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Abstract— The pattern of gold futures prices demands accurate forecasting to support rational decision-making 

on the part of investors and market experts. The study applies the ARIMA (Autoregressive Integrated Moving 

Average) model using the Box-Jenkins method for forecasting the weekly Gold Futures stock price (GCM5). The 

model was fit with 52 weekly closing prices from May 5, 2024, to April 27, 2025. For stationarity, Augmented 

Dickey-Fuller (ADF) test was conducted and then differencing. ACF, PACF, and “auto.arima(data)” were used to 

identify the model, and ARIMA(0,1,1) was found to be the best-fitting model. Diagnostic tests like Shapiro-Wilk 

and Ljung-Box tests confirmed the model fitness with residuals normally distributed and not having any serious 

autocorrelation. The forecast accuracy was checked using the Mean Absolute Percentage Error (MAPE), which 

yielded a value of 0.72%, indicating a very precise prediction. These results confirm that the ARIMA(0,1,1) model 

is a good representation of the trend and volatility of gold futures prices. This study provides real-world 

information to market participants and demonstrates the continued relevance of traditional time series models to 

financial forecasting. 
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I. INTRODUCTION 

In the contemporary world economy, volatility in gold prices significantly influences investment trends and 

economic planning. Gold has for long been regarded as a safe haven asset, especially during economic hardships, 

whose price movement investors and policy-makers follow closely. Accurate gold price predictions are hence 

extremely vital in risk management and long-term planning in financial markets [1]. 

Time series analysis has long been the essence of forecasting and modeling economic and financial time 

series data. Of all the models of time series, the Autoregressive Integrated Moving Average (ARIMA) model by 

Box and Jenkins is particularly good at capturing linear relationships between variables in univariate time series 

data. The fact that the ARIMA model can handle non-stationary data through differencing makes it highly 

qualified for application in financial time series forecasting [2]. 

Numerous studies have demonstrated the utility of ARIMA models in commodity price forecasting. Dooley 

and Lenihan employed ARIMA to model metal prices, highlighting its strength in capturing price dynamics [3]. 

The World Bank has also recognized the application of univariate time series models, including ARIMA, for 

forecasting industrial commodity prices across various economic contexts [4]. 

Despite the emergence of advanced machine learning approaches such as Long Short-Term Memory (LSTM) 

networks, ARIMA remains relevant due to its interpretability, transparency, and relatively low computational 

requirements. A comparative study by Karasu and Altan on crude oil price forecasting found that ARIMA 

models perform competitively with deep learning models, particularly in scenarios with limited data [5]. 

Several studies reinforce ARIMA’s practical application in forecasting. Saputra used ARIMA models for 

GOTO.JK stock price forecasting and concluded that ARIMA(2,1,2) yielded higher accuracy [6]. Sari et al. 

implemented an ARIMA(0,1,1)-GARCH(1,0) model to forecast daily gold prices in Indonesia, achieving a low 

Mean Absolute Percentage Error (MAPE) of 0.5745% [7]. 

Elizabeth and Sitorus applied the ARIMA method to forecast the price of 1-gram ANTAM gold bullion in 

Indonesia and identified ARIMA(1,1,0) as the optimal model for the 2016–2019 period [8]. Gustiansyah et al. 

used monthly world gold price data from 2010 to 2022 and found that ARIMA(0,1,1) provided accurate 

forecasts with a MAPE of 11.97% [9]. 

The current study applies the ARIMA Box-Jenkins methodology to forecast the weekly stock price of Gold 

Futures (GCM5) for a four-week period from April 6, 2025, to April 27, 2025. The analysis is based on 52 

weekly closing price observations, covering the period from May 5, 2024, to April 27, 2025. By utilizing the 

ARIMA model, this research aims to construct a reliable and interpretable forecasting framework that can 
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support investors and financial analysts in anticipating short-term market movements and making informed 

investment decisions. 

 

II. METHODOLOGY 

A. Box-Jenkins Method 

The ARIMA (Autoregressive Integrated Moving Average) model, developed by George Box and Gwilym 

Jenkins, is a highly used model for predicting time series data, such as stock prices [10]. Autoregressive (AR) 

and moving average (MA) elements are mixed in the model to fit the trend and pattern of the data successfully. 

