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ABSTRACT: 
The semiconductor industry relies on a consistent and efficient supply of raw materials, such as wafers, to meet 
fluctuating production demands. However, inaccurate demand forecasting often leads to inefficiencies, including 
overstocking, which ties up capital and increases storage costs, or understocking, which disrupts production schedules 
and results in lost orders. Ensuring an optimal supply of materials is critical to maintaining production efficiency, 
reducing waste, and improving overall profitability. To address this challenge, this study develops a forecasting model 
using time series analysis to predict future demand for critical raw materials. The models evaluated include ARIMA 
(Autoregressive Integrated Moving Average), ARIMAX (Autoregressive Integrated Moving Average with Exogenous 
Variables), SARIMA (Seasonal Autoregressive Integrated Moving Average), and SARIMAX (Seasonal Autoregressive 
Integrated Moving Average with Exogenous Variables). The results indicate that the SARIMAX model outperforms 
the other methods by incorporating seasonal trends and external factors affecting demand, leading to more accurate 
predictions. This research aligns with the Sustainable Development Goals (SDGs), particularly SDG 9 (Industry, 
Innovation, and Infrastructure) and SDG 12 (Responsible Consumption and Production). By enhancing forecasting 
accuracy, semiconductor manufacturers can optimize resource allocation, minimize waste, and improve supply chain 
efficiency, contributing to more sustainable industrial operations. Additionally, better demand prediction ensures a 
stable supply of essential components, supporting technological advancements and infrastructure development. 
Implementing robust forecasting models enables semiconductor companies to enhance production continuity, reduce 
material waste, and promote sustainable manufacturing practices. 
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INTRODUCTION 
The semiconductor industry has been growing rapidly, with increasing demand for various types of wafers 
and raw materials [1] [2] [3][4]. However, some companies face challenges in predicting future demand 
accurately which leads to either overstocking, or understocking, which leads to lost orders and reduced 
profitability [5]. The unpredictable nature of demand fluctuations makes accurate forecasting a necessity 
for operating in the industry [6][7][8][9]. Although, some companies still struggle with achieving reliable 
accuracy, leading to inefficiencies in supply chain management. 
Time series forecasting methods such as ARIMA, SARIMA, ARIMAX, and SARIMAX have been widely 
applied to predict demand in various industries. SARIMA is particularly known for handling seasonality 
and trends, while SARIMAX enhances the model by utilizing exogenous variables that may affect the 
forecast [10]. All methods have been successfully used in predicting various variables across multiple fields 
like agriculture and energy management [10][11]. Many studies have compared these models, showing mixed 
results depending on the dataset and the specific variables used.  
Several studies explore the comparison of SARIMAX and SARIMA in time series forecasting. For 
instance, a study by Jan Banaś and Utnik-Banaś (2021) applied ARIMA, SARIMA, and SARIMAX to 
forecast timber prices. The results show that the SARIMAX model with a MAPE of 1.46% outperforms 
SARIMA and ARIMA model with the accuracy of 1.90 and 2.05% respectively [12]. Another study by 
Palanisamy Manigandan et al. (2021) compares the SARIMAX and SARIMA model for forecasting 
natural gas production and consumption in the United States. The study shows that the SARIMAX 
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model with an MAPE of 15.93% for production and 24.36% for consumption outperforms the SARIMA 
model with an accuracy of 125.66% for production and 69.45% for consumption in the test set [13]. 
A study case where the SARIMA model sometimes outperforms the SARIMAX model is shown in 
another study by Junyu He et al. (2022). In the study, the SARIMAX model outperforms the SARIMA 
model during the model fitting stage, however the SARIMA model outperforms 6 out of 8 times during 
the model forecasting stage [14]. Another case about forecasting international passenger arrivals by Wai 
Hong Kan Tsui and Faruk Balli (2015) shows a case where the SARIMAX model sometimes outperform 
the SARIMA model, the SARIMA model sometimes outperforms the SARIMAX model, and both the 
SARIMA and SARIMAX model having the same accuracy [15]. The study case about forecasting the 
monthly average rainfall for Kogi State by Ibrahim A. and Musa A. O. (2023) shows that the SARIMAX 
model slightly shows a better accuracy of 81.92% over the SARIMA model with an accuracy of 81.86% 
[16]. Finally, the study case where an ARIMAX model performs better than the ARIMA model is shown 
in the study by Wiwik Anggraini et al. (2015) where including the variation of calendar effect in the form 
of dummy variables make the ARIMAX model outperform the ARIMA model [17]. 
In this work, the time series forecasting model applied to predict the demand for some certain wafer 
material over the next 6 months, by using the ARIMA, ARIMAX, SARIMAX, and SARIMA models. The 
models are developed to determine which method is better suited for the specific demands of the 
semiconductor industry. Based on the experimental results, the hypothesis is that the SARIMAX is more 
likely to be preferable in this case based on the studies above. 
 
