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Abstract 

This study develops and optimizes a hybrid LSTM-XGBoost forecasting model for daily ANTAM gold bar prices. 

The model utilizes historical time-series data of ANTAM gold prices, enriched with macroeconomic variables 

including the USD/IDR exchange rate and Brent oil prices, as well as derived features such as returns, lags, rolling 

statistics, and calendar effects. The LSTM component captures medium-term sequential patterns from the price series 

and macroeconomic variables, while the XGBoost component exploits a rich set of tabular features to model 

nonlinear relationships and volatility dynamics. Both models are trained and tuned separately, then combined through 

a weighted ensemble scheme in which the optimal weight is selected by minimizing Mean Absolute Percentage Error 

(MAPE) on the validation set. Experimental results on the test set show that the proposed hybrid model achieves 

Mean Squared Error (MSE) of 26,891,172.36, Root Mean Squared Error (RMSE) of 16,398.53, MAPE of 0.0058 

(approximately 99.42% accuracy), and coefficient of determination \mathbit{R}^\mathbf{2} of 0.9971, 

outperforming a naïve baseline that assumes “tomorrow’s price equals today’s price”. The optimized LSTM-

XGBoost hybrid model proves highly effective for short-term ANTAM gold price forecasting, providing reliable 

decision support for Indonesian gold market stakeholders. 
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1. INTRODUCTION 

The increasing volatility of financial markets and the widespread adoption of data-driven methods 

in investment decision-making have strengthened the role of gold as a safe-haven asset, particularly 

during periods of macroeconomic uncertainty [1][2]. In Indonesia, ANTAM gold bars are widely used 

by individual and institutional investors as a reliable store of value against inflation, currency 

depreciation, and financial shocks [3]. However, the daily price of ANTAM gold is affected by a 

complex interaction of factors, including global gold prices, the USD/IDR exchange rate, international 

oil prices, interest rates, and domestic economic conditions [4]. These dynamic and nonlinear 

relationships make it difficult for investors and financial institutions to accurately anticipate short-term 

price movements using traditional statistical models or intuitive judgment alone [5][6]. 

Recent empirical evidence suggests that the adoption of advanced machine learning and deep 

learning approaches can markedly enhance the accuracy of commodity and financial price forecasts 

[7][8][9]. Recent empirical evidence suggests that the adoption of advanced machine learning and deep 

learning approaches can markedly enhance the accuracy of commodity and financial price forecasts 

[10][11]. However, many existing works on gold price prediction still rely on single models, such as 

standalone LSTM, GRU, or Gradient Boosting, and therefore do not fully exploit the complementary 

strengths of sequence-based deep learning and feature-based ensemble learning [12]. This gap motivates 
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the development of hybrid models that combine different algorithms into a single framework, as 

demonstrated in previous hybrid approaches such as ARIMA–SVR, ARIMA–LSTM, and Random 

Forest–Gradient Boosting for financial time-series forecasting [13]. 

This study develops an optimized LSTM-XGBoost hybrid model for one-day-ahead daily 

ANTAM gold bar price forecasting [14]. The model is designed to address several implicit problem 

points: the need to structure and preprocess historical ANTAM gold data and relevant macroeconomic 

variables so that they are suitable for hybrid modeling; the challenge of configuring and training the 

LSTM and XGBoost components so that each captures different aspects of the data [15][16][17]; and 

the question of how to combine the outputs of both models into a single prediction that improves 

accuracy and stability compared with naïve or single-model benchmarks [4]. By addressing these 

challenges, this study aims to develop a forecasting framework that demonstrates superior empirical 

performance on historical Antam gold price data (2013–2025), while serving as a practical decision-

support system for retail investors, institutional analysts, and financial entities within Indonesia's gold 

market. [18] [19]. 

The study adopts a quantitative experimental methodology based on daily historical data of 

ANTAM gold prices from logammulia.com, supplemented with the USD/IDR exchange rate and Brent 

oil prices obtained from financial data providers over the period 21 May 2013 to 22 November 2025 

(logammulia.com; investing.com). The data are preprocessed through cleaning, handling of missing 

values, normalization, and feature engineering, including the construction of lagged variables, rolling 

statistics, returns, and calendar-based indicators, in line with common practices in time-series and 

financial forecasting. The LSTM model is trained on sequential input windows to learn medium-term 

temporal dependencies in the ANTAM price series and macroeconomic variables, while the XGBoost 

model is trained on the engineered tabular features to capture nonlinear relationships and volatility 

dynamics [10]. Both models were hyperparameter-tuned, evaluated on separate validation/test sets, and 

combined via weighted ensemble with MAPE-optimized weights from validation data. Model efficacy 

was evaluated using MSE, RMSE, MAPE, and R² metrics, confirming the hybrid LSTM-XGBoost 

approach's effectiveness for ANTAM gold price forecasting. 

