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 In today's highly competitive business landscape, companies face a 

significant challenge in making accurate decisions based on vast amounts of 

historical data. Reliance on human data analysis often leads to biases and 
errors, hindering the ability to extract effective insights for sales forecasting. 

To address this challenge, this research presents an advanced model that 

integrates 14 machine learning (ML) regression algorithms, including 

XGBRegressor and LGBMRegressor, to provide accurate sales predictions 
using a comprehensive global store dataset. The results demonstrate that 

XGBRegressor and LGBMRegressor achieved the highest test accuracy 

(92%) and the lowest error rates, proving their ability to handle complex 

prediction tasks efficiently. This high accuracy in sales forecasting enables 
companies to make more effective strategic decisions, such as optimizing 

inventory management, allocating resources optimally, and exploring new 

growth opportunities. Consequently, the use of these advanced algorithms 

directly contributes to increasing sales volume and achieving a sustainable 

competitive advantage. 
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1. INTRODUCTION 

Under current developments, supermarkets are facing difficulty in accurately forecasting their 

annual sales due to a lack of knowledge and resources. Although traditional statistical methods are important 

for building predictive models, machine learning (ML), a branch of Artificial Intelligence, has now become 

the new standard for sales forecasting. In the age of big data and immense computing power, ML has proven 

its ability to process vast amounts of data using complex algorithms to discover hidden patterns and make 

accurate decisions. This capability makes it an invaluable tool for sales forecasting by analyzing the 

interaction between historical data, market trends, and consumer behavior. However, to ensure maximum 

benefit from ML, it is essential to understand the nature of the data and select the appropriate models to apply 

to real-world problems [1], [2]. This paper aims to optimize sales prediction for global stores. this paper aims 

to identify the most effective ML algorithms and data pre-processing techniques within the proposed 

framework. Specifically, the study will seek to determine which algorithms exhibit the highest efficacy in 

predicting sales and what are the most optimal methods for refining and preparing sales data to improve 

model accuracy. 

Due to increasing competition, shopping malls and large supermarkets are now meticulously 

recording sales data and various related factors. This data is of great importance for forecasting future 

demand and managing inventory efficiently. For this reason, the reliance on ML in data science is growing, 
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as it allows for the fast and highly accurate processing of this data, which in turn provides valuable business 

insights. Sales forecasting is essential for the success of companies, as it supports vital functions like strategic 

planning, budgeting, and risk management by providing reliable estimates of future revenues [3]-[5]. Because 

of its ability to provide accurate sales forecasts, ML significantly enhances corporate profitability, leading to 

a profit increase of more than 10%.  

These forecasts support effective strategic decision-making, improve resource allocation, and help 

guide marketing campaigns. Prediction accuracy is fundamental in ML, as it is used to evaluate data 

precision and enhance analysis results across multiple fields. Ultimately, sales forecasting is of paramount 

importance to companies because it provides them with future insights, boosts investor confidence and 

market credibility, and also helps improve production cycles to meet demand and reduce waste [6]. 

ML can significantly boost business profitability by providing accurate sales predictions, which 

supports strategic decision-making and resource optimization. It has the potential to increase profitability by 

over 10% and is vital for targeted marketing. Accurate demand forecasting streamlines operations and drives 

higher profits [7]. Prediction accuracy is a key aspect of ML, used to evaluate data precision and enhance 

analysis in fields like financial analysis and sales forecasting. Accurate predictions are essential for informed 

decision-making across various sectors [8]. Ultimately, sales forecasting is vital for businesses, as it offers 

insights into future trends, boosts investor confidence, and helps production firms optimize cycles to meet 

demand and reduce waste [9]. 

 

 

2. RELATED WORK 

In this section, we will explore the various ML algorithms applied in this context and evaluate their 

performance based on prediction accuracy and other relevant metrics. Amrutkar and Mahadik [10], aimed to 

predict sales for an e-fashion store using three years of historical data (2015-2017). The final dataset was 

refined by removing non-usable and redundant entries, resulting in a smaller, cleaner dataset. The study 

evaluated various prediction models and found the Gradient Boost algorithm to be the most accurate for 

future sales forecasting, achieving 98% overall accuracy. It was followed by the Decision Tree algorithm 

(71%) and the Generalized Linear Model (64%). Nana et al. [11] focused on sales forecasting using Big Mart 

data, with Gradient Boosted Tree achieving the highest accuracy of 95.84%. While the results are promising, 

further comparison with other algorithms and deeper error analysis could enhance the study's insights. 