In order for it to work, ARIMA needs the time series to be stationary first before being used. If the data are 

nonstationary, they can be transformed into a stationary series through differencing before model estimation 

and forecasting. 

1. Autoregressive (AR) 

The Autoregressive (AR) model show that current data (Yt) depends on data from the previous period 

(Yt-p). The equation of AR model can be written as: 

𝑌𝑡 = 𝜙1𝑌𝑡−1 + 𝜙2𝑌𝑡−2 + ⋯ + 𝜙𝑝𝑌𝑡−𝑝 + 𝑒𝑡 (1) 

 

2. Moving Average (MA) 

The Moving Average (MA) model show that current data (Yt) depends on the error in the present 

data (et) and past data (et-q). The equation of MA model can be written as: 

𝑌𝑡 = 𝑒𝑡 − 𝜃1𝑒𝑡−1 − 𝜃2𝑒𝑡−2 − ⋯ − 𝜃𝑞𝑒𝑡−𝑞 (2) 

 
3. Autoregressive Integrated Moving Average (ARIMA) 

Autoregressive (AR) model and Moving Average (MA) equation can be combined and written as the 

ARMA(p,q): 

𝑌𝑡 = 𝜙1𝑌𝑡−1 + 𝜙2𝑌𝑡−2 + ⋯ + 𝜙𝑝𝑒𝑡−𝑝 + 𝑒𝑡 − 𝜃1𝑒𝑡−1 − 𝜃1𝑒𝑡−2 − ⋯ − 𝜃𝑞𝑒𝑡−𝑞 (3) 

 

Forecasting nonstationary data can be done with the ARIMA(p,d,q) method by combining the AR 

and MA methods and using differencing Wt = 𝛻dYt [11]. ARIMA equation can be written as: 

 
𝑊𝑡 = 𝜙1𝑊𝑡−1 + 𝜙2𝑊𝑡−2 + ⋯ + 𝜙𝑝𝑊𝑡−𝑝 + 𝑒𝑡 − 𝜃1𝑒𝑡−1 − 𝜃2𝑒𝑡−2 − ⋯ − 𝜃𝑞𝑒𝑡−𝑞 (4) 

 

Yt 

Yt-p 

et 

et-q 

𝛟p 

𝚹q 

Wt 

  

: Data at time t 

: Data at p period before time t 

: Error at time t 

: Error at q period before time t 

: AR coefficient at order p 

: MA coefficient at order q 

: Differencing process 

B. Error Estimation 
Error estimation 

 
is 

 
a crucial step in measuring the performance of predictive models. 

It takes into account the disparity between predicted values (ŷi) and the actual observed values (yi). It seeks to 

quantify how well a model is performing and how it could be compared to other models or benchmarks. 

 

Some of the widely used measures to measure error in regression and forecasting tasks include Mean 

Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute 

Percentage Error (MAPE). Each measure has its own advantage and is suitable to respective test requirements. 
1. Mean Squared Error (MSE) 

The Mean Squared Error (MSE) returns the average of the errors squared—i.e., the average 

squared difference between predicted and actual values. MSE is highly sensitive to large errors 

because of squaring the differences and is effective where large deviations are worst. MSE 

is used often in optimization algorithms (like gradient descent) because it gives rise to a 

smooth, differentiable loss surface. The equation of MSE can be written as: 
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𝑖 

𝜌̂  

MSE = 
1 
∑𝑛  (𝑦 − ŷ )2 

 

(5) 
𝑛  𝑖=1  𝑖 𝑖 

 

2. Root Mean Squared Error (RMSE) 

The Root Mean Squared Error (RMSE) is the square root of MSE. It brings the error value back to 

the same unit as the data, and therefore it is more interpretable than MSE. RMSE is extremely widely 

used when the cost of large errors is high and interpretability is required. The equation of RMSE can be 

written as: 

 

RMSE = √MSE (6) 

3. Mean Absolute Error (MAE) 

The  Mean  Absolute  Error  (MAE)  calculates  the mean of actual and predicted 

value differences taken as absolute values. Unlike MSE and RMSE, MAE does not value all errors 

equally without squaring them, so it is less susceptible to outliers. The equation of MAE can be written 

as: 

MAE = 
1 
∑𝑛  | 𝑦 − ŷ | (7) 

 

𝑛 

 

4. Mean Absolute Percentage Error (MAPE) 

𝑖=1 𝑖 𝑖 

The Mean Absolute Percentage Error (MAPE) approximates the average absolute error as 

a fraction of   the true values.   It   provides   a   scale-independent   measure   of 

error, thus ideal for model comparison across datasets with dissimilar scales. 

