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ABSTRACT 

 Gold futures prices are dynamic financial instruments that are often influenced by economic uncertainty, market 

changes, and investment sentiment. This study aims to compare the accuracy of Autoregressive Integrated Moving 

Average (ARIMA) and Least Square Spline in forecasting daily gold futures prices. The data used in this study consist 

of daily Gold Futures prices from 4 January 2021 to 30 December 2025, totaling 1063 observations, which were divided 

into 850 training data and 213 testing data. The ARIMA model was developed through stationarity testing, differencing, 

ACF-PACF identification, model selection based on AIC, and residual diagnostics. The Least Square Spline model was 

developed by selecting the spline order and the optimal number of knots based on Generalized Cross Validation (GCV). 

Accuracy was evaluated using RMSE, MAE, and MAPE. The results show that the best ARIMA model used was 

ARIMA(1,1,0), while the best Least Square Spline model was a first-order spline with 15 knot points. Based on the 

evaluation results on the testing data, ARIMA(1,1,0) produced an RMSE of 909.5807, an MAE of 761.1346, and a 

MAPE of 20.59894%. Meanwhile, Least Square Spline produced an RMSE of 355.8918, an MAE of 267.4223, and a 

MAPE of 7.11823%. Therefore, Least Square Spline provides better prediction accuracy than ARIMA in forecasting 

daily gold futures prices. 
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1. INTRODUCTION 

 

Gold is one of the important commodities in economic and investment activities because it is often used 

as a hedging asset when markets experience uncertainty. The fluctuating movement of gold prices makes 

forecasting important for investors and market participants in determining buying, selling, and risk 

management strategies. Several studies have shown that daily gold prices can be analyzed using a time series 

approach because historical patterns still provide information about subsequent movements [1], [2]. 

Gold prices are not only influenced by past patterns but are also related to economic indicators such as 

crude oil prices, interest rates, consumer price indices, exchange rates, and stock market indices [2]. In 

addition, market sentiment can also increase the complexity of gold price movements [3]. This shows that 

gold price forecasting is not a simple process because gold prices are affected by both internal time series 

patterns and external economic conditions. Therefore, the selection of an appropriate forecasting method must 

consider the fluctuating, nonlinear, and dynamic characteristics of gold price data. 

Several forecasting methods have been applied in previous studies to predict gold prices. ARIMA and 

ARIMA-GARCH models have been used to model gold price movements because these methods can capture 

historical patterns and volatility in time series data [1], [4], [5]. This shows that gold price data often require 

forecasting methods that are not only able to model trend patterns but also respond to volatility changes. Other 

studies have also compared ARIMA with machine learning-based methods such as SVM, LSTM, Bi-LSTM, 

GRU, and Least Square Support Vector Machine to improve prediction accuracy in financial and commodity 

markets [2], [6], [7], [8]. These studies indicate that no single method is always superior for all data conditions 

because model performance depends on the pattern, volatility, and nonlinearity of the data used. 

One widely used time series method is Autoregressive Integrated Moving Average (ARIMA). ARIMA 

has a clear parametric structure and is able to handle non-stationary data through the differencing process [6], 

[9]. However, in financial data with sharp trend changes or high volatility, ARIMA can produce predictions 

that are too conservative. This is one reason why many studies have developed or compared ARIMA with 

other methods such as ARIMA-GARCH, SVM, LSTM, Least Square Support Vector Machine, and other 

machine learning-based models [1], [2], [4], [10], [7]. Although ARIMA is useful for short-term forecasting, 

its linear structure may limit its ability to follow sudden changes in gold futures prices. 

On the other hand, nonparametric approaches such as Least Square Spline can serve as an alternative 

because they do not require the functional form to be strictly specified from the beginning. Spline uses knot 

points to form curve segments, making it more flexible in following changes in local patterns [11], [12]. In 

financial data, Least Square Spline has also been reported to produce good prediction accuracy when data 

patterns are not entirely linear [13], [14]. The ability of spline models to adjust curve segments through knot 

points makes this method suitable for data with changing trends and fluctuating movements. 

