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LSTM; GRU; Hybrid historical daily price data from 2010 to early 2025, chronologically split into
LSTM-GRU. 80% training and 20% testing sets. Data is processed through a 60-day

sliding window framework, and recursive multi-step forecasting is applied
for a 30-day horizon. Two optimization techniques, Adam and Stochastic
Gradient Descent (SGD), are evaluated. The experimental results show that
the Hybrid LSTM-GRU model with Adam optimization achieved the best
performance among the evaluated configurations, evidenced by an R-
Squared (R?) value of 0.9972, a Mean Square Error (MSE) of 9.553542e+07,
and a Root Mean Square Error (RMSE) of 9,774.22. An RMSE of 9,774.22
indicates that the standard deviation of the prediction errors is
approximately IDR 9,774. When contextualized with the latest actual gold
price, this yields an error ratio of 0.64%. The 30-day projection indicates a
downward trend in prices until the end of January 2025. However, due to
the univariate nature of the model, it should be viewed as a supplementary
analytical tool rather than a sole basis for financial decision-making.
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Introduction

Precious metals, especially gold, are widely recognized as safe-haven assets amid global economic
uncertainty [1]. In Indonesia, PT Aneka Tambang Tbk (Antam) is the primary gold producer with
internationally recognized purity standards [2]. Gold's stable nature and high liquidity make it
essential for safeguarding long-term financial security [3]. In recent years, the interest of Indonesians
in investing in gold has increased significantly, driven by easier access through digital platforms
and growing financial literacy [4], [5]. However, high price volatility often causes uncertainty among
the general public regarding the optimal time to buy or sell assets[6]. This volatility is heavily
influenced by external fundamental factors such as global geopolitical uncertainties, inflation rates,
and central bank interest rate policies [7], [8], [9].

Advances in digital technology have made it possible to approach price prediction challenges
through data science. Machine learning, particularly deep learning architectures like Recurrent
Neural Networks (RNN), has proven effective in recognizing complex patterns in historical time-
series data. Advanced algorithms, such as Long Short-Term Memory (LSTM) and Gated Recurrent
Unit (GRU), can learn long-term trends and short-term fluctuations. LSTM, introduced by
Hochreiter and Schmidhuber, utilizes memory cells and gate mechanisms (input, forget, output) to
solve vanishing gradient problems in long sequences [10],[11]. Meanwhile, GRU offers a more
concise structure with only reset and update gates, making its training process faster while
maintaining efficiency in capturing temporal dependencies [12], [13].
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Research on gold price prediction continues to evolve. Previous studies have applied various
models to global gold prices, such as linear regression, LSTM, and GRU, with deep learning models
generally outperforming traditional linear models [14], [15]. Other research has applied machine
learning and deep learning models, demonstrating that architectures like LSTM generally
outperform traditional linear models [16]. Furthermore, complex architectures like CNN-Bi-LSTM
have been explored for highly volatile gold prices, achieving high accurac [17], while comprehensive
pipelines including SVM, Random Forest, and ARIMA have also been evaluated [18]. However, a
critical evaluation of previous literature reveals a methodological gap. Many studies focus on global
gold prices, whereas domestic gold prices, such as Antam's, have distinct daily quotation
mechanisms, buy-sell spreads, and local market dynamics that require specific modeling.
Furthermore, previous studies rarely conduct comparative experiments combining standalone and
hybrid recurrent architectures with separate optimizers (Adam and SGD) on domestic datasets.

Therefore, this study aims to compare the performance of LSTM, GRU, and Hybrid LSTM-GRU
models optimized with Adam and SGD for Antam gold price forecasting, and to evaluate the best-
performing configuration in a 30-day out-of-sample prediction horizon.
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Figure 1. Research Method
A. Dataset

This study uses secondary data from the Kaggle website titled “Emas Batangan (ANTAM)”. The
dataset consists of two columns: Date and Price, with 4,547 data points spanning from January 2010
to January 2025 [19]. The data represents the nominal value of Antam gold prices in Indonesian
Rupiah (IDR) per gram. To ensure data integrity, the chronological sequence was verified, and
missing dates (such as weekends and non-transaction days) were handled sequentially without
forward-filling to avoid artificial price stabilization. The variable data available in the dataset is as
follows:

1. Date

This temporal variable shows the chronological recording of gold prices. It serves as a crucial time
sequence reference that allows Deep Learning algorithms to recognize seasonal patterns, long-term
trends, and daily cycles. The data covers the period from 2010 to January 2025. The accuracy of the
date sequence is essential for the model to understand dependencies between time periods.

