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Abstract: Due to influence of Internet, this e-commerce sector has developed rapidly. Most of the
online retailing or selling businesses are seeking for way for predicting their products demand. Sales
forecasting may help retailers develop a sales strategy that will enhance sales and attract more
money and investment. The current research work puts forward a machine learning framework to
forecast E-commerce sales for strategic management using a dataset of E-commerce transactions.
With 70 percent of the data for train and 30 percent for test, three models were produced, namely,
Random Forest, Decision Tree, and XGBoost. In order to evaluate the models, performance
measures inclusive of R-squared (R?) and Root Mean Squared Error (RMSE) were employed. Thus,
the XGBoost model was the most accurate in marketing predictive capabilities for E-commerce sales
with the R2? score of 96.3%. This has demonstrated the increased capability of XGBoost algorithm to
forecast E-commerce monthly sales more accurately than other models and can assist decision
makers for managing inventory and arriving smart and quick decisions in this rapidly growing E-
commerce market. The findings reiterate the importance of using advanced analytics in order to
drive effectiveness and customer experience within E-commerce sector.
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1. Introduction

The faster growing rate and consumption of e commerce technologies, many
consumers prefer to buy on different e commerce platforms. Users may shop whenever
and wherever they please and with convenience as opposed to having to buy items
physically from traditional outlets. They also do not have to wait for the weekend before
they go shop and shop till they drop. Also, platforms have many different types of
products in several designs so the clients can buy what they need without going outside
[1]. There are many benefits of online shopping to the customer, though since e-commerce
sites are mostly virtual, there are certain flaws with the goods that are retailing on such
sites. These issues include inconsistent descriptions of products and their actual quality,
subpar after-sales care, and more. Playing particular emphasis on electronic commerce
platforms, it is therefore quite very important to undertake a sentiment analysis on the
commodity assessment of the acquired items [2].

Big data analytics has become popular in recent years because of the avalanche of
data generated from multiple sources, including social media, consumer loyalty programs,
and point-of-sale systems. Supermarkets may examine this data and learn about
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consumer behaviour, preferences, and trends with the use of big data analytics [3]. Using
machine learning algorithms, predictive models that discover patterns, estimate future
sales trends and give supermarkets useful insights may be created from the data.

For companies that sell retail goods, forecasting sales is crucial since it helps with
inventory control. An essential part of inventory optimisation is forecasting product sales.
Because certain e-commerce companies, as everyone is aware, sell their own distinct
things online. An e-commerce platform of that kind often has to keep a careful check on
its stock. Sales forecasting has several advantages, including budgetary distribution, goal-
setting, audience targeting, performance evaluation, and many more. In an E-commerce
business, sales forecasting and projection are crucial as they indicate the effectiveness of
the sales team, aid in managing the budget and informing decision-making, and establish
the target market [4]. A machine learning algorithm may be used to analyse the significant
patterns and variables included in this data, which will allow for a very accurate forecast
of sales. Based on data, a machine learning model is learnt to look for patterns that repeat
themselves in order to make future occurrences predictions. Machine learning models
have emerged as indispensable tools in grocery sales analysis. Its simplicity and
interpretability make it an attractive choice for modelling sales trends.

A. Motivation and Contribution of Study

The swift expansion of e-commerce has resulted in a rise in the intricacy of data, as
market circumstances, seasonal patterns, and customer preferences influence the amount
of transactions. Accurate sales predictions are vital for E-commerce businesses to manage
inventory, enhance customer satisfaction, and optimize resource allocation. However,
conventional forecasting methods often fall short in capturing these dynamic trends. This
study is motivated by the need to leverage machine learning to create a robust, predictive
sales model capable of addressing these challenges, thereby aiding in decision-making
and helping businesses adapt to fluctuations in demand. This study contributes to the
field of E-commerce analytics by developing a predictive system to forecast sales trends
with improved accuracy. The following are the study's primary contributions:

e  Collected and analyzed E-commerce transaction data spanning multiple years

to identify key sales and trend patterns.

e Applied preprocessing techniques, including missing value handling and

outlier removal, to ensure data consistency.

e  Utilised label encoding to convert categorical features, enhancing compatibility

with machine learning models.

e Selected and refined features based on transaction volume, pricing, and

economic factors to improve model accuracy.

¢ Implemented and optimised models (Random Forest, Decision Tree, and

XGBoost) for effective sales prediction.

e  Evaluated model performance using metrics such as R-squared and RMSE,

ensuring reliable assessment of prediction accuracy and model robustness.

