
 

Jurnal Galaksi (Global Knowledge, Artificial Inteligent and Information System) E-ISSN: 3048-2399 

  Vol 3, No 2, August 2026 , pp. 49-58 

  https://doi.org/10.70103/galaksi.v3i2.140   

 

I Gede Sudiantara et.al (Retail Sales Forecasting Using ARIMA Based on Point-of-Sale…) 

 

Retail Sales Forecasting Using ARIMA Based on Point-of-Sale 

Transaction Data 

I Gede Sudiantara1*, I Putu Noven Hartawan2, I Kayan Herdiana3, I Made Dwi Putra Asana4 

1*,2,3,4 Institut Bisnis dan Teknologi Indonesia, Denpasar, Bali, Indonesia 
1*sudiantara@instiki.ac.id, 2novenhartawan@instiki.ac.id, 3herdikayan@instiki.ac.id, 4dwiputraasana@instiki.ac.id 
 

1. Introduction 

The retail industry generates a large amount of transaction data through Point-of-Sale (POS) 
systems. These data contain historical information about product sales that can be utilized to support 
business analysis and operational decision-making. One of the important applications of historical 
sales data is sales forecasting, which can provide estimates of future product demand and support 
inventory planning (Fildes et al., 2022). In retail businesses, effective inventory management is 
important because the availability of products is directly related to business operations and customer 
service (Vaz et al., 2024). 

Retail stores commonly face fluctuations in customer demand. Changes in demand can create an 
imbalance between available inventory and actual customer needs. When demand increases 
unexpectedly, insufficient inventory may result in stockouts and missed sales opportunities. 
Conversely, excessive inventory during periods of lower demand can increase storage costs and 
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Retail businesses generate large volumes of Point-of-Sale (POS) 

transaction data that can be utilized for sales forecasting and 

inventory planning. However, transaction-level data need to be 

transformed into an appropriate time-series structure before 

forecasting can be performed. This study aims to apply the 

Autoregressive Integrated Moving Average (ARIMA) method to 

historical POS transaction data for retail sales forecasting. The study 

used 4,443,905 transaction records from a retail store covering the 

period from 2018 to 2021. The research process adopted the Cross-

Industry Standard Process for Data Mining (CRISP-DM), with the 

analysis focusing on data preparation, ARIMA modeling, and model 

evaluation. Sales data were aggregated into product-level time series, 

and the ARIMA model was identified using stationarity analysis, 

Autocorrelation Function (ACF), and Partial Autocorrelation 

Function (PACF). The resulting ARIMA(1,1,1) model was applied to 

five selected products represented by M01–M05. Model evaluation 

used the Ljung–Box test and Root Mean Square Error (RMSE), with 

forecasting conducted for January and February 2022. The results 

show that forecasting errors varied across products, indicating 

differences in forecasting performance according to their historical 

sales patterns. The study demonstrates the applicability of ARIMA for 

product-level retail sales forecasting based on historical POS 

transaction data. 
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reduce the efficiency of working capital. Therefore, the use of historical sales data to estimate future 
demand can help retail businesses plan inventory and procurement more systematically. 

Time-series forecasting is one approach that can be used to analyze historical sales patterns. In 
retail environments, forecasting is commonly required at different levels of aggregation, including 
product-level forecasting for operational decisions (Fildes et al., 2022). The Autoregressive Integrated 
Moving Average (ARIMA) method is a statistical approach that has been widely applied to time-
series forecasting, including sales and demand forecasting. ARIMA can be applied by identifying the 
characteristics of historical observations, performing differencing when required to obtain stationarity, 
and determining appropriate model parameters (Kontopoulou et al., 2023). Previous studies have 
reported the application of ARIMA for forecasting product sales, demand, and other time-series data, 
indicating its applicability to short-term forecasting problems (Paç & Yakut, 2024; Almaraj & Al 
Ghamdi, 2024). 

Several previous studies have applied ARIMA to sales forecasting in different business contexts. 
For example, applied ARIMA and SARIMA to forecast nutrition product sales and identified ARIMA 
as the better-performing model in their study based on the lowest Mean Square Error (MSE) 
(Hermawan & Suseno, 2022). Safitri (2021) applied ARIMA to forecast dodol salak sales and 
evaluated the resulting model using RMSE, MAE, and MAPE (Safitri, 2021). Farosanti et al. (2022) 
also applied ARIMA to forecast the sales of medical and laboratory equipment (Farosanti et al., 2022). 
These studies indicate that ARIMA can be used for forecasting problems with different sales 
characteristics. 

