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Abstract 

Predicting the demand for goods is an important aspect of inventory management and operational planning because inaccurate 

predictions can lead to overstock or shortages of goods. This study aims to predict the demand for goods using the Extreme Gradient 

Boosting (XGBoost) algorithm based on historical sales data. The dataset used contains information on the transaction date, number 

of sales, stock, price, and time index, which is then processed through the preprocessing and feature engineering stages, including the 

formation of temporal features and sales lag features. Data sharing is carried out using a time series split approach to maintain the 

chronological order of the data. The XGBoost model is optimized using GridSearchCV with the TimeSeriesSplit validation scheme. 

Model performance was evaluated using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage 

Error (MAPE), and Symmetric Mean Absolute Percentage Error (SMAPE). The results showed that the model produced an MAE score 

of 54.13 and an RMSE of 77.60, while a SMAPE score of 43.13% showed an acceptable relative error rate in highly fluctuating sales 

data. Feature importance analysis shows that previous period (lag_1) sales and weekly patterns are the most dominant factors in demand 

predictions. These results prove that XGBoost is effectively used for historical data-driven demand prediction of goods and has the 

potential to support inventory management decision-making. 
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1. INTRODUCTION  

The increasingly competitive development of the business and trade world requires companies to have an accurate 

inventory planning and control system. One of the important aspects of inventory management is the ability to accurately 

predict the demand for goods. Inaccuracies in demand forecasting can lead to serious problems, such as overstocking that 

increases storage costs or stockouts that result in lost sales opportunities and decreased customer satisfaction [1]. 

Therefore, the prediction of demand for goods is a crucial issue that needs to be handled systematically and based on data. 

Demand for goods is generally volatile and influenced by various factors, such as historical sales patterns, price 

changes, stock availability, seasonal factors, and consumer behavior. The complexity of these factors causes conventional 

methods, such as simple statistical approaches, to often be less able to capture the nonlinear patterns and long-term 

dynamics of sales data. As a result, the results of the predictions produced are not optimal and less adaptive to rapid 

changes in demand patterns [2]. Along with the development of technology, machine learning-based approaches are 

starting to be widely used to solve the problem of demand prediction. This method has the advantage of modeling complex 

and nonlinear relationships in time series data [3]. One of the machine learning algorithms that is widely used for 

prediction is Extreme Gradient Boosting (XGBoost), which is a gradient boosting-based ensemble learning method with 

high performance and good computing efficiency. XGBoost is able to combine a number of decision trees to iteratively 

minimize prediction errors [4][5]. 

Several previous studies have shown that machine learning-based methods provide better results than traditional 

statistical methods in the context of demand prediction. This study reports that the ensemble model is able to improve the 

accuracy of retail demand prediction compared to conventional approaches [6]. Furthermore, Kumar and Patel proved 

that XGBoost has superior performance over Random Forest and Support Vector Regression in sales predictions [7]. 

These results show the great potential of XGBoost in addressing demand forecasting problems. 

Other studies have also integrated time series features with gradient boosting algorithms to predict seasonal 

demand and obtain fairly accurate results, but the evaluation is still limited to basic error metrics without model stability 

analysis [8]. Subsequent research also applied machine learning algorithms to predict product demand, but did not 

examine the influence of historical features in depth through feature importance analysis[9]. While the research conducted 

by Sami emphasizes the importance of model interpretability through feature importance analysis in XGBoost, it has not 

yet been combined with error distribution analysis [10]. 

Based on the study of related studies in the last five years, it can be identified that there is a research gap. Most 

studies still focus on improving prediction accuracy alone, without integrating comprehensive performance evaluation 

and model stability analysis. In addition, there is still limited research that integrates hyperparameter optimization, the 

use of various evaluation metrics (MAE, RMSE, MAPE, and SMAPE), and the analysis of error distribution and feature 

importance in a single commodity demand prediction framework.  

Therefore, research is needed that not only focuses on prediction accuracy but is also able to provide a deeper 

understanding of model behavior and the factors that influence prediction outcomes. This approach is expected to produce 

a prediction model that is not only accurate but also stable and well-interpretable, making it more relevant to apply in the 

context of inventory management decision-making. Based on this background, this study aims to build a model of product 
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demand prediction using the XGBoost algorithm based on historical sales data with a time series approach. This research 

is expected to be able to produce a prediction model with good performance, evaluated using comprehensive error metrics, 

and provide an in-depth analysis through error distribution and feature importance. Thus, the results of this study are 

expected to make a practical and academic contribution to the development of a more accurate and reliable demand 

prediction system for goods. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

This research is carried out through several stages that are systematically arranged to ensure that the research process runs 

in a structured manner and the results obtained are in accordance with the research objectives. The research stages start 

from data collection to evaluation and analysis of the predicted results of demand for goods. The stages of the research 

are as follows: 