B. Structure of paper

The paper's structure is arranged as follows: A overview of earlier studies on the
topic of predicting e-commerce sales is given in Section II. The research process is
described in Section III, along with the methodology, data pretreatment, and model
selection that were employed. In Section IV, the models' performance is analysed and the
experimental data is presented. Lastly, Section V addresses the ramifications of the
findings and provides a summary of the major conclusions.

2. Literature Review
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The several machine learning methods that may be used to predict e-commerce sales
and management systems are described in recent papers that are included in this section.
Below are a few background studies:

To predict Walmart’s sales issue, the following XGBoost sale prediction model is
proposed by Niu (2020) which composed of XGBoost algorithm with comprehensive
feature engineering processing. The approach utilised in this work could effectively
employ one or the other characteristics of several dimensions to generate efficient
prediction. Based on the datasets of Walmart store sales provided by the Kaggle
competition, this paper evaluates the XGBoost sale forecast model. Having compared with
the other machine learning algorithms, experimental data shows that our strategy is better.
The RMSSE measure of this work is 0.141 and 0.113 less than the RMSSE of the Ridge and
Logistic Regression algorithms. Also, this work aims to determines the importance of the
attributes and gives some useful recommendations [5].

In this paper, Wisesa, Adriansyah and Khalaf, (2020) a succinct examination of B2B
sales dependability via machine learning methods. A variety of sales forecast techniques
and treatments are explained in the research's final section. The data analysis results in
the evaluation of the performance of each prediction model provide the best-adapted
prediction model to be used on the B2B sales trend projection. The findings of the
projection, estimation, and analysis are summed up in terms of reliability and validity of
effective forecasting and prediction techniques. It is anticipated that the analysis's output
would provide forecasting data that is dependable, precise, and efficient—a crucial tool
for projecting sales. Studies have demonstrated that the Gradient Boost Algorithm, with
MSE = 24,743,000,000.00 and MAPE: 0.18, has strong forecasting and future B2B sales
prediction accuracy [6].

In this paper, Ding et al., (2020) suggested using CatBoosting to create a sales
forecasting system. To train the algorithm, the Walmart sales dataset, currently the biggest
dataset in this sector, is employed. Feature engineering was applied well in order to
improve the model’s prediction time and accuracy. Our model achieves an RMSE of 0. 605
in the experiments, outperforming conventional machine learning techniques like SVM
and linear regression. Our method's capacity to generalise on other bespoke datasets is
improved and its potential utility is expanded since it requires less fine-tuning than
previous approaches [7].

Kulshrestha and Saini, (2020) in the current paper, analyzed an e-commerce
company’s selling data set, divided it into different quarters, and calculated the revenue
from sales by that quarter. Following that, the final dataset was separated to the one
having 70% for training and the other — 30%, for testing. We will analyse the most sold
commodities and their frequency of purchase every quarter, as well as project income for
the upcoming quarters using a machine learning algorithm. Then, give the company
organisation the analysis results and the predicted client purchase patterns so they can
develop a plan to maintain and accumulate for their inventory management and get a
competitive edge [8].

In this study, Kaneko and Yada, (2016) make a sale prediction model by applying
point of sale (POS) data collected for three years from a retail business. The model is built
to predict changes that occur in either occurrence or amount of sale on any particular day
as compared to the previous day. Therefore, when using a reachable deep learning model
that incorporates the L1 regularisation, it became possible for the system to predict sales
with accuracy only at 86 percent. The retail store's inventory has been carefully arranged
into categories. Increased from tens to thousands of characteristics of the product
categories did not result in a failure of the predicted accuracy to be decreased by more
than 7%. However, when using logistic regression the accuracy percentage reduced by
about 13%. These findings suggest that building models with multi-attribute variables is
a great use for deep learning. The current study shows that deep learning is useful for
assessing retail shop POS data [9].
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performance, and limitations.

The following Table 1 provides the background study comparison between data,

Table 1. Summary of literature review on e-commerce-based sales prediction using machine