Based on the discussion above, this study compares the accuracy of ARIMA and Least Square Spline in 

forecasting daily gold futures prices. ARIMA is used as a representation of a parametric time series method, 

while Least Square Spline is used as a nonparametric approach. The accuracy of the two methods is compared 

using RMSE, MAE, and MAPE, with MAPE as the main measure because it is easy to interpret in percentage 

form. This comparison is expected to provide insight into which method is more suitable for forecasting daily 

gold futures prices when the data show sharp trend changes and fluctuating patterns. 
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2. MATERIALS AND METHODS 

 

2.1.  Materials 

 

This study uses secondary data in the form of daily Gold Futures prices from 4 January 2021 to 30 

December 2025. Gold Futures price data were selected because gold is one of the financial commodities with 

fluctuating movements and is widely used as an investment instrument. The data consist of date and closing 

price information, which were then arranged based on chronological order to form a time series dataset. 

Before modeling, preprocessing was carried out to ensure that the data were ready for analysis. The 

preprocessing steps included arranging the data by date, checking missing values, checking duplicate dates, 

converting price data into numerical form, and forming a time index. After preprocessing, 1063 observations 

were obtained. The time index was used as the predictor variable in the Least Square Spline model, while the 

Gold Futures price was used as the response variable to be forecasted. 

The data were divided chronologically into training data and testing data. This division was not carried 

out randomly because random splitting can disrupt the temporal structure of time series data. The training data 

were used to build the ARIMA and Least Square Spline models, while the testing data were used to evaluate 

forecasting performance. In this study, 850 observations were used as training data and 213 observations were 

used as testing data. 

 

Table 1. Training and Testing Data Split. 
 

Data type Number of 

observations 

Period 

Training 

data 

850 4 January 2021 - 4 

December 2024 

Testing 

data 

213 5 December 2024 - 

30 December 2025 

Total data 1063 4 January 2021 - 30 

December 2025 
Source: Processed data, 2026. 

 

The forecasting error is defined as: 

𝑒𝑡 = 𝑦𝑡 − 𝑦̂𝑡 

where 𝑦𝑡 is the actual value and 𝑦̂𝑡 is the predicted value. 

 

 

2.2.  ARIMA Model 

 

ARIMA is a parametric time series model that uses past values and past errors to forecast future values. 

This model is widely used in financial and gold price forecasting because it can handle non-stationary data 

through differencing [1], [2], [9]. 
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The general form of ARIMA (𝑝, 𝑑, 𝑞) is: 

𝜙𝑝(𝐵)(1 − 𝐵)𝑑𝑦𝑡 = 𝜃𝑞(𝐵)𝜀𝑡 

where 𝑝 is the autoregressive order, 𝑑 is the differencing order, and 𝑞 is the moving average order. The 

first-order differencing is written as: 

∇𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1 

In this study, stationarity was tested using the Augmented Dickey-Fuller test. ACF and PACF plots were 

used to identify candidate models. The best ARIMA model was selected based on the smallest Akaike 

Information Criterion (AIC): 

𝐴𝐼𝐶 = −2ln(𝐿) + 2𝑘 

where 𝐿 is the likelihood value and 𝑘 is the number of parameters. 

 

 

2.3.  Least Square Spline Model 

 

Least Square Spline is a nonparametric regression method that can model fluctuating data patterns by 

using knot points. This method is more flexible because it does not require a fixed functional form from the 

beginning [11], [13], [14]. 

