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Abstract

In the increasingly competitive automobile industry, identifying and targeting the correct customer
segments is critical for optimizing marketing strategies and resource allocation. This project presents a
comprehensive Machine Learning and Regression framework designed to categorize customers into
four distinct strategic groups (A, B, C, and D) based on demographic and socio-economic variables.
Utilizing a dataset containing features such as Age, Profession, Graduation status, and Spending
Score, the study employs a systematic data science pipeline encompassing rigorous data cleaning,
exploratory data analysis (EDA), and advanced feature engineering. A key innovation in this study is
the development of the Work Experience to Age Ratio, a derived feature that provides deeper
insights into a customer's professional stability and purchasing power relative to their life stage. The
methodology compares the performance of Logistic Regression (LR) and Random Forest
Classification (RFC) models. Initial findings indicate that while LR provides a robust baseline for
linear relationships, the RFC model excels at capturing the non-linear complexities inherent in
consumer behavior. The results demonstrate that factors like Profession (notably Healthcare and
Artistic sectors) and Spending Score are the primary drivers of segmentation. By automating the
classification process, this approach enables automotive companies to move away from generic mass
marketing toward hyper-personalized engagement. This data-driven model provides a scalable
solution for predicting customer groups, ultimately leading to improved conversion rates, enhanced
customer satisfaction, and a more efficient supply chain tailored to specific segment demands.
Keywords: Automobile industry, customer segmentation, machine learning, logistic regression,
random forest classification.
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1. Introduction from various fields, including statistics,
Machine learning has a rich history dating computer science, and neuroscience. The
back to the mid-20™ century. The concept of development of more powerful hardware and
machine learning can be traced back to the the availability of large datasets have
development of artificial intelligence (Al) and accelerated progress in machine learning. The
early efforts to create computer programs that automobile industry is a highly competitive
could learn from data. In the 1950s and 1960s, sector that constantly seeks ways to improve
researchers began exploring the idea of using marketing strategies and customer relations.
algorithms to enable computers to improve Predicting the right group of customers for
their performance on tasks through learning automobile industries is crucial for targeted
from data. Over the decades, machine learning marketing, sales, and product development.
has evolved significantly, with contributions Traditional methods of customer segmentation
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often involve manual processes and are limited
in their ability to handle complex data.
Machine learning and regression approaches
offer a data-driven and automated solution to
this problem.

2. Literature Survey

Customer segmentation is a critical marketing
strategy that involves dividing customers into
smaller groups based on similar characteristics
such as demographics, psychographics,
behaviors, and needs [1]. While previous
studies on customer segmentation provide
valuable insights into consumer behavior, they
also have some limitations that will be
addressed in this research, such as the use of a
broader focus on psychographic and
behavioral variables, and a more in-depth
analysis of the implications of customer
segments for marketing strategy. There are
also very limited studies on
segmentation in Indonesia [2, 3]. Admiration-
based segmentation conducted in this study
focuses on emotional decision-making factors.

customer

This approach recognizes that consumers often
make decisions based on how they feel about a
product, rather than on purely objective
criteria such as price or fuel economy. By
identifying the emotional triggers that inspire
admiration, automotive companies can design
cars that resonate with consumers on a deeper
level and create long-term brand loyalty.
Millennials and Gen Z in Indonesia prioritize
practicality, technology, and sustainability in
their car choices. They value experiences over
ownership, customization, and online research.
These preferences are shaping the automotive
market, leading to a shift towards eco-friendly,
tech-savvy, and customizable cars [4].
Millennials and Gen Z are two generations that
have grown up in the digital age, with access
to technology and information that previous
generations did not have. This has led to
changes in their behaviors, attitudes, and
preferences, including in the automotive
market [5]. While previous generations were
more loyal to specific car brands, millennials
and Gen Z are less so. They are more willing
to switch brands based on their changing needs
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and preferences [6]. To understand how a
brand is admired, first marketers have to
understand customers characteristics and
preferences. Previous literature reviews show
that automotive admiration can vary widely
across different countries in Asia due to
differences in culture, consumer preferences,
and economic development. For example, in
developed countries like South Korea and
Japan, domestic automakers like Hyundai and
Toyota tend to dominate the market due to
strong national pride and a desire to support
local industries [7]. In contrast, in countries
like China and India, there is a growing
demand for Western luxury car brands as a
status symbol among the growing middle class
[8]. Additionally, factors such as government
regulations, infrastructure, and consumer
education can  also  affect
admiration [9]. For example, in countries with
well-developed public transportation systems
like Singapore and Hong Kong, car ownership
may be seen as less necessary and less

automotive

desirable than in countries with less developed
infrastructure [10].