 

Figure 1. Research Stages 
 

The explanation of the research stages is in Figure 1. It is as follows: 

a. Data Collection 

The initial stage of the research begins with the collection of historical sales datasets that are used as a basis for 

predicting the demand for goods. The dataset used was taken from the Kaggle of retail sales forecasting data. The dataset 

used contains several main attributes, namely the date of the transaction (data), the number of sales (venda) as the target 

variable, the stock of goods (estoque), the price of the product (preco), and the time index. This data represents the pattern 

of demand for goods over a given period of time and reflects sales fluctuations affected by temporal, price, and stock 

availability factors.  

b. Preprocessing and Feature Engineering 

In the preprocessing stage, the date attribute is converted to the appropriate time format, and the data is sorted in 

chronological order to maintain time series consistency. Furthermore, feature engineering is carried out to improve the 

model's ability to capture demand patterns. Temporal features such as year, month, day, and day of the week are extracted 

from the date attribute. In addition, a sales lag feature (lag-1, lag-7, and lag-14) was formed, which represents the 

dependence of current demand on sales in the previous period. This process aims to enrich historical information relevant 

to the prediction model [11][12]. 

c. Time Series Split 

After the data goes through the preprocessing and feature engineering stages, the dataset is divided into training 

data and test data using the split time series approach [13]. This division is carried out in chronological order, where the 

training data comes from the initial period and the test data comes from the next time period. This approach is used to 

simulate real prediction conditions, i.e., predict demand in future periods based on previous historical data, as well as 

avoid information leakage [14]. 

d. XGBoost Modeling and Hyperparameter Tuning 
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The modeling stage was carried out by applying the Extreme Gradient Boosting (XGBoost) algorithm as a 

regression model to predict the amount of demand for goods. The model is trained using training data by utilizing all the 

features that have been formed [15]. To improve model performance, hyperparameter optimization is performed using 

GridSearchCV with the TimeSeriesSplit validation scheme. The optimized parameters include the number of trees, tree 

depth, learning rate, and subsampling ratio. This stage aims to obtain the model configuration that produces the lowest 

prediction error [16][17]. 

e. Prediction and Evaluation 

The best model of the optimization results is then used to make demand predictions on the test data. The 

performance of the model was evaluated using several metrics, namely Mean Absolute Error (MAE), Root Mean Squared 

Error (RMSE), Mean Absolute Percentage Error (MAPE), and Symmetric Mean Absolute Percentage Error (SMAPE). 

The use of several evaluation metrics aims to provide a comprehensive picture of the level of prediction errors, both 

absolute and relative, especially in sales data that has high fluctuations [18][19]. 

f. Error Analysis dan feature Importamce 

The final stage of the research is error analysis and feature importance. Error analysis was carried out through 

visualization of residual distribution, the relationship of error to predictive value, and changes in absolute error over time 

to assess the stability and potential bias of the model. Furthermore, feature importance analysis is used to identify the 

most influential variables in the demand prediction process [20]. The results of this analysis show the contribution of each 

feature, in particular historical features of sales and temporal features, so that the built model is not only accurate but also 

can be interpreted well [21]. 

3. RESULTS AND DISCUSSION 

3.1 Demand Prediction Modeling Results  

In the modeling stage,  the Extreme Gradient Boosting (XGBoost) algorithm was applied to predict the demand for goods 

based on historical sales data that had gone through the preprocessing and feature engineering process. The model was 

trained using training data that was arranged chronologically and tested on test data to maintain time series consistency. 

The prediction results show that the XGBoost model is able to follow the general patterns and fluctuating trends of the 

demand for goods. In low- to medium-demand periods, the predicted value is relatively close to the actual value, which 

indicates the model's ability to capture historical patterns of sales. However, in some periods with very high spikes in 

demand, models still tend to produce predictions that are lower than actual values, which shows the limitations of the 

model in predicting extreme values. 

 

Figure 2. Prediction Results Using XGBoost 

3.2 Model Performance Evaluation 

The evaluation of model performance was carried out using several metrics, namely Mean Absolute Error (MAE), Root 

Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and Symmetric Mean Absolute Percentage 

Error (SMAPE). The test results showed that the model produced an MAE value of 54.13 and an RMSE of 77.60, which 

indicates that, on average, the difference between the predicted value and the actual value is still at an acceptable level. 

The SMAPE value of 43.13% indicates that the model's relative error rate is in the medium category, which is still relevant 

for high-fluctuating sales data. Meanwhile,  the very large value of MAPE is influenced by the actual sales value that is 

very small or close to zero, distorting the error percentage calculation. Therefore, SMAPE is considered more 

representative than MAPE in the context of this study. 
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Figure 3. Model Performance Evaluation Results 

3.3 Distribution Analysis and Error Patterns 

The Error distribution shows the spread of the difference between the actual value and the predicted value of the demand 

for goods generated by the XGBoost model. Based on the histogram, the majority of error values are concentrated around 

zeros, which indicates that the model does not have a significant systematic bias in making predictions. This shows that, 

in general, the results of the predictions produced are quite close to the actual value. However, there are still some error 

values that spread to the positive and negative sides with a fairly wide range, which is indicated by the distribution tails 

on both sides of the histogram. The existence of these large errors indicates that there are certain periods where the model 

has difficulty predicting demand accurately, especially under extreme or unstable demand conditions. Overall, the 

relatively symmetrical and centralized error distribution pattern around zero suggests that the XGBoost model has a fairly 

stable performance, although it still has limitations in handling significant demand spikes. 

 

Figure 4. Error Distribution 

 

Figure 5. Error vs Prediction Results 

Figure 5. shows the relationship between the predicted value of the demand for goods generated by the XGBoost 

model and the error value (the difference between the actual and predicted values). The dots on the graph are scattered 

around the zero line, which suggests that, in general, the model does not produce consistent prediction bias, either in the 

form of overestimation or underestimation tendencies. The relatively random distribution of points around the zero line 

indicates that the model is able to provide fairly stable predictions at various levels of demand. However, it can be seen 

that error variance tends to increase at higher prediction values. In the low to medium prediction range, the error is 
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relatively small and more concentrated, while at the high prediction value, the error spread becomes wider and several 

extreme values appear. This pattern indicates the presence of a symptom of heteroscedasticity, where predictive 

uncertainty increases as the demand for goods increases. These conditions indicate that the XGBoost model is more 

accurate in predicting normal demand, but still has limitations in handling large demand spikes. Overall, this graph shows 

that although the model has stable performance, improved accuracy at high demand is still a further development 

opportunity. 

 

Figure 6. Absolute Error Against Time 

Figure 6 shows the large change in the predictive errors of the goods demand generated by the XGBoost model 

over each time period. From the graph, it can be seen that in most of the early to medium period,  the absolute error value 

is relatively low and stable, which indicates that the model can predict demand fairly accurately under normal conditions. 

However, in certain periods, there is a significant spike in absolute errors, especially in the middle to the end of the time 

series. These spikes indicate the presence of anomalous conditions or changes in demand patterns that the model cannot 

fully capture, such as a sudden increase in demand or extreme sales fluctuations. Overall, this graph indicates that although 

the XGBoost model has stable performance most of the time, the accuracy of the predictions tends to decline in periods 

of high demand dynamics, so further development is needed to improve the model's resilience to extreme changes in 

demand patterns. 

3.4 Feature Importance Analysis 

Feature importance analysis was carried out to evaluate the contribution level of each input variable to the prediction 

results generated by the XGBoost model. Where the results of feature importance can be seen as shown in Figure 7.  

 

Figure 7. Feature Importance 

Figure 7 is The results of the feature importance analysis show that historical features of sales are the most 

dominant factor in predicting demand for goods. The lag_1 feature has the biggest contribution, which shows that sales 

in the previous period are the main indicator in predicting current demand. In addition, the lag_7 and dayofweek features 

also made significant contributions, indicating the presence of a weekly seasonal pattern in sales data. The stock (estoque) 

and price (preco) variables have less influence than historical features of sales, but they still play a role in helping models 

adjust predictions to certain conditions. These findings confirm that reliance on historical sales patterns is a key 

component in XGBoost-based demand prediction models. 
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4. CONCLUSION 

This research has successfully implemented the Extreme Gradient Boosting (XGBoost) algorithm to predict the demand 

for goods based on historical sales data. The results of the study show that the machine learning-based approach can 

overcome the problem of inaccuracy of demand prediction that often occurs in conventional methods, especially in sales 

data that is volatile. Through preprocessing, time series-based feature engineering, and hyperparameter optimization using 

GridSearchCV, the XGBoost model is able to capture historical and seasonal patterns in sales data quite well. Evaluation 

of the model's performance using MAE, RMSE, MAPE, and SMAPE showed that the model had an adequate level of 

accuracy, with a MAE value of 54.13 and an RMSE of 77.60, while a SMAPE value of 43.13% indicated that the model's 

relative error was still within acceptable limits. Analysis of the error distribution showed that the model lacked significant 

systematic bias, although limitations were still found in predicting extreme demand. In addition, the results of the feature 

importance analysis confirm that sales in the previous period were the most dominant factor in determining current 

demand. Overall, this study proves that XGBoost is effectively used as a historical data-driven product demand prediction 

solution and has the potential to be a tool to support more accurate decision-making in inventory management. 
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