2. Price

This continuous numerical variable shows the nominal value of Antam gold prices in Indonesian
rupiah (IDR) per gram. In the model training process, this column acts as the dependent variable
(target). Fluctuations in this column's values reflect market dynamics, which the model processes to
generate future predictions.
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B. Preprocessing
The next stage is preprocessing, a crucial step for ensuring the model's ability to recognize Antam
gold price patterns. This study includes two preprocessing steps: data splitting and feature scaling.

1. Splitting Data

The time series dataset is divided chronologically into 80% training (3,637 data points) and 20%
testing (910 data points). This chronological split prevents data leakage, ensuring the model is
evaluated on unseen recent data.

2. Feature Scaling

A Min-Max Scaler is applied to transform price values into a range of [0, 1]. Crucially, to prevent
data leakage, the scaler is fitted only on the training data and subsequently applied to transform both
the training and testing sets.

C. Build Model

This study implements three architectures: LSTM, GRU, and Hybrid LSTM-GRU. To ensure
replicability, the model specifications are detailed as follows. The standalone LSTM model consists
of a stacked configuration: an initial LSTM layer with 128 units (with return_sequences=True to pass
the sequential output to the next layer), followed by a second LSTM layer with 16 units
(return_sequences=False). This output is then passed through two fully connected (Dense) layers of
16 and 1 unit, respectively. The Hybrid LSTM-GRU model follows a similar structural pattern but
integrates both recurrent mechanisms: an initial LSTM layer with 128 units (return_sequences=True)
is followed by a GRU layer with 16 units (return_sequences=False), concluding with Dense layers
of 16 and 1 unit. The standalone GRU model utilizes a configuration analogous to the LSTM model,
stacking GRU layers with 128 and 16 units, respectively. A 60-day sliding window is used to form
input-output pairs, where data from the past 60 days is used as a tensor input to predict the price
on the 61th day. The models are compiled using Mean Squared Error (MSE) as the loss function.
Adam (learning rate = 0.001) and Stochastic Gradient Descent (SGD, learning rate = 0.01, momentum
= 0.9) are used as optimizers. Training is conducted for 10 epochs with a batch size of 16. A fixed
random seed is applied to ensure reproducibility.

D. Evaluate

To measure the success of the experiment and validate the model's ability to accurately predict
Antam gold prices, this study employs a regression evaluation approach. Regression evaluation
measures how closely the model's predicted values align with actual prices. The metrics used
include:

1. Mean Squared Error (MSE)
The average square difference between predicted and actual values is measured using this method
[20]. This metric is highly sensitive to large errors, or outliers.

n

MSE =~ 3" (x, — %) (1)

2. Root Mean Squared Error (RMSE)
The square root of MSE is a calculation that returns the error value to a unit with the same scale as
the target value. This makes it easier to interpret the magnitude of the model prediction error [20].

RMSE = VMSE = J%Z?ﬂ(xt —X)? (2

3. R-Squared (R?)
It is used to measure the extent to which a model can explain data variability. An R? value close to 1
indicates a very high fit between the model and the historical data pattern [20].
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E. Forecasting

Following the model evaluation phase, the optimal performing configuration — the Hybrid LSTM-
GRU architecture optimized with the Adam algorithm —was deployed to execute an out-of-sample
price forecast for the subsequent 30 consecutive trading days beyond the historical dataset
(extending through late January 2025). The multi-step out-of-sample projection was conducted using
a recursive forecasting strategy. For the initial projection step, the model processed the final 60-day
sequence of actual scaled prices from the historical dataset to predict the immediate next step. For
subsequent time steps, the 60-day look-back window shifted forward by dropping the oldest
historical observation and appending the model's own newly predicted value as the input feature.
This process was repeated iteratively across 30 consecutive steps, allowing the model to project an
extended out-of-sample price trajectory.