The nonparametric regression model is: 

𝑦𝑡 = 𝑔(𝑥𝑡) + 𝜀𝑡 

The spline function with order 𝑝and knot points 𝜏1, 𝜏2, … , 𝜏𝑚is: 

𝑔(𝑥𝑡) =∑𝛽𝑗

𝑝

𝑗=0

𝑥𝑡
𝑗
+∑𝛽𝑝+𝑘

𝑚

𝑘=1

(𝑥𝑡 − 𝜏𝑘)+
𝑝

 

with: 

(𝑥𝑡 − 𝜏𝑘)+
𝑝 = {

(𝑥𝑡−𝜏𝑘)
𝑝, 𝑥𝑡 > 𝜏𝑘

0, 𝑥𝑡 ≤ 𝜏𝑘
 

The parameter estimation is obtained using least squares: 

𝛽̂ = (𝑋𝜆
𝑇𝑋𝜆)

−1𝑋𝜆
𝑇𝑦 

The best spline model was selected using the smallest Generalized Cross Validation (GCV) value: 

𝐺𝐶𝑉(𝜆) =
𝑀𝑆𝐸(𝜆)

[
1
𝑛 𝑡𝑟𝑎𝑐𝑒(𝐼 − 𝐻(𝜆))]

2 

 

2.4.  Forecast Accuracy 

 

The accuracy of ARIMA and Least Square Spline was evaluated using RMSE, MAE, and MAPE. These 

measures are commonly used in forecasting studies, especially for gold price and financial data [1], [2], [9], 

[11]. 
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𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑡=1

𝑦𝑡 − 𝑦̂𝑡)2 

𝑀𝐴𝐸 =
1

𝑛
∑ ∣

𝑛

𝑡=1

𝑦𝑡 − 𝑦̂𝑡 ∣ 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ ∣

𝑦𝑡 − 𝑦̂𝑡
𝑦𝑡

∣

𝑛

𝑡=1

× 100% 

MAPE was used as the main criterion because it is expressed in percentage form and is easier to interpret. 

The model with the smallest MAPE value was selected as the best forecasting model. 

 

Table 2. Interpretation of MAPE Value. 
 

MAPE value Interpretation 

𝑀𝐴𝑃𝐸 ≤ 10% Highly 

accurate 

10% < 𝑀𝐴𝑃𝐸 ≤ 20% Good 

20% < 𝑀𝐴𝑃𝐸 ≤ 50% Fair 

𝑀𝐴𝑃𝐸 > 50% Inaccurate 

 

 

3. RESULT AND DISCUSSION 

        

3.1.  Data Description 

 

Table 3. Descriptive Statistics of Daily Gold Futures Prices. 
 

Statistics Value 

Number of 

observations 

1063 

Mean 2253.472502 

Standard 

deviation 

667.940988 

Minimum 1623.6 

Median 1936.4 

Maximum 4527.5 

Source: Processed data, 2026. 
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Table 3 shows that gold futures prices had a mean of 2253.472502 with a standard deviation of 

667.940988. The large difference between the minimum and maximum values indicates significant price 

changes during the research period. 

 
Figure 1. Daily Gold Futures Price Plot. 

 

Figure 1 shows that gold futures prices moved fluctuatively. From 2021 to 2023, prices moved within a 

relatively narrower range. After entering 2024 and 2025, prices showed a stronger upward trend. This 

condition poses a challenge for forecasting models because the testing data are in a phase of sharp increase. 

 
Figure 2. Training and Testing Data Split. 

 

 

3.2.  ARIMA Modeling Results 

 

The ADF test on the initial training data produced an ADF statistic of -1.093541 with a p-value of 

0.9236281, indicating that the data were not yet stationary. After first-order differencing, the ADF statistic 

became -9.972863 with a p-value of 0.01. Therefore, the differencing value used in the ARIMA model was d 

= 1. 
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Table 4. ADF Test Results. 
 

Testing 

stage 

ADF 

statistic 

p-value Conclusion 

Initial 

training 

data 

-1.093541 0.9236281 Non-

stationary 

First 

differencing 

-9.972863 0.01 Stationary 

Source: Processed data, 2026. 

 
Figure 3. ACF Plot After First Differencing. 

 
Figure 4. PACF Plot After First Differencing. 