It is restrictive when true values are very small or zero since this leads to instability or division by zero. 

The equation of MAPE can be written as: 

𝑀𝐴𝑃𝐸 = 
100% 

∑𝑛  | 
𝑦𝑖−ŷ𝑖 | (8) 

  

 

C. Diagnostic Test 

𝑛 𝑖=1 𝑦𝑖 

Diagnostic tests can be used to test a model's statistical assumptions, particularly in regression and time 

series analysis. Diagnostic tests help validate whether residuals (errors) of a model 

are acting as presumed — e.g., being distributed normally and not autocorrelated. Two of the most commonly 

used diagnostic tests are Shapiro-Wilk Test for normality and the Ljung-Box Test for autocorrelation. 

1. Shapiro-Wilk Test 

Shapiro-Wilk Test is used to determine whether a dataset is randomly taken from a normal 

distribution. Under model diagnosis, it is commonly used on the residuals to check whether they meet 

the normality assumption. It is well suited for small-to-medium sample sizes and provides a robust test 

of normality compared to other alternatives. The equation of Shapiro-Wilk Test can be written as: 
 

𝑊 = 
𝑛 
𝑖=1 𝑎𝑖𝑥( ))

2 
(9) 

 

2. Ljung-Box Test 

𝑛 
𝑖=1 (𝑥𝑖−𝑥 𝑖)

2 

Ljung-Box Test is a statistical test that is utilized to determine if there is autocorrelation present in 

residuals of a time series model. It checks whether a series of autocorrelations at different lags are all 

zero at the same time, which is one of the crucial assumptions in well-specified models like ARIMA. 

The equation of Ljung-Box Test can be written as: 
 

2 
𝑄 = 𝑛(𝑛 + 2) ∑ℎ 𝑘 (10) 

𝑘=1 𝑛−𝑘 

 

In order to forecast using the ARIMA technique, there is a sequence of steps—illustrated in Figure 

1. This starts with determining whether the time series data is stationary or not, normally through the 

Augmented Dickey-Fuller (ADF) test. When the data proves to be nonstationary, differencing 

is performed until stationarity has been attained. Once the data is made stationary, the candidate models can 

be identified based on the ACF and PACF plots for various lags. Parameters of every candidate model are 

then estimated. Before forecasting from the model, model adequacy must be checked using diagnostic test. 

(∑ 

∑ 
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These diagnostic tests include Shapiro-Wilk test for checking that residuals are normally distributed, and 

Ljung-Box test for checking whether autocorrelation in the residuals exists or not. If the p-value is more than 
0.05 in both tests, then assumptions are well met. 

 

Figure. 1 ARIMA forecasting steps 

 

III. RESULT AND DISCUSSION 

A. Data Preparation 

The data used in this analysis is Gold Futures (GCM5) monthly stock price data from May 5, 2024 to April 27, 

2025 with a total of 52 data. 48 data as data training and 4 data as data test. Data shown in Table 1, Figure 2 as 

graph, and Figure 3 is the library used for the R Studio. The data is taken from Investing.com website and is 

processed using R Studio. 