The ASEAN region, which includes 10
countries in Southeast Asia, is a large and
diverse market for cars. The region is home to
over 650 million people, and its rapidly
growing middle class has become an important
driver of car sales in recent years. Japanese car
brands have traditionally dominated the
ASEAN market, with Toyota, Honda, and
Nissan being among the most popular brands
[11, 12]. However, in recent years, Korean
brands such as Hyundai have also gained
significant market share [13]. It's worth noting
that preferences can  vary
significantly by country. For example, pickup

customer

trucks are very popular in Thailand. This is
driven by a combination of factors, including
their versatility, affordability, cultural
significance, and government policies that
support the domestic automotive industry [14].
In Malaysia, domestic car brands such as
Proton and Perodua are the most popular [15].
Similar to Malaysia, domestic car brands like
VinFast and Truong Hai (Thaco) have also
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gained popularity in Vietnam in recent years.
Meanwhile, the Philippines have limited
domestic production of vehicles, with most
cars sold in the Philippines being imported
from other countries. On the other hand,
Indonesia is the largest automotive market in
Southeast Asia, with a population of over 270
million people. It has high demand for
affordable vehicles. Most of the popular car
brands in Indonesia are from Japan, with
Toyota, Daihatsu, Honda, Suzuki, and
Mitsubishi being the most popular. However,
there are also car brands from other countries
such as South Korea, including Kia and
Hyundai. Additionally, some luxury car brands
from Europe and the United States are also
available in Indonesia, but they are generally
having less population due to their higher
prices. Chinese car brands have also expanded
their business in Indonesia with the presence
of Wuling, Cherry and DFSK. Demographic
data is an important statistic that describes a
population and is a popular factor used by
marketers. Consumers' needs, wants, and
brand preferences are often associated with
demographic variables. By examining the
demographic segments of consumers who
admire a brand, marketers can see changes in
demand and determine the target market for
the products offered. The demographic
characteristics used in this study are age,
gender, income, education, occupation, and
number of household members. The types of
brands that people are looking for will change
as they age and develop in their life cycle. A
motive is a need that is sufficiently pressing to
induce a person to act [16]. Motivation is the
process or act of providing a motive that
causes someone to take an action. According
to several theories, motivation is rooted in a
basic need to maximize pleasure, minimize
physical pain, or satisfy one's desire for a goal,
state, or object. When a need arises, there will
be pressure that encourages consumers to try
to fulfil that need. This study seeks to
understand the motivation underlying a
customer's admiration for a certain car brand.

3. Proposed Methodology

This research develops a data science project
that focuses on predictive modeling and
analysis using a customer dataset for
automobiles. It follows a standard data science
workflow, starting from data loading and
preparation,  through  exploration  and
visualization, to machine learning model
building and evaluation.
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Fig. 1: Proposed system architecture of
customer segmentation.

Here’s an overview of the key components and
steps involved in this project:
1. Data Loading: It begins by loading two CSV
files, "Train.csv" and "Test.csv," into Pandas
DataFrames. These files likely contain data
related to the project's target, such as customer
segmentation or classification.
2. Data Preparation and Exploration: It is an
essential step in any data science project. In
this project, several tasks are performed to
understand the data better:

— Setting display options to show more
rows and columns, making it easier to
view the data.

— Displaying a random sample of 10 rows
to get a sense of the dataset's structure.

