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Abstract-

A crucial tactic for companies trying to comprehend and
successfully serve the wide range of wants of their customers is
customer segmentation. This abstract presents the idea of customer
segmentation and emphasizes the value of using regression analysis
as an effective technique to do this. Businesses can identify unique
consumer segments through the collection and analysis of customer
data, which facilitates targeted marketing, product development,
and customer interaction initiatives. This strategy improves
customer experience overall, cost effectiveness, and targeting as
well as client retention. Regression-based customer segmentation
services give organizations the ability to make data-driven decisions
that boost sales, strengthen client bonds, and give them a
competitive edge in the fast-paced market of today.
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1.Introductory

Success in today's fast-paced and cutthroat business environment
depends critically on your ability to understand your clientele.
Customer segmentation, which is the process of grouping customers
according to common traits and behaviors, has become an essential
tactic for businesses looking to customize their goods, services, and
advertising to appeal to a wide range of consumer demands.
Businesses use regression analysis, a statistical technique that
enables them to find hidden patterns and relationships within their
consumer data, to achieve effective customer segmentation.

By dividing their customer base into segments, companies can craft
personalized marketing campaigns, optimize product offerings, and
develop targeted customer engagement strategies. This not only
enhances customer satisfaction but also contributes to increased
customer retention rates and higher overall revenue. In an era where
data is abundant, harnessing the potential of regression-based
customer segmentation is essential for staying competitive and
relevant in the ever-evolving marketplace. In the following
sections, we will delve deeper into the intricacies of customer
segmentation services using

regression, exploring its methodologies, benefits, and real-
world applications in the business landscape.

2. Study Deficit

It is evident from the literature analysis that a large number of
previous studies have concentrated on customer behavior, brand
awareness, purchase intention, and YouTube advertisements.
Advertisers on YouTube increase their earnings 49% faster than
those that do not use them. Segmentation is driven by YouTube
ads. Additionally, additional variables such as the correlation
between the YouTube advertising budget and sales have not been
well characterized in other studies. Therefore, it is necessary to
comprehend the connection between the budget for YouTube
advertising and sales in social media advertisements. To improve
the accuracy of our results, we are incorporating a new factor: the
customer's budget.

3. Design of Research

Goal

To examine the connection between sales and previously
acquired goods.

utilizing the training data set to construct a logistic
regression model.

to use a logistic regression model to forecast how a test
data set will be segmented.

4.Conjecture
Null Hypothesis: There isn't a statistically meaningful
connection  between the advertising budget and
segmentation.
Alternative Hypothesis: Segmentation and budget for
previously purchased items have a statistically significant
relationship.
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5.Setting Up the Data

The preloaded data set in the model used for this research’s analysis
is the Marketing dataset. This marketing dataset examines the
impact of three different advertising mediums on sales: Facebook,
YouTube, and newspapers. The predictor variable in this study is
the budget for online marketing and YouTube advertising, whereas
sales is the outcome variable. Sales are indicated by the dataset's
final column, and media advertising in 1000 dollars is indicated by
the remaining columns. The dataset has two hundred rows in it.
Every row represents a distinct advertising experiment. Following
data loading, a comment named head is used to examine a few
representative samples from the dataset. Similarly, the tail comment
is used to examine the end of the data setThis is done because the
final few columns of some data sets may contain unrelated totals or
summaries of the data. The data is then split into two sets: the
training dataset (70%) and the testing dataset (30%), with 145 rows
in the training dataset and 55 rows in the test dataset.

6.Understanding and analyzing data

Logistic regression, as used in data visualization, indicates a
logistic relationship between the predictor and result
variables.By creating a dot plot of the outcome variable
(sales) against the predictor variable (YouTube advertising
budget), a logistic relationship may be quickly confirmed.
The relationship between the predictor and outcome variables
can be shown by running the following R code.the marketing
segmentation plot (marketing) and the model (col=2, lwd=3)
Positively, the preceding graph shows that there is a growing
logistic association between the predictor variable (budget,
formerly Buyed & Age) and the outcome variable
(segmentation). The following R code is used to determine the
correlation coefficient between the outcome and predictor
variables.