learning
Author Methodology Data Findings Limitations
XGBoost outperformed Logistic Limited co ison to
imi mparison
XGBoost with Walmart sales Regression and Ridge Regression; th dpl !
other models; on
Niu (2020) | feature engineering dataset from RMSSE was 0.141 and 0.113 lower Walmart sales d ty
almart sales data
for sales prediction Kaggle than these models, respectively. d
used.
Feature importance was ranked.
Lack of detail
Wisesa, Gradient Boosti Gradient Boosting had good accuracy z}c do ¢ N tatl 'k()mt
radient Boostin specific data attributes;
Adriansyah i with MSE = 24,743,000,000 and MAPE P . .
for B2B Sales B2B sales data . limited evaluation
& Khalaf o =(.18. Generated reliable, accurate
Prediction beyond MSE and
(2020) sales forecast data.
MAPE.
CatBoost outperf d traditi 1
' atBoost outperformed tra 1 iona Only Walmart sales
. CatBoost with models such as SVM and linear L.
Ding et al. . . Walmart sales . . data used; limited
feature engineering regression with an RMSE of 0.605. .
(2020) o dataset . ] . comparison to other
for sales prediction Required less fine-tuning and
] o ensemble models.
improved generalisation.
Sales prediction Predicted future income and Did not specify the
Kulshrestha | based on ML, split B analyzed frequently sold exact ML algorithm
-commerce
& Saini data by quarters and les dat commodities. Provided strategic used; limited
sales data
(2020) predicted future insights for inventory and business comparison to other
income. planning. models.
N ti f
Deep 1 . Achieved 86% accuracy for sales © mel; :)n © )
eep learnin, computationa
P . ] 3 years of POS prediction. Deep learning model .p .
Kaneko & model with L1 . o . complexity or scalability
L data from a retail outperformed Logistic Regression,
Yada (2016) regularization for . ; for larger datasets. Only
o store with accuracy falling by 7% versus .
sales prediction oo . tested on retail POS
13% for Logistic Regression. dat
ata.

A. Research gaps

Current research on sales prediction using machine learning has shown promising
results but still presents several gaps. Most studies focus on specific industries like retail
and e-commerce, limiting the generalizability of models across diverse sectors.
Additionally, while feature engineering enhances prediction accuracy, model
interpretability remains a challenge, particularly in complex algorithms like deep learning
and ensemble methods. Scalability and computational efficiency for large datasets are also
underexplored, with limited attention given to the practicality of these models in big data
environments. Furthermore, while some algorithm comparisons exist, there is a lack of
research into hybrid models that could leverage the strengths of multiple approaches.
Lastly, the reliance on single-source datasets restricts the robustness of the findings,
indicating a need for more diverse data to validate the effectiveness of these models in
broader contexts.

3. Methods and Materials
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For Predicting E-Commerce Sales & Management System Based on Machine
Learning Methods use E-commerce transaction records collected in China from 2005 to
2019, capturing annual transaction volumes and various influencing factors, including
resource availability, transaction activity, and economic development indicators. After
data collection, pre-process the data for data cleaning. In pre-processing, including
handling missing values, outlier treatment, scaling, and feature selection to improve
model accuracy. A 70-30 data split was used for training and testing Random Forest,
Decision Tree and XGBoost were the selected machine learning models. In order to
improve the system's predicted accuracy and offer useful insights for E-commerce
management, evaluation measures like R-squared and RMSE were employed to evaluate
The performance of the model. The process of designing the research is illustrated in

Figure 1; data flow diagram.

Handling missing value

collect E-commerce trans-

Label encoder for la-

actions data eeallicnce
4
Feature selections Standard scaler for scaling
v P
Data splitting using with train- a )

ing set and a test set L

Apply regression model
like

Error matrix such as RMSE, XGBoost, RF, and DT
AND R2-score ‘

Predict results

Figure 1. Flowchart for Predicting E-Commerce Sales& Management System

A. Data source

The sample set of e-commerce transactions was gathered in China between 2005 and
2019 and included the amount of e-commerce transactions annually as well as a variety of
contributing factors. The primary determinants of E-commerce transactions are the level
of economic development, transaction level, and fundamental resource availability. The
analysis of data with EDA is given in below:
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Figure 2. Unit Price plot

The density plot of Unit Price in Figure 2 illustrates the distribution of unit prices
within the dataset, with prices ranging from 0 to 5 on the horizontal axis and density
values on the vertical axis, peaking at 0.5. The fluctuating line curve reflects the frequency
of different unit prices, showing where prices are most concentrated. This plot helps
visualize how often certain price ranges appear in the data, providing insights into
common pricing trends.

0 5 10 15 2 % kil
Quanfity

Figure 3. Quantity plot

Figure 3 Quantity plot shows a red line graph plotting ‘Density” on the vertical scale
as ‘Quantity’, and on the horizontal scale, ‘Price’. The density values range from 0 to 0.25,
and the quantity values range from 0 to 30. The graph has several peaks, with the highest
peak occurring just before the quantity of 5.
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Figure 4. Density plot for Sales

The sale densities are represented by the density plot as evident in the Figure 4 above.
On this figure, the x-axis displays Sales in the range of 0 and 60, while the y-axis is Density
in the range of 0 and 0.08. The plot shows a peak in sales around 5-10, indicating that this
range has the highest frequency of sales occurrences. As the sales values increase, the
density gradually decreases with some fluctuations.
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Figure 5. Sales over time

Sales over time in Figure 5 shows sales data from December 2010 to November 2011.
It highlights a significant drop in sales in January, followed by a gradual increase with
some fluctuations throughout the year, peaking in November. This visual representation
can be quite useful for analyzing business trends and making informed decisions.