2. METHOD 

2.1 Gold Price Prediction Research 

Gold price prediction has become an important area of study in economics and information 

technology, especially in supporting more measurable investment decision making. Various approaches 

have been proposed in previous studies to obtain more accurate prediction results. A study by [4] applied 

the Long Short-Term Memory (LSTM) method to predict gold prices by incorporating several 

optimization schemes, namely ADAM, NADAM, and ADAMAX. The results showed that the use of 

NADAM optimization with an 80 percent training data proportion and 20 percent testing data proportion 

produced the best performance. This was indicated by a Root Mean Square Error (RMSE) value of 

0.0199 on the training data and 0.0260 on the testing data. 

Conducted a similar study by comparing the performance of LSTM and Gated Recurrent Unit 

(GRU) models for gold price prediction. Although LSTM showed lower error rates based on several 

evaluation metrics, the study concluded that the GRU model provided better overall performance in 

capturing gold price movement patterns[7], [18], [20]. The use of Support Vector Regression and Linear 

Regression techniques is proposed to perform gold price forecasting. Based on the test results, Linear 

Regression outperformed SVR, with a Mean Squared Error (MSE) value of 4.04 for LR and 7.52 for 

SVR. These findings indicate that simpler methods can still deliver competitive results, although they 

have limitations in capturing the complex dynamics of gold prices [21], [22], [23], [24], [25]. 
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Developed a gold price prediction system in Indonesia using a GRU model while considering 

external variables such as PT Aneka Tambang stock prices and the US dollar exchange rate. This study 

produced a model with a relatively high level of accuracy, indicated by an R-Squared value of 0.97, 

which suggests that integrating multiple economic factors can improve prediction accuracy. Based on 

these studies, it can be concluded that efforts to improve the accuracy of gold price prediction continue 

to evolve through various modeling approaches. However, most previous studies have focused on single 

model applications. Therefore, this research proposes the development of a hybrid model that combines 

LSTM and Gradient Boosting to optimize the model’s ability to process time series data while improving 

prediction accuracy. This approach is expected to make a meaningful contribution by providing more 

accurate and useful predictive information for investors and other related stakeholders. 

 

 
Figure 1. Workflow 

2.2 Long Short-Term Memory (LSTM) Model Research 

The Long Short-Term Memory (LSTM) model represents an evolution of Recurrent Neural 

Networks (RNN), specifically developed to manage difficulties in analyzing time-dependent data with 

extended dependencies. In 1997, Hochreiter and Schmidhuber introduced the Long Short-Term Memory 

network to mitigate the vanishing gradient problem that limits traditional Recurrent Neural Networks 

(RNNs) in capturing long-term dependencies characteristic of time series data[26]. LSTM integrates a 

gating mechanism designed to regulate the storage, modification, and removal of pertinent information 

within its memory cells. This architecture enables the model to preserve crucial information over varying 

time spans, which explains its extensive application in domains like commodity price prediction, 

financial analysis, natural language processing, and sequence-based pattern recognition [6]. LSTM has 

a special architecture consisting of three main gates, namely the input gate, forget gate, and output gate, 

which regulate the flow of information within the network . The functions of these components are as 

follows. Input Gate: Determines which new information is relevant and should be stored in the cell state 

.Forget Gate: Regulates which information from the previous cell state should be discarded or 

retained. Output Gate: Controls which information will be produced as output at each time step. 

Mathematically, the LSTM mechanism can be described by the following equations [9]: 

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡 − 1 + 𝑏𝑖) (1) 

𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡 − 1 + 𝑏𝑓) (2) 

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡 − 1 + 𝑏𝑜) (3) 

𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡 − 1 + 𝑖𝑡 ∗ tan h(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡 − 1 + 𝑏𝑐) (4) 

ℎ𝑡 = 𝑜𝑡 ∗ tan h(𝑐𝑡) (5) 
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2.3 Gradient Boosting Model Research 

Gradient Boosting is an ensemble based machine learning method that is effective in improving 

prediction accuracy. According to Andriyani et al. (2024), Gradient Boosting works by building models 

sequentially to minimize prediction errors using a gradient descent approach. Ensemble learning 

operates by having each new model correct the prediction errors of previous models, ultimately 

producing a composite model with superior accuracy and robustness compared to standalone models. 

