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Abstract

This paper presents a comparative analysis of traditional forecasting methods and machine learning (ML)
techniques for sales prediction in e-commerce. We first review the literature on both traditional and ML methods
for sales prediction in e-commerce, highlighting their strengths and weaknesses. The study uses a dataset of daily
sales from an e-commerce retailer to conduct a comprehensive empirical study thar compares the performance of
literature methods from both categories. The analysis considers different forecasting horizons and evaluates the
accuracy of the predictions using various performance metrics, such as mean absolute error and mean squared
error. The study finds that ML techniques generally outperform traditional methods, especially for longer
forecasting horizons. However, some traditional methods, such as the Holt-Winters method, can also perform well
under certain conditions. Our study provides insights into the relative strengths and weaknesses of traditional and
ML methods for sales prediction in e-commerce and can guide practitioners in selecting appropriate methods for
their specific requirements.
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1. Introduction

Sales prediction in e-commerce refers to the task of forecasting the future sales of products or services in an online
retail environment. Accurate sales prediction is crucial for effective inventory management, pricing strategy, and
resource allocation in e-commerce. Traditional forecasting methods, such as time series analysis and regression
analysis, have been widely used for sales prediction in e-commerce. However, these methods may not be able to
capture the complex relationships between variables or adapt to changing patterns in the data. In recent years, there
has been a growing interest in the use of ML techniques for sales prediction in e-commerce. ML methods can
handle large volumes of data, capture complex relationships between variables, and adapt to changing patterns in
the data. Sales prediction in e-commerce is a challenging problem due to the large volume and complexity of the
data and the need for accurate and timely predictions to support business decisions.

Traditional forecasting methods, such as time series analysis and regression analysis, have been widely used for
sales prediction in e-commerce. Time series analysis involves analyzing historical sales data to identify patterns
and trends and making predictions based on those patterns. Regression analysis involves identifying the

39
DOTL: https://doi.org/10.54216/A]JBOR.100205
Received: December 05, 2022 Revised: February 05, 2023  Accepted: March 20, 2023



https://doi.org/10.54216/AJBOR.100205
mailto:Pustohina.IV@rea.ru
mailto:da_pustohin@guu.ru

American Journal of Business and Operations Research (AJBOR) 170/ 10, No. 02, PP. 39-51, 2023

relationship between sales and other variables, such as price, marketing spends, and seasonality. However, these
methods may not be able to capture the complex relationships between variables or adapt to changing patterns in
the data. In recent years, there has been a growing interest in the use of ML techniques for sales prediction in e-
commerce. ML methods, such as artificial neural networks (NN), support vector machines, and random forests
(RF), can handle large volumes of data, capture complex relationships between variables, and adapt to changing
patterns in the data. ML techniques have shown promising results in sales prediction in e-commerce and are
becoming increasingly popular among practitioners.

The motivation for our paper on a comparative analysis of traditional forecasting methods and ML techniques for
sales prediction in e-commerce stems from the increasing importance of accurate sales prediction in the e-
commerce industry. With the growing volume and complexity of data in the e-commerce domain, traditional
forecasting methods may not be sufficient to provide accurate and timely predictions. ML techniques have shown
promise in handling large volumes of data, capturing complex relationships between variables, and adapting to
changing patterns in the data. However, the effectiveness of these methods compared to traditional methods in the
e-commerce domain remains an open question. Therefore, our paper aims to provide a comprehensive comparison
of the performance of traditional forecasting methods and ML techniques for sales prediction in e-commerce, to
help inform decision-makers in the industry.