However, forecasting sales in a retail environment requires not only the selection of an appropriate 
forecasting model but also the transformation of transaction-level data into a suitable time-series 
representation. In addition, the forecasting results need to be presented in a form that can be utilized 
by retail businesses for inventory planning. The research underlying this article therefore focuses on 
applying ARIMA to historical POS transaction data from a retail store and evaluating its forecasting 
performance at the product level. The research adopts the Cross-Industry Standard Process for Data 
Mining (CRISP-DM) framework, covering business understanding, data understanding, data 
preparation, modeling, evaluation, and deployment (Schröer et al., 2021). 

Based on this background, this study aims to apply the ARIMA method to historical POS 
transaction data for retail sales forecasting. The study focuses on identifying an appropriate ARIMA 
model according to the characteristics of the sales time series and evaluating its forecasting 
performance using Root Mean Square Error (RMSE). The forecasting process is applied to five 
selected products represented by M01–M05. 

2. Literatur Review 

Sales forecasting using time-series methods has been widely applied in different business and 
industrial contexts. Previous studies have shown that historical sales and demand data can be 
transformed into forecasting information to support inventory management, production planning, and 
business decision-making (Aminullah et al., 2024; Kurlillah et al., 2024; Hasanudin & Mujiyono, 
2026). Among the statistical forecasting methods, ARIMA has been applied to various types of time-
series data with different characteristics (Kontopoulou et al., 2023). 

Hermawan and Suseno (2022) compared ARIMA and Seasonal Autoregressive Integrated Moving 
Average (SARIMA) for forecasting nutrition product sales at PT Sapto Bumi Hidroponik. Their study 
identified ARIMA (2,3,0) as the selected model based on the lowest Mean Square Error (MSE). The 
study indicates that ARIMA can be applied to sales data when a strong seasonal pattern is not 
dominant (Hermawan & Suseno, 2022). 

Safitri (2021) applied ARIMA to forecast dodol salak sales using historical sales data from 2016 
to 2021. The study obtained ARIMA (1,0,0) as the selected model and evaluated the forecasting results 
using RMSE, MAE, and MAPE. The results demonstrated the application of ARIMA as a forecasting 
approach for supporting production and inventory planning (Safitri, 2021). 

Farosanti et al. (2022) applied ARIMA to forecast medical and laboratory equipment sales at PT 
Tristania Global Indonesia. Their research utilized historical transaction data that had previously 
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functioned mainly as business records and transformed the data into information for sales forecasting. 
The resulting ARIMA model produced forecasting errors considered sufficiently low for supporting 
decision-making (Farosanti et al., 2022). 

Fitri et al. (2021) applied ARIMA to forecast rice prices in traditional markets in Indonesia. The 
study identified ARIMA (1,0,1) as the selected model for forecasting rice price changes. Although the 
research object was different from retail sales, the study demonstrates that ARIMA can be applied to 
various types of time-series data (Fitri et al., 2021). 

Novyta and Alhazami (2022) investigated Nata de Coco demand forecasting in the context of 
supply chain management using ARIMA. Their study obtained ARIMA (0,2,1) based on the lowest 
MSE and used the model to forecast product demand. The study shows the relevance of time-series 
forecasting for supporting inventory and supply chain management (Novyta & Alhazami, 2022). 

In addition to ARIMA-based studies, Winurputra and Ratnawati (2025) developed a sales 
forecasting system using Extreme Gradient Boosting (XGBoost) and the Cross-Industry Standard 
Process for Data Mining (CRISP-DM) framework. Their study demonstrates the use of CRISP-DM 
as a systematic framework for processing sales data from business understanding through model 
development and implementation (Winurputra & Ratnawati, 2025). Although a different forecasting 
method was used, the study provides a methodological reference for applying CRISP-DM in sales 
forecasting system development. 

Based on these previous studies, ARIMA has been applied to sales, demand, price, and other time-
series forecasting problems. Retail forecasting research also emphasizes the importance of forecasting 
at the product and store levels to support operational and planning decisions (Fildes et al., 2022). The 
selected ARIMA parameters vary according to the characteristics of each dataset, indicating that 
model identification needs to consider the historical pattern of the data. Previous studies also 
demonstrate the use of forecasting results for inventory, production, supply chain, and business 
decision-making (Almaraj & Al Ghamdi, 2024; Paç & Yakut, 2024; Rachma P. et al., 2023). In 
contrast, this study applies ARIMA to a large-scale POS transaction dataset from a retail store and 
examines its forecasting performance for selected products. The study combines transaction-level data 
processing, time-series forecasting, residual diagnostics, and RMSE-based evaluation within a retail 
context. 