Gradient Boosting operates by constructing models in sequence, where each new model is designed to 

correct the mistakes of the previous one. This process is carried out by adjusting model predictions to 

pseudo residuals calculated from the derivative of the loss function. The approach uses gradient descent 

to gradually minimize the loss function until an optimal prediction result is achieved. Mathematically, 

the Gradient Boosting process can be described as follows. Let yi be the actual value, Fm(xi) be the 

model at iteration m, and L(y, F(x)) be the loss function used. The model starts with an initial prediction: 

𝟎(𝒙) = 𝒂𝒓𝒈𝜸𝒎𝒊𝒏𝒊 = 𝟏∑𝒏𝑳(𝒚𝒊, 𝜸) (6) 
After the residuals are calculated, a new model hm(x) is trained to predict these residuals. The 

model is then updated as: 

𝒓𝒊𝒎 = − [
𝝏𝑳(𝒚𝒊,𝑭(𝒙𝒊))

𝝏𝑭(𝒙𝒊)
]
𝑭(𝒙)=𝑭𝒎−𝟏(𝒙)

 (7) 

After the residuals are calculated, a new model hm(x) is trained to predict these residuals. The 

model is then updated as: 

𝑭𝒎(𝒙) = 𝑭𝒎 − 𝟏(𝒙) + 𝝂 ⋅ 𝒉𝒎(𝒙) (8) 

3. RESULT 

3.1 Data 

The data used in this study consist of daily time series containing three main variables, namely 

the price of Antam gold bars, the USD to IDR exchange rate, and the price of Brent crude oil. These 

three variables were collected and combined into a single dataset, where each row represents one 

observation date with corresponding information on gold price, exchange rate, and oil price on the same 

day.  

 

 
Figure 2. ANTAM Gold Bar Price Chart 

 

The observation period spans from 21 May 2013 to 22 November 2025, with a sufficiently large 

number of daily observations to support the training of time series models based on LSTM and Gradient 

Boosting. During this period, Antam gold prices show a general upward trend over time with several 
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phases of sharp increases and declines. Meanwhile, the USD to IDR exchange rate reflects fluctuations 

in the value of the rupiah against the US dollar influenced by macroeconomic dynamics. Brent crude oil 

prices also exhibit wide variations, representing changes in global energy market conditions, from 

periods of high prices to phases of significant decline. These three variables are presented in tabular 

form in Table .1 below 

 

Table 1. Research Data 

Date Gold_Price USD_IDR_Exchange_Rate Oil_Price 

2013-05-21 00:00:00 533,000.00 9,765 103.10 

2013-05-22 00:00:00 533,000.00 9,765 102.14 

2013-05-23 00:00:00 533,000.00 9,774 100.46 

2013-05-24 00:00:00 536,000.00 9,772 101.24 

2013-05-27 00:00:00 536,000.00 9,792 101.24 

2013-05-28 00:00:00 536,000.00 9,810 103.77 

3.2 Preprocessing Results 

In the preprocessing stage, the dataset was read using Python, the column names were 

standardized, and the date column was converted into a datetime type so it could be processed as time 

series data. The gold price column, which was originally formatted in rupiah currency, was parsed using 

the parseidnum function. This process removed all non numeric characters and converted the values into 

real numbers with a float64 data type. 

The exchange rate and oil price columns were also converted into numeric types using the 

to_numeric function. As a result, the three main variables were fully prepared for mathematical 

computation and further modeling. 

 

 
Figure 3. Output Missing Value 

 

After the conversion process, a check was performed to identify the number of missing values in 

the date, gold_price, exchange_rate, and oil_price columns. The results showed that there were no 

missing values in any of the four columns, with each column containing 0 missing values. Therefore, 

the dataset could be fully utilized without the need for imputation. Next, the data were sorted in 

ascending order based on the date column, and the index was reset to form a clean and consistent time 

series structure. 