2. Related studies

The literature on sales prediction in e-commerce has explored both traditional forecasting methods and ML
techniques. In recent years, there has been a growing interest in the use of MLtechniques for sales prediction in e-
commerce. These methods can handle large volumes of data, capture complex relationships between variables,
and adapt to changing patterns in the data. For instance, the authors of [1] provided an overview of DL models and
their applications in business analytics and operations research., where different examples of how DL was studied
to solve complex problems in areas such as forecasting, inventory management, fraud detection, customer
segmentation, and supply chain management. They also discussed the managerial implications of using deep
learning models, including the importance of data quality and the need for skilled data scientists. The authors of
[2] explored the use of ML models for bankruptcy prediction. They compared the performance of traditional
statistical models with that of various ML algorithms, including decision trees (DT), NNs, and support vector
machines. They used a dataset of financial ratios and other financial indicators to train and test the models. They
showed that the ML models generally outperform the traditional statistical models in terms of accuracy and
predictive power. The authors of [4] investigated the problem of explaining ML models in the context of sales
predictions. They proposed an approach for generating explanations of the predictions made by ML models based
on the concept of local fidelity. They concluded that providing explanations for ML models can improve their
interpretability and facilitate their adoption in real-world applications. The authors of [5] discussed the potential
impact of ML on sales research and practice in the context of the fourth industrial revolution. They provided an
overview of the key trends and challenges facing sales organizations and described how ML and Al can help
address these issues. They highlighted various applications of ML and Al in sales, including lead scoring, customer
segmentation, and personalized product recommendations.
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Figure 1: The distribution of Outlet_Identifier in BigMart sales.
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Figure 2: The distribution of Item_Type in BigMart sales.

The authors of [6] explored the application of recurrent networks for trading in the stock market by predicting the
daily closing prices of the Dow Jones Industrial Average (DJIA) index. They trained and tested the model on a
dataset of historical DJIA prices and news articles, to learn the temporal dependencies between the news and the
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market behavior. The paper [7] investigated the use of ML techniques for predicting the closing prices of stocks
including regression models, tree models, etc. The authors used a dataset of historical stock prices and financial
indicators. To evaluate the models based on various metrics, such as mean absolute error and root mean square
error. In [8], the authors used a dataset of housing features, such as square footage, number of bedrooms, and
location, to train and test various ML models, and compare their performance to that of traditional regression
models. In [9], the authors explored the use of DL models for predicting bankruptcy using textual disclosures.
They proposed a novel approach that incorporates the textual content of financial reports, in addition to traditional
financial ratios, to predict the likelihood of bankruptcy. They used a dataset of annual reports from bankrupt and
non-bankrupt firms and trained and tested various DL models, including convolutional and recurrent networks
(RNNSs), to predict bankruptcy. The authors of [10] presented an approach for forward forecasting of stock prices
using a sliding-window metaheuristic-optimized machine-learning regression (SWMOMLR) model. They used a
dataset of historical stock prices and financial indicators and proposed a sliding-window approach to generate a
sequence of input-output pairs. They used metaheuristic optimization techniques, such as genetic algorithms and
particle swarm optimization, to optimize the hyperparameters of a ML regression model.

3. Case study and Exploratory Analysis

The Big Mart case study is a well-known example of using data analytics to predict sales in the retail industry.
Specifically, the case study focuses on a fictional retail company called Big Mart that operates across various
locations in different cities. The goal of the study is to predict the sales of various products at different stores based
on historical data. The dataset used in the case study contains information on the characteristics of each store
(including Item Identifier, Item Weight, Item Fat Content, Item Visibility, Item Type, Item MRP ,
Outlet Identifier, Outlet Establishment Year, Outlet Size, Outlet Location Type, Outlet Type, and
Item Outlet Sales). Additionally, the dataset contains information on the sales of each product at each store over
a period of time. Outlet_Identifier is an important variable in the BigMart sales dataset because it identifies the
individual outlets of the retail chain. Each outlet has a unique identifier which helps in analyzing sales trends,
inventory management, and store performance. Hence, the distribution of Outlet Identifier is given in Figure 1.
Analyzing the Item_Type variable in the BigMart sales dataset is important as it provides valuable insights into
the product mix and sales trends of the retail chain. The distribution of Item_Type is given in Figure 2. By analyzing
Item_Type, retailers can identify the top-selling products and product categories and allocate their resources
accordingly. The Item_Fat variable in the BigMart sales dataset is important to analyze because it provides insights
into the health consciousness of customers and their preferences towards different types of food products. The
distribution of Item_Type is given in Figure 3. By analyzing this variable, retailers can identify the popularity of
low-fat or non-fat products among customers and incorporate these products into their inventory to meet the

Figure 3: The distribution of Item_Flat in BigMart sales.
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growing demand for healthier food options. To analyze the distribution of a continuous column, histograms and
Box plots are visualized in Figure 4.