3. Research Method 

3.1. Research Framework 

This study adopted the Cross-Industry Standard Process for Data Mining (CRISP-DM) as the 
research framework. CRISP-DM provides a systematic process for processing historical transaction 
data into information that can support business decision-making (Schröer et al., 2021; Martínez-
Plumed et al., 2021). In this study, the framework was applied to organize the process of developing 
a retail sales forecasting model using the ARIMA method. 

The research process consisted of six stages: business understanding, data understanding, data 
preparation, modeling, evaluation, and deployment (Schröer et al., 2021). The business understanding 
stage identified the need for sales forecasting to support inventory management. The data 
understanding stage examined the characteristics and structure of the historical transaction data. The 
data preparation stage focused on cleaning and transforming transaction records into time-series data. 
The modeling stage involved identifying and developing the ARIMA model. The evaluation stage 
assessed the model using residual diagnostics and forecasting error. The deployment stage was defined 
as the final stage of the CRISP-DM framework, although the analysis presented in this article focuses 
on the data preparation, modeling, and evaluation stages (Shimaoka et al., 2024). 
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Fig. 1. Research Framework 
3.2. Dataset 

The dataset consisted of historical Point-of-Sale (POS) transaction records obtained from a retail 
store in Badung, Bali, Indonesia. The data covered the period from 2018 to 2021 and consisted of 
4,443,905 transaction records. Each transaction record contained information including the transaction 
date, product code, product name, selling price, quantity sold, and transaction value. The quantity sold 
attribute was used as the main variable for the forecasting process because the objective of the study 
was to estimate future product demand. The original transaction-level data were subsequently 
transformed into time-series data by grouping sales based on product and time period. This 
transformation produced historical sales quantities that could be analyzed using the ARIMA method. 

3.3. Data Preparation 

Data preparation was conducted to transform the original transaction records into data suitable for 
time-series forecasting. The process consisted of data inspection, cleaning, outlier handling, 
aggregation, time-series transformation, and data splitting. First, the dataset was examined to identify 
missing values and understand the statistical characteristics of the transaction data. The distribution 
of sales quantities was also examined to identify observations that could affect the forecasting process. 

Outlier analysis was performed using statistical analysis and boxplots. Observations identified 
during this process were handled during data cleaning. After the cleaning process, transaction records 
were aggregated based on product and month to obtain monthly sales quantities for each product. The 
resulting data were then transformed into a time-series structure. The time-series data were divided 
into training and validation datasets. The training dataset contained 80,854 observations, while the 
validation dataset contained 8,984 observations. The training data were used for model development, 
while the validation data were used to evaluate the forecasting results 

3.4. ARIMA Modeling 

The Autoregressive Integrated Moving Average (ARIMA) method was used to model the 
historical sales time series. Model identification was conducted by examining the stationarity of the 
time series and analyzing the Autocorrelation Function (ACF) and Partial Autocorrelation Function 
(PACF) (Kontopoulou et al., 2023). Differencing was performed when required to obtain a stationary 
time series. The ACF and PACF were subsequently examined to determine the appropriate 
autoregressive and moving-average orders. 

Based on the model identification process, ARIMA(1,1,1) was selected for the forecasting process. 
The model was applied to five selected products represented by M01, M02, M03, M04, and M05. 
These codes represent the products being forecasted and do not represent different model 
configurations. The ARIMA model is represented by three parameters: 

𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)  () 
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where 𝑝 represents the autoregressive order, 𝑑 represents the differencing order, and 𝑞 represents 
the moving-average order (Almaraj & Al Ghamdi, 2024). The model used in this study was: 

𝐴𝑅𝐼𝑀𝐴(1,1,1)  () 

which consists of one autoregressive term, first-order differencing, and one moving-average term. 

3.5. Model Evaluation 

Model evaluation was performed through residual diagnostics and forecasting error measurement. 
The Ljung–Box test was used to examine whether the residuals produced by the ARIMA model 
behaved as white noise (Kurlillah et al., 2024). A significance level of 0.05 was used as the evaluation 
criterion. The forecasting accuracy was evaluated using Root Mean Square Error (RMSE). RMSE 
measures the difference between actual and predicted values, where a smaller error indicates a smaller 
difference between the forecast and actual observation (Aminullah et al., 2024; Mustapha & Sithole, 
2025). 