 

 
Figure 4. Feature Engineering Output 
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The target variable for the next day’s gold price (price_next) was created by shifting the price 

column one step forward. Using the combination of today’s price and the next day’s price, the one day 

ahead target return (ret_next) was then calculated. To capture short term trends and volatility, rolling 

mean and rolling standard deviation of ret_1 were computed using 7 day, 14 day, and 30 day windows. 

Price lag features and return lag features were also generated for several previous days according to the 

LAGS parameter, which in this study was set to 30 lags. This allows the model to utilize sufficiently 

long historical information. Finally, calendar based features were added, including the day of the week 

(dow) and month (month) extracted from the date column, in order to capture potential seasonal patterns 

in gold price movements. 

3.3 LSTM Model Training Results 

The “LSTM Training Loss” graph shows the change in model loss values on the training and 

validation datasets for each epoch. The training loss gradually decreases from around 1.0 to 

approximately 0.85, indicating that the model is progressively adjusting its weights to better capture 

patterns in the training data. Meanwhile, the validation loss remains at a lower level, around 0.78 to 

0.80, and stays relatively stable without a clear upward trend. This pattern suggests that the model 

maintains good generalization performance on unseen data and does not show strong signs of overfitting 

during the training process. 

 

 
Figure 5. LSTM Training Loss Graph 

 

In this study, an Early Stopping mechanism was applied to prevent overfitting and to select the 

optimal training epoch. The model monitored the loss value on the validation dataset using the parameter 

monitor = "val_loss" and automatically stopped training when no improvement in validation loss was 

observed for 12 consecutive epochs (patience = 12). The option restore_best_weights = True ensured 

that the model weights were restored to the state where the validation loss reached its lowest value, 

rather than using the weights from the final epoch before training stopped. With this configuration, 

training stopped at a middle epoch, well before the maximum limit of 200 epochs, precisely when the 

validation loss reached its minimum or began to plateau. As a result, the final model represents the best 

balance between learning the patterns in the training data and maintaining good generalization to unseen 

data. 

3.4 Gradient Boosting Model Training Results 

In this study, the XGBoost model was trained using a comprehensive set of tabular features 

(xgbcols). These features include gold prices, the USD to IDR exchange rate, Brent oil prices, calendar 

features (day of week and month), historical returns (ret_1, ret_3, ret_7), rolling features (mean and 

standard deviation with 7 day, 14 day, and 30 day windows), as well as all price lag features (lagprice*) 

and return lag features (lagret*). The prediction target was retnext in its original scale. The main 

parameters used in the model were max_depth = 4, which defines the maximum tree depth, and eta = 
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0.02 as the learning rate. The subsample parameter was set to 0.85 and colsample_bytree to 0.85, 

meaning that each tree was built using 85 percent of the training samples and 85 percent of the available 

features. The model was trained with a maximum of 6000 boosting iterations (num_boost_round = 

6000), using the reg:squarederror objective function and rmse as the evaluation metric. 

 

 
Figure 6. XGBoost Validation RMSE 

 

The graph titled “XGBoost Validation RMSE over Boosting Rounds” illustrates how the RMSE 

value on the validation dataset changes as the number of boosting rounds increases. In the early stage of 

training, the validation RMSE decreases slightly and reaches its minimum value around iteration 7, 

which marks the model’s best performance on the validation data. After this point, the RMSE tends to 

stagnate and then gradually increase as more boosting rounds are added. This indicates that additional 

trees no longer improve performance and begin to cause overfitting to the training data. To prevent 

overfitting, an early stopping mechanism was applied with early_stopping_rounds = 120. This means 

that if no improvement in validation RMSE is observed for 120 consecutive iterations, the training 

process stops automatically. In the graph, a red dashed vertical line indicates the best iteration, which is 

boosting round 7 where the validation RMSE reaches its lowest value. Although num_boost_round was 

set to 6000, the final model effectively used only about 7 decision trees (best_iteration = 7), as shown 

below the graph. This approach ensures that the XGBoost model has sufficient complexity to capture 

important patterns in the data without overfitting to noise, thereby maintaining good generalization 

performance on unseen data. 

3.5 Baseline vs Hybrid Model Performance 

The hybrid model reduced the MSE from approximately 27.00 million to 26.89 million and 

lowered the RMSE from about 16,432 to 16,399. This means the average error in rupiah units is slightly 

smaller than that of the baseline model. 