Tony et al. [12] based on the data provided, according to the available data, the random forest (RF) 

model appears to be the most effective, achieving the highest performance at 89. The Decision Tree model 

follows with a score of 78, while the performance of the Linear Regression model was the lowest, with a 

score of 70. These results indicate that the RF model is the best for this predictive task, based on the 

performance metric used. Ofoegbu [13] evaluated various algorithms for classification tasks, with RF 

achieving the highest accuracy of 98%. While the results are promising, comparing its performance with 

other advanced algorithms under different conditions would provide a more comprehensive understanding of 

its effectiveness and robustness. 

This paper differs from previous studies by providing a more comprehensive and systematic 

evaluation of ML algorithms used in sales forecasting. While studies [10]-[13] offer valuable insights, they 

are limited by their narrow scope. Specifically, the studies [10], [12] only compare a small number of models 

(three), making it difficult to draw broad conclusions about which algorithms are truly the most effective. 

Similarly, the study [11] acknowledges this limitation, noting the need for "further comparison with other 

algorithms". This paper directly addresses this gap by evaluating 14 different algorithms, offering a much 

more robust and reliable comparison of model performance across a wide range of techniques. Another key 

difference is your study's specific identification of the top-performing algorithms. While studies [10], [11] 

correctly highlight the power of Gradient Boost-based models, this research goes a step further. By testing a 

broader range of models, you were able to pinpoint XGBRegressor and LGBMRegressor as the most 

accurate, achieving a impressive 92% accuracy with the lowest error rates. This finding is significant because 

these are modern, highly optimized versions of gradient boosting, and their superior performance over other 

models, including those mentioned in studies [12], [13] (which focus on RF), provides a clear, data-driven 

recommendation for practitioners. 

This paper also, fills a crucial gap by focusing specifically on the regression task of sales 

forecasting. While study [13] shows a high accuracy of 98% for RF, its application was for a classification 

task, which is a fundamentally different problem. By concentrating on sales forecasting as a regression 

problem, the results of this research are directly relevant and applicable to the business problem of predicting 

numerical values. This specificity makes your research highly valuable for companies looking to apply these 

models to their own sales data. The ultimate contribution of this paper lies in its ability to provide clear, 

actionable insights for businesses. The high accuracy and low error rates of recommended models 

(XGBRegressor and LGBMRegressor) enable companies to make better strategic decisions. In contrast to the 
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limited results of other studies, this research offers a powerful tool for improving inventory management, 

optimizing resource allocation, and ultimately increasing sales. 

Furthermore, this paper offers a more comprehensive and robust approach compared to the 

referenced research ([10]-[13]) by utilizing 14 algorithms, significantly more than the one or two used 

previously. While those studies identified either Gradient Boost or RF as the top performers with high 

accuracy, this paper will provide a more detailed and reliable comparison. A key advantage of my work is the 

use of a larger dataset of 51,000 records, in contrast to the smaller datasets in previous studies. I also 

meticulously cleaned the data by removing duplicates, with the original data having only a small percentage 

of issues. This rigorous methodology, combined with a larger dataset, is expected to yield a more powerful 

and dependable model than those in the literature shown all studies in Table 1. 

 

 

Table 1. A comparative analysis of ML algorithms for sales prediction 
Refrences Algorthms (Accuracy) Strengt and weakness 

This Paper 14 Algorthms 

 

In this paper distinguished by its integration of 14 ML algorithms, 

providing a comprehensive evaluation. The key highlight is that the 

XGBRegressor and LGBMRegressor algorithms achieved the highest 

prediction accuracy of 92% and the lowest error rates. This highly 

accurate sales forecasting model enables companies to make better 

strategic decisions, such as optimizing inventory management and 

resource allocation, which directly contributes to increased sales and a 

sustainable competitive advantage. 

