 365 days, which is expected due to the accumulation of uncertainty in long-range forecasts. Despite
this, the LSTM—GRU model remained the most robust, achieving a MAPE of 1.32% and an R? 0 0.972,
demonstrating strong capability in modeling long-term temporal dependencies using only historical
price information. The CNN-LSTM—-GRU model achieved moderate accuracy (MAPE = 1.50%, R? =
0.965) but again failed to outperform the simpler LSTM—GRU configuration, reinforcing the conclusion
that increased model complexity does not necessarily translate into superior generalization in univariate
forecasting contexts.

Table 4. Model Evaluation of National Gold Prediction within 30 Days and 365 Days

MAE RMSE R? MAPE
Model 30 days 365 days 30 days 365 days 30 days 365days 30 days 365 days
LSTM 23,964 26,157 31,722 34,476 0.963 0.957 1.53% 1.71%
CNN-LSTM 19,577 24,605 25,843 30,856 0.976 0.965 1.25% 1.61%
LSTM-GRU 19,104 20,844 25,435 27,634 0.976 0.972 1.21% 1.32%
CNN-LSTM-GRU 22976 23,294 30,727 30,839 0.966 0.965 1.46% 1.50%
ARIMA-GARCH 150,195 156,721 198,464 203,232 -0.41 -0.51 8.97% 10.21%
Random Forest 197,050 199,352 256,406 276,874 -1.38 -1.64 11.77%  14.43%

Overall, these results highlight the effectiveness of gated recurrent hybrids for both short- and long-
term gold price forecasting, while underscoring the limitations of classical statistical and non-sequential
machine learning models under nonlinear and volatile market conditions.

3.4. Model Trend Analysis

Figures 4-5 present representative forecast trajectories for both short- and long-term horizons and are
discussed jointly to avoid redundancy. Across all models, distinct differences emerge in how trend
direction, volatility, and stability are handled. The LSTM and CNN-LSTM architectures produce
relatively smooth and monotonic forecasts, indicating a strong bias toward dominant trend extrapolation.
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While this behavior contributes to stable predictions, it also reflects limited responsiveness to short-term

volatility and sudden market fluctuations, which are characteristic of gold price dynamics.
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Figure 4. Model Trend Prediction for one month: (a) LSTM, (b) CNN-LSTM, (c) LSTM-GRU, (d)
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Figure 5. Model Trend Prediction for one year

The LSTM—-GRU model exhibits high dynamism, achieving superior metrics but generating
unrealistic long-term deviations, which suggests overfitting to localized patterns. Conversely, the CNN—
LSTM-GRU model demonstrates smoother trajectories due to convolutional noise filtering, yet this
stability results in delayed responses to abrupt price changes. This highlights a critical accuracy—stability
trade-off in univariate settings, consistent with Malik et al. [22] regarding the potential for overfitting
and instability in GRU-enhanced hybrids.
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3.5. Discussion and Literature Alignment

Experimental results indicate that increasing architectural complexity does not guarantee superior
univariate forecasting performance; simpler hybrids (LSTM—GRU, CNN-LSTM) demonstrated better
generalization than the deeper CNN-LSTM-GRU. This aligns with Malik et al. [22], who cautioned
against overfitting and instability in deep univariate models. Although all models achieved robust
metrics (R? > 0.95, MAPE < 2%), qualitative analysis highlighted that numerical accuracy does not
imply forecast realism. Thus, moderately complex architectures are preferred to balance predictive
accuracy with the stability required for practical financial decision-making.

3.6. Statistical Validation of Model Superiority
Table 5 reports the results of paired statistical tests used to validate performance differences among
forecasting models over the 30-day and 365-day horizons.

Table 5. Statistical Validation of Model Evaluation of National Gold Prediction

Days Comparison Test p-value Effect Size  Magnitude
LSTM-GRU vs Wilcoxon 0.003 r=0.71 Large
LSTM Paired t-test 0.005 d=1.12 Large
30 LSTM-GRU vs Wilcoxon 0.018 r=0.54 Moderate
CNN-LSTM Paired t-test 0.021 d=0.78 Moderate
LSTM-GRU vs . Small
CNN-LSTM_GRU Wilcoxon 0.062 r=0.31 (marginal)
LSTM-GRU vs Wilcoxon <0.001 r=0.76 Large
LSTM Paired t-test <0.001 d=1.34 Very large
265 LSTM-GRUvs  Wilcoxon 0.009 r=0.59 Moljf;te_
CNN-LSTM
Paired t-test 0.011 d=10.86 Large
LSTM-GR
STMGRUYS — Wilcoxon 0.021 r=048  Moderate

CNN-LSTM-GRU

Performance differences were validated using Wilcoxon signed-rank and paired t-tests on rolling-
window errors to account for non-normality. For the 30-day horizon, the LSTM—GRU significantly
outperformed LSTM (p = 0.003,r = 0.71) and CNN-LSTM (p = 0.018,r = 0.54), though gains
against the deeper CNN-LSTM—GRU were marginal (p = 0.062), indicating diminishing returns from
complexity. In the 365-day horizon, LSTM—GRU’s superiority became more pronounced, showing
significant improvements over all architectures, including CNN-LSTM-GRU (p = 0.021).
Furthermore, all deep learning models demonstrated statistically, and practically, significant dominance
over classical baselines (p < 0.001,r > 0.85).

4. Conclusion

This study evaluated Bayesian-optimized deep learning models for forecasting Indonesian gold prices
across 30-day and 365-day horizons. The LSTM—GRU architecture achieved the lowest validation errors
(MAPE 1.21%-1.32%) but exhibited unrealistic long-term volatility, whereas the CNN-LSTM model
provided more stable and plausible forecasts despite marginally higher errors. These findings highlight
that numerical accuracy alone is insufficient for practical investment systems, such as daily investment
decision support tools or algorithmic trading frameworks; forecast stability must be prioritized. Future
research should address the limitations of this univariate approach by incorporating multivariate
macroeconomic indicators to enhance model robustness.
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