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Abstract: With the rise of e-commerce, data-based learning of consumer behavior has become
ever more vital. This research adopts a business intelligence approach to investigate e-commerce
customer behavior based on a dataset containing 1,000 records and 28 customer attributes. Native
technologies (Data pre-processing, exploratory data analysis, visualization to understand
customer demographics, purchasing behavior, customer loyalty, customer satisfaction, level of
engagement in marketing, etc. The results are reflected in differences in customer demographics,
spending habits, shopping channels, and engagement with the brand. The importance of such
integration (across different areas of consumer behavior) to generate useful and actionable
insights for marketing, customer relationship management, and e-commerce management is thus
presented in the study.
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INTRODUCTION

Information about customer demographics, purchasing history, and chief interest provided for
marketing, advertising, and financial transaction satisfaction. It enables businesses to analyze that
information to recognize customer trends and to build data-driven decision-making. In contrast,
past studies have studied e-commerce consumer behavior using different types of analytical
techniques, including customer segmentation, predictive analytics, and exploratory analysis.
Nonetheless, most studies are focusing on individual behaviors instead of multiple behavioral
dimensions together. This study employs business intelligence as an approach to study e-commerce
consumer behavior, such as the characteristics of customers, purchasing behavior, loyalty behavior,
marketing engagement, and customer satisfaction behavior. The research uses data preprocessing,
exploratory data analysis, and visualization techniques to develop actionable insights that enhance
e-commerce decision-making.
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LITERATURE REVIEW

Muradkhanli and Karimov [1] investigated the premise of big data analytics and machine learning
in studying consumer behavior in digital marketing. In their study, they also showed how customer
data is used to identify customers with different behavioral patterns, estimate the value of these
customers, improve targeting, and help with customer relationship decisions. Management and
engagement decisions are based on the insights extracted from the customer's large datasets.

GhorbanTanhaei et al. Studied Predictive Analytics — Understanding Customer Behavior by
comparing Decision Tree, Random Forest, Logistic Regression, Support Vector Machine, and
Gradient Boosting models. The results indicated that predictive methods could recognize
behavioral patterns that could aid customer-management decisions, with the applied models
reaching the highest reported accuracy of 0.826 (specifically Logistic Regression and SVM). The
research shows how customer analytics can improve resource allocation and marketing strategy

[2].

Ebadi Jalal and Elmaghraby presented a dynamic framework of customer behavior where RFM-
based time-series features were extracted using K-means clustering, then customer behavior was
classified, and counterfactuals were generated. This approach went beyond static, segment-level
analysis to analyze customer transitions and fully evaluate marketing strategy at an individual level.
Their results revealed significant clustering results using Euclidean-distance clustering and
excellent predictive accuracy using Logistic Regression, which illustrates the extent to which
behavioral data can provide advantageous support to more accurate personalized marketing
decisions [3].

Lee et al. conducted an analysis of the online reviews of their company and competitors alongside
their Customer Journey Map to better understand customer behavior based on behavior-based
Voice of Customer analysis. Their process yielded data about the way people use a product that
conventional product-feature-oriented review analysis might miss, using fewer resources and
requiring far less time than traditional observational studies. The results imply that customer
outputs may serve to inform product as well as marketing decisions and to facilitate product
enhancement and product development efforts [4].

Kasemrat et al. used predictive analytics to examine customer behavior in the Thai e-commerce
industry as well as discuss the comparison between traditional statistical models and machine
learning approaches. The analysis they did pinpointed buying frequency, age, and customer
referrals as high predictors of customer satisfaction and purchasing power. The findings suggest
that demographic and behavioral customer attributes can be analyzed to offer practical support for
segmentation, personalized marketing, and business resource distribution [5].

Fedushko and Ustyianovych used cohort analysis, descriptive analysis, and exploratory data
analysis to identify patterns of e-commerce customer behavior, awareness, and loyalty following
the COVID-19 period. The results from their study provided evidence that groups of customers
are likely to differ in their perception and experience of e-commerce services. The findings of the
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study support exploratory customer analytics in identifying and framing business problems and
gaining an overview of loyalty and relationships [6].

An extensive review of 105 studies of customer segmentation and personalized targeting in e-
commerce was carried out (Gomes and Meisen, 2023). They found a four-level process, which is
customer data collection, customer profiling, customer segmentation, and customer targeting,
along with RFM analysis and K-means being popular methods. This research emphasizes the
significance of a systematic analysis of consumer characteristics before formulating targeted
marketing strategies [7].

It will investigate the development of a customer behavior prediction framework based on
behavioral interaction data by Oskooei and Adak for B2B customer engagement. The methodology
included Data Preprocessing, Labeled Behavioral Datasets, Supervised Learning, and Machine-
learning/Deep-learning Approaches to underpin their customer-behavior prediction solution. Our
research in this paper shows how systematic analysis of customer interactions can play an
important role in customer relationship management, inventory planning, and better service
decision-making [8].