B. Data preprocessing

The process of removing all noise and outliers from the chosen data is known as data
preparation. This entails purging the facts that include a significant quantity of extra
meaning, which indicates less and is not necessary. The key preprocessing steps are
present in below:

e Handle missing value: To maintain consistency in the data, either apply the
mean or median imputation or substitute the average value for the missing
variable.

e Remove Outliers: For extreme outliers, consider capping or removing values
based on business logic. So, all outliers are removed from the dataset.

C. Label encoding

Label encoding is the process of converting categorical data into numerical form in
the domains of the machine learning and data analysis. When working with techniques
that require numerical input, it is very useful because most machine learning models can
only run with numerical data.

D. Standard scaler for scaling

Standardisation, another name for the standard scaler, is another well-liked feature
scaling method in machine learning. Every feature is converted by the approach to a mean
at zero and a unit variance. Although the majority of the data will lie somewhat close to
0, this approach does not restrict the data into a single interval or change its dispersion.
This indicates that even after scaling, outliers can still be found in the data. Equation 1
provides a definition of standard scaling.

X=X
Xscaled = ~ 1)

where: xscaled = a scaled sample point

e x=example point

e X =average of the practice examples

e 0 =the training samples’ standard deviation

Feature selection: Feature selection basic process for enhancing accuracy of a dataset
where data reduction involves the removal of unnecessary information using an
assessment index. Therefore, it is crucial to recognise and pick the most pertinent elements
from the data and eliminate the ones that are unnecessary or unimportant.

E. Data splitting
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This led to partitioning of the dataset into test and training set. Of the whole data,
about 70% was set aside for training, while the remaining 30% was set aside for testing.

E. Model Building

The process of modelling involves determining the algorithms that will be applied to
the project's study. Several algorithms, including Random Forest, decision trees, and
XGBoost, were utilised in this study [10].

1) Random Forest (RF)

Random Forests are one of the ensemble learning technique used in solving
regression and classification problems. It constructs many decision trees with randomly
selected subsets from the input data and characteristics and then computes an average or
performs voting on the future forecasts of all the decision trees. In general, the algorithm
is good and versatile; the results obtained are accurate while the output is easily
understandable.

2) Decision Tree (DT)

The term that is used when doing machine learning to predict regression and
classification is called a decision tree. It constructs a tree like decision model through a
repetitive process of binary splitting of the data by adopted variables until a stopping
criterion is met. Each branch means a possible end result is present, and each node means
a decision based on a feature is present. Decision trees are easy to use an effective means
of analyzing numerical and categorical data.

3) XGBoost

It is an ensemble learning system and it operates its predictions by decision trees,
called XGBoost. In this respect, it may be applied to regression scenarios by reducing a
loss function that measures the difference between the planned and realised target. The
mathematical model used in XGBoost regression can be described as Equation (2):

y=fx) 2)

where y is the predicted property price, The input features denoted as vector x have the
features as the number of bedrooms, area in square feet among others. The boost
algorithm used here is the XGBoost model, f(x).helperx and f(x) are two terms used to
denote the forecast of y. XGBoost constructs decision trees, the primary parameter needed
to optimize is the MSE loss for determination of f(x). After the data has gone through ten
passes of the above generalization and specialization process, the system produces a final
output of an X decision tree forecast. In this paper, I will also show how to use manually
the formula of an XGBoost regression model which, in general, has the following
appearance (3):

y=2X(k=1toK) fk(x) ®)

The estimated version of the NDF is expressed as; f(x) = }.(fk(x)/K) — The sum of the
forecast output of all the decision trees in the ensemble where K depicts the overall
number of the decision trees in the ensemble, and fk(x) represents the forecast of the
particular/fiduciary k -th decision tree. Specifically, the forecast of each tree is the
aggregation of the values of its leaves which are obtained during training and weighted.
The sum of the decision trees” estimates of the XGBoost model for a specific example of
an input (x).

G. Performance matrix

A key component of developing machine learning projects is model assessment,
which facilitates the understanding of model performance and facilitates the explanation
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and presentation of model output. The objective then becomes to demonstrate how near
the projected values are to the real values because it might be challenging to anticipate a
regression model's precise value. Using performance assessment indicators, this study
assessed the models.

