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Abstract

The purpose of this study is to investigate the strategic use of predictive analytics by
forecasting total sales from a supermarket sales dataset using ridge regression and
numerical characteristics. Based on the idea that patterns in past data might influence
present and future business choices, ridge regression was chosen because it effectively
manages multi collinearity and improves prediction accuracy. After identifying the
primary drivers of sales using feature correlation analysis, a ridge regression model
was constructed as part of the technique. With a Mean Squared Error (MSE) of
0.00109 and an R-squared value of 0.99, the model showed remarkable performance.
The findings showed that quantity, gross income, and unit pricing had the most effect
on overall sales. According to these results, predictive models may be extremely
helpful in enhancing the accuracy of decisions, allocating resources as efficiently as
possible, and fostering strategic corporate expansion. Although the model performs
well, its drawbacks include the dataset's limited breadth and the omission of
categorical variables. This study offers novel insights by showing how predictive
modeling may directly improve business strategy, expanding beyond operational
forecasting.

Keywords: Predictive Analysis, Business Growth, Decision Making, ridge regression,
EDA.

1. Introduction

In the current corporate environment, data has become an essential resource for
companies looking to gain a competitive edge (Kumar & Garg, 2018). Data generation
has increased at an unprecedented rate across several industries because of the quick
development of automation, digital transformation, and the Internet of Things (IoT)
(Wazurkar, Bhadoria & Bajpai, 2017). For businesses, this data explosion offers both
opportunities and challenges since, despite the abundance of information available; it
is still difficult to derive actionable insights. Thus, sophisticated analytical tools that
can convert unprocessed data into knowledge that can be used are becoming more and
more necessary to help firms make strategic and well-informed decisions (Wolniak &
Grebski, 2023).
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A well-known subset of data analytics, predictive analytics, has emerged as a crucial
method for identifying hidden patterns, forecasting future results, and directing
business strategy (Joel & Oguanobi, 2024; Agu, Abhulimen & Obiki-Osafiele, 2024).
Predictive analytics helps companies to foresee market trends, streamline operations,
customize consumer experiences, and reduce risks by leveraging statistical algorithms,
machine learning models, and historical data. Predictive analytics is used in many
different areas, such as manufacturing, healthcare, finance, and retail, proving its
adaptability and revolutionary potential (Boppiniti, 2019; Adesina, Iyelolu & Paul,
2024).

Regression-based approaches have been widely employed for prediction purposes
among the many modeling techniques available. Ridge regression is a strong method
that improves model stability and generalization performance by addressing multi
collinearity problems by adding a penalty term to the loss function (Hossain, Yasmin,
Biswas, & Asha, 2024). Ridge regression is still relevant because of its simplicity,
interpretability, and effectiveness, especially in corporate environments where
transparency and ease of implementation are critical, despite the growing interest in
more complex machine learning models like neural networks and ensemble
approaches.

Ridge regression modeling is used in this study to anticipate the overall sales amount
based on several input factors using a supermarket sales dataset. The retail business
frequently has difficulties with demand forecasting, inventory management, and sales
optimization, which greatly benefit from predictive insights- so the choice of a retail
context was purposeful (Nishat, Mehedi, Rashid & Raasetti, 2024). With an almost
perfect fit to the observed data, the model's R-squared value of 0.99 and Mean Squared
Error (MSE) of 0.00109 demonstrate its exceptional accuracy. The most important
elements influencing sales success were also found using feature correlation analysis,
which provides more in-depth understanding of customer behavior and product
dynamics.

The practical relevance of predictive analytics in actual corporate settings is what
makes this research significant. This study closes the gap between the theoretical
developments in predictive modeling and their real-world implementation in strategic
corporate decision-making by using a simple yet effective statistical model. This work
highlights the relevance of predictive insights in directing resource allocation,
enhancing operational efficiency, and forming strategic growth initiatives, in contrast
to earlier research that mostly focused on model performance measures.

Thus, by demonstrating a workable application of ridge regression modeling in
business settings, the study adds to the growing corpus of knowledge in data analytics
and lays the groundwork for future research examining the incorporation of more
sophisticated machine learning techniques for improved business intelligence.