— Creating visualizations, such as a count
plot, to understand the distribution of the
target variable ('Segmentation').
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— Checking for missing values and
duplicates in the dataset.
— Creating a heatmap to visualize the
location of missing values.
3. Data Cleaning and Preprocessing: This is
crucial to ensure that the dataset is ready for
modeling. This project includes various data
preprocessing steps:
— Removing duplicate rows to ensure
data integrity.
called
by
and

Creating a new feature
'Work Experience to Age Ratio'
combining "Work Experience'
'Age.'

Handling missing values in different
'Ever_Married,'

'Profession,'

columns, such as
'Graduated,'
'Family Size,' and "Var_1.'
Replacing with  appropriate
values in specific columns.

Z€10osS

Encoding categorical variables
('Gender,' 'Ever Married,' 'Graduated,'
'"Profession,' 'Spending_Score,' 'Var_1")
for machine learning models.

Creating additional categorical
columns to represent age ranges, work
experience ranges, family size ranges,
and work experience to age ratio
ranges.

Saving the cleaned dataset to an Excel
file for further analysis.

4. Data Visualization: This is a critical part of
the data exploration process. The project
includes various visualizations, such as bar
charts, pie charts, and distribution plots, to
better understand the data distribution and
relationships among variables.

5. Correlation Analysis: A heatmap is created
to visualize the correlation between numerical
features in the dataset. This helps identify
potential relationships
among variables.

and dependencies

6. Data Scaling and Splitting: Before building
machine learning models, the project scales
the features using Min-Max scaling to ensure
that all features have a similar scale. The
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dataset is then split into training and testing
sets.
7. Machine Learning Models: Two machine
learning models are trained and evaluated

— Logistic Regression: This model is used

for classification tasks, and its

performance is evaluated using metrics
such as accuracy.
Classifier: Another

classification model is trained, and its

— Random Forest

accuracy is evaluated.
8. Model Evaluation: The accuracy scores of
both machine learning models are calculated
and likely compared to determine which model
performs better for the given task.
4. Results and Discussion
The dataset used in this research consists of
several columns, each containing specific
individuals. It contains
individuals, including
demographic details (such as gender, age,

information about
information about

marital status, and education), professional
information (occupation and work experience),
and some categorical variables (spending
score, family size, and Var 1). The ultimate
goal of this dataset seems is to predict or
analyze the segmentation of individuals based
on these attributes, making it a potential
dataset for classification or segmentation tasks
in data analysis. Here’s a description of each
column in the dataset:

— ID: This column represents a unique
identifier for each individual in the
dataset. It's often used to distinguish
between different records but may not
provide any meaningful information for
analysis.

Gender: This column records the gender
of each individual. It has values like
“Male” and “Female” to indicate
whether a person is male or female.

Ever Married: This column indicates
whether an individual has ever been
married. It has values like "Yes" and
"No" to represent marital status.

Age: This column represents the age of
each individual. Age is a numerical
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variable, and it provides information
about the age distribution of the dataset.
Graduated:  This
whether an individual has graduated

column indicates
from an educational institution. It has
values like "Yes" and "No" to represent
educational attainment.

Profession: This column records the
profession or occupation of each
individual. It can have various values
corresponding to different professions or
job titles.

Work Experience: This
represents the number of years of work

column

experience an individual has. It's a
variable that provides
information about work history.

numerical

Spending_Score: This column records
the spending behavior or financial status
of each individual. It has values like
"Low," "Average," and "High" to
categorize spending habits.

Family_Size: This column represents the
size of an individual's family, which
typically includes family members such

as parents, siblings, and children. It’s a

numerical  variable indicating the
number of family members.
— Var 1: This column is labeled as

"Var 1" and contains categorical or
coded values that may have
significance within the dataset. The
specific meaning of these values would

some

need further context or documentation.
Segmentation: This column appears to
be the target variable for the dataset. It
represents  the
classification  of

segmentation  or

individuals  into
different groups or categories based on
The wvalues in this
column could be labels such as "A," "B,"
"C," and "D," indicating different
segments or categories.

certain criteria.

Results description

Fig. 2 displays the consolidated raw data
structure. By merging the training and testing
sets using pd.concat, the system creates a
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unified data frame of over 10,000 records. This
step is crucial for maintaining consistent
preprocessing (like scaling and encoding)
across both sets, ensuring that the model
encounters the same feature space during both
training and final inference.
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Fig. 2: Dataset after concatenating the train
and test files.
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Fig. 3: Count plot of customer segmentation
for automobile industries.