7.correlation value

The marketing segmentation and marketing $YouTube)
correlation coefficient cor is 0.7822244.The correlation
coefficient quantifies the degree of relationship between the
predictor factors and the outcome. A perfect negative link
between variables is shown by a correlation coefficient value
of -1, and a perfect positive association is indicated by a value
of +1. If the value is closer to zero, the two variables have a
weaker link. The correlation coefficient in this study is 0.78,
indicating that the predictor and outcome variables have a
very strong positive association.

8.Model of Logistic Regression

In this paper, segmentation units are predicted using a
straightforward logistic model based on YouTube advertising
budgets. The model's beta coefficients can be obtained by
running the following code. model. <Im (market train data,
sales~YouTube)

Values of Coefficients

training Process

» Logostic Regression

I pancas.core. common 1 t random_state

from sklearn, linear_model import LogisticRegression
rodel = Logist on(randon_state = 0)
nodel. fit(X_train, Y_train)

(1) . /_

Tl e

10 100 1000

Fig. 1 Logistic Regression

The predictor variable's intercept and beta coefficient are
shown in the value above. The computed equation is
therefore sales = 7.82 + 0.051*PPl. THE variable's
coefficient is 0.051, and the intercept (b0) is 7.82. This
formula can be used to anticipate the number of sales units
for each new YouTube advertising expenditure. The
projected sale with a $0 YouTube advertising budget is 7.82
units. The projected sale for a $1,000 YouTube advertising
spend is 7.82 + 0.051 * 1000 = 58.8 units.

9.Synopsis of the Model

By displaying the statistical summary of the model, the
statistical significance of the model is evaluated prior to
applying it for predictions.Before a predictive model is used
to make predictions in the actual world, it is essential to
evaluate its statistical significance and dependability using
the model summary. It includes the kind of model that is
used, the data source and preprocessing procedures, the
model fit assessment using suitable metrics, the in-depth
analysis of predictor variable coefficients and their
significance, the validation of model assumptions, a careful
look at residuals for any trends or assumptions that are
broken, and a final appraisal of the model's performance.
This summary acts as an essential quality control point,
guaranteeing that the model is statistically sound and
prepared for efficient application in forecasting and
decision-making.

10. Understanding
It is possible to ascertain whether or not the null hypothesis
may be rejected using the p-value of the t-static. The more
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important the predictor, the higher the t-statistic and the lower
the p-value. The intercept and predictor variable p-values in
this study are both very significant. As a result, there is a
substantial correlation between the Segmentation outcome
variable and the predictor variable, YouTube advertising.
Thus, zero, the hypothesis is disproved. After the null
hypothesis is disproved, it is typical to assess the logistic
regression model's quality of fit. Regression fit's logistic
quality is commonly assessed using two related metrics: the
R-squared statistic and residual standard error (RSE). The
residual standard error for the training data set in this study is
3.87.This indicates that there is an average deviation of 3.87
units between the Segmentation value and the real regression
line. The average sales value in this training data set is 16.83,
meaning that the percent error is 3.87/16.83=22%, indicating
areasonable residual error. Thus, the model better matches the
data by lowering the RSE. In this study, the R square value is
0. 8684. A higher R-squared model will be superior. The R-
squared number normally ranges from O to 1. Because of its
strong R-squared value, the research's logistical regression
model performs accurately.

Customer Segmentation

Using test data to make predictions, the regression model's
performance is assessed. fresh data <- data. frame (c(0,1000)
= YouTube) anticipate (new data, model)

In the test datasets, the model and the observed outcome
value have a strong correlation. 4.06 is the computed Root
mean square value for the test dataset. With 4.06 times the
mean, or 24% of the test dataset, the error rate is negligible.
Thus, the model's accuracy is high.

11.Resulting

The budget for YouTube advertising and sales are
logistically and additively related.

The outcome variable and the predictor variable have a
substantial relationship.

The previously purchased items budget and sales have a
statistically significant link.

The research’s logistic regression model matches the data
extremely well.

The logistic regression model predicts that an increase of
58 units in sales will occur for the $1,000 YouTube
advertising spend.