1.1 Problem Statement

In today's data-driven business world, organizations are increasingly relying on
predictive analytics to guide strategic choices and maximize expansion opportunities.
Nevertheless, even though predictive models are widely used in many different sectors,
it is still very difficult to properly connect predictive insights into workable business
plans, especially in the retail industry. Rather than guiding more comprehensive
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strategic objectives, traditional sales forecasting models frequently concentrate on
optimizing operational activities. This brings up an important research question: How
can the retail business use predictive analytics to identify important sales factors and
improve strategic decision-making using technical modeling approaches like ridge
regression?

The main purpose of this study is to answer this question by examining key sales
predictors in the retail industry and illustrating how ridge regression may enhance
decision-making accuracy, maximize resource allocation, and promote overall
business expansion.

1.2 Objectives of the Study
The main objectives of the study are as follows:

o To identify and analyse the key input features that significantly correlate with
total sales and influence business growth.

e To apply the Ridge Regression model for accurate sales prediction using the
selected features.

e To evaluate model performance through visualization and statistical metrics
such as R? and Mean Squared Error (MSE).

1.3 Significance of the Study

By proving the efficacy of ridge regression, a straightforward and understandable
predictive model, for sales forecasting, this work advances the area of business
analytics. It makes predictive analytics accessible to a larger variety of organizations,
particularly SMEs, by providing useful insights on how companies may apply data-
driven strategies without depending on unduly complicated models. Additionally, the
research offers practical advice for resource allocation and decision-making by directly
connecting feature relevance to business strategy.

1.4 Originality of the Study

Although a lot of research has been done on predictive analytics in corporate settings,
much of it focuses on using sophisticated machine learning methods like Random
Forests and Support Vector Machine models. This study shows that Ridge Regression,
a transparent and computationally efficient approach, can estimate business growth
with very high predictive accuracy (R2 = 0.99, MSE = 0.00109). Additionally, this
study emphasizes model interpretability above complexity and provides actionable
insights for strategic decision making through a thorough correlation analysis of factors
impacting total sales. Thus, by providing a lightweight yet effective predictive
framework, the study closes the gap between sophisticated predictive analytics and
real-world commercial applications.

1.5 Disposition of the Study

The rest of the study is as follows: Section 2 briefly describes the relevant work in this
field. Section 3 explores the main architecture of the system, whereas Section 4
illustrates the study's Results and Analysis. Finally, section 5 includes the conclusion
and future work of the study.
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2. Related Works

Predictive analytics has become a crucial component of business decision making
procedures in recent years, allowing organizations to learn from vast amounts of data
in order to enhance performance and optimize strategy. Scholars have investigated
many methodologies and applications in a range of sectors, emphasizing the
advantages and disadvantages of data-driven approaches.

2.1 Predictive Analytics Techniques and Models

The methods of predictive analytics for improving corporate performance have been
the subject of several studies. To help business decision-making processes, Boppiniti
et al., (2019) developed interpretable prediction models using supervised learning
techniques. Their research focused on striking a compromise between interpretability
and model correctness, which is essential for real-world commercial applications. The
adaptability and expanding use of predictive analytics across industries were also
highlighted by Sarker et al., (2021), who explored a variety of data science and
machine learning approaches that are transforming industries including cyber security,
healthcare, and finance. Tuli et al., (2018) used workforce analytics with predictive
modeling in the human resources field to show how predictive insights may improve
HR tactics and promote organizational expansion.

These studies demonstrate how machine learning and statistical modeling are
becoming more and more important in corporate contexts. Nevertheless, they
frequently concentrate on intricate models, such as deep learning networks or ensemble
approaches, which could be difficult for non-technical business users to understand
and use practically.

2.2 Integration of Data Analytics for Business Improvement

Researchers have investigated how data analytics might be more broadly included in
business strategies in addition to technical modeling. The synergy of artificial
intelligence, data mining, and statistical techniques to improve business intelligence
frameworks was studied by Adesina et al., (2024) who emphasized the necessity of a
comprehensive strategy to data use. According to Hossain et al., (2024), combining
various data sources enhances insight creation and decision quality. They also
examined the influence of qualitative and quantitative analytics on business decision
making. These studies support the idea that good integration of various data sources
and methodologies, in addition to strong models, is essential for successful business
analytics.