Amrutkar and 

Mahadik [10] 

3 Algorthms 

Gradient Boost Algorithm 98%. 

Decision Tree Algorithms 71%. 

Generalized Linear Model 

64%. 

The study demonstrates strength by using real data from an e-fashion 

store, which enhances its practical importance. However, its weakness 

lies in not specifying the actual size of the dataset after cleansing, 

making it difficult to assess the reliability and statistical significance 

of the results. 

Nana et al. [11] 3 Algorthms 

GLM 56.03. 

DT 58.46. 

GBT 95.84. 

While the system effectively identifies the Gradient Boost Algorithm 

as the best predictive model through a strong analytical approach, 

Furthermore, the lack of information on data sources and evaluation 

criteria makes it difficult to fully assess the model's reliability. 

Tony et al. [12] 3 Algorthms 

Random Forest  89 . 

Decision Tree  78 . 

Linear Regression 70. 

The study demonstrates an understanding of the importance of data in 

ML, as it pointed out that increasing data volume enhances the 

predictive power of models. However, its weakness lies in not 

specifying the actual size of the data after cleansing and the absence of 

quantitative values for performance metrics, which reduces the 

credibility of the results and makes them difficult to verify. 

Ofoegbu [13] 4 Algorthms 

DecisionTreeClassifier  88%  

DeepLearningANN 67% 

RandomForestClassifier 98% 

Naïve Bayes 55% 

The research's strength lies in its treatment of a vital business problem 

using effective ML techniques to support decision-making and 

increase profits. However, its main weakness is evident in data 

processing challenges, as some records were discarded with the 

acknowledgement that the fields and attributes used were not suitable 

for deeper analysis. 

 

 

In Table 1 showed the proposed paper offers a more comprehensive and robust methodology for 

sales prediction, as it compares 14 ML algorithms on a significantly larger dataset of 51,000 records. This 

rigorous approach, which includes data cleaning and de-duplication, ensures a more reliable selection of the 

optimal model. As a result, the proposed model is expected to be more powerful and dependable compared to 

previous studies that used a limited number of algorithms and smaller datasets. 

 

 

3. METHOD  

This paper outlines a comprehensive methodological framework for sales prediction using ML, built 

upon a structured, five-stage process. The first stage, Data Collection, involves gathering a large dataset 

(51,000 records) from a global store to ensure a representative sample of sales patterns. Following this, Data 

Preprocessing is performed to clean and transform the raw data. This step includes managing missing values, 

handling outliers, encoding categorical features, and scaling numerical data to prepare it for model training. 

The third stage is feature Selection, where the most impactful variables that influence sales are identified and 

chosen. This is a critical step to ensure that the models are trained on the most relevant information, which 

improves their efficiency and helps to prevent overfitting. After feature selection, the study moves to Model 

Training and Selection, applying fourteen different ML algorithms. This extensive list includes powerful 

regressors like XGBRegressor, LGBMRegressor, and CatBoostRegressor. 

The final stage, Prediction and Evaluation, assesses the performance of each trained model using 

precise metrics such as prediction accuracy and error rates. This systematic approach not only provides a 
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clear comparison of each model's effectiveness but also aims to offer an accurate and generalizable analysis 

that can help companies make informed decisions to optimize their operations and increase profits. Shown 

proposed framework in Figure 1.  

 

 

 
 

Figure 1. The proposed framework prediction sales for global stores 

 

 

3.1.  Global store dataset 

The initial phase, which consists of multiple layers that are prerequisites for training and testing the 

model, data load, and exploratory analysis: the dataset has been uploaded from the Kaggle global stores. The 

Global Store Dataset is a valuable tool for sales forecasting and business analysis, as it contains 24 detailed 

features on sales transactions. It includes crucial information like order details, product categories, and 

customer data, which are all essential for building accurate predictive models. By analyzing these features, 

companies can make informed decisions to optimize operations, increase profits, and improve customer 

satisfaction. The Global Store Dataset is one of the most widely used datasets for analyzing sales, profits, and 

customer behavior in the retail sector. This dataset contains detailed information on sales transactions, 

including order details such as order ID, order and shipping dates, as well as product information like product 

ID, name, category, and subcategory. It also provides comprehensive customer data, including customer ID, 

name, and segmentation into different categories such as consumers, businesses, or home offices. 