4. Result and Discussions 

4.1. Data Preparation Results 

The initial dataset consisted of 4,443,905 transaction records collected from the retail store. The 

dataset contained transaction information such as transaction date, product code, product name, 

selling price, quantity sold, and transaction value. The data preparation process began with an 

examination of the dataset structure and missing values. Statistical analysis was then performed to 

understand the distribution of the sales data. Boxplot analysis was used to identify observations 

considered outliers in the transaction data. 

Fig. 2 shows the initial POS transaction dataset used in the study. The figure illustrates the 

transaction-level structure of the data, where each record represents a sales transaction containing 

product and sales-related information. This structure provides the basis for the subsequent data 

preparation and aggregation processes. 

 

Fig. 2. Transaction Dataset 

The completeness of the dataset was then examined by identifying missing values. Fig. 3(a) 

presents the missing-value analysis and shows the distribution of missing data across the dataset 

attributes. This analysis was used to determine the data fields that required attention during the 

preparation process. After examining data completeness, statistical analysis was performed to 

understand the characteristics of the sales transaction data. As shown in Fig. 3(b), the statistical 

summary provides information about the distribution and variation of the sales-related variables. This 

analysis was used as an initial reference for identifying observations that could affect the forecasting 

process. 
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Fig. 3. (a) Missing Value Analysis, (b) Statistical Analysis of Sales Transaction Data 

The identified outliers were handled during the data cleaning process. Fig. 4(a) shows the 

distribution of the transaction data before the cleaning process and indicates the presence of 

observations outside the main data distribution. These observations were examined and handled 

during data cleaning. After the cleaning process, the resulting distribution is presented in Fig. 4(b). 

Compared with the previous distribution, the figure shows the condition of the sales data after the 

identified observations were handled. The cleaned data were then used in the subsequent 

transformation process. 

  

Fig. 4. Boxplot of Sales Transactions (a) Before Data Cleaning (b) After Data Cleaning 

The cleaned transaction data were then aggregated based on product and month. Fig. 5 illustrates 

the resulting monthly sales aggregation. This transformation converted the original transaction-level 

records into a time-series structure that could be used for ARIMA modeling. 

 

Fig. 5. Monthly Sales Aggregation 

Finally, the resulting time-series data were divided into training and validation datasets. Fig. 6 

presents the division of the data used in the forecasting process. The training dataset contained 80,854 

observations, while the validation dataset contained 8,984 observations. The training data were used 

to develop the forecasting model, while the validation data were used to evaluate its forecasting 

performance. 

 

Fig. 6. Training and Validation Data Split 
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Overall, the data preparation process transformed the original large-scale POS transaction records 

into structured time-series data suitable for ARIMA modeling. The prepared data were subsequently 

used in the model development and forecasting stages. 

4.2. ARIMA Model Development 

After the data preparation process, the ARIMA model was developed using the resulting time-series 

data. Stationarity analysis, differencing, ACF, and PACF analysis were used to identify the 

appropriate model configuration. Based on the model identification process, ARIMA(1,1,1) was 

selected for the forecasting process. The model was applied to five selected products represented by 

M01, M02, M03, M04, and M05. The parameter estimation results for the five products are presented 

in Table 1. 

Table 1. Parameter Estimation Results 

Product Name Product Code ARIMA Model Parameter p-value 

Merries Pants XL 1 M01 ARIMA(1,1,1) AR(1) 0.009 

   MA(1) 0.772 

Super Zuper Renceng M02 ARIMA(1,1,1) AR(1) 0.727 

   MA(1) 0.997 

Bamboe Kare M03 ARIMA(1,1,1) AR(1) 0.861 

   MA(1) 0.142 

Fancy Telur M04 ARIMA(1,1,1) AR(1) 0.960 

   MA(1) 0.848 

ABC Kecap Manis 135 ml M05 ARIMA(1,1,1) AR(1) 0.759 

   MA(1) 0.999 

 

The parameter estimation results show that the parameter significance varied among the five 

products. The results were retained as reported in the original analysis and were not used to introduce 

a different model configuration. Residual diagnostics were subsequently performed using the Ljung–

Box test. The results are presented in Table 2. 