The MAPE values for both models are around 0.0058, or about 0.58 percent, which corresponds 

to a MAPE based accuracy of approximately 99.42 percent. In other words, the hybrid model maintains 

a very high level of accuracy and performs slightly better than the naive baseline approach of predicting 

that tomorrow’s price will be the same as today’s price. 

The R² values of both models are approximately 0.9971, indicating that both the baseline and the 

hybrid model can explain more than 99 percent of the variation in gold prices on the test dataset. 

However, the combination of LSTM and XGBoost still provides an advantage through reductions in 

both the mean squared error and root mean squared error, even though the improvements are relatively 

small. This suggests that the additional information captured from time series patterns and derived 

features helps refine predictions beyond what can be achieved by a simple baseline model. 

 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5630


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 2, April 2026, Page. 1704-1713 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5630 

 

 

1711 

 
Figure 7. Test Results Output 

3.6 Time Series Graph Analysis 

Figure 7.  presents the time series of Antam gold prices during the test period, comparing three 

curves: the actual next day price (blue line), the predicted next day price from the hybrid LSTM–

XGBoost model (orange line), and the baseline prediction that assumes tomorrow’s price equals today’s 

price (green line). All three curves appear to almost overlap throughout the period from March 2024 to 

the end of 2025. They follow a gradual upward trend at the beginning, followed by a steeper increase 

phase and several sharp spikes toward the final point of the time series data. 

 

 
Figure 8. Time Series Graph Analysis 

 

Both the hybrid prediction curve and the baseline closely follow the actual price pattern, including 

the peaks and troughs around mid and late 2025. The distance between the hybrid curve and the actual 

curve is generally very small and comparable to the gap between the baseline and the actual values. At 

many points, the lines are almost indistinguishable. This observation is consistent with the evaluation 

metrics presented earlier, where MAPE and R² are nearly identical for both the baseline and the hybrid 

model. However, when examined more closely, such as through a zoomed in plot or residual analysis, 

the hybrid model tends to produce slightly smoother predictions and in some segments tracks the actual 

price a bit more accurately. This behavior is reflected in the lower MSE and RMSE values achieved by 

the hybrid model compared to the baseline. 

 

Table 2. Comparison of Results 

Date Actual Price Predicted Price Prediction Accuracy 

2025-11-21 00:00:00 Rp 2.341.000 Rp 2.348.413 99.68% 
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4. CONCLUSION 

This study successfully developed and optimized a hybrid model based on LSTM and XGBoost 

to predict the next day price of Antam gold bars. The model uses historical gold prices, the USD to IDR 

exchange rate, Brent oil prices, and derived features such as returns, lags, rolling statistics, and calendar 

variables that represent momentum, volatility, and seasonal patterns. Evaluation results on the test 

dataset show that the hybrid model achieved an MSE of 26,891,172.36, an RMSE of 16,398.53, a MAPE 

of 0.0058 which corresponds to about 99.42 percent MAPE based accuracy, and an R² of 0.9971. These 

results indicate very strong performance for a one day ahead prediction horizon. 

Individually, the LSTM model optimized with a 30 day LOOKBACK window excels at capturing 

medium term sequential patterns through its internal memory mechanism. Meanwhile, XGBoost, 

optimized in terms of the number of trees, maximum depth, and learning rate, shows strong performance 

in leveraging complex tabular features such as lags, rolling statistics, and calendar variables. Combining 

both models in a weighted ensemble reduced the MSE from 27,003,466.05 to 26,891,172.36 and 

lowered the RMSE from 16,432.73 to 16,398.53 compared to the baseline approach of predicting that 

tomorrow’s price equals today’s price. The MAPE and R² values remained very high at 0.0058 and 

0.9971, confirming that the hybrid model provides measurable improvement even though the baseline 

is already very strong for a one day horizon. 

The optimal ensemble weights, approximately 0.38 for LSTM and 0.62 for XGBoost, indicate 

that XGBoost contributes slightly more to the final prediction. This reflects the important role of tabular 

features in explaining gold price variation in this dataset. However, the still substantial weight assigned 

to LSTM confirms that direct sequential information from gold prices, exchange rates, oil prices, and 

daily returns adds value beyond a pure XGBoost model. This is especially evident in segments of the 

time series with sharper trend reversals around peaks and troughs, where the hybrid model adapts to 

turning points more quickly than the baseline. 