 

3.2.  Data preprocessing  

Data preprocessing is a crucial step in transforming raw data into a clean, usable format for ML 

algorithms. This process involves cleaning the data by identifying and handling missing values and errors, 

such as removing outliers, imputing missing data, or correcting formatting issues. In this context, it was 

found that the dataset contained 41,296 missing values in the postal code column, and this error was 

addressed using an imputation technique.  

 

3.3.  Feature selection 

Feature selection is a key process in ML that involves choosing a subset of the most relevant 

features from a dataset [14]. This technique is important because it improves model performance and 

accuracy by reducing noise, while also decreasing computational complexity and speeding up training. In this 

study, the authors used a correlation matrix to identify the most important features for the Global Store 

dataset. The features with the highest importance scores were found to be: 'Ship Mode', 'Quantity', 'Delivery 

Days', 'ProductID', 'OrderPriority', 'Profit', and 'ShippingCost'.] shown in Figure 2. 

 

3.4.  Model selection 

This section provides an overview of various algorithms and methods used for predictive modeling, 

including their core functionalities and key characteristics. 

 

3.4.1. XGB regressor 

A powerful gradient boosting algorithm known for creating highly accurate predictive models [15]. 

XGB Regressor is particularly well-suited for regression tasks because it is able to handle both linear and 
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nonlinear relationships between input features and the target variable. In Table 2, shown that the 

XGBRegressor model demonstrated strong performance with a training score of 0.963, indicating a good fit 

to the training data. The corresponding training error was 4074.603. When evaluated on the unseen test data, 

the model's performance remained high, with a test score of 0.924 and a test error of 8507.671. The cross-

validation score of 0.917 further confirms the model's reliability and its ability to generalize well to new data 

without significant overfitting. 

 

 

 
 

Figure 2. Feature selection 

 

 

Table 2. XGB regressor  
Model Train score Train error Test score Test error cross_validation_score 

XGB Regressor 0.963 4074.603 0.924 8507.671 0.917 

 

 

3.4.2. LGBM regressor  

A fast and efficient gradient boosting algorithm that utilizes a leaf-wise growth strategy, making it 

well-suited for large datasets [16]. In Table 3, the provided paragraph describes a light gradient boosting 

machine (LGBM) Regressor model with a high train score (0.972) and low train error (3081.155), indicating 

it fits the training data well. However, a noticeable drop in performance on new, unseen data is evident from 

the lower test score (0.924) and higher test error (8504.054). This suggests a degree of overfitting, where the 

model has memorized the training data rather than learning general patterns. The cross-validation score 

(0.917) supports the test results, providing a reliable measure of the model's performance on new data. 

Despite the overfitting, the model shows good overall generalization and is still considered a suitable choice 

for the task. 

 

 

Table 3. LGBM regressor  
Model Train score Train error Test score Test error cross_validation_score 

LGBM Regressor 0.972 3081.155 0.924 8504.054 0.917 

 

 

3.4.3. CatBoost regressor 

A ML algorithm distinguished by its ability to effectively handle categorical features [17]. In Table 4, 

the results show that the CatBoostRegressor model achieved excellent performance on the training dataset, with 

a train score of 1.0, which indicates that the model learned the data perfectly. However, the train error was 

relatively high at 12.169, which may suggest the presence of overfitting. On the test dataset, the performance 
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declined, as the test score dropped to 0.92, and the test error increased significantly to 9014.459. This 

discrepancy between the training and testing performance confirms the existence of overfitting. 