Although these studies highlight the value of all-encompassing analytics methods, they
frequently concentrate on large, resource-rich firms, creating a research void that
addresses workable, scalable models appropriate for small and medium-sized
businesses (SMEs).

2.3 Data-Driven Decision Making Outcomes

Numerous empirical investigations have illustrated the observable results linked to the
use of data-driven decision making (DDD) methodologies. Strong evidence that DDD
techniques are associated with better levels of productivity in manufacturing
enterprises, surpassing those that rely on traditional methods or intuition, was
presented by (Brynjolfsson et al., 2019; Awan et al., 2021) investigated how big data
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analytics might improve circular economy decision making, highlighting the
significance of business intelligence skills in gaining long-term competitive
advantages. Nishat et al., (2024) further showed the usefulness of predictive analytics
in reducing uncertainty and directing business strategy by examining its function in
risk management and trend forecasting.

All of these studies confirm that data-driven tactics may significantly improve the
performance of organizations. However, they usually don't isolate certain statistical
modeling approaches, like ridge regression, which are straightforward yet effective
tools for many commercial applications, instead concentrating on the wider effects on
decision making.

2.4 Identified Gaps

Although earlier studies have shown the benefits of predictive analytics in corporate
settings, most of these studies focus on sophisticated machine learning models or
comprehensive strategic frameworks. Evaluating simple but powerful statistical
models, such as ridge regression, has received little attention, especially when it comes
to actual retail sales forecasting. Furthermore, while some studies emphasize how
analytics adoption leads to increased productivity and better decision making, less
attention is paid to the direct connection between feature significance analysis and
company expansion and strategic resource allocation.

By using ridge regression to forecast overall sales and examine important sales factors,
our study fills these gaps. In doing so, it provides a useful, understandable, and easily
available predictive analytics framework that may assist operations and strategic
decision making for companies.

3. Methodology of the System

The methodology adopted in this study comprises five systematic modules: (1) Data
Collection Strategy, (2) Case Description, (3) Data Analysis Strategy, (4) Data
Measurement Techniques, and (5) Ethics in Research. The entire process is described
in this section.

3.1 Data Collection Strategy

The "Supermarket Sales Dataset,”" a publicly accessible dataset on Kaggle, provided
the data used in the present study. This secondary data source was chosen because of
its thorough organization, applicability to the retail industry, and ease of use for
scholarly study. All the data was anonymzed, and no sensitive or private information
was utilized.

3.2 Case Description: Supplementary Sales in Supermarket Retail

The transactional information used in this study comes from a supermarket retail chai
n that operates in Myanmar and serves the three main cities of Mandalay, Naypyitaw,
and Yangon. The dataset records actual in-store sales transactions from three branches
spread throughout these cities. Every transaction contains information on the product
line, payment method, customer rating, and customer type (Member or Normal), which
offers important insights into how customers behave while making purchases in a
physical retail setting.
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The dataset is especially useful for examining supplementary sales, which are extra
things, bought in addition to basic goods. Product placement, customer loyalty
programs, or in-store promotions are frequently the driving forces behind these. When
positioned effectively, product categories like Fashion Accessories, Health and
Beauty, and Food and Beverages, for example, may see chances for additional sales.
This case enables us to investigate trends in cross-selling and upselling, product
categories, quantity, and client preferences by city, as well as the effect of sales tactics
on total income.

3.3 Data Analysis Strategy

Data Analysis included formatting date/time features for temporal analysis, managing
missing values (if any), and cleaning and verifying data types. Initially, descriptive
analytics was used to comprehend the distribution of data. Afterwards, correlations
between important factors and the target variable, total, were found using statistical
inference and visual analytics.

Nonetheless, in accordance with conventional academic format, each insight,
visualization (box plots, scatter plots, etc.), and statistical outcome is provided
independently in the Results section

3.4 Data Measurement Techniques

There are both numerical and categorical variables in the dataset. Label encoding or,
if required, one-hot encoding was used to encode categorical information (such as
gender, product line, and payment method). Statistical methods were used to assess
numerical variables such as unit price, quantity, tax 5%, and total, and scatter plots
were used to show the results. Predictive analysis also took feature significance into
consideration.