REFERENCES  

[1] V. R. Prasetyo, S. Axel, J. T. Soebroto, D. Sugiarto, A. Winatan, and S. D. Njudang, “Prediksi 

Harga Emas Berdasarkan Data gold . org menggunakan Metode Long Short Term Memory 

Memory Method,” vol. 11, no. September, pp. 623–629, 2022. 

[2] I. M. Gananta, I. N. Purnama, and K. Q. Fredlina, “OPTIMASI PREDIKSI HARGA EMAS 

DENGAN METODE SUPPORT VECTOR REGRESSION ( SVR ) MENGGUNAKAN 

ALGORITMA GRID SEARCH,” vol. 7, no. 6, pp. 3160–3165, 2023. 

[3] Mutia Evi Kristhy, Sayu Oktalita, Sendy Yonathan, Tommy Susanto B.a, and Wiji Nurul 

Hikmah, “Keuntungan Investasi Emas Antam Di Masa Pandemi Covid-19,” J. Komunitas Yust., 

vol. 5, no. 1, pp. 388–399, 2022, doi: 10.23887/jatayu.v5i1.47128. 

[4] W. F. Hidayat, K. Handayani, Y. Malau, R. A. Purnama, and A. Setiadi, “Prediksi Harga 

Komoditi Emas Menggunakan Metode Long Short-Term Memory Dengan Penambahan 

Optimalisasi,” vol. 6, no. 2, 2024. 

[5] D. I. Purnama, “Peramalan Harga Emas Saat Pandemi Covid-19 Menggunakan Model Hybrid 

Autoregressive Integrated Moving Average - Support Vector Regression,” Jambura J. Math., 

vol. 3, no. 1, pp. 52–65, 2021, doi: 10.34312/jjom.v3i1.8430. 

[6] W. Budiharto, “Data science approach to stock prices forecasting in Indonesia during Covid-19 

using Long Short-Term Memory (LSTM),” J. Big Data, vol. 8, no. 1, 2021, doi: 10.1186/s40537-

021-00430-0. 

[7] N. K. Agusmawati1, F. Khoiriyah2, and A. Tholib3, “PREDIKSI HARGA EMAS 

MENGGUNAKAN METODE LSTM DAN GRU,” JiTEKH, vol. 8, no. 1, pp. 32–36, 2020, doi: 

10.35447/jitekh.v8i1.194. 

[8] Y. R. Madhika and T. Hidayat, “Gold Price Prediction Using the ARIMA and LSTM Models,” 

vol. 7, no. 3, pp. 1255–1264, 2023. 

[9] Moch Farryz Rizkilloh and Sri Widiyanesti, “Prediksi Harga Cryptocurrency Menggunakan 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5630


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 2, April 2026, Page. 1704-1713 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5630 

 

 

1713 

Algoritma Long Short Term Memory (LSTM),” J. RESTI (Rekayasa Sist. dan Teknol. 

Informasi), vol. 6, no. 1, pp. 25–31, 2022, doi: 10.29207/resti.v6i1.3630. 

[10] E. Fitri, “Analisis Perbandingan Metode Regresi Linier, Random Forest Regression dan Gradient 

Boosted Trees Regression Method untuk Prediksi Harga Rumah,” J. Appl. Comput. Sci. 

Technol., vol. 4, no. 1, pp. 58–64, 2023, doi: 10.52158/jacost.v4i1.491. 

[11] Putra Nasyuli Leriansyah, Lubis Imran, and Marwan Elhanafi Andi, “Penerapan Model Machine 

Learning Algoritma Gradient Boosting dan Linear Regression Melakukan Prediksi Harga 

Kendaraan Bekas,” J. Ilmu Komput. dan Sist. Informasi(JIRSI), vol. 2, no. 2, pp. 299–310, 2023, 

[Online]. Available: https://jurnal.unity-

academy.sch.id/index.php/jirsi/index%0Ahttp://creativecommons.org/licenses/by-sa/4.0/ 

[12] A. Aulia, B. Aprianti, Y. Supriyanto, and C. Rozikin, “Prediksi Harga Emas dengan 

Menggunakan Algoritma Support Vector Regression (Svr) dan Linear Regression,” J. Ilm. 

Wahana Pendidik., vol. 8, no. 5, pp. 84–88, 2022, doi: 10.5281/zenodo.6408864. 

[13] P. Simamora, S. A. Pasaribu, and V. Wijaya, “Peningkatan dan Optimalisasi Prediksi Harga 

Emas Menggunakan Metode Combine Machine Learning Random Forest dan Gradient 

Boosting,” vol. 01, pp. 42–51, 2024. 