Fig. 3 illustrates the class distribution across
the four target segments: A, B, C, and D. It
serves as a diagnostic tool to check for class
imbalance. A balanced count across segments
suggests that the model will not be biased
toward a specific group, allowing for a more
reliable calculation of accuracy and F1-scores.
Generated using sns.heatmap(auto_ds.isnull()),
Fig. 4 visualization highlights "gaps" in the
data. The yellow/bright lines indicate missing
values in columns like Ever Married,
Graduated, and Profession. This map justifies
the subsequent data imputation strategy, where
specific nulls were filled with "No" or the
mean value to prevent data loss during model
training.

Fig. 5 represents the relative frequency of each
customer segment. By converting raw counts
the

into percentages, system provides a
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business-centric view of the market share for
each group, helping stakeholders understand
which segment (e.g., Segment D at ~28%) is
the most dominant in the current dataset. This
set of plots (Bar and Pie charts as shown in
Fig. 6) breaks down the categorical features
Gender, Status, and
Profession. It allows for a "profile" of the
typical customer. For instance, it might reveal
a higher concentration of "Artists" or
"Healthcare" professionals, which the Random
high-

such as Marriage

Forest model later identifies as

importance features for classification.

Null Values Heatmap
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Fig. 4: Heatmap generated for disclosing the to
show null values in the dataset.
Count Count%

D 3027 28.30
A 2318 26.35
C 2442 22.83
B 2408 22.52

Fig. 5: Percentage of count column.
Utilizing a combination of Distplots, Boxplots,
and Violin plots, Fig. 7 analyzes the spread
and skewness of numerical data.

e The Age Distribution identifies the
peak buying age.

e The Boxplots help detect outliers (e.g.,
unusually large family sizes).

e The Work Experience to Age Ratio
plot visualizes the custom-engineered
feature, showing the density of
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"career-carly"  vs.  "career-stable"
individuals.

Fig. 8 provides a matrix of scatter plots and
histograms, showing the bivariate relationship
between every pair of numerical features,
color-coded by the target Segmentation. This
is the most complex visualization, used to
identify if certain segments (like Group D)
naturally cluster together based on variables
like Age and Family Size.
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Fig. 7: Data visualization of age distribution,

work experience, family size distribution and
work experience to age ratio distribution.
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Fig. 8: Pair plot for features with labels.

Fig. 9: Correlation heatmap of input attributes.
Fig. 9 is a heatmap that displays the Pearson
Correlation Coefficient between all encoded
variables. It is the primary tool for Feature
Selection. It identifies multicollinearity (e.g.,
the  relationship  between Age  and
Ever_Married) and shows which features have
the strongest linear correlation with the
Segmentation_Level, guiding the final
selection of inputs (X) for the LR model.

5. Conclusion

This machine learning approach demonstrates
that customer segmentation in the automobile
industry is no longer a matter of guesswork but
a data-driven science. By integrating
demographic data (Age, Family Size) with
behavioral indicators (Spending Score,
Profession), we successfully mapped a diverse
consumer base into four distinct clusters (A, B,
C, and D). The analysis revealed that features
such as Profession and Spending Score are the
strongest predictors of a customer’s segment.
Our implementation of LR provided a solid
baseline, while the RFC offered superior
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handling of the non-linear relationships
inherent in social-economic data. Key feature
engineering—specifically the Work
Experience to Age Ratio—added a layer of
depth that allowed the models to better
distinguish ~ between  "Career-Established"
buyers and  "Entry-Level" consumers.
Ultimately, these models allow automobile
manufacturers to move beyond broad
marketing into hyper-personalized targeting.
By accurately predicting a new customer's
segment, companies their
inventory, tailor their promotional messaging,
and allocate resources toward the highest-
value groups. Moving forward, incorporating
Gradient Boosting or Neural Networks could
further refine accuracy, ensuring that
marketing spend is always directed at the right
group of customers.

can optimize
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