After that, Ridge regression is applied to the dataset. It incorporates a regularization
component into the ordinary least squares (OLS) regression. This regularization aids
in limiting the model's complexity and avoiding over fitting (McDonald, 2009; Cule &
Torio, 2013).

The OLS formula is as follows:
RSS = Y™ (Actual Value — Predicted Value)? (1)
On the other hand, the ridge regression formula is as follows:
RSSyiage = Xi=1(Actual Value — Predicted Value)® + a ¥5_, Bj* (i)
Here, p = number of predictors,
B; = coefficient for predictorj,
a = hyperparameter that regulates the penalty term's severity,

When there is multi collinearity in the data and a large number of characteristics, ridge
regression is especially helpful (Hoerl, 2020). It is a more dependable model for
prediction in complicated datasets because it prevents over fitting and helps balance
the bias-variance trade-off by adding the regularization factor (Walker & Birch, 1988).
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3.5 Ethics in Research

Since this work uses anonymized data that is publicly available for academic purposes,
there are no privacy or data protection ethical issues. No changes were performed that
would distort the original dataset, and the source is appropriately attributed. The
analysis was conducted transparently and with academic honesty.

4. Results and Analysis

In this section, we have illustrated the overview of the dataset, the statistical summary,
and the results of the exploratory data analysis. After that, we have included the feature
selection, data visualization, and performance metrics of the model, respectively.

4.1 Overview of the dataset

The study's dataset consists of transactional data from a chain of supermarkets,
encompassing sales records from several locations and cities. It has 17 features and
1,000 rows, each of which represents a distinct property related to the payment,
customer, product, or transaction data.Table. 1 shows the sample data of the
supermarket sales dataset. To know more about the dataset, please visit the footnote'.

Table 1: Sample of the Supermarket Sales Dataset.

Invoice ID Branch City Custome Gender Product Line Unit Price Quan Tax
r Type -tity 5%
Health
750-67-8428 A Yangon Member Female and beauty 74.69 7 26.14
Naypyita Electronic
226-31-3081 C w Normal Female accessories 15.28 5 3.82
Home
631-41-3108 A Yangon Normal Male and lifestyle 46.33 7 16.21
Food and
692-92-5582 B Mandalay Member Female beverages 54.84 3 8.22
gross margin gross Rat
Total Date Time Payment Cogs percentage income -ing
1/5/201
548.97 9 13:08 E wallet 522.83 4.761 26.1415 9.1
3/8/201
80.22 9 10:29 Cash 76.4 4.761 3.82 9.6
3/3/201 Credit
340.52 9 13:23 Card 32431 4.761 16.2155 7.4
3/4/201 Credit
172.74 9 13:27 Card 164.52 4.76 8.226 5.9

4.2 Statistical Summary

A statistical summary is a set of fundamental statistics that characterize a dataset's
features. It facilitates comprehension of the data's distribution, central tendency, and
spread. Usually, these summaries spot trends, find irregularities, and guide pre-
processing and modelling choices (Haberman & Whitney, 2011). The statistical
summary is applicable only for numerical data, as we have 17 features, 8 of which

Thttps://www.kaggle.com/datasets/lovishbansal123/sales-of-a-supermarket
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convey numerical values: Unit price, Quantity, Tax 5%, Total, cogs, gross margin
percentage, gross income, and Rating. It consists of the value of the mean, max, min,
count, quartile, and standard deviation of the features. Figure .1 illustrates the basic
statistical summary of the numeric features from the dataset.

unit price Quantity Tax 5% Total COgs
count lees. laea. laee. leee.paoeer  1e0a.aoaoa
mean 55.672138 5.51eaa8 15.379369 322.966749 3@7.58738
std 26.494628 2.923431 11.7@88825 245,885335 234.17651
min 1a.a3a688 1.@e0088 @.583568 1a.673588 1a.17a6a8
25% 32.875088 3. eeppae 5.924875 124.422375 118.49758
seX 55.23a688 5.@eaaa8 12.@833068 253, 3438a8 241.76a68
75% 77.935088 8. eeppae 22.445258 471.350258  448.98588
max 99, 960688 1. aaaaaa 49, 656888 1842658088 993, aRaea
gross margin percentage gross income Rating
count leas. laes. leas. aaaae
mean 4.7619a5 15.379369 6.97278
std @.eeaoee 11.7@88825 1.71858
min 4.7619a5 @.583568 4. eaaa8
25% 4.761985 5.924875 5.5e888
seX 4.7619a5 12.@833068 7. @aeaa
75% 4.761985 22.445258 8. 5e8ee
max 4.7619a5 49, 65e888 1. eaaaa

Figure 1: Statistical Summary of the Numeric Features

The important findings from the summary are as follows:

The standard deviation was 26.49 and the average unit price was around 55.67,
suggesting a moderately dispersed range of product costs.