The resulting 30-day recursive projection indicates that PT Antam's gold price is expected to
enter a phase of technical price consolidation and gradual downward correction through the end of
January 2025. From a technical analysis perspective, this projected trajectory represents a natural
stabilization response following the prolonged historical upward trend observed in the primary
training and testing sequences. Rather than serving as an absolute trading signal or investment
recommendation, this 30-day projection provides a quantitative supplementary tool for identifying
historical univariate price patterns. Because the model operates on a purely technical univariate
basis, real-world application requires contextualizing these recursive trend projections alongside
macroeconomic indicators, foreign exchange fluctuations, and transactional buy-sell spreads.

Results

A. Dataset

This dataset is historical data on PT Antam obtained from the Kaggle website. There are 4547 data
points with 2 columns, namely Date and Price, which can be seen in Table 1.

Table 1. Record of Dataset

Nu. Date Price (IDR)
1 04/01/2010 408,000
2 05/01/2010 410,000
3 06/01/2010 410,000
4 07/01/2010 412,000
5 08/01/2010 410,000

4543 28/12/2024 1,526,000

4544 29/12/2024 1,526,000

4545 30/12/2024 1,528,000

4546 31/12/2024 1,515,000

4547 02/01/2025 1,524,000

W Movement Price Antam Gold by Day

Figure 2. Movement Price Antam Gold by Day
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Distribution of Antam Gold Prices (2010 - 2025)
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Figure 3. Histogram dan KDE (Kernel Density Estimation)

Figure 2 shows a graph starting from January 4, 2010, where the price of Antam gold was IDR
408,000. The price of gold experienced a continuous upward trend, although it sometimes fluctuated
and experienced a downward trend until January 2, 2025, when the price of Antam gold reached
IDR 1,524,000. Meanwhile, Figure 3 shows the relationship between price and frequency on a
histogram graph, providing an in-depth picture of the stability and historical movements of the
asset's value. The horizontal axis (price) represents the nominal value of gold in rupiah, while the
vertical axis (frequency) shows how often or how many days the price remained at that level. It can
be seen that the gold price appears most frequently in the IDR 550,000 price range, with a frequency
of more than 800 times.

B. Preprocessing
Since the Antam gold price dataset has been cleaned and is ready for use, the pre-processing stage
of this study focuses on two crucial steps: data splitting and feature scaling.

1. Splitting Data

The dataset consisted of 4,547 data points and was divided into two main parts: 80% was allocated
to the training set, and 20% was allocated to the testing set. This division allocated 3,637 data points
so the model could learn Antam gold price historical patterns in depth. The remaining 910 data
points were set aside as test data to evaluate the model's ability to generalize to new data. Figure 4
shows the dataset division.

Proportion and Amount of Traning vs Testing Data

H Training Data

Testing Data

Figure 4. Proportion and Amount of Training vs. Testing Data

2. Feature Scalling

After dividing the dataset, the next process uses feature scaling, such as the Min-Max Scaler. This
function converts price data into decimal numbers between 0 and 1. The lowest price in the dataset
is converted to 0, and the highest price becomes 1. One advantage of the Min-Max Scaler is that it
does not alter the original distribution of the data. If the original data has an upward or seasonal
trend, this pattern is maintained on the 0-1 scale. The relative relationship between one day and
another remains intact (only the scale of the distance between data points is reduced).
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C. Build Model

Three deep learning architectures, Long Short-Term Memory, Gated Recurrent Unit, and Hybrid
Long Short-Term Memory Gated Recurrent Unit —were constructed to model the temporal features.
Each network architecture was trained and compiled under two separate optimization algorithms,
namely Adam and Stochastic Gradient Descent, yielding six distinct experimental model
configurations. All six models were compiled using Mean Squared Error as the objective loss
function and trained for 10 epochs with a fixed batch size of 16. The optimal Hybrid architecture
consists of an initial Long Short-Term Memory layer with 128 hidden units configured to pass full
sequence outputs, a secondary Gated Recurrent Unit layer with 16 hidden units returning a single
vector, a fully connected Dense layer with 16 hidden units, and a final single-unit Dense output layer
with linear activation for continuous price regression.