Annamalai et al. analyzed VADER sentiment and predicted customer buying behavior with
Random Forest, XGBoost, Logistic Regression, and KNN. The analysis of customer reviews and
booking-related characteristics has illustrated how customer opinions and customer behavioral
attributes can help to understand customers' purchasing decisions. The study also brings out the
practical importance of customer data in enhancing marketing and customer experience [9].

GAPS IDENTIFIED IN THE EXISTING WORKS

The articles reviewed here highlight how customer behavior research has incorporated
segmentation, cohort population, sentiment analysis, predictive modelling, and the like.
Nevertheless, the previous literature has focused on a specific analysis objective, such as customer
prediction, segmentation, review analysis, or forecasting. Whereas an integrated & straightforward
business picture of customer segments across demographics, purchase patterns, loyalty, marketing,
& service experiences in the same analytical framework is relatively less focused. Although
valuable for prediction, managerial decision-making necessitates crisp, unique descriptive
evidence on how customers differ in their purchasing behavior, satisfaction, loyalty, and marketing
interaction. This study investigates the cumulative effect of different aspects of e-commerce
consumer behavior by means of a business intelligence and exploratory data analysis approach and
seeks to adapt the patterns identified into actionable insights for managers.

METHODOLOGY
RESEARCH APPROACH

The research studied consumer behavior in the e-commerce setting, based on a quantitative-
exploratory research. It provides a business intelligence layer that converts data at the customer
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level to information usable by managers. The analysis is conducted in a pipeline where data
ingestion and structural auditing are followed by data cleaning and preprocessing, exploratory data
analysis, diagnostic consumer behavior analysis, and ultimately business insights. This approach
is correct because this study will be focused on extracting and interpreting historical behaviors and
operations instead of creating prediction models.
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Figure 1. Research Analytical Framework
DATASET DESCRIPTION

We use a dataset of e-commerce consumer behavior with 1,000 customers’ records and 28 original
variables. Demographic, transaction, behavioral, marketing, loyalty, and service data have been
included in the dataset. Important variables consist of age, gender, earnings level, quantity
purchased, purchase frequency, category of purchase, purchase channel, brand loyalty, product
rating, customer satisfaction, advertisement engagement, social media effect, courtesy sensitivity,
return charge, shipping choice, a chance to buy decision, etc.

However, for the sake of analysis, we summarized the variables into five high-level dimensions:
customer demographics, purchasing behaviors, loyalty and engagement, decision drivers, and
operational touchpoints. Such classification enabled the analysis to study consumer behavior from
both the customer and business standpoints.

DATA CLEANING AND PREPROCESSING

The dataset was checked for missing values, duplicate records, data-type inconsistencies, and
variables with very little analytical relevance prior to analysis. The wvariables
Social Media Influence and Engagement with Ads had missing observations with 247 and 256
missing values respectively (24.7% and 25.6% of the dataset). As a result of both variables being
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categorical, missing values were replaced using mode imputation, retaining all 1,000 customer
records. No duplicate rows were detected.

Before further analysis, two variables were discarded. Customer ID is dropped since it is only an
identifier, and Location was removed due to containing 969 unique values from 1,000 records,
which was also not necessary for general analysis of user behaviors. Following these exclusions,
26 analytical variables remained in the cleaned dataset.

We also carried out data-type transformations to enhance the efficacy of the analytics. The variable
Purchase Amount was initially of type text with currency symbols in it, which was converted into
a numeric variable. Time of Purchase was previously in text form and was normalized to a
standard datetime.

DATA ANALYSIS TECHNIQUES

Exploratory Data Analysis (EDA)EDA was used to identify patterns, distributions, and differences
among customer and transaction features. Information on demographic characteristics, purchasing
activities, loyalty indicators, marketing variables, and customer satisfaction is summarized with
the use of descriptive statistics and frequency distributions.

Linear correlations were examined for numerical variables using a Pearson correlation. The linear
associations between numerical features were generally weak, further confirming the requirement
of comparative and category-based analysis.

Next, these data were transformed and compared across multiple key customer and business
aspects—including demographic groups, purchase categories, purchase channels, loyalty
membership, the device used to shop, shipping preferences, investment levels in advertisements,
customer satisfaction ratings, return behavior, and decision time groups. The patterns were
presented in a widely interpretable format through visualizations such as histograms, bar charts,
pie charts, box plots, and heatmaps.

The analysis was structured around these key business areas: purchasing and revenue behavior,
loyalty and engagement, influence of marketing, device-related differences, shipping and
satisfaction, return behaviour, and time-lag in deciding what to purchase. The results of all of these
were then merged in a business intelligence dashboard to bring an encompassing view of the
customer and operational trends.

ANALYTICAL TOOLS

The analysis was performed using Python. Pandas and NumPy were used for data cleaning,
transformation, and numerical analysis, while Matplotlib and Seaborn were used for statistical
visualization and dashboard development.
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RESULTS AND DISCUSSION

This part describes the results of exploratory analysis of e-commerce consumer behaviour. The
outcomes are organized along the main analytical dimensions established in the methodology,
namely customer demographics, purchasing behavior, customer loyalty and satisfaction, and
marketing engagement. Interpreting our findings provides insights that can inform a strategy that
brings value to e-commerce decision-making through customer-level data.