 

 

Table 4. CatBoost regressor 
Model Train score Train error Test score Test error cross_validation_score 

CatBoost Regressor 1.0 12.169 0.92 9014.459 0.908 

 

 

3.4.4. Extra trees regressor 

An algorithm that improves accuracy by creating a large number of Random decision trees and combining 

their predictions [18]. These results show that the ExtraTreesRegressor model achieved perfect performance 

on the training data, with a train score of 1.0 and a train error of 0.0. This indicates that the model has fully 

memorized all the training data, confirming the presence of overfitting. Despite this, the performance on the 

test data shows a noticeable drop, with the test score at 0.916. The test error also increased significantly to 

9386.862, reinforcing the idea of overfitting. Nevertheless, the cross-validation score of 0.907 provides a 

more realistic evaluation of the model's performance on new, unseen data.show that in Table 5 

 

 

Table 5. Extra trees regressor  
Model Train score Train error Test score Test error cross_validation_score 

Extra Trees Regressor 1.0 0.0 0.916 9386.862 0.907 

 

 

3.4.5. Random forest 

An algorithm that uses an ensemble of multiple decision trees to make accurate predictions and 

prevent overfitting [19]. In this Table 6 the results show that the RF model achieved strong performance on 

the training dataset, with a train score of 0.986 and a train error of 1517.166. While not perfectly ideal, this 

performance is very good and indicates the model's ability to learn from the data.However, there was a clear 

discrepancy in performance when tested on new data. The test score dropped to 0.911, and the test error 

increased significantly to 10054.34. 

 

 

Table 6. Random forest 
Model Train score Train error Test score Test error cross_validation_score 

Random forest 0.986 1517.166 0.911 10054.34 0.903 

 

 

3.4.6. Bagging regresso 
A ML ensemble technique that enhances accuracy by combining predictions from multiple regression 

models, each trained on a different subset of the data [20] show that in Table 7. 

 

 

Table 7. Bagging regressor 
Model Train score Train error Test score Test error cross_validation_score 

Bagging Regressor 0.986 1500.575 0.91 10078.205 0.902 

 

 

3.4.7. Stacking 

An ensemble learning technique that combines multiple ML models by training base models on the 

same data and using a meta-model to merge their predictions for superior accuracy [21] show that in Table 8. 

 

 

Table 8. Stacking 
Model Train score Train error Test score Test error cross_validation_score 

Stacking 0.976 2629.98 0.903 10932.631 0.896 

 

 

3.4.8. GridSearchCV 

Ahyperparameter tuning technique that systematically explores all possible combinations of 

hyperparameters to select the best set based on cross-validation performance [22]. These results show that the 
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GridSearchCV model, after searching for the optimal parameters, achieved balanced performance. The train 

score was 0.91 and the train error was 9833.712, which indicates a good ability for the model to learn from 

the data. On the test dataset, the performance was very close to the training performance, with the test score 

reaching 0.896 and the test error increasing to 11722.636. This relative consistency between training and 

testing performance suggests that the model did not suffer significantly from overfitting, which is a positive 

outcome show that in Table 9. 

 

 

Table 9. GridSearchCV 
Model Train score Train error Test score Test error cross_validation_score 

GridSearchCV 0.91 9833.712 0.896 11722.636 0.884 

 

 

3.4.9. Decision tree algorithms 

Supervised learning methods that create a tree-like structure to either classify or predict data [23]. 

These results show that the DecisionTree model achieved good performance on the training data, with a train 

score of 0.968 and a train error of 3452.608. This indicates that the model is capable of learning patterns from 

the data it was trained on. However, there is a significant drop in performance when tested on new data. The 

test score decreased to 0.853, and the test error increased substantially to 16543.563. This clear discrepancy 

between the training and testing performance is a strong indicator of overfitting, as the model appears to have 

memorized the specifics of the training data rather than learning general, generalizable patterns show that in 

Table 10. 

 

 

Table 10. Decision tree 
Model Train score Train error Test score Test error cross_validation_score 

Decision Tree 0.968 3452.608 0.853 16543.563 0.84 

 

 

3.4.10. Linear regression 

A statistical method used to model the linear relationship between a dependent variable and one or 

more independent variables [24]. In Table 11, the results show that the LinearRegression model achieved 

balanced and reliable performance. The train score was 0.751 and the train error was 27318.961. This 

indicates that the model learned well from the data. On the test dataset, the performance was very similar to 

the training performance, with the test score reaching 0.76 and the test error at 27002.632. This close 

alignment between training and testing performance is a strong indicator that the model did not suffer from 

overfitting; rather, it has a good ability to generalize. 