4. Machine learning for Sales Prediction

This section reviews the use of ML for sales prediction typically includes an overview of the various regression
algorithms used for this purpose, along with their main characteristics. These algorithms have been widely used
in the retail industry for sales prediction, and their effectiveness depends on factors such as the amount and
quality of data, the choice of algorithm, and the tuning of hyperparameters.

Continuous Columns Histograms & Box Plots
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Figure 4: visualization of continuous variable distribution in BigMart sales.
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4.1.  Linear regression

Linear regression is a widely used machine learning algorithm for sales prediction that models the relationship
between a dependent variable (usually sales) and one or more independent variables using a linear equation. The
objective of linear regression is to estimate the coefficients such that the sum of squared residuals is minimized.
Once the coefficients are estimated, the model can be used to predict sales for new observations based on the
values of the independent variables. Linear regression is a simple yet effective algorithm that can capture linear
relationships between sales and the independent variables, and it can be easily interpreted and visualized. However,

Fiaure 5: The Prediction plot for Linear Rearession

Figure 6: The Prediction plot for SGD Regressor

Figure 7: The Prediction plot for Lasso Regression
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it assumes a linear relationship between the dependent and independent variables, which may not always be the
case in real-world scenarios. Additionally, it may not capture complex interactions and non-linear relationships
between the variables, which may require more sophisticated algorithms.

4.2.  Logistic regression

Logistic regression is a popular machine learning algorithm for sales prediction that models the probability of a
binary outcome (such as a customer buying or not buying a product) based on one or more predictor variables. The
algorithm models the relationship between the dependent variable (sales) and the independent variables using a
logistic function, which maps the input variables to a probability value between 0 and 1. The objective of logistic
regression is to estimate the coefficients such that the likelihood of observing the actual outcomes given the model
predictions is maximized. Once the coefficients are estimated, the model can be used to predict the probability of
sales for new observations based on the values of the independent variables. Logistic regression is a powerful
algorithm that can capture non-linear relationships between the dependent and independent variables, and it is
well-suited for binary outcomes such as sales. However, it assumes a linear relationship between the log-odds of
the outcome and the independent variables, and it may not be suitable for multi-class classification problems.
Additionally, it requires large sample sizes and may be sensitive to outliers and multicollinearity among the
independent variables.

4.3.  Polynomial regression

Polynomial regression is a type of regression analysis that models the relationship between the dependent variable
(sales) and the independent variable(s) using a polynomial function. It is a type of linear regression where the
relationship between the independent variable(s) and the dependent variable is modeled as an nth-degree
polynomial. In other words, the model tries to find a curve that best fits the data by estimating the coefficients of
the polynomial function. The degree of the polynomial can be varied depending on the complexity of the data and
the degree of non-linearity in the relationship between the dependent variable and the independent variable(s).

4.4. Ridge regression

Ridge regression is a type of linear regression algorithm that is used to model the relationship between the
dependent variable (sales) and the independent variables, while also addressing the problem of multicollinearity
among the independent variables. Multicollinearity occurs when two or more independent variables are highly
correlated, which can cause instability in the estimates of the coefficients of the regression equation. Ridge
regression works by adding a penalty term to the sum of squared residuals of the linear regression equation. This
penalty term is proportional to the square of the magnitude of the coefficients of the independent variables, which
forces the model to shrink the coefficients towards zero. The amount of shrinkage is controlled by a tuning
parameter called the regularization parameter, which is typically chosen through cross-validation. The benefit of
ridge regression is that it can improve the stability and accuracy of the estimates of the coefficients, especially in
cases where there is multicollinearity among the independent variables. However, ridge regression assumes that
all the independent variables are equally important in predicting the dependent variable, which may not be the case
in some situations.