CUSTOMER DEMOGRAPHIC CHARACTERISTICS

The complete demographic variety of the customer base is visualized in Figure 2 and displays the
necessity of considering a customer feature before concluding the e-commerce consumer behavior
scripts. From the demographic perspective, it is relatively well balanced between the major gender
groups of the designer smoking brand. The dataset contains 45.2% female customers and 44.9%
male customers, showing almost parity between both groups. The customer base is also comprised
of a few other gender categories. This balanced distribution indicates the dataset effectively
portrays different types of customers, rather than being influenced by one dominant gender. This
gives a good base for examination of what, when, and where a customer buys, as well as how
engaged they are in each segment.
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Figure 2. Demographic Characteristics
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PURCHASING BEHAVIOR ANALYSIS

Purchasing behavior analyzes factors like customer spending, purchase frequency, product
category, and the purchasing channel used by customers. The analysis here helps explain how
customers interact with e-commerce platforms and how purchase behavior changes from one
consumer to another. The results show how customers differ in the amount of their purchases, but
it also means consumer spending is not a zero-sum game. Customers vary in patterns of how they
purchase by their transaction characteristics and customer preferences. An analysis of the product
category also highlights customer preferences within the categories available.

These results in Figure 3 reinforce previous studies, which highlight a data mining approach of
transaction records to dissect customer behaviors influencing e-commerce business outcomes.
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Figure 3. Customer Behavior

28


https://www.eajournals.org/

European Journal of Business and Innovation Research, 14(7),22-32, 2026
Print ISSN: 2053-4019(Print)
Online ISSN: 2053-4027(Online)

Website: https://www.eajournals.org/

Publication of the European Centre for Research Training and Development -UK
CUSTOMER LOYALTY AND SATISFACTION ANALYSIS

This paper conducted a customer loyalty and satisfaction analysis analysis to understand the nature
of the relationship between customers in the e-commerce environment (figure 4). The analysis
took into account factors such as loyalty program membership, brand loyalty, product ratings, and
customer satisfaction metrics. The results show significant differences in customer behavior
between different loyalty characteristics. Insights about variances in engagement and spending are
available by comparing loyalty-oriented segments. The analysis makes it easy to see what overall
level of customer experience we have in the dataset. Loyalty and satisfaction are signs of a longer
relationship with the customer, one that is a positive sign for the business. Previous research has
shown that examining key drivers of customer engagement and loyalty can help businesses learn
more about their relationships with customers and how to better retain them.

CUSTOMER LOYALTY & EXPERIENCE DASHBOARD
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Figure 4. Customer Loyalty
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MARKETING ENGAGEMENT ANALYSIS

Marketing engagement measurement analyses how customers interact with the marketing
activities via variables like advertisement engagement, social media exposure, discount sensitivity,
and purchase intention. Figure 5 Analysis reveals the differences in individual customer answers
to marketing-related factors. These differences are a measure of how much customers did not react
in the same way to promotional activities; hence, it is crucial to understand how customers engage
with you. Earlier research has focused on how customer analytics helps in understanding customer
interest and behavior patterns to make better marketing decisions and customer targeting.

MARKETING INFLUENCE & DECISION-MAKING DASHBOARD
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Figure 5. Marketing Engagement
BUSINESS IMPLICATIONS

Insights from this research have practical implications for retailers in the area of e-commerce,
showing how the systematic analysis of customer data can assist in making decisions based on

30


https://www.eajournals.org/

European Journal of Business and Innovation Research, 14(7),22-32, 2026
Print ISSN: 2053-4019(Print)
Online ISSN: 2053-4027(Online)

Website: https://www.eajournals.org/

Publication of the European Centre for Research Training and Development -UK

data and achieving transparency. Our analysis of these demographic characteristics, purchasing
behavior, loyalty patterns, customer satisfaction, and marketing engagement will give you deeper
insights into consumer behavior in the field of digital commerce. In your demographic and
spending behavior analysis, customers would vary in many ways. Hence, businesses can leverage
customer data to determine various consumer groups and build corresponding marketing strategies,
product planning decisions, and customer engagement methods. Organizations can better position
their offerings with customer purchasing understanding.

The foremost implication allied to customer loyalty and satisfaction suggests that organizations
should concern themselves with understanding customer relationship which extend beyond the
scope of mere transactional activities. Loyalty and satisfaction insights can be employed to
understand the different types of customer engagement and reframe strategies to develop stronger
customer retention practices. An improved customer experience can help make the service efficient
and retain customers. Marketing engagement analysis shows that consumers engage differently
with promotional campaigns. Ad impact and social media influence offer visibility into customer
actions in response to marketing channels so that businesses can use insights to enhance their
promotional decisions and efforts.

In summary, this study shows that the insