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Abstract 
Online retailers should study customer behavior to strengthen their digital presence and 
sales techniques. This research uses data to analyze online purchase customer behavior 
dynamics. This study uses sophisticated analytics to find patterns and trends in a huge 
dataset from several e-commerce platforms that affect consumer interactions and 
purchase choices. The research analyzes customer behavior (both browsing and 
purchasing), how digital marketing methods affect buying decisions, and how social 
media affects consumer behavior. Demographic differences, such as gender, age, and 
geography, also affect online customers, according to the study. The research uses 
machine learning algorithms to anticipate customer preferences and behavior. This 
provides vital data for internet companies to customize their products to customers' 
tastes. The study also examines online buyers' mental states. These criteria include 
reviews and ratings, internet shopping ease, and trust. Further, the research examines 
the possibilities and constraints of new technologies like augmented reality and AI-
driven tailored suggestions. It also discusses how these technologies may revolutionize 
online shopping. Overall, e-commerce enterprises, marketers, and politicians may profit 
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from this research on online purchasing consumer behavior dynamics. These findings 
underpin customer-focused online buying tactics. Understanding the multifaceted 
nature of digital clients' behavior may help companies adjust to the digital marketplace's 
ever-changing expectations. 
 
Introduction 
The changing expectations and desires of consumers have changed the consumer 
landscape. Modern people are self-aware, independent, and want distinctive 
experiences. With this upheaval, firms must rethink their plans. To survive in the 
competitive and fast-changing business, organizations must study consumer 
preferences. In response to the changing business climate, companies are prioritizing 
data-driven insights to comprehend the complex consumer behavior ecosystem. Due to 
data availability and analytical processing advances, companies may increasingly 
understand their customers. Data-driven insights allow organizations to adapt and 
personalize their offerings to meet consumer needs. The Customer Shopping Choices 
Dataset helps explain complex customer choices and motivations. 
Exploratory data analysis will be used to use the vast Customer Shopping Preferences 
Dataset. EDA, a sophisticated analytical approach, can discover hidden trends and 
patterns in massive datasets. A thorough data analysis will uncover the factors that 
affect consumer behavior. The goal is to understand consumers' purchase motivations, 
not only collect statistical data. This study aims to advance consumer behavior research 
in the contemporary economy. The study uses data-centric methods to understand 
client preferences beyond superficial observations. Besides theoretical discoveries, this 
research has practical uses. The findings can help companies adapt to changing 
consumer expectations. Exploratory Data Analysis (EDA) will be used to evaluate the 
Customer Shopping Preferences Dataset to gain practical insights that could improve 
and clarify corporate operations. 
 
Literature review 
Modern consumers prefer tailored business experiences. An extensive review of 
scholarly literature shows that this paradigm change has far-reaching effects. Tailoring 
products and services to preferences must be stressed. Scholars have studied the 
psychological causes of this insatiable desire for individuality, including social media's 
impact on self-esteem. To meet customers' increased awareness and discerning tastes, 
businesses must adapt. They realize that conventional tactics are insufficient to attract 
and maintain their target audience. Due to the tendency towards personalization, data-
driven insights are essential to modern corporate strategy. Numerous studies show that 
using data to understand consumer preferences and tendencies is effective. Experts and 
practitioners agree that data-driven decision-making helps organizations adjust to 
market changes and stay competitive. Modern analytics and machine learning may 
retrieve nuanced information from massive databases to help companies understand 
customer preferences. 
Artificial intelligence’s application in deriving insight into how consumers behave and 
what their purchasing patterns look like has great potential (Al Noman et al., 2024). As 
an example, frameworks for managing large volumes of work for AI in cloud spaces 
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enable the effective working with large datasets in E Commerce (Nuthalapati, 2024). 
The data lakes architecture has been instrumental in managing large volumes of 
consumer data and allowed rich analyses of aspects of browsing and purchasing (S.B, 
2023). The use of machine learning for strategic foresight has also been useful in 
consumer pleasing and enhancing personalization in online retailing development 
(Sufian et al., 2024). AI-enabled business intelligence tools have stressed the 
importance of data-driven decision-making practices in formulating digital marketing 
approaches (Rimon et al., 2024). Likewise, advanced models such as weather 
forecasting models possess the requisite features for the development of sound e-
commerce forecasting models that predict customer behavior (Nuthalapati, 2024). The 
integration of AI and quantum computing has also demonstrated its usefulness in 
dataset management which will assist in the establishment of more precise 
recommendation systems for online shoppers (Mosaddeque et al., 2024). It is said that 
cloud-based structure of data lake-house establishes efficient working systems that help 
in the management of a wide spread analysis of consumer behaviors and preferences 
(Aravind.N, 2024). Optimization empowered. 
Easily accessible methodologies (Ahamed et al., 2024) that can easily be customized to 
enhance online retail operations and increase customer satisfaction are provided like the 
energy systems. Finally, the paradigmatic predictive analytics role (Tarafder et al., 
2024) in the provision of health care mirrors the application of similar technologies to 
anticipation and satisfaction of the evolving expectations of online shoppers. 
Academic literature emphasizes consumer choices' dynamic nature and the need for 
market-responsive company strategies. To predict trends, adjust to consumer 
preferences, and evaluate products, companies need data insights. The need for 
powerful analytics to predict and understand individual preferences through bespoke 
experiences is elevating data-driven insights and customization. 
 
Methodology 
Kaggle provided this study's dataset. Examining 3900 customer interactions reveal 
consumer preferences. purchasing history reveals customer behavior through trends, 
classifications, and frequency. However, gender and age indicate consumer traits. User 
transactions are indicated by preferred payment methods, while feedback scores 
measure customer happiness and product development issues. 
Visual and statistical methods were utilized to analyze the Customer Shopping 
Preferences Dataset using exploratory data analysis (EDA). Summary statistics like 
mean and median will be used. Consumer preference variability will be examined using 
standard deviation and other dispersion methods. 
The data will be examined using box, scatter, and histograms. Visualizations help 
identify data distributions and abnormalities. Correlation matrices help identify 
customer preference relationships, enhancing dataset comprehension. 
We cannot overstate the importance of exploratory data analysis. A thorough dataset 
analysis is needed to identify hidden revelations. EDA shows customer behavior 
patterns, demographic groups that match preferences, and relationships between many 
factors that drive customer purchases. This approach turns raw data into usable 
insights, helping organizations use client demographics to make smart decisions. 
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Preprocessing the dataset involves encoding categorical variable labels and handling 
absence values. Linear Regression, Decision Tree, Random Forest, and Gradient 
Boosting are chosen after partitioning the data into training and testing sets. Model 
evaluation includes MSE, R-squared, and visual representations of anticipated and 
observed values. Besides feature importance, cross-validation, ensemble techniques, 
and advanced models are considered. Summary: The technique finishes with 
recommendations, limitations, and future research goals, including key EDA and 
machine learning discoveries. 
 
Discussion 
1. Bar Chart Representing Frequency Distribution by Gender: 
 

 Represented the frequency with respect to 
Gender. 
More detailed demographics are shown in the Gender-Based Bar Chart Analysis, which 
shows a preponderance of male consumers. Businesses learn about their target 
demography as 68% of their customers are men and 32% are women. This gender 
discrepancy suggests that corporations could adjust marketing to male consumers' 
interests and inclinations. The research implies there is potential for improvement, 
forcing firms to target and accommodate more customers, especially underrepresented 
women. The bar chart is both descriptive and strategic, helping businesses optimize 
their outreach to match the market segment's gender patterns. 
 
Pie Chart Showing the Frequency Distribution by Gender 
 

 
 represented the frequency with respect to gender (pie Chart) 
The second pie chart shows gender proportioned distribution. Single pie slices represent 
gender categories, and their relative share of the pie shows their number of members. 
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The segment percentage labels show the sample's approximate gender distribution. We 
can easily see the proportional contributions of each gender group to the dataset and the 
gender distribution's proportionality using this visual depiction. 
These two visualizations analyze the dataset's gender distribution from distinct angles, 
revealing gender proportions and frequencies in online shopping trends. 
 
Histogram with Density Curve 

 
represent the population segregated by age in our dataset using a histogram and density 
curve. 
Histogram and Density Curve analysis show the sample's age distribution. The fact that 
50% of clients are 25–45 suggests a core demographic for the items or services. This 
understanding gives firms a strategic focus, driving them to design tailored marketing 
and product development strategies to engage and target this prominent age group. 
In contrast, empirical observations show a decrease in younger and older clients. This 
suggests organizations could improve their interaction with these demographics. The 
bell-shaped density curve emphasizes the normal age distribution, indicating that most 
consumers cluster around the mean age. This statistical trend helps firms optimize their 
tactics to reach the 25-45 age range, highlighting the demographic's importance. 
This dataset shows a young clientele, which is important for enterprises changing their 
marketing and product development methods. Businesses may better target their main 
customers by creating content and goods for millennials and Gen Z. The histogram and 
density curve visually illustrate the age distribution and inform decision-making about 
the dataset's major age dynamics, making navigation easier. 
 
Bar Chart Representing Frequency of Shopping Categories 

 
Frequency of shopping category wise (bar chart) 
 
The visualizations reveal the frequency distribution of purchasing categories in a 
dataset, potential indicators of US online shopping behavior. 
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Clothing, accessories, footwear, and outerwear are shown in the bar chart by purchasing 
frequency. Purchase frequency or quantity is indicated by bar height. The annotations 
above each bar show the actual count, helping clarify the distribution of purchasing 
frequency among categories. It is easy to determine the purchasing frequency of distinct 
categories and their relative popularity with this visual representation. 
 
Pie Chart Showing Shopping Category Frequency 
 

 
Frequency of shopping category wise (pie chart) 
Analyzing pie chart outcomes When analyzing client preferences across many product 
categories, a popularity hierarchy emerges. The second most popular category is 
footwear, with 31.8% of clients choosing it (44.5%). Outerwear and accessories are the 
least popular, selling 15.4% and 8.3%, respectively. 
These findings help companies establish marketing and product strategies. The 
prevalence of clothing and footwear implies a strong consumer preference for fashion. 
By investing in unique, appealing items in these industries that meet customer 
expectations, companies can capitalize on this trend. The pie chart shows the current 
distribution of preferences and helps firms focus their efforts by showing where 
customer demand is highest. 
 
Combining the Whole Purchase Amounts 

 
Total Purchase Amount by Category 
 
 
The Area Chart of the Customer Shopping Preferences Dataset shows important 
consumer buying trends. Apparel spending is highest, followed by footwear and 
accessories. This hierarchy aids marketing and product development. 
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Prioritizing high-spending categories on the area map guides decision-making. As 
clothes, footwear, and outerwear account for a large amount of consumer spending, 
companies should focus on creating and introducing new goods in these categories. By 
using this data to match client preferences with products and services, companies can 
acquire a competitive edge. 
The fall in aggregate purchasing volume across categories is also concerning for 
businesses. Consumer choices and economic volatility may affect this tendency. 
Therefore, companies must change their strategies. This may involve changing price, 
marketing, or promotions to encourage client spending in these areas during low 
spending periods. 
 
Bar Chart Horizontal 

 
 Represent the total number of items purchased in bar chart. 
The bar chart, which shows the total number of goods purchased for each product in the 
Customer Shopping Preferences Dataset, helps firms make strategic decisions. T-shirts 
are the most popular product with 201 purchases, followed by shorts (183) and jeans 
(172). The results show that product development and marketing must be prioritized, 
pushing enterprises to innovate in these high-demand sectors. Additional marketing 
resources for T-shirts, shorts, and jeans can boost brand identification and consumer 
involvement. 
Belts (129), backpacks (110), and gloves (one hundred) are less popular. This allows 
enterprises to methodically gain market share in certain sectors. Novel products or 
attractive price may attract customers in these less-visited areas. Bar chart data allows 
companies to adapt their strategy to growing areas and consumer preferences. The 
Consumer Shopping Preferences Dataset allows them to design and market products 
more holistically and with greater focus. 
 
Bar Chart 
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Represent the total number of items purchased according to area in bar chart. 
The chart shows that California, New York, and Texas make the most purchases, with 
1053, 927, and 812, respectively. This revelation is crucial for organizations considering 
market expansion and client targeting. Due to the concentrated consumer bases in 
California, New York, and Texas, firms should carefully grow operations, conduct 
marketing campaigns, and optimize logistical and supply chain concerns to serve only 
those customers. 
Thus, Nevada (510), Alabama (498), and Idaho (475) have the lowest purchasing power. 
This allows enterprises to seek ways to expand into less congested places. Offering more 
competitive pricing or shipping rates, adapting marketing efforts to these clients' tastes, 
and staying knowledgeable about regional changes may enhance consumer engagement 
and transactions. 
Creating the bar chart 

 
Represent the total number of items purchased according to size in bar chart. 
This bar chart shows the size-based distribution of purchased items from a dataset that 
may reflect US internet purchasing tendencies. This image shows purchase frequency 
and dispersion by size: "Medium," "Large," "Small," and "Extra Large." As size 
categories, the chart's bars show the quantity or frequency of goods in each size 
category. 
The depiction makes it easy to compare consumer demand for different bar heights to 
determine their popularity. A longer bar indicates fewer purchases for items in that 
measurement group, while a taller bar indicates more purchases. This detailed 
breakdown helps firms understand consumer item size preferences and habits. 
Knowledge of consumer measuring preferences benefits retail, e-commerce, and other 
industries. Discoveries like this help design manufacturing schedules, marketing plans, 
inventory management procedures, and more by recognizing the most popular 
dimensions, organizations can change inventory levels to meet consumer demand and 
ensure a sufficient supply of the most sought forms. 
This format also helps identify size preferences. Businesses can respond to changing 
consumer expectations by evaluating size selection frequency across demographic 
groupings or time periods. This adaptable strategy makes the company more responsive 
to market changes and client preferences, increasing customer loyalty and pleasure. 
The visual depiction may also reveal relationships between size categories and other 
dataset aspects like demographics or shopping patterns. These relationships provide 
significant consumer behavior insights, helping companies customize their products and 
marketing to specific client categories. 
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An illustrated bar chart shows the size distribution of purchased products. This helps 
companies to improve their product portfolio, customer happiness, and business 
strategy to match US online purchase trends. 
 
Creating the Bar Chart Horizontal 

 
Represent the total number of items purchased according to color in bar chart. 
 
The horizontal bar graph shows the color-coded distribution of items from a dataset, 
showing US online shopping trends. Horizontal bars show the distribution of purchased 
products by color. The frequency of entries in each color category determines the length 
of each bar. 
Bar lengths in this graph allow for more precise comparisons of purchased products' 
color preferences. Longer bars indicate more purchases in the color group, whereas 
shorter bars indicate less purchases. Color preferences and purchasing trends can be 
determined from this graph. 
In fashion, retail, and product design, consumer color preferences are crucial. By 
matching product offerings and stocks to consumer preferences, companies may better 
meet demand and refill popular hues. 
Additionally, the visual depiction may reveal chronological or demographic color 
preferences. Trend research helps companies predict consumer preferences and adapt 
product lines. This data also helps companies create color-focused marketing and 
promotional campaigns that boost revenue and consumer satisfaction. 
Visual representations can also reveal relationships between color preferences and 
dataset features like demographics and purchase behaviors. These connections help 
firms understand consumer color behavior and tailor their product and marketing 
tactics to specific customer categories. 
These horizontal bar charts show the color distribution of purchased items, useful for 
organizations analyzing American online purchasing trends. Disclosure and adjustment 
of consumer preferences improves product offerings, customer happiness, and 
marketing methods. 
 
Bar Chart Representing Items Purchased by Season: 
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Represent the number of items purchased according to the season (bar chart). 
Bar charts show annual consumer spending patterns by purchase distribution. A bar 
represents the number of purchases in spring, autumn, winter, and summer. Seasonal 
purchasing activity varies by bar length. Seasonal purchase activity can be seen in bar 
lengths. This graphical format facilitates seasonal purchasing trend analysis by 
comparing seasonal client preferences and behavior. 
 
Pie Chart Showing Season-Based Item Purchases: 
 

 
Represent the number of items purchased according to the season (pie chart). 
By showing the proportion of things purchased by season, the pie chart improves clarity. 
Each pie section represents a season category, and its magnitude represents the total 
products purchased that season. The percentage labels on each section show how much 
each season contributes to the total purchase. This simple visual representation shows 
how purchases vary with the seasons, stressing the importance of each season in 
relation to product purchasing. 
Organizations of all sizes must analyze seasonal purchase patterns. Analysis of seasonal 
purchase trends helps align marketing, product introductions, and inventory 
management with consumer cycles. Companies may change their advertising and 
launch seasonal products to meet consumer demand. This strategy optimizes supply 
chain and inventory management for seasonal demand by recognizing peak sales 
volume times. 
Bar and pie charts can show seasonal client behavior and preferences. Visualizations of 
product category demand fluctuations help companies change their product portfolios. 
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The data above can be used to enhance product matching, give personalized seasonal 
specials, and adapt marketing strategies to changing demographic preferences. Bar and 
pie charts indicate seasonal consumer spending by showing product purchases over the 
year, providing a complete picture of consumer behavior. 
Businesses need seasonal buying trends to make customer satisfaction, revenue growth, 
product selection, inventory management, and marketing decisions. The extensive bar 
charts show each season (spring, autumn, winter, or summer) and show a relationship 
between bar length and transaction volume to calculate annual consumer expenditure. 
These bars can be lengthened to reflect seasonal consumer purchase patterns, making 
seasonal consumer preferences and habits easier to compare. 
 
Bar Diagram Showing Customer Number by Subscription Status 

 
Represent the number of people with subscription or no subscription (bar chart). 
 
A bar chart shows client subscription status distribution. It counts or regularly displays 
"Yes" (subscribers) and "No" (non-subscribers) people. A bar for each subscription 
status shows the number of consumers in that status category. Bar heights can estimate 
the percentage of clients with subscriptions vs those without. By showing the dataset's 
subscriber-to-non-subscriber ratio, this visualization provides useful insights into 
customer subscription status. 
 
 

 
 Represent the number of people with subscription or no subscription (pie chart). 
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A pie chart shows customer membership statuses. The pie chart has "Yes" and "No" 
portions for subscription status. Each slice's size represents the proportion of 
consumers in each category in the sample. The percentage labels on each segment show 
the ratio of subscribers to non-subscribers. Highlighting the relative presence or 
dominance of each category in the customer dataset lets subscription and non-
subscription sectors be quickly contrasted. 
Companies that use subscription-based models or services must understand client 
distribution by subscription status. Estimating the amount and importance of 
subscribers versus non-subscribers is key to determining subscription-based product 
acceptance and success. Organizations can use these infographics to create targeted 
subscription rate and member retention strategies. These visual aids improve 
subscription services, focus advertising, and promote consumer involvement, including 
non-subscribers. 
These graphic portrayals may also highlight correlations or patterns between customer 
subscription status and various traits or actions. Analyzing membership status-related 
consumer behavior and preferences may provide target audience purchasing habits, 
promotion responses, and engagement frequency. These insights can be used to improve 
services, offer incentives, or change marketing techniques to satisfy customers and 
convert non-payers. 
The bar chart and pie chart show the distribution of customers by membership status, 
revealing the customer base's demographics. Organizations can boost consumer 
engagement and growth by improving services, targeting subscriber and non-subscriber 
segments, and streamlining marketing. 
 
Bar Chart Representing Number of Customers by Payment Method 

 
Represent number of customers as per their payment method (bar chart). 
 
Client payment methods are visually shown. The graph bars show "Cash," "Credit Card," 
"Venmo," "PayPal," "Debit Card," and "Bank Transfer." The height of each bar indicates 
how often customers use a payment option. Client payment method choices are quickly 
indicated by bar heights. This image helps companies identify customer payment 
preferences. 
 
Pie Chart representing the Number of Clients by Method of Payment 
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Additionally, the pie graphic shows client dispersion across payment options. Each pie 
segment represents a payment method category and shows the percentage of consumers 
who used it compared to the total customer count. Each segment has a percentage label 
to show consumer dispersion across payment options. Understanding consumer 
preference for each payment option is easier with this example. Pie chart analysis shows 
the percentage contribution of each payment method category to the entire customer 
base, eliminating the need for comparison and highlighting payment method adoption 
or popularity. 
Client payment method dispersion. The graph bars show "Cash," "Credit Card," 
"Venmo," "PayPal," "Debit Card," and "Bank Transfer." The height of each bar indicates 
how often customers use a payment option. Client payment method choices are quickly 
indicated by bar heights. This graph helps companies identify consumer-preferred 
payment methods. 
Businesses must understand consumer payment preferences to tailor their goods and 
payment options. Businesses can speed up payment procedures, improve the 
transaction experience, and offer more payment options by using visual representations. 
These diagrams reveal payment trends and other consumer habits, allowing firms to 
adjust loyalty programs, marketing campaigns, and discounts to each customer's 
payment preferences. This information can also inform payment service provider 
collaborations and new payment technologies to improve consumer satisfaction and 
simplify financial transactions. 
Visual aids help identify payment process improvements and places that could be used 
for promotion or development. When an industry notices that a payment mechanism is 
underutilized due to awareness or perceived constraints, organizations can assess and 
act. These representations of client payment behavior help firms improve their services 
and match client needs. 
 
Bar Chart Representing Number of Orders by Shipping Type 
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The above graph represents the number of orders by shipping types. 
 
A bar chart shows client-selected delivery options and order distribution. Shipping 
methods include "Express," "Free Shipping," "Standard," "Store Pickup," "Next Day 
Air," and "2-Day Shipping." The number of orders for a transportation option is shown 
by bar height. With this visual representation, consumers' preferences for shipping 
options may be seen. Using the relative heights of the bars to determine the most 
popular delivery alternatives will help you understand consumer preferences and 
shipping trends. 
 
Frequency of purchasing item as per duration 

 
The Seaborn count plot shows the purchase frequency distribution of US online 
purchasing patterns. Each graph bar reflects the number of purchase cycle frequency 
events in a category. The y-axis shows the quantity or frequency of equivalent events, 
whereas the x-axis shows consumer purchase frequencies. The plot shows whether 
people buy more products weekly, monthly, quarterly, etc., to help visualize the 
distribution pattern. The color gradient palette helps distinguish categories and 
understand the frequency distribution. This graph can help companies determine 
consumer purchasing frequency. This data can then inform marketing, inventory, and 
product development to fit different purchasing cycles. 
 

 
Histogram to visualize the distribution of ages. 
Box plot to identify the central tendency and spread of the age data. 
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The visuals show the age distribution of a US online shopping trends dataset. The left 
histogram shows the dataset's age distribution pattern and the frequency or count of 
each age group. The histogram's form and summits show age dispersion, while the blue 
bars show age group proportions. The kernel density estimation (KDE) curve, which 
seamlessly displays age density, helps understand the age distribution trend. 
The right box plot shows age data distribution and central tendency. The box plot shows 
the median, quartiles, and probable anomalies. This function calculates the dataset's age 
distribution, including the median age (50th percentile) and any age value dispersion. 
The dataset's age distribution on internet shopping trends is fully understood when 
these graphics are combined. They help demographic analysis by determining age 
variability, central tendency, and overall age patterns. This data can inform age-specific 
product offerings and marketing strategies. 
 
 

 
Bar plot to visualize the frequency of each item. 
Pie chart to show the proportion of each item. 
 
The visualizations show the top popular products from a US internet purchasing 
dataset. The left side of the bar plot shows item purchase frequency. Each bar in the 
table shows the count or frequency of a single item in the collection. Bar heights reflect 
product purchase frequencies. This depiction highlights the most popular things by bar 
height to accurately compare item frequencies. 
Right pie graphic shows dataset item purchase percentages. Each pie component 
represents a different item, and its proportionate size to the whole pie denotes its sales 
share. Each segment shows a percentage indicating how much a product contributed to 
total purchases. This visualization helps identify the most often purchased products by 
showing the contribution of each item to the total purchases. 
After integration, these visual representations show the frequency and proportion of 
each dataset item purchased, providing a complete understanding of the item purchase 
distribution. They help identify the most popular items and evaluate their relative 
importance within the dataset's online buying trends. 
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The radar chart may show US online shopping patterns. It shows a dataset's normalized 
total purchase values for distinct categories. An axis from the circular picture represents 
each category. Each axis shows the normalized total purchase value for a category by 
center-to-plotted line distance. Plotting compares and distributes values across buying 
categories. The plot's structure and line segment length show each category's proportion 
of overall purchases. 
The circular layout makes it easy to compare purchase potency across categories quickly. 
This visualization technique highlights categories with bigger normalized buy amounts 
by strategically identifying important categories that account for a larger part of the 
purchase cost. The focus on each category's contribution helps understand the 
expenditure distribution and identify online purchase patterns dataset areas of interest. 
 

 
This machine learning pipeline calculates USD purchase amounts using a dataset and 
various regression models. First, it labels the dataset's categorical variables. "Frequency 
of Purchases," "Payment Method," "Shipping Type," "Discount Applied," "Promo Code 
Used," "Item Purchased," "Location," "Size," "Color," "Season," "Subscription Status," 
"Payment Method," "Shipping Location," and "Shipping Technique." 
After encoding, the dataset is split 80/20 into training and testing subsets. Multiple 
regression models are trained on the training set and evaluated on the testing set. 
Marginal boosting regression, linear regression, decision tree regression, and gradient 
boosting regression are used. 
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Each model is trained with training data, then predictions are applied to the test set. 
Each model's efficacy is measured by MSE and R2.  
Mean squared error (MSE) measures the average squared difference between expected 
and actual target values. Lower MSEs show prediction accuracy. 
The statistical metric R-squared (R2) measures how much the independent factors 
explain target variable variability. The model accounts for more target variable variance, 
as shown by values closer to one on the 0–1 interval. 
After analyzing the test data, the code extract outputs a table with the model’s name, 
MSE, and R2 values. This allows comparison of USD purchase quantity predictability by 
each model. The iterative procedure helps evaluate each regression model's ability to 
capture and predict target variable fluctuation, as shown by the dataset. 
 

 
The table summarizes OLS regression and stats models library statistical analysis. To 
determine the correlation between USD purchase quantities and features, OLS 
regression is used. 
 
Table Components 
1. Dependent Variable: The table begins with 'Purchase Amount (USD)'. Independent 
variables are used to predict. 
 
2. Model Fit Statistics: R-squared (R2) shows how much of the dependent variable's 
variance the independent factors explain. More precise model fits are indicated by 
higher R2 values near one. 
Make changes This modified R-squared considers the number of independent variables 
in the model. Inclusion of extra variables is penalized. 
 
3. Table of Coefficients: Estimated coefficients for each independent variable are shown 
here. The coefficients show how a one-unit change in the independent variable affects 
the dependent variable, assuming all other variables remain constant. 
"Standard error" is the estimated coefficient's standard deviation. Precise estimations 
have lower standard errors. 
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Statistical significance of coefficient estimates is measured by the t-statistic. Absolute t-
values over two indicate variable importance. 
'P>|t|': This column shows the null hypothesis p-value for the coefficient being 0, 
indicating no influence. The variable is statistically significant when the P-value is less 
than 0.05. 
The columns with coefficient 95% confidence intervals are "[0.025 0.975]." It shows the 
range of coefficient population values. 
These statistics determine residual distributions (the discrepancies between observed 
and expected values). A residual plot with a regular distribution usually suggests a good 
model fit. 
 
Interpretation 
Square of R Ratio: A higher R2 suggests that the model's independent variables explain 
more purchase quantity variability. 
Coefficients: Each independent variable's coefficient indicates its impact on purchase 
price magnitude and direction. good coefficients indicate a good influence, whereas 
negative coefficients indicate a negative influence. Using the p-value and t-statistic, a 
variable can be considered significant. 
Belief intervals define the range where the coefficients' true values can be determined 
with high probability. 
Dollar Values The residual distribution shows how well model assumptions like 
homoscedasticity and normality are met. Skewness and kurtosis around zero indicate a 
typical residual distribution. 
The table provides useful information on the model's data adherence, variable 
significance, and estimated coefficient precision in forecasting purchase quantities using 
independent factors. 
 
 

 
A heatmap shows the correlation matrix's variables' correlations using colors and 
annotations. Individual cells in the heatmap show the correlation coefficient between 
two variables. Correlation matrix heatmaps can understand these elements: 
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The Color Gradient: Intensity of color the variables' correlation magnitude and 
orientation are shown by colors. Warm (red) and cold (blue) colors represent positive 
and negative correlations. Deeper or lighter shades indicate stronger relationships. 
 
Overview of Correlation 
A positive correlation is: Dark red cells indicate strong positive correlations between 
variables. This shows that the second variable tends to rise when the first does. 
Relative negativity: Dark blue cells indicate significant negative correlations, meaning 
an increase in one measure usually decreases the other. 
 
Interpretation 
Highly Correlated Variables: Cells around -1 or one suggest a stronger association. A 
strong positive link between "Variable A" and "Variable B" is seen when their correlation 
coefficients approach one. 
Low Correlation: Values approaching zero suggest a weak linear link between variables. 
Features Selection Importance: Multiple columns: Regression analysis relies on 
significant correlations between independent variables, or features. Strong correlations 
suggest multicollinearity, which involves highly interdependent variables, may affect 
model interpretability and stability. 
Numeric Value Explanations The correlation coefficient is numerically expressed in 
compartments. Values vary from -1 to 1. A linear relationship is non-existent at zero, 
perfectly negative at one, and perfectly positive at one. 
Heatmap Display: Completeness and Clarity: The heatmap's attractive dimensions make 
relationships easy to spot. Individual cell annotations clarify correlation coefficients. 
The 'cool warm' color map speeds visual perception by defining positive and negative 
connotations. 
Overall, the correlation matrix histogram is a powerful tool for quickly understanding 
variable correlations. This tool helps identify influential or unnecessary features, 
enabling educated feature selection or preprocessing for machine learning models. 
 
 

 
The scatter plot shows the association between the y-axis, which shows the updated 
Random Forest Regression model's anticipated purchase volumes, and the x-axis, which 
shows actual purchases. Every graph data point is a test dataset observation. 
A diagonal line in the diagram indicates perfect predictions, which align predicted and 
actual values (y = x). In a perfect world, each point would align with this line, 
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confirming the model's predictions against the observed values. Point distribution along 
the diagonal line can reveal the model's prediction accuracy. 
Points heavily grouped around the diagonal line represent accurate predictions. If most 
points are on or near the line, the purchase quantities match the model's predictions. 
Points that deviate from the diagonal line show differences between expected and 
observed values. A wider dispersion indicates model predictions are more variable or 
inaccurate. 
The scatter plot shows how well the upgraded Random Forest Regression model 
predicts purchase volumes. Data points near the diagonal line indicate model 
predictiveness. A densely concentrated cluster of points around the diagonal line 
indicates more predicted accuracy, whereas a more dispersed distribution suggests 
potential regions where the model's predictions may depart from observed values. The 
graphic shows the model's prediction capabilities and limits, helping evaluate its ability 
to correctly define attributes and the target variable. 
 

 
 
The bar plot displays modified Random Forest Regression model feature relevance 
ratings. The property corresponding to each plot bar's purchase quantity prediction 
significance is supplied. Taller bars indicate more important model predicted elements.  
X-axis feature names the dataset's significant feature names are shown. A bar represents 
each plot feature. 
Value perceived (Y-axis): This axis shows Random Forest model significance scores for 
each feature. Greater values indicate more predictive capability for purchasing amounts. 
Taller bars indicate characteristics that better predict purchase quantity. Different 
elements' relative importance is shown by their bar heights. 
 
Feature Significance Perspective 
Relative Significance: Features represented by taller bars have a more pronounced 
impact on the predictions made by the model. They possess a more substantial impact 
on the quantity that is acquired. 
Ranked Features: The factors that exert the most significant impact on purchase 
amounts are those that are arranged in a specific order of importance. It is believed that 
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features with higher significance scores are more crucial for making accurate 
predictions. 
 
Visualizing Feature Importance 
Ordered Bars: Reduced significance bars are left to right. This helps quickly identify 
key elements. 
X-axis rotation Labels: Rotated x-axis labels make feature names easier to see, 
especially with several features. 
In general, the bar plot shows Random Forest model-determined feature relevance. It 
helps participants focus on the main factors affecting purchase quantity estimation. An 
awareness of feature importance aids features selection, model explanation, and model 
performance by focusing on key variables. 
 
Conclusion 
This extensive examination of the Customer Shopping Preferences Dataset used 
exploratory data analysis (EDA) to better understand customer behavior. A 
demographic examination of the dataset showed that 68% of users were male and 32% 
female. This discovery requires organizations to rethink their strategy and promote 
specific marketing campaigns for underrepresented women. The age distribution 
analysis also showed a major consumer segment between 25 and 45, advising 
organizations tailor their strategy to this age cohort. 
The footwear and apparel selection influenced customer purchases. This essential 
information helps firms efficiently devote resources to fashion-related items that 
matches client preferences. Identifying non-traditional categories helps companies 
innovate and expand their product offers. 
Analysis of consumer preferences and purchase trends gives firms a strategic approach. 
Product creation and advertising can be tailored to seasonal patterns, consumer 
demand, and color preferences. Understanding seasonal buying trends, color 
preferences, and product appeal builds consumer loyalty and satisfaction. 
Examining membership statuses and payment methods shows the need of supporting 
diverse consumer preferences. Using this data can speed up payment processing and 
improve subscription options, increasing consumer loyalty. According to a geographic 
analysis, states with high buy frequency have market expansion potential, while states 
with low purchase frequency are growth zones. Businesses should adjust their 
marketing to regional tastes. 
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