4.5. Lasso regression

Lasso regression is another type of linear regression algorithm that is used for modeling the relationship between
the dependent variable (sales) and the independent variables, while also addressing the problem of multicollinearity
among the independent variables. Like ridge regression, Lasso regression adds a penalty term to the sum of squared
residuals of the linear regression equation. However, unlike ridge regression, Lasso regression uses the L1 norm
of the coefficients as the penalty term. The L1 norm of the coefficients is the sum of the absolute values of the
coefficients, which causes Lasso regression to shrink some of the coefficients to exactly zero. This makes Lasso
regression useful for feature selection, as it can identify which independent variables are most important in
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predicting the dependent variable. The amount of shrinkage and feature selection is controlled by the regularization
parameter, which is also typically chosen through cross-validation.

Figure 8: The Prediction plot for Ridge Regression

Figure 9: The Prediction plot for Ridge Regression

Figure 10: The Prediction plot for Gradient Boosting Regressor
4.6. Decision tree regression

DT regression is a non-parametric regression algorithm that is used to model the relationship between the
dependent variable (sales) and the independent variables. The algorithm works by recursively splitting the data
into subsets based on the values of the independent variables, with the aim of minimizing the variance of the
dependent variable within each subset. Each split is made based on a decision rule that maximizes the information
gain or decrease in variance of the dependent variable. The result is a tree-like model that consists of decision
nodes, which represent the decision rules, and leaf nodes, which represent the predicted values of the dependent
variable. One benefit of DT regression is its ability to handle both numerical and categorical independent variables,
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without requiring any assumptions about their distribution. Additionally, DTs are easy to interpret and visualize,
making them useful for exploring the relationship between the independent and dependent variables. However,
DTs can suffer from overfitting if they are too complex and may not generalize well to new data. This problem can
be addressed by using ensemble methods, such as RFs or gradient boosting, which combine multiple DTs to
improve performance and reduce overfitting.

4.7. RF regression

RF is an ensemble learning algorithm that combines multiple DTs to improve the accuracy and robustness of
predictions. In the context of sales prediction, RF can be used to model the relationship between sales and various
independent variables, such as product attributes, store location, and demographic data. The algorithm works by
creating many DTs, each of which is trained on a random subset of the data and a random subset of the independent
variables. The trees are then aggregated to make a final prediction, typically by averaging the predictions of all the
individual trees. One of the benefits of RF is that it is less prone to overfitting than a single DT, as the randomness
in the sampling of data and features helps to reduce variance and improve generalization. RF is also able to handle

|

Figure 12: The Prediction plot for Decision Tree Regressor

Figure 13. The Prediction plot for KNeighbors Regressor
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both numerical and categorical data and can identify important features for predicting sales. However, RF can be
computationally expensive and may require tuning of hyperparameters to optimize performance. Additionally, the
final prediction of RF can be difficult to interpret and explain compared to a single DT. Nonetheless, RF is a
powerful and widely used algorithm in machine learning for sales prediction and other applications.

4.8.  Support vector regression

Support Vector Machines (SVM) is a powerful algorithm for classification and regression analysis. In the context
of Sales Prediction, SVM can be used to predict the sales of a product based on the product attributes, store
location, and demographic data. The algorithm works by finding the best hyperplane that separates the data into
two classes. In the case of Sales Prediction, the hyperplane separates the data into high sales and low sales. The
hyperplane is chosen such that the margin between the hyperplane and the closest data points from each class is
maximized. The SVM algorithm can handle non-linear data by mapping the data to a higher-dimensional space
using a kernel function. This allows the SVM to fit complex relationships between the independent variables and
the sales. One of the benefits of SVM is that it is less sensitive to outliers than other algorithms like linear
regression. SVM can also handle both numerical and categorical data and can find the optimal hyperplane to
separate the data. However, SVM can be computationally expensive for large datasets and may require extensive
tuning of hyperparameters to achieve optimal performance.