An average of 5.51 products was bought in each transaction, indicating a
propensity for moderately big purchases.

With respective means of about 15.37, the distributions of the Tax 5% and
Gross Income characteristics were comparable.

The total sales for each transaction varied greatly, reaching a maximum of
more than $1,000.

The primary cost component in relation to total sales was reflected in the
COGS (Cost of Goods Sold) mean of 307.59.

Interestingly, the Gross Margin Percentage stayed at 4.761905% throughout
all records, indicating that the company used a set gross margin strategy.

With a very modest standard deviation and a mean rating of 6.97, most
customer reviews appeared to cluster around 7 out of 10.

The variability, core trends, and outlier presence of the data were all clarified by these
first studies, which influenced the feature selection and model-building procedures

further.

4.3 Exploratory Data Analysis (EDA)

Exploratory Data Analysis is referred to as EDA. It is a way of evaluating datasets to
highlight their key features, frequently using visual aids. Before using more formal
statistical modelling, EDA aims to comprehend the structure of the data, find patterns,
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uncover anomalies, test hypotheses, and verify assumptions utilizing a variety of
methodologies. Understanding and preparing data for machine learning requires
exploratory data analysis or EDA (Vigni, Durante & Cocchi, 2013). We have
visualized the relationship between various features and target variables using a scatter

plot, which is as follows:

e  Unit Price Vs Total — Figure 2 shows the relationship between unit price and
total. The unit price and total have a positive relationship. The total tends to
rise in tandem with the unit price. Given that the price of individual units
closely correlates with the total number, this is to be anticipated. Purchases
with the same total but differing unit costs are indicated by some dots that

appear vertically stacked.

1000

800
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200

Figure 2: Scatter Plot of Unit Price with Total.

e Quantity Vs Total - Although there is more variation, the link between
quantity and total likewise exhibits a positive association. Figure 3 shows the
relationship between unit quantity and total. The vertical clusters show that
the unit price differs among transactions with the same amount, even when
increasing quantity raises the total. A few outliers could impact the spread.
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Scatter Plot: Unit price vs Total
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Cogs Vs Total — Figure. 4 shows the relationship between cogs and total. The
term "COGS" refers to the cost of goods sold. According to the scatter plot,
COGS and Total have a positive association, implying that when the total
quantity rises, so does COGS. The data points' curve suggests a non-linear
relationship.

Gross margin percentage vs. total - It appears that the gross margin % stays
the same for all settings of "Total." Figure 5 illustrates the relationship
between gross margin percentage and total. No matter how much is sold
overall, the gross margin % remains constant, according to the flat horizontal
trend.

Scatter Plot: cogs vs Total

1000 o
800

600 s

Total

o*
200 .\.‘\@‘

0 200 400 600 800 1000

Figure 4: Scatter Plot of Cogs with Total.

Scatter Plot: gross margin percentage vs Total
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Figure 5: Scatter Plot of Gross Margin Percentage with Total.
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o Tax 5% Vs Total — Figure 6 explores the relationship between unit price and
total. an almost flawless linear correlation between total and tax 5%. The
linear association is anticipated since Tax 5\% is obtained straight from the
Total (Tax = Total * 0.05).

Scatter Plot: Tax 5% vs Total

o
.pf"’ﬁ
800 -
600 ﬁ
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~ -
200 ﬁ.‘ﬂj"‘ﬁ’ :

Tax 5%
Figure 6: Scatter Plot of Tax 5% with Total.
e QGross income vs. total - There is a significant positive association between

gross revenue and "Total" shown in Figure 7. Like the COGS plot, gross
revenue rises non-linearly, as does the total amount.