[14] F. Achmad and R. Y. Kalbarini, “ANALISIS PROGRAM INVESTASI EMAS ANTAM DI 

BANK SYARIAH INDONESIA KANTOR CABANG KETAPANG,” pp. 89–107. 

[15] J. M. Ahn, J. Kim, and K. Kim, “Ensemble Machine Learning of Gradient Boosting (XGBoost, 

LightGBM, CatBoost) and Attention-Based CNN-LSTM for Harmful Algal Blooms 

Forecasting,” Toxins (Basel)., vol. 15, no. 10, 2023, doi: 10.3390/toxins15100608. 

[16] P. R. Mohapatra, A. K. Parida, S. K. Swain, and S. S. Basa, “Gradient Boosting and LSTM Based 

Hybrid Ensemble Learning for Two Step Prediction of Stock Market,” J. Adv. Inf. Technol., vol. 

14, no. 6, pp. 1254–1260, 2023, doi: 10.12720/jait.14.6.1254-1260. 

[17] A. F. Shaikh, S. B. More, Y. L. Bhirud, V. V. Shelar, and K. M. Bagwan, “Comparative Analysis 

of Gradient Boosting Machines and Long Short-Term Memory Networks for Stream Flow 

Forecasting,” Larhyss J., vol. 2024, no. 60, pp. 171–187, 2024. 

[18] T. Handhayani, C. Tanudy, and J. Hendryli, “Prediksi Harga Emas di Indonesia Menggunakan 

Gated Recurrent Unit,” J. Fasilkom, vol. 13, no. 3, pp. 480–488, 2023, doi: 

10.37859/jf.v13i3.6185. 

[19] M. G. Lusiana, M. Suhendra, S. L. Santoso, and E. Hartanto, “Minigold: Trend baru investasi 

emas di masa pandemi,” Pros. Semin. Nas. Ris. Pasar Modal, vol. 1, no. 1, 2021, [Online]. 

Available: http://conference.um.ac.id/index.php/rpm/article/view/2067 

[20] M. YURTSEVER, “Gold Price Forecasting Using LSTM, Bi-LSTM and GRU,” Eur. J. Sci. 

Technol., vol. 31, no. 31, pp. 341–347, 2021, doi: 10.31590/ejosat.959405. 

[21] D. Zhang, S. Chen, L. Liwen, and Q. Xia, “Forecasting Agricultural Commodity Prices Using 

Model Selection Framework with Time Series Features and Forecast Horizons,” IEEE Access, 

vol. 8, pp. 28197–28209, 2020, doi: 10.1109/ACCESS.2020.2971591. 

[22] W. Zhang, H. Li, L. Han, L. Chen, and L. Wang, “Slope stability prediction using ensemble 

learning techniques: A case study in Yunyang County, Chongqing, China,” J. Rock Mech. 

Geotech. Eng., vol. 14, no. 4, pp. 1089–1099, 2022, doi: 10.1016/j.jrmge.2021.12.011. 

[23] F. Matloob et al., “Software defect prediction using ensemble learning: A systematic literature 

review,” IEEE Access, vol. 9, pp. 98754–98771, 2021, doi: 10.1109/ACCESS.2021.3095559. 

[24] V. I. Kontopoulou, A. D. Panagopoulos, I. Kakkos, and G. K. Matsopoulos, “A Review of 

ARIMA vs. Machine Learning Approaches for Time Series Forecasting in Data Driven 

Networks,” Futur. Internet, vol. 15, no. 8, pp. 1–31, 2023, doi: 10.3390/fi15080255. 

[25] K. H. Suradiradja, “Algoritme Machine Learning Multi-Layer Perceptron dan Recurrent Neural 

Network untuk Prediksi Harga Cabai Merah Besar di Kota Tangerang,” Fakt. Exacta, vol. 14, 

no. 4, p. 194, 2022, doi: 10.30998/faktorexacta.v14i4.10376. 

[26] B. Lindemann, T. Müller, H. Vietz, N. Jazdi, and M. Weyrich, “A survey on long short-term 

memory networks for time series prediction,” Procedia CIRP, vol. 99, no. July 2020, pp. 650–

655, 2021, doi: 10.1016/j.procir.2021.03.088. 

 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5630