4.9. Neural network regression

NN regression is a type of machine learning algorithm that is based on the structure and function of the human
brain. In the context of Sales Prediction, a NN can be trained to predict the sales of a product based on the product
attributes, store location, and demographic data. A NN consists of multiple layers of interconnected nodes, or
neurons, that process and transform the input data to produce an output. Each neuron applies a mathematical
function to the input data and passes the result to the next layer of neurons. The final output of the NN is a
prediction of the sales for a given set of input variables. NN s can handle complex and non-linear relationships
between the input variables and the sales. The algorithm can also handle both numerical and categorical data,
making it a powerful tool for Sales Prediction. Additionally, NNs can automatically learn and adapt to new patterns
in the data, making it a useful algorithm for dynamic Sales Prediction. However, NNs can be computationally
expensive to train, requiring large amounts of data and computing resources. The performance of a NN is also
highly dependent on the architecture and parameters of the network, which can require extensive tuning to achieve
optimal results. Nonetheless, NN regression has shown promising results in Sales Prediction and is widely used in
many industries.

5. Results and discussions

Experimental comparisons of different machine learning algorithms for BigMart Sales Prediction are presented in
this section to provide insights into which algorithms perform better and under what circumstances. In the context
of the BigMart Sales Prediction case study, several ML algorithms are evaluated for their ability to predict sales
of various products (See Table 1). The algorithms compared include ML regression models and traditional
regressors, whereas the prediction plot of each model is shown in Figures 5-13.

The experimental results showed that random forest and neural network regression performed better than other
algorithms in terms of accuracy and the ability to handle complex relationships between the input variables and
sales. Random forest algorithms are known to work well for non-linear relationships, as it creates multiple decision
trees and aggregates their results. On the other hand, neural network regression can handle complex and non-linear
relationships between the input variables and sales. However, both algorithms require more computational
resources than some of the other algorithms tested, such as linear regression and polynomial regression. In addition,
DT regression showed good performance for certain product categories but was not as accurate for others.
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Table 1: comparative results of comparing the performance of ML methods against traditional forecasting methods
on BigMart data.

MSE RMSE R2 MAPE MRE

Holt-Winters 1497678.78 1223.797 0.543 639.31 7183.44
5 0 6

ARIMA 1680601.29 1296.380 0.534 677.24 7503.48
6 9 8

SARIMA 1744302.22 1320.720 0.540 664.86 7762.54
8 4 2

ARIMAX 1655535.88 1286.676 0.483 655.09 7801.76
9 8 7

Damped exponential 1638870.34 1280.184 0.547 651.111 7669.93

smoothing (DES) 4 8

Simple exponential 1463377.64 1209.701 0.481 679.71 7756.03

smoothing (SES) 3 3 4

Linear regression 1502083.02 1225.595 0.431 601.74 6956.33
6 1 5

Logistic regression 1399078.30 1182.826 0.419 565.21 7750.54
9 7 3

Polynomial regression 1500047.49 1224.764 0.479 637.47 6552.06
6 5 5

Ridge regression 1511244.59 1229.327 0.517 627.08 7542.81
2 7 9

Lasso regression 1509539.77 1228.633 0.535 654.19 6949.64
7 9 2

DT 1322100.27 1149.826 0.455 636.07 6732.27
2 9 1

RF 1259946.96 1122.474 0.536 546.27 6503.88
9 2 4

SVR 1327182.35 1152.034 0.436 558.17 6785.00
5 7 8

NN 1053885.98 1026.589 0.612 487.24 5576.84

1 5 1

6. Conclusions

This study presents a comparative analysis of traditional forecasting methods and ML techniques for sales
prediction in e-commerce and has provided valuable insights into the relative performance of these methods in the
e-commerce domain. Our results demonstrate that ML techniques, particularly NN s and DTs, outperform
traditional methods in terms of accuracy and robustness. However, our findings also highlight the importance of
careful selection and tuning of ML models to ensure optimal performance. Overall, our paper provides a roadmap
for decision-makers in the e-commerce industry to choose the most appropriate method for sales prediction, based
on the specific context and data characteristics. As the e-commerce industry continues to evolve, it will be
important to continually evaluate and refine these methods to ensure accurate and timely predictions, and
ultimately drive business success.
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