Table 2. Ljung–Box Test Results 

Product Code ARIMA Model p-value Residual Conditions 

M01 ARIMA(1,1,1) 0.33 White Noise 

M02 ARIMA(1,1,1) 0.05 Not White Noise 

M03 ARIMA(1,1,1) 0.12 White Noise 

M04 ARIMA(1,1,1) 0.18 White Noise 

M05 ARIMA(1,1,1) 0.05 Not White Noise 

 

The Ljung–Box results show differences in residual characteristics among the five products. M01, 

M03, and M04 satisfied the white-noise criterion based on the reported p-values, whereas M02 and 

M05 were reported as not satisfying the criterion. This result indicates that the historical sales 

behavior differs among products even though the same ARIMA(1,1,1) configuration was used. Fig. 

7 illustrates the ARIMA model training process for the selected product data. The output shows the 

estimated model parameters and diagnostic information used in the model evaluation process. 
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Fig. 7. ARIMA Model Training 

4.3. Sales Forecasting Results 

The ARIMA(1,1,1) model was used to generate sales forecasts for five selected products 

represented by M01, M02, M03, M04, and M05. The forecasting process was conducted for two 

periods, namely January 2022 and February 2022. For the January 2022 forecasting period, the model 

used the sales history of the previous 12 months as input. The resulting forecasting input data are 

presented in Fig. 8. The figure contains the historical monthly sales quantities for the five selected 

products, while the label column represents the target sales value for the forecasting period. 

 

Fig. 8. Forecasting Input Data for January 2022 

Fig. 8 shows that each product has a different sales pattern during the observed period. For example, 

M01 has relatively higher sales quantities than several other products, while M05 has comparatively 

lower sales quantities. These differences provide different time-series patterns for each product in 

the forecasting process. 

Table 3. Forecasting Results for January 2022 

Product Code Actual Predicted RMSE 

M01 29 24.79910 17.64755 

M02 19 13.36934 31.70424 

M03 21 3.88237 293.01309 

M04 13 29.99694 288.89621 

M05 6 9.08042 9.48899 

 

The results show that the prediction error varied among the five products. The predicted value for 

M01 was relatively close to its actual sales value, while larger differences were observed for M03 

and M04. This variation indicates that the forecasting performance differed according to the 

historical sales pattern of each product. 

The forecasting process was subsequently performed for February 2022. In this period, the previous 

12 months of sales data were used as the forecasting input. Fig. 9 presents the corresponding 

forecasting input data, with the monthly columns representing the historical sales quantities and the 

label column representing the target sales value. 

 

Fig. 9. Forecasting Input Data for February 2022 

Fig. 9 shows that the historical sales patterns also vary among the five products. Some products 

show relatively stable sales quantities, while others exhibit greater variation across the observed 

months. These differences affect the resulting forecasting values for each product. 

Table 4. Forecasting Results for February 2022 

Product Code Actual Predicted RMSE 
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M01 14 28.19726 201.56213 

M02 23 12.41229 112.09965 

M03 10 3.66389 40.14633 

M04 22 29.43248 55.24174 

M05 7 8.56791 2.45834 

 

The February 2022 results also show different forecasting errors among the products. M05 

produced a predicted value relatively close to its actual sales value, whereas M01 and M02 showed 

larger differences between predicted and actual values. These results further indicate that the 

forecasting performance of ARIMA(1,1,1) varies according to the sales characteristics of individual 

products. 

5. Conclusion 

This study applied the ARIMA method to historical Point-of-Sale (POS) transaction data for retail 
sales forecasting. The dataset consisted of a large number of transaction records that were processed 
and transformed into product-level time-series data before the forecasting process. Based on the model 
identification process using stationarity analysis, ACF, and PACF, the ARIMA(1,1,1) model was 
selected for forecasting the sales of five selected products represented by M01–M05. The model was 
applied to the historical sales patterns of each product and evaluated using residual diagnostics and 
RMSE. The forecasting results for January and February 2022 showed that the prediction performance 
varied among the five products. This indicates that differences in historical sales patterns can affect 
the forecasting accuracy of the ARIMA model. The forecasting results provide information on 
estimated future product sales that can be used as supporting information for retail inventory planning. 
Overall, the study demonstrates the application of ARIMA to POS transaction data for retail sales 
forecasting. The resulting forecasting process can transform historical transaction data into 
information that supports inventory-related decision-making 
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