D. Evaluate
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Figure 5. Training and Validation Loss Curves

Figure 5 shows that the blue line represents the training data, while the red line represents the
validation data. The x-axis shows how many times the model was trained (10 epochs), and the y-
axis shows the model's error rate, or the loss (MSE) value. In each model architecture, the loss value
in the training and validation data decreased significantly from the first epoch. Both lines decreased
simultaneously and remained close to each other, indicating that the model was in an ideal state of
"good fit," enabling it to predict new data with similar accuracy. However, if the blue line keeps
dropping while the red line keeps climbing or straying, it suggests that the model is overfitting or
that it's only storing the training data and can't identify patterns in new data. If the blue and red
lines remain high or fluctuate, it means the model is underfitting and still fails to understand
patterns in existing data.

Table 2. Comparison of Research Architecture Model Results

Nu Architecture Model MSE RMSE R-Squared (R?)
1 LSTM + Adam 9.219578e+08 30363.76 0.9732
2 LSTM + SGD 4.121751e+09 64200.86 0.8801
3 GRU + Adam 3.698738e+08 19232.10 0.9892
4 GRU + SGD 3.083095e+08 17558.75 0.9910
5 Hybrid LSTM-GRU + Adam 9.553542e+07 9774.22 0.9972
6 Hybrid LSTM-GRU + SGD 6.095117e+08 24688.29 0.9823

The overall results of the experiments in this study are summarized in Table 2. The tests were
conducted six times, comparing the LSTM, GRU, and Hybrid LSTM-GRU architectures with two
types of optimizations, Adam and SGD. The model with the lowest performance was found to be
the LSTM architecture with SGD optimization. This model recorded an MSE value of 4.121751e+09,
an RMSE of 64,200.86, and an R? score of 0.8801. Conversely, the best model produced in this study
was the Hybrid LSTM-GRU architecture with Adam optimization. This model demonstrated
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exceptional accuracy, achieving an MSE value of 9.553542e+07, an RMSE of 9774.22, and an R? score
of 0.9972. To provide further context on the practical magnitude of this error, the RMSE value of
9,774.22 was divided by the most recent actual gold price in the testing set (IDR 1,524,000 as of
January 2, 2025). This calculation yields an error ratio of approximately 0.64% (9,774.22 / 1,524,000
% 100%), indicating that the model's standard prediction deviation is less than 1% of the current price
scale. It should be noted that this is a contextual ratio derived from the RMSE, not a standard Mean
Absolute Percentage Error (MAPE) across the entire dataset. These results demonstrate that
integrating LSTM and GRU with Adam optimization effectively minimizes prediction errors
compared to using a single model or SGD optimization.

1e6 Predictions of Price Antam Gold Dataset
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Figure 6. Prediction of Price

Figure 6 shows that Antam's gold price movements are represented by three components: the blue
line shows the training data, the red line shows the testing data, and the orange line shows the
model's predicted results. The X-axis represents the time range (date), and the Y-axis represents the
gold price at that time. The graph shows that the best architecture in this study Hybrid LSTM-GRU
with Adam optimization-is able to predict price fluctuations with a high level of precision. This is
visually evident through the orange line, which consistently overlaps and covers the red line,
indicating minimal difference between the predicted and actual values. The model's ability to follow
the dynamic patterns of the test data suggests a good fit for this specific configuration, though a
single training run without multiple seed iterations limits conclusive claims about its generalization
capability.

E. Forecasting

After identifying the best-performing model through a series of tests, the final stage of this research
is to forecast the price of Antam's gold for the next 30 days, ending in January 2025. The forecasting
process uses the Hybrid LSTM-GRU architecture with Adam optimization, which has been proven
to capture price patterns with the lowest error rate and highest stability.
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Figure 7. Forecasting Antam Gold Price for 30 Day Later
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Figure 7 shows a comparison of historical research data and future projections. The blue line
represents the processed historical dataset, and the red line shows the gold price forecast for the next
30 days. Based on the model's generated pattern, Antam's gold price is predicted to undergo a
correction phase or gradually decline until the end of January 2025. This finding provides
supplementary analytical information regarding technical price trends. However, it should not be
interpreted as a direct investment recommendation or purchase timing signal, as the model does not
account for transactional spreads, macroeconomic shocks, or forecasting uncertainty .