2. METHODOLOGY 
2.1 Data 
In this work, the data is provided by a certain anonymous company that will be referred to as Company 
X. The data received is about daily demands of certain wafer materials that came from Europe, which will 
be referred to as EU1. In the system, Company X needs a number to pre-order the wafer material 6 
months before receiving it from Europe. However, the amount of demand required for the wafer materials 
is varying every day. Therefore, with the current data, time series models will be created to forecast into 
the future. 
The graph shown in Figure 1 (a) shows the daily data of EU1 from April of 2022 to November of 2024. 
It consists of 975 individual data with a lot of random and irregular data with the presence of a lot of 
zeros.  
The 0s in the data may cause the SARIMA and SARIMAX model to struggle and since the 0s are actual 
real data and not missing data, therefore getting rid of them will be data lost. To reduce the amount of 
0s in the data, the data is converted into weekly data instead of daily data to lessen the amount of 0s by 
combining the data. 
When converted into weekly data, the dataset is reduced to 140 and the 0s are reduced as shown in Figure 
1 (b). Transforming the daily dataset into a weekly dataset reduces the random noise and simplifies the 
models. Seasonality that was previously hard to detect due to daily fluctuations, may also be more visible. 

 
 
(a)                                                                                        (b) 
Fig. 1. Daily and Weekly Data (a) Daily Data (b) Weekly Data 
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2.2 Time Series Models 
Time Series Models are often used to do forecasting in the future and some common statistical models 
that are used for forecasting are the SARIMA (Seasonal Autoregressive Integrated Moving Average) and 
SARIMAX (Seasonal Autoregressive Integrated Moving Average with Exogenous Variables) models which 
are extensions of the ARIMA (Autoregressive Integrated Moving Average) model [18]. 
 
2.3 ARIMA 
 The ARIMA model is one of the most used models when it comes to time series forecasting with 
statistical models [11]. The ARIMA model can be expressed as Eq. (1). 
 
ϕp(G)(1 − G)dXt = γq(G)et         
  (1) 
 
From Eq. (1), ϕp(G) is the AR equal to as shown as in Eq. (2), γq(G)et is the MA equal to as shown as 
in Eq. (3), and the integration is represented in Eq. (4). 
 
1 − ϕ1G − ϕ2G2 − ϕ3G3 − ⋯ − ϕpGp        
  (2) 
 
1 − γ1G − γ2G2 − γ3G3 − ⋯ − γpGp        
  (3) 
 
(1 − G)d           
  (4) 
 
2.4 SARIMA 
SARIMA is an extension of the ARIMA model, which adds a seasonal parameter to find seasonal patterns 
[13]. It is represented as Eq. (5) in which p (AR) is the number of autoregressive terms that looks for the 
relationship between an observation and its previous values, d (I) is the number of differentiation used to 
make series stationary by subtracting previous values from the current ones, and q (MA) is the number of 
moving average terms, in which the relation between an observation and a residual error from a moving 
average model is applied to lagged values. 
 