 

Based on the ACF and PACF plots after first-order differencing, the data had met the stationarity 

condition, so the differencing value used was d=1. The ACF plot did not show a strong cutoff at the early lags, 

while the PACF plot showed an effect at the early lag. Therefore, several ARIMA candidate models in the 

form ARIMA(p,1,q) were further tested. Based on the comparison results of the candidate models shown in 

Table 4, the best ARIMA model used in this study was ARIMA(1,1,0). ARIMA(1,1,0) was selected because 

it had the most suitable model evaluation results compared with other ARIMA candidates in the model 

selection process. 
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Table 5. Best ARIMA Candidate Models Based on Aic. 
 

Rank ARIMA model AIC BIC 

1 ARIMA(1,1,0) 7485.627 7495.115 

2 ARIMA(0,1,1) 7485.871 7495.359 

3 ARIMA(4,1,2) 7485.945 7519.154 

4 ARIMA(2,1,0) 7486.024 7500.256 

5 ARIMA(0,1,2) 7486.038 7500.270 

Source: Processed data, 2026. 

 

 

Figure 5. Residual Plot of ARIMA(1,1,0). 

 

 

Figure 6. ACF Plot of ARIMA Residuals. 

 

Residual diagnostic checking was carried out on the ARIMA(1,1,0) model. Based on the residual plot, 

the model residuals generally moved around zero, although some fluctuations were still present in certain 

periods. Furthermore, the residual ACF plot showed that most lags were within the confidence interval limits. 

This indicates that the residuals of the ARIMA(1,1,0) model did not show strong autocorrelation. 
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Table 6. Ljung-Box Test Results for Arima Residuals. 
 

Lag Ljung-Box 

statistic 

p-value 

10 5.943178 0.8200144 

20 14.871062 0.7837373 

Source: Processed data, 2026. 

 

The Ljung-Box test results show that the p-values at lag 10 and lag 20 were greater than 0.05, indicating 

that the ARIMA residuals did not have significant autocorrelation. However, the model summary indicated 

signs of non-normal residuals and heteroscedasticity. This condition is commonly found in highly fluctuating 

financial data and shows that ARIMA still has limitations in capturing changes in volatility [4], [10]. 

 

3.3.  Least Square Spline Modeling Results 

 

The Least Square Spline model was selected based on the smallest GCV value. The selection results 

showed that the best model was a first-order spline with 15 knot points, with a GCV of 1796.553 and an MSE 

of 1725.410. The selection of 15 knots indicates that the gold futures price data had several pattern changes 

during the training period, so the model required flexibility to follow local patterns. 

 

Table 7. Best Least Square Spline Candidate Models Based On Gcv. 
 

Rank Spline order Number of knots GCV MSE 

1 1 15 1796.553 1725.410 

2 2 14 2043.473 1962.551 

Source: Processed data, 2026. 

 

Methodologically, this result supports the characteristics of spline as a nonparametric approach that is 

able to form curve segments based on knot points. This flexibility becomes important when price patterns are 

not entirely linear and experience relatively sharp trend changes [11], [13], [14]. 

 

3.4.  Forecast Accuracy and Prediction Results 

 

Table 8. Forecasting Accuracy Comparison. 
 

Model RMSE MAE MAPE Interpretation 

ARIMA(1,1,0) 909.5807 761.1346 20.59894% Fair 

Least Square 

Spline 

355.8918 267.4223 7.11823% Highly 

accurate 
Source: Processed data, 2026. 
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Based on Table 8, the Least Square Spline model produced lower error values than ARIMA(1,1,0) across 

all evaluation measures. The ARIMA(1,1,0) model produced an RMSE of 909.5807, an MAE of 761.1346, 

and a MAPE of 20.59894%. Meanwhile, Least Square Spline produced an RMSE of 355.8918, an MAE of 

267.4223, and a MAPE of 7.11823%. The MAPE value of Least Square Spline was below 10%, so it is 

included in the highly accurate category. In contrast, ARIMA(1,1,0) was in the fair category because its MAPE 

value was slightly above 20%. Therefore, the best model based on RMSE, MAE, and MAPE values was Least 

Square Spline. 