Scatter Plot: gross income vs Total
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Figure 7: Scatter Plot of Gross Income with Total.
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Scatter Plot: Rating vs Total
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Figure 8: Scatter Plot of Ratings with Total.

e Rating Vs Total — Figure 8 explores the relationship between Rating and total.
Most of the data points are dispersed over the whole range of totals, with
scores ranging from 4 to 10. Multiple points are clustered in apparent vertical
clusters, representing certain total ranges where ratings are regularly recorded.
The x-axis labels seem compressed, as in the earlier displays, which makes it
challenging to understand the overall numbers. By changing the axis scale or
the figure size, this might be made better.

The essential influencing elements for model creation were identified with the aid of
these findings. While static or poorly correlated characteristics were taken into
consideration for removal or de-emphasis during feature selection, features with
considerable variability and high correlation were given priority for inclusion in the
regression model.

4.4 Feature Selection

Since highly relevant elements enhance the model's precise prediction capacity, they
must be retained (Li et al., 2017). To simplify and enhance generality, a feature may
be a good candidate for elimination if it is unnecessary or redundant (Venkatesh &
Anuradha, 2019). Figure 9 explores the correlation between the input features and the
target variable (Total). It is observed that Tax 5%, gross income, and cogs have an
equal correlation with the target variable; total, quantity, and unit price have a medium
correlation with the target variable, and rating and gross margin percentage have a very
small correlation.

Based on the correlation, we have chosen the features tax 5%, gross income, cogs,
quantity, unit price, and rating as the important features to train our model.
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Correlation of Input Features with Target Variable (Total)
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Figure 9: Correlation of input features with target variable.

4.5 Data Visualization

The "Actual vs. Predicted Values" scatter plot is illustrated in Figure. 10. Data
Visualizations showing individual data points on a two-dimensional graph are called
scatter plots (Mayorga & Gleicher, 2013). It is employed to illustrate the connection
between two continuous variables. It shows how actual and anticipated values relate
to one another in a regression model. The following are some essential takeaways from
this plot:

e Perfect Alignment: A perfect match between the actual and anticipated values
exists since the data points (blue circles) are tightly aligned with the red dashed
diagonal line.

e (Great Accuracy: The model exhibits great accuracy with few mistakes since
the points are nearly perfectly on the diagonal.

e Linear Trend: The model appears to have successfully captured the connection
between the variables based on the strong linear correlation.

Actual vs Predicted Values

800 /

w00 | /

200 1

@

o

=]
L

Predicted Values

o 200 400 600 800
Actual Values

Figure 10: Scatter Plot of Actual vs. predicted Values.
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4.6 Statistical Metrics of the Model Performance
Table 2 shows the statistical metrics of the model performance.
Table 2: Statistical Metrics of the Model Performance.

Statistical Metric of the Model Performance

Mean Square Error: 0.00109
R”2score: 0.99
Average Cross Validation R"2score: 0.99
RMSE: 0.03
Coefficient of Variations (CV): 0.01%

Here, MSE = 0.00109 suggests that the predictions made by the model are quite close
to the actual values since it shows that the average squared difference between the
predicted and real values is very tiny. R"2 = 0.99 indicates that the model is doing a
great job of explaining 99% of the variation in the target variable.

According to this statistic, the Average Cross-Validation R*2 score = 0.99, which
indicates that the model does a good job of generalizing across various data subsets.
The model performs consistently across several data splits, which is a positive
indication of resilience.

A very low value of RMSE 0.03 means that the model's predictions are quite near to
the actual values, particularly if the scale of the target variable is not much more than
0.03. The CV measures the target variable's relative variability concerning the mean.
A very low CV of 0.01% indicates that the model's relative error is very low, which is
an excellent measure of stability and accuracy.

5. Discussion
5.1 Impact of Ridge Regression Modelling

The possibilities of ridge regression modeling for predictive analytics in corporate
decision making are illustrated in this paper. The model's good fit and predicted
accuracy were demonstrated by its R-squared value of 0.99 and MSE of 0.00109. The
idea that only sophisticated machine learning models are useful for corporate analytics
is called into question by these findings, which imply that statistical models that are
rather easy to understand and interpret may offer extremely insightful information
about how businesses operate.

The results are in line with earlier research by Sarker et al., (2021) and Boppiniti et al.,
(2019) which highlighted the importance of interpretable models in real-world
business contexts. This work demonstrates that companies, particularly SMEs, may
reap significant gains from easily available statistical methodologies without requiring
complex infrastructures, in contrast to research that focuses on sophisticated deep
learning or ensemble models (Tuli et al., 2018). The linear correlations between key
sales drivers, including [Tax 5%, Gross Income, Cogs, Quantity, Unit price and
Ratings], are probably the cause of the good predictive performance, confirming that
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ridge regression is a suitable method for the dataset in question. This study provides
practical insights for improving marketing and operational strategies by finding and
visualizing the attributes most closely associated with sales. In practice, the results can
assist retail companies in prioritizing high-impact factors, allocating resources more
effectively, and making better strategic choices based on predictive modeling.

However, this study has several shortcomings. The findings may not be as broadly
applicable as they may be because the research is based on a single retail data set.
Furthermore, ridge regression may miss more intricate, nonlinear patterns because it
works best with linear correlations.

5.2 Impact of Input features on Target variable

Figure 11 explores the relationship between the goal variable, "Total," and the input
attributes, offering important information about the dataset. A near-perfect positive
connection between '"Total' and parameters like Tax%, Gross Income, and COGS (Cost
of Goods Sold) is shown in Figure 10, with each feature exhibiting a correlation
coefficient approaching 1.0. Larger gross revenue and related taxes immediately lead
to larger total sales values, as the assumed business logic is confirmed by this strong
linear link.

0.8

VALUE
=
=

0.4

0.2

Total Tax 5% Gross Cogs Quantity  Unit price  Rating Gross
Income Margin
Percentage
FEATURE NAME

Figure 11: Impact of input features on the Target variable

Quantity and unit prices showed moderate relationships, suggesting that although
quantity sold and pricing strategies influence overall sales, they are not as significant
as financial aggregates like COGS and gross income. Features like Rating and Gross
Margin Percentage have little relationship with the goal, indicating that while internal
profit margins and customer satisfaction scores are crucial for the general health of the
company, they might not be the main drivers of sales income right away.

These results are in line with other research (Agu et al., 2024 & Boppiniti, 2019) that
found financial variables to be highly predictive of sales results. Nonetheless, other
research that highlights the importance of customer happiness on long-term income
contrasts with the modest influence of customer evaluations (Nishat et al., 2024).
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This study's visualization and analysis of feature correlations not only confirmed the
predictive power of the chosen variables but also offered useful information for
strategic decision making. For example, companies that want to increase revenue
should put more emphasis on tax management and gross income optimization than they
should on short-term metrics like customer satisfaction or gross margin percentages.

Overall, by offering a useful and scalable illustration of predictive modeling for
strategic decision making, this work advances the expanding subject of business
analytics.

5.3 Limitations and Future Work

Notwithstanding its high prediction accuracy, the research contains several drawbacks.
The results may not be as broadly applicable to other businesses or sectors because the
investigation was based on a single retail data set. Furthermore, whereas ridge
regression works well for linear connections, it could miss intricate nonlinear patterns
in the data. To confirm and expand the results, future research might examine bigger
and more varied datasets and use more sophisticated models like ensemble
approaches tech6niques.

6. Conclusions

This study shows how predictive analytics significantly affects decision making and
corporate growth. The model's 99% accuracy, obtained using ridge regression on a
supermarket sales dataset, highlights the dependability of data-driven models for
predicting business outcomes. Thanks to the study of feature correlations and
individual numerical connections, businesses could make well-informed strategic
decisions, which yielded insightful information about important sales drivers. The
results indicate that predictive analytics may greatly improve decision accuracy,
maximize resource allocation, and reduce company risks by detecting sales trends and
growth variables. Additionally, by using'" correlation analysis, firms may better
understand the impact of each feature and develop more focused plans. Although ridge
regression was the main emphasis of this work, more complicated business contexts
may benefit from investigating more sophisticated models such as decision trees,
random forests, and deep learning approaches. Businesses may get a competitive edge
by incorporating predictive analytics into their decision making processes. This will
allow for better consumer targeting, proactive planning, and long-term success in
today's data-driven market.
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