TABLE 1 

Data of The Stock Price of Gold Futures (GCM5) 
  

Date Price 
  

Date Price 
  

Date Price 
  

Date 
 

Price 

05/05/2024 2,397.70 04/08/2024 2,473.40 03/11/2024 2,707.20 02/02/2025 2,887.60 

12/05/2024 2,440.40 11/08/2024 2,537.80 10/11/2024 2,582.10 09/02/2025 2,888.90 

19/05/2024 2,356.90 18/08/2024 2,546.30 17/11/2024 2,724.90 16/02/2025 2,940.50 

26/05/2024 2,368.50 25/08/2024 2,527.60 24/11/2024 2,681.00 23/02/2025 2,848.50 

02/06/2024 2,347.60 01/09/2024 2,513.20 01/12/2024 2,659.60 02/03/2025 2,942.90 

09/06/2024 2,371.90 08/09/2024 2,599.10 08/12/2024 2,662.40 09/03/2025 3,014.60 

16/06/2024 2,353.90 15/09/2024 2,634.60 15/12/2024 2,632.50 16/03/2025 3,034.50 

23/06/2024 2,362.50 22/09/2024 2,668.10 22/12/2024 2,618.40 23/03/2025 3,114.30 

30/06/2024 2,421.10 29/09/2024 2,667.80 29/12/2024 2,654.70 30/03/2025 3,035.40 

07/07/2024 2,444.50 06/10/2024 2,676.30 05/01/2025 2,729.50 06/04/2025 3,244.60 

14/07/2024 2,423.00 13/10/2024 2,730.00 12/01/2025 2,761.60 13/04/2025 3,328.40 

21/07/2024 2,404.50 20/10/2024 2,742.20 19/01/2025 2,792.70 20/04/2025 3,298.40 

28/07/2024 2,469.80 27/10/2024 2,749.20 26/01/2025 2,835.00 27/04/2025 3,287.51 
 

Figure. 2 Graph of Gold Futures (GCM5) Stock Price 
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Figure. 3 Library Used for R Studio 

B. Stationary Test 

Before processing the data, the data must be confirmed to be stationary using the Augmented Dickey-Fuller 

Test method in R Studio. If the data has a p-value below 0.05, then the data can be considered stationary. In Figure 

4, it is shown the plot of Gold Futures (GCM5) stock price with p-value obtained from the Augmented Dickey- 

Fuller Test is 0.9642. This value exceeds the significance level of 0.05, which indicates that the data is not 

stationary. 
 

Figure. 4 Plot of Gold Futures (GCM5) 

 

To make the data stationary, differencing is required using the "diff(data)" code in R Studio. In Figure 5, it is 

shown the plot of first difference of Transformed Gold (GCM5) Stock Price after performing first differencing 

with p-value obtained from the Augmented Dickey-Fuller Test is 0.01874. The p-value after first differencing is 

less than 0.05 indicates that the data is stationary and order d used in ARIMA model is 1. 

 

Figure. 5 Plot of First Difference Gold Futures (GCM5) Stock Price 

 

C. Model Specification 

The ARIMA model can be specified from the Auto-Correlation Function (ACF) and Partial Auto-Correlation 

Function (PACF) plot of the data. Figure 6 shows the ACF and PACF plot for Gold Futures (GCM5) after the 

second differencing. 
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Figure. 6 Plot of ACF and PACF First Difference of Gold Futures (GCM5) Stock Price 

 

Based on the information provided by Figure 5, it is unknown where the PACF cuts off and the ACF seems to 

cuts off at lag time of 0. Thus, we can’t determine exactly the order of p and q. Which leads us to use the code 

“auto.arima(data)” to find the best ARIMA model for our current data. After using the code, it is shown that the 

best ARIMA model for our current data is ARIMA(0,1,1). Table 2 shows the ARIMA model arranged based on 

these parameters. 

 

TABLE 2 

ARIMA Model Specification 
 

Order 
  

ARIMA(0,1,1) 

p 0 

q 1 

d 1 

D. Parameter Estimation 

The parameters of the Autoregressive (AR) formula are denoted as φ with order p. While the parameters of the 

Moving Average (MA) formula are denoted as θ with order q. Table 3 shows the value of each parameter as well 

as Log Likelihood and Akaike Information Criterion (AIC). 

 

 

 

 

TABLE 3 

Parameter Estimation for ARIMA Model 
 

Parameter ARIMA(0,1,1) 

AR1 

MA1 -0.092395687 

Log 

Likelihood 
-280.6720663 

AIC 565.3441326 

 
E. Residual Analysis 

Determining the best ARIMA model is performed using the Shapiro Test and the Ljung-Box Test. Through 

these tests, the ARIMA model with a p-value that exceeds 0.05 will be selected. Table 4 shows the results of the 

Shapiro Test and Ljung-Box Test and the ARIMA model. If the model passed the residual test, it will be forecasted 

and the error of the model will be calculated. 