 

 
Figure 7. Comparison of Actual and Predicted Gold Futures Prices. 

 

Figure 7 shows the comparison between actual gold futures prices and the prediction results of 

ARIMA(1,1,0) and Least Square Spline on the testing data. Based on the graph, the ARIMA(1,1,0) predictions 

tended to be flatter and were less able to follow the sharp increase in gold prices during the testing period. In 

contrast, Least Square Spline produced a prediction pattern that increased gradually and was closer to the 

actual values. This shows that Least Square Spline is more adaptive in capturing changes in gold futures price 

patterns than ARIMA. 

 
Figure 8. Forecasting Error of ARIMA and Least Square Spline. 

 

Figure 8 shows that the prediction error of ARIMA(1,1,0) tended to increase when the actual gold prices 

experienced a sharp rise. This occurred because the ARIMA predictions were relatively constant, while the 

actual prices moved upward quite strongly in the testing data.  
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In the Least Square Spline model, errors also appeared in several periods, but their magnitude was lower 

than that of ARIMA. This condition strengthens the numerical evaluation results showing that Least Square 

Spline has better prediction capability than ARIMA(1,1,0). 

  

Table 9. Selected Future Forecasting Results. 
 

Date ARIMA forecast Least Square Spline forecast 

2025-12-31 2663.808 3628.284 

2026-01-01 2663.837 3632.455 

2026-01-02 2663.835 3636.626 

2026-01-05 2663.835 3640.968 

2026-01-06 2663.835 3644.968 

Source: Processed data, 2026. 

 

 
Figure 9. Future Forecasting of Gold Futures Prices. 

 

Based on Table 9 and Figure 9, the forecasting results for the following period show different patterns 

between ARIMA(1,1,0) and Least Square Spline. The ARIMA(1,1,0) forecast tended to be constant at around 

2663.8, while the Least Square Spline forecast showed a gradual increasing tendency. This difference indicates 

that ARIMA produced more conservative predictions, while Least Square Spline more closely followed the 

increasing trend tendency at the end of the actual data. 

Overall, the research results show that Least Square Spline is more suitable for daily gold futures price 

data that have strong pattern changes in the testing period. ARIMA remains feasible in terms of residuals that 

are not autocorrelated, but its prediction results are less adaptive to sharp increases in gold prices. 

 

4. CONCLUSION 

 

This study compared the ARIMA and Least Square Spline methods in forecasting daily gold futures prices 

from 4 January 2021 to 30 December 2025. The best ARIMA model used was ARIMA(1,1,0), while the best 

Least Square Spline model was a first-order spline with 15 knot points. Based on the evaluation results on the 

testing data, ARIMA(1,1,0) produced an RMSE of 909.5807, an MAE of 761.1346, and a MAPE of 

20.59894%. 
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 Meanwhile, Least Square Spline produced an RMSE of 355.8918, an MAE of 267.4223, and a MAPE of 

7.11823%. Because Least Square Spline had lower RMSE, MAE, and MAPE values, this method was proven 

to be more accurate than ARIMA in this study. 

The advantage of Least Square Spline is due to its ability to form a more flexible curve through knot 

points, allowing the model to follow local pattern changes in gold futures price data. In contrast, 

ARIMA(1,1,0) produced flatter predictions, making it less adaptive to the sharp increase in gold prices during 

the testing period. 

Future research may consider models that are able to handle high volatility, such as ARIMA-GARCH, 

LSTM, SVM, or hybrid models. In addition, external variables such as exchange rates, inflation, interest rates, 

world oil prices, and global market indices can be added so that the model can capture economic factors that 

influence gold prices more broadly. Testing with several data split scenarios can also be conducted to assess 

the stability of model performance. 
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