Discussion

The experimental results demonstrate that the Hybrid LSTM-GRU model optimized with Adam
achieved the best forecasting performance among the tested configurations, yielding an R? of 0.9972
and an RMSE of 9,774.22. This success stems from the complementary strengths of the architectures:
LSTM's complex gating mechanisms capture long-term dependencies, while GRU's simplified
structure efficiently processes sequential data, reducing computational overhead. The Adam
optimizer further enhanced this by adaptively adjusting learning rates, accelerating convergence
compared to SGD. Interestingly, in the standalone GRU model, SGD slightly outperformed Adam
(R? = 0.9910 vs 0.9892). This suggests that for simpler architectures with fewer parameters, the
constant learning rate of SGD combined with momentum might provide a more stable weight
update trajectory than Adam's adaptive scaling. However, the marginal accuracy gain of the hybrid
model over standalone architectures must be weighed against the increased computational cost and
complexity of the network. While the 60-day sliding window provided structurally sound results in
this setup, the claim that it is empirically validated is insufficient, as no comparative experiments
using alternative window sizes (e.g., 5, 10, 20, or 30) were conducted. Furthermore, although the R?
value is exceptionally high, it must be interpreted with caution. In non-stationary financial time
series, high R? values can sometimes reflect the model's ability to capture long-term trends rather
than its true generalization capability. Without comparisons against simple baselines (such as naive
persistence) or rolling-origin validation, the extent of the model's predictive superiority over simpler
methods remains unconfirmed. Comparing the proposed model's performance directly with models
from other studies, such as the CNN-Bi-LSTM proposed by [17] or the multi-model pipeline
evaluated by [18] is methodologically invalid. These studies utilize different datasets, observation
periods, price scales, forecasting horizons, and evaluation metrics. Therefore, without conducting
experiments on a standardized dataset and evaluation scheme, it is inappropriate to declare that the
proposed model "competes robustly" against these external architectures. The performance results
in this study are strictly confined to the specific Antam dataset and experimental configuration
utilized herein. Additionally, the recursive multi-step forecasting for 30 days inherently carries the
risk of error accumulation, where initial prediction errors propagate and compound over time. The
projected downward correction toward the end of January 2025 reflects technical pattern saturation
from previous upward trends. However, because the model operates on a univariate basis, it cannot
anticipate sudden structural breaks or price spikes triggered by unforeseen market events.
Consequently, practical implications must be conveyed with caution. While the proposed model
shows potential as a supplementary analytical tool for understanding historical price patterns, it is
insufficient to recommend purchase timing. It does not incorporate Antam's buy-sell spread,
transaction costs, macroeconomic conditions, or uncertainty intervals. Theoretically, this study
contributes to the selection of recurrent neural network architectures for domestic price series, which
possess distinct daily quotation mechanisms compared to international gold prices. Future analysis
should integrate these projections with fundamental macroeconomic analysis —such as global
geopolitical dynamics, inflation rates, and USD/IDR exchange rates —rather than relying solely on
technical univariate projections.
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Conclusions

Based on the experimental configuration, the Hybrid LSTM-GRU model with Adam optimization
achieved the best performance among the six evaluated configurations for predicting PT Antam's
gold prices, yielding an RMSE of 9,774.22 and an R? of 0.9972. The integration of LSTM and GRU
demonstrates a strong technical capacity to model historical price patterns. The 30-day projection
indicated a downward price trend; however, due to the univariate nature of the model and the
absence of validation against actual subsequent prices or simple baselines, this projection should not
be interpreted as a direct investment recommendation. The study is limited by its reliance on
historical numerical patterns without incorporating external fundamental factors. Future research
should incorporate multivariate approaches, rolling-origin validation, baseline comparisons, and
external variables such as world gold prices, exchange rates, and market sentiment to generate
projections that are more adaptive to real-world market shocks.
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