 

 

Table 11. Linear regression 
Model Train Score Train Error Test Score Test Error cross_validation_ score 

Linear Regression 0.751 27318.961 0.76 27002.632 0.754 

 

 

3.4.11. Ridge regression 

A linear regression technique that adds a penalty term to the loss function to prevent overfitting. In 

Table 12, these results show that the Ridge Regression model achieved balanced and reliable performance. 

The train score was 0.751 and the train error was 27318.961, which indicates that the model learned well 

from the data. On the test dataset, the performance was very similar to the training performance, with the test 

score reaching 0.76 and the test error at 27002.638. This close alignment between training and testing 

performance is a strong indicator that the model did not suffer from overfitting; rather, it has a good ability to 

generalize. 

 

 

Table 12. Ridge regression 
Model Train score Train error Test score Test error cross_validation_score 

Ridge Regression 0.751 27318.961 0.76 27002.638 0.754 
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3.4.12. LassoLars 

A variant of Lasso regression that uses the least angle regression (LARS) algorithm to efficiently 

perform variable selection and regularization, thereby improving prediction accuracy and interpretability 

[25]. In Table 13, these results show that the LassoLars model achieved balanced and reliable performance. 

The train score was 0.751 and the train error was 27258.665. This indicates that the model learned well from 

the data. On the test dataset, the performance was very similar to the training performance, with the test score 

reaching 0.76 and the test error at 26923.425. This close alignment between training and testing performance 

is a strong indicator that the model did not suffer from overfitting; rather, it has a good ability to generalize.  

 

 

Table 13. Lasso lars 
Model Train score Train error Test score Test error cross_validation_score 

Lasso Lars 0.751 27258.665 0.76 26923.425 0.754 

 

 

3.4.13. Polynomial regression 

A regression technique that models non-linear relationships between variables using a polynomial 

equation [26]. In Table 14, these results show that the PolynomialRegression model achieved balanced and 

reliable performance. The train score was 0.751 and the train error was 27258.665, which indicates that the 

model learned well from the data. On the test dataset, the performance was very similar to the training 

performance, with the test score reaching 0.76 and the test error at 26923.425. This close alignment between 

training and testing performance is a strong indicator that the model did not suffer from significant 

overfitting; rather, it has a good ability to generalize. 

 

 

Table 14. Ploynomial regression 
Model Train score Train error Test score Test error cross_validation_score 

Ploynomial Regression 0.751 27258.665 0.76 26923.425 0.754 

 

 

3.4.14. Bayesian Ridge Regression 

A linear regression technique that applies Bayesian principles to regularize the model, estimating 

parameters by inferring their posterior distribution [27]. In Table 15, the results show that the BayesianRidge 

model achieved balanced and reliable performance. The train score was 0.751 and the train error was 

27258.767, which indicates that the model learned well from the data.On the test dataset, the performance 

was very similar to the training performance, with the test score reaching 0.76 and the test error at 26923.966. 

This close alignment between training and testing performance is a strong indicator that the model did not 

suffer from overfitting; rather, it has a good ability to generalize. 

 

 

Table 15. BayesianRidge 
Model Train score Train error Test score Test error cross_validation_score 

BayesianRidge 0.751 27258.767 0.76 26923.966 0.754 

 

 

3.5.  Prediction and deployment for Ml algorithms 

The evaluation metrics are explained as follows: 

 

3.5.1. Accuracy 

In this study, we will investigate various ML algorithms and their effectiveness in predicting sales. 

The focus of the study will be on comparing the performance of different algorithms, as well as on 

identifying the factors that contribute to the accuracy of sales predictions. To this end, we will use a variety 

of evaluation metrics and statistical techniques to assess the performance of the different models. Through 

this study, we aim to provide valuable insights for practitioners and studies interested in using ML for sales 

prediction Accuracy (R2_score) formula: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠) / (𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠) (1) 
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3.5.2. Training and testing the models 

The model training phase is crucial in ML, as it involves feeding the model with data to discover 

patterns and enhance its predictive ability. In this study, 80% of the data was used to train the model, with the 

remaining 20% allocated for validation. This split ensures the model learns effectively from the majority of 

the data and that its performance is tested on an independent set. 