1) R-Squared

The regression model's fit to the data is gauged by its R2 value. A higher value of or
R2 show better fit of the model to the empirical findings. R2 values range from 0 to 1.
When the R2 number is 1, it implies that the model accurately predicts the response data,
whereas an R2 value of 0 mean that the model has no capacity of explaining the variation
of the response data around their mean. R2 may be calculated using formula (4):

L. 0i-yp)?
R? = &i=1i i 4
Vi1 i=¥)? @)

2) RMSE (Root Mean Squared Error)

Mean squared error is prevalent, and the standard measure of error is the square root
of mean squared error and thus it is. The RMSE reveals how much the points predicted
there by use of the model deviate from the actualities. Furthermore, and in terms of the
model accuracy, there is evidence of the lower RMSE for both tests. The RMSE calculation

formula is (5):
RMSE = =3, (vi = y/)? ©)

When taken as a whole, these metrics offer information on how well the model
predicts the target variable and how accurate it is.

4. Result Analysis and Discussion

The objective of this study was to Predict E-Commerce Sales & Management Systems.
In this study used various regression techniques. The following Table 2 provides the
XGBoost model performance across the performance.

Table 2. XGBoost model performance on E-Commerce Sales & Management System

Matrix XGBoost
R2 96.3
RMSE 7.7

XGBoost Model Performance for E-commerce

Sales Prediction
150

96.3
100

In %

50
7.7

R2 . RMSE
Matrix

Figure 6. XGBoost model performance

The performance of the XGBoost model shows in above Table 2 and Figure 6. The
XGBoost model demonstrates strong performance in sales prediction, achieving an R?
value of 96.3, which indicates excellent variance explanation, and a low RMSE of 7.7,



Manikanth Sarisa et al.

10 of 11

reflecting accurate predictions close to real auctions values. These indicators demonstrate
how well the model performs in providing accurate e-commerce sales projections.

Customer Sales Forecast using XG Boost

— Original Sales.
—— Preckted Sales

|
ol YR

Jan Mar May July Sep Nov

Figure 7. Prediction using the XGBoost model

The graph in Figure 7 illustrates the Customer Sales Forecast using the XGBoost
model. It compares the actual sales data (in blue) with the predicted sales (in orange) from
January to November. The predicted sales closely follow the pattern of the actual sales,
indicating that the XGBoost model is performing well in forecasting sales trends.

A. Comparative Analysis

This work entails a performance matrix-based comparative analysis of the chosen
machine learning models for sales prediction. This comparison, is based on the transaction
dataset and utilized the RF [11], DT [12], and xgboost model.

Table 3. Model Comparison for sales prediction on transaction data

Models R2
Decision tree 54.76
Random forest 87

XGBoost 96.3

R2-score comparison between models for

120 sales prediction

9§_3
100 I
80 } L
54T76 -
c\? 60 J_
Z 40
20
0
Decision tree Random forest XGBoost
MODELS

Figure 8. Bar graph for comparison of the model’s performance

Figure 8 shows the comparison of sales prediction models reveals significant
differences in performance based on their R? values. Analysing the results, we found that
For the DT model, R? is 54.76, and for the RF model, it is 87. Nonetheless, the XGBoost
model has an outstanding prediction accuracy with the high R? of 96.3, which mean that
among three models presented, it will be the most efficient in sales forecasting.

5. Conclusion and Future Scope

The turnover of retail goods and the share of Internet trading has grown rapidly over
the past two to three years. Consequently, as consumers employ more internet services in
making decision about buying options between actual general physical stores it appears
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that the present research rightly demonstrated the possibility of using machine learning
for predicting E-commerce sales The aforementioned analysis employed transaction
dataset. Three, this paper deals with the application of machine learning approaches to
sales forecasts of E-commerce using the XGBoost model. XGBoost model also have high
value of R-squared of 96.3% which again assists in the accurate prediction of the dataset
over both the Random Forest and Decision Tree models. With this improvement in mind,
it opens a number of opportunities for E-Commerce management for managing
inventories and for making sound decisions by the business. Nevertheless, as a
contribution towards development of the rich and improved prediction model such
additional data in the future can be combined with this of kind, such as the tweets, for
instance, the trends on Twitter or the consumer sentiment. Thus, work in the area of new
solutions using deep learning or in the focus on integrating various algorithms would also
enhance the results obtained above. However, increasing the extent of data, adding more
geographical and time data may provide a wider perspective of E-commerce sale
characteristics which in turn may assist in designing better stable and elastic sales
predicting structure. To overcome these limitations and further experiences and research
avenues that will be important for E-commerce analytics, the following are implied.
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