 

TABLE 4 

Result of Residual Analysis 
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ARIMA(0,1,1) 

Shapiro- 

Wilk Test 

Ljung- 

Box Test 

0.22745 

 

0.33771 

AIC 565.3441326 

Result Passed 

 

F. Forecast 

 
TABLE 5 

Forecasting Value of The ARIMA (0,1,1) 

Date Actual Data Predicted Data Lower Bound Upper Bound 

06/04/2025 3244.6 3289.727 3196.461 3382.992 

13/04/2025 3328.4 3289.727 3196.461 3382.992 

20/04/2025 3298.4 3289.727 3196.461 3382.992 

27/04/2025 3287.51 3289.727 3196.461 3382.992 

 

Based on forecasting value on Table 5, we can check how good the model is by checking the error from the 

models as shown below. 

TABLE 6 

Error Measured from ARIMA Model 
 

Error 
  

ARIMA(0,1,1) 

MSE 903.045769 

RMSE 30.05071994 

MAE 23.6725 

MAPE 0.72% 

Table 8 shows that ARIMA (0,1,1) is the most effective model for forecasting the stock price of Gold Futures 

(GCM5). Refers to Table 3, the best model that is ARIMA (0,1,1) can be expressed in the form of equation as 

shown below. 

 

𝑊𝑡 = 0.092395687𝑒𝑡−1 + 𝑒𝑡 (11) 

Let 
 

 

Then the equation becomes 

𝑊𝑡 = 𝑌𝑡 − 𝑌𝑡−1 

𝑌𝑡 − 𝑌𝑡−1 = 0.092395687𝑒𝑡−1 + 𝑒𝑡 
𝑌𝑡 = 𝑌𝑡−1 + 0.092395687𝑒𝑡−1 + 𝑒𝑡 
𝒀𝒕 = 𝒀𝒕−𝟏 + 0.092395687𝒆𝒕−𝟏 + 𝒆𝒕 (12) 

The accuracy of this model, demonstrated by a Mean Absolute Percentage Error (MAPE) of 0.72%, 

underscores its reliability for predicting future stock prices [12]. MAPE values can be interpreted into four 

categories, namely: < 10% = Very Accurate, 10-20% = Good, 20-50% = reasonable, and > 50% = inaccurate [13]. 

This model can be strategically utilized in investment decisions by providing investors with reliable forecasts to 

guide their buy or sell actions. By anticipating stock price movements with a low error rate, investors can optimize 

their portfolios, manage risks more effectively, and enhance overall investment performance. Additionally, 
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companies can leverage these forecasts for financial planning and strategic decision-making, ensuring that their 

operations align with expected market trends. 

Figure 7 and Figure 8 below shows the visualization plot of forecasting from ARIMA (0,1,1) of Gold Futures 

(GCM5) stock price forecasting from April 6, 2025 to Apil 27, 2025 and comparing it to the actual stock price. 

 

Figure. 7 Forecasting Plot of ARIMA (0,1,1) 
 

Figure. 8 Forecast vs Actual Stock price of Gold Futures (GCM5) 

 

IV. CONCLUSION 

Forecasting the stock price of Gold Futures (GCM5) has been performed from April 6, 2025 to April 27, 2025 

with original stock price data from May 5, 2024 to March 30, 2025 which includes 48 entries sourced from 

Investing.com. After implementing the Box-Jenkins approach, our analysis using R Studio indicates the ARIMA 

(0,1,1) model passed the residual tests and has the least error which can be expressed with the equation presented 

below. 

𝑌𝑡 = 𝑌𝑡−1 + 0.092395687𝑒𝑡−1 + 𝑒𝑡 

We would also like to point out that there are some considerations we must keep in mind, especially when it 

comes to the ARIMA model’s results or its accuracy. Another area of concern is the model’s capability to absorb 

sudden market changes. These external factors that can influence stock prices whether positive or negative are not 

included in the model as it purely relies on historical data. Perhaps to enhance the predictions, other models such 

as ARIMAX could be considered in the future provided there are external parameters known to significantly affect 

stock prices. 
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