 

3.5.3. Model performance analysis 

The analysis provided of the MSE graph highlights the performance of various ML models. The 

tree-based models on the left, particularly LGBMRegressor and XGBRegressor, stand out as the best 

performers, exhibiting the lowest testing MSE despite some degree of overfitting (indicated by the gap 

between low training MSE and higher testing MSE). In contrast, the linear models on the right, such as 

LinearRegression and Ridge, demonstrate poor performance with very high and similar MSE values for both 

training and testing data, which is a classic sign of underfitting. The decision tree model is a clear example of 

severe overfitting, showing a minimal training error but a very high testing error, which means it fails to 

generalize new data. In conclusion, while many tree-based models show some overfitting, LGBMRegressor 

and XGBRegressor provide the optimal balance, offering the lowest testing error and thus the highest 

predictive accuracy shown that in Figure 3. 

 

 

 
 

Figure 3. MSE Training vs. Testing: A performance comparison of ML models 

 

 

Mean squared error (MSE) is a measure of the average squared difference between the predicted and 

actual values. It is calculated as the sum of the squared differences between the predicted values and the 

actual values, divided by the number of predictions. 

Mathematically, it can be expressed as: 

 

𝑀𝑆𝐸 =  (1/𝑛)  ∗  𝛴 (𝑦 −  𝑦′) ^2  (2) 

 

 

4. RESULTS AND DISCUSSION  

The analysis of model performance reveals a clear hierarchy among the algorithms tested for sales 

prediction. Gradient Boosting-based models, including XGBRegressor, LGBMRegressor, and 

CatBoostRegressor, emerged as the top performers, achieving the highest predictive accuracy with test scores 
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of 0.92. Notably, LGBMRegressor was the most accurate, recording the lowest test error of 8504.054. 

Following these were the RF-based models (ExtraTreesRegressor, RF, and BaggingRegressor), which all 

achieved a commendable test score of 0.91, though their error rates were slightly higher. In contrast, 

traditional and less complex models such as Linear Regression and its variants performed significantly 

worse, with an average test score of 0.76. This highlights their limited capacity to capture the complex, 

nonlinear relationships within the sales data, confirming the superiority of advanced boosting models for this 

particular task. In Table 16 provides a comprehensive comparison of the performance of various regression 

models on test data, based on two key metrics: test score and test error. 

 

 

Table 16. ML models summary 
Index Model (Accuracy) 

1 XGBRegressor 0.92 

2 LGBMRegressor 0.92 

3 CatBoostRegressor 0.92 

4 ExtraTreesRegressor 0.91 

5 Random forest 0.91 

6 BaggingRegressor 0.91 

7 Stacking 0.90 

8 GridSearchCV 0.89 

9 DecisionTree 0.85 

10 LinearRegression 0.76 

11 Ridge 0.76 

12 LassoLars 0.76 

13 PloynomialRegression 0.76 

14 Bayesian ridge 0.76 

 

 

5. CONCLUSION AND FUTURE WORK 

This paper presents an advanced model that integrates 14 ML algorithms to address the challenges 

companies face in making accurate decisions from vast amounts of data. The research demonstrates the clear 

superiority of the XGBRegressor and LGBMRegressor models, which achieved the highest predictive 

accuracy (0.924) and the lowest error rate. This exceptional performance makes them vital tools for 

companies, enabling precise, data-driven decisions. Through accurate forecasting, organizations can enhance 

operational efficiency by optimizing inventory management and resource allocation, and effectively target 

customers with customized marketing strategies and promotions. The CatBoostRegressor model also 

provides a competitive advantage for handling rich categorical data. The significance of this paper lies in its 

function as a roadmap for companies to leverage ML for sustainable growth and increased profits. To ensure 

the continuity of this progress, the paper offers clear recommendations for future research, such as further 

developing boosting models, integrating external factors, and improving techniques for handling categorical 

data, which will ensure the creation of more robust and accurate models for the future. 
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