ϕp(G)ϕP(Gs)(1 − Gs)d(1 − Gs)DXt = γq(G)ωQ(Gs)et      
 (5) 
 
The P, D, and Q are the seasonal autoregression (ϕP(Gs)) as shown as in Eq. (6), the seasonal 
differentiation shown as Eq. (7), and the seasonal moving average (ωQ(Gs)) equivalent to Eq. (8), but 
with seasonality of s, which is the number of periods in each seasonal cycle. 
 
1 + ϕ1Gs + ϕ2G2s + ϕ3G3s + ⋯ + ϕPGPs       
  (6) 
 
(1 − Gs)D           
  (7) 
 
1 + θ1Gs + θ2G2s + θ3G3s + ⋯ + θQGQs       
  (8) 
 
2.5 ARIMAX and SARIMAX  
ARIMAX and SARIMAX, is an extension of the ARIMA and SARIMA model that includes exogenous 
variables (X) from Eq. (9). ARIMAX is represented from Eq. (10), while SARIMAX is represented from 
Eq. (11) [11][17]. 
βkXk,t            
  (9) 
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ϕp(G)(1 − G)dXt = βkXk,t + γq(G)et,        
             (10) 
 
ϕp(G)ϕP(Gs)(1 − Gs)d(1 − Gs)DXt = βkXk,t + γq(G)ωQ(Gs)et.     
             (11) 
 
Exogenous variables are additional variables outside of the target variable that influence the predictions. 
With secondary data, ARIMAX and SARIMAX can do more complex forecasting problems. The X 
variable in the research uses 4 main exogenous variables which are the stock data of Sat Nusapersada Tbk 
PT, Galva Technologies Tbk PT, Telkom Indonesia, and the exchange rate of IDR to USD.  
 
2.6 Autocorrelation and Partial Autocorrelation Functions 
The autocorrelation function (ACF) and Partial Autocorrelation Function (PACF) are statistical tools 
commonly used to find the parameters for the Moving Average (MA) and Auto Regression (AR) value 
from the ARIMA model. The ACF determines the correlation between the observed value and the time 
lagged and shows how strongly the current value Xt is related to past values Xt-k, where k is the value of 
lag. The PACF measures the correlation between Xt and Xt-k, while removing the influence of intermediate 
lags [19]. 
 
2.7 Augmented Dickey Fuller Test 
 For the ACF and PACF functions to be determined to have a correlation with the corresponding 
data, the Augmented Dickey Fuller (ADF) test is implemented. The ADF test is a statistical procedure 
used to determine if the data is stationary or non-stationary. If the probability value (p-value) of the results 
show that it is below 0.05, then the null hypothesis is rejected and so the data is stationary. However, if 
the p-value from the data shows that it is above 0.05, then the null hypothesis is unable to be rejected, 
and the data is non-stationary [11][20].  
 
2.8 Parameters 
From the ACF and PACF functions shown in Figure 2, the parameters that are used for the ARIMA and 
ARIMAX models are ARIMA (2,0,2) and ARIMAX (2,0,2)x based on the value on lag 2. The ACF and 
PACF plot does not show that there is seasonality, however when finding the best parameters through 
the method of grid search, SARIMA (2,0,2) (2,0,2)11 shows a similar result and SARIMAX (2,0,2) 
(2,0,2)11x gives a more consistent accuracy. ARIMA (1,1,2) and a couple more parameters also show to be 
a potentially viable variable, however the p-value on differentiation zero shows 0.015 which means that 
the data is stationary. However, for comparison, ARIMA (1,1,2), ARIMAX (1,1,2)x, SARIMA (1,1,2) 
(2,0,2)11, and SARIMAX (1,1,2) (2,0,2)11x from Figure 3 is compared with due to some similarities on the 
prediction values. 