The expenditure budget will likewise drop significantly
if we can narrow down the consumer pool based on
previously bought goods.

12. Confusion Matrix

from sklearn.metrics import confusion_matrix , accuracy_score
2 cn= confusion_matrix(Y_test, y_pred)
int("Confusion Matrix: ")
4 print(cn)

print (f"Accuracy of model: {(accuracy_score(Y_test,y_pred)*100)}% ")

Confusion Matrix:
[[61 0]
[20 19]]
Accuracy of model: 80.0%

Fig 2. Confusion Matrix
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TABLE I. OVERVIEW OF ISSUES APPROACHES,METHODS

serial | Identify Problem Spoken Strategy And Technique
no.
l. Bhattacharya, R.K., machine learning from a e This study compares the forecasting
and Bose, 1. [4] business data mining accuracy of several linear and
standpoint.Data and nonlinear models for total retail sales.

administration

I Foster J. Provost, | effective User Profiling with e A mathematical approach for reliable
Fawcett, and the Integration of Data production planning is presented in
Tom [14] Mining and  Machine this study.
Learning. e The model assists fashion apparel

suppliers in allocating production
orders to various facilities with
varying lead times and manufacturing
costs, as well as in scheduling and
sequencing these production orders in
a timely manner.

m Rekha} _ "Machine Learning for Retail e While creating succ_essful r_egression
Ashwini. Giant Sales Forecasting" models for forecasting retail sales can
B[5] benefit from the use of seasonal
Banjanagari, dummy variables.
Vijaykumar e Dummy regression models'

performance might not be reliable.

V. Norio, Hidetsugu |“using GAs and artificial neural e The majority of PSA literature focuses
Suto, and networks to  build a on creating predictive models for
Baba.[12] sophisticated sales prediction particular sales-related choices,

system.” including calculating the likelihood that

a lead would convert.
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TABLE II: Synopsis OF DIFFERENT TRAJECTORY PREDICTION APPROACHES

seri| Call out Problem Estimating criteria Qualities

aln Spoken trajectory

um prediction

ber technique

I Weber, enhanced trajectories Customer Numerou_s aspects are _talfen into
R., and supply chain | represented by a segmentation and account, including variations in
Aburto, L. administratio | probabilistic distance from output and the stochastic nature
[1] n through model that intersection of customer demand.

the use of accounts for all
hybrid potential future
demand consumer
projections. | behaviors.

I Thoben, K.D,, An analysis Demand is A crucial duty in Additionally, this
Karimi, H.R., and|  of fashion particularly retailing is sales study examines
Beheshti-Kashi, markets' unpredictable in | forecasting. several approaches to
S.[3] retail sales consumer- the predictive power

forecasts and | oriented industries of user-generated
predictions. | like electronics content and search
and fashion. terms.

1 Suniti "Clinical A component of We discover that Time-series data, such as retail
Yadav, Cardiology logistics in out-of-sample sales data, differ from the data
Khushbu Statistics management is situations, the often utilised in general
Kumari,[6] Curriculum, | retail., nonlinear models | regression analysis in a few key

" can perform better | ways.
than their linear
equivalents.

v Michael "Pre_dlctlng The goal is to We S The production plan
Giering[11] retail sales use CVaR to nsk—_constralned generated by this model takes

and maximise the profit-expected into account the stochastic
suggesting production's magaisation nature of client demand and
items based overall profit. model m_the specifies the quantities of each
on garment industry product.

consumer to address this

demographi unpredictability

cs at the in client demand.

shop level
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13.In summary

For many marketers, YouTube is their primary marketing
platform because to its incredible growth in the last ten
years in social media advertising. Sales, market share, and
brand awareness can all be increased online. Online
branding has always been the domain of marketers. They
have since taken the time to comprehend how YouTube
ads affect sales. This analysis clearly shows that there is a
substantial correlation between sales and the amount
spent on YouTube advertising. According to this study,
YouTube advertising is a more accurate indicator of a
company's segmentation. As we narrow down the
candidates and clients, our overall budget for YouTube
and web ads will decrease swiftly.
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