 
Fig. 2. ACF and PACF Plot, i=0 
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Fig. 3. ACF and PACF Plot, i=1 
 
2.9 Forecasting 
 After getting the parameters and fitting the models, the output of the forecast is then able to be 
compared to the testing data and the forecasting data from Company X after a few adjustments. First, the 
models will forecast 26 steps ahead of time to predict 6 months ahead. Then the data that is forecasted is 
to be converted into monthly data. After getting the monthly data, it is then possible to get the accuracy 
of each individual model compared to the real test data and the forecasted data from Company X. 
 
3. RESULTS 
3.1 Forecast Results 
The parameters from the proposed systems are then used to do forecasting into the testing data for 
comparison. There are a couple of different parameters used and three different months of output, 
September, October, and November, in which all of them are the number of demands forecasted in the 
sixth month.  
Figure 4, 5, 6, 7, 8, and 9 shows the testing data, Company X’s forecasting data, SARIMAX (2,0,2) 
(2,0,2)11x shown as SX1, SARIMA (2,0,2) (2,0,2)11 shown as S1, ARIMAX (2,0,2)x shown as AX1, 
ARIMA (2,0,2) shown as A1, SARIMAX (1,1,2) (2,0,2)11x shown as SX2, SARIMA (1,1,2) (2,0,2)11 
shown as S2, ARIMAX (1,1,2)x shown as AX2, and ARIMA (1,1,2) shown as A2. 

 
Fig. 4. September Forecast 1 

 
Fig. 5. September Forecast 2 
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Fig. 6. October Forecast 1 

 
Fig. 7. October Forecast 2 

 
Fig. 8. November Forecast 1 

 
Fig. 9. November Forecast 2 
 
The forecasting compared to the error of Company X’s is defined by using the formula  

Improvement Percentage =
Ex−En

Ex
∗ 100, (11) 

where Ex is the error from Company X’s prediction, and En is the error from the other predictions. With 
the formula, the improvement percentage is calculated from the total error of September, October, and 
November. 
The forecasting result shown in Table 1, SARIMAX (2,0,2) (2,0,2)11x results in a 54.43% accuracy 
improvement when compared to the prediction from Company X even when the company’s prediction 
has the least amount of error in November when compared to the others. Similarly, ARIMAX (2,0,2) x 
improves the prediction by 47.54% compared to the company prediction. SARIMA (1,1,2) (2,0,2)11 is 
the next highest improving model with a 22.23% accuracy improvement, followed by ARIMA (2,0,2) with 
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a 20.92% accuracy improvement, SARIMA (2,0,2) with an 18.43% accuracy improvement, ARIMA 
(1,1,2) with an 18.04% improvement. There are also worse models than the Company prediction which 
are ARIMAX (1,1,2)x and SARIMAX (1,1,2) (2,0,2)11x with a decrease in performance of 21.72% and 
57.87% respectively. 
 
Table 1 Root Mean Squared Error of the Forecasts 

 
4. CONCLUSION 
In conclusion, this work focuses on forecasting the demand for wafer materials on a specific company, 
where the number six months ahead is needed to know for a precise pre-order number. Through 
comparing the error of the forecasting prediction of multiple time series forecasting models with the 
company data and prediction, the implementation of the time series forecasting models resulted in some 
forecasts being very close and better than the company’s predictions. From several tests from the models, 
SARIMAX (2,0,2) (2,0,2)11x showed the best results for the predictions, however there are also results 
that show a lot of errors, for instance, SARIMAX (1,1,2) (2,0,2)11x which misses the prediction on 
November by 352622 demands. The results imply that the exogenous variable when added with 
seasonality has the better overall prediction when the data is complex and non-linear, with limited 
amounts of data. Overall, this work contributes towards the forecasting of data, where in the long term it 
may have a positive impact when compared to forecasting data manually. For future studies, more data 
and data types may be implemented, as well as adding a proper user interface for a more reliable way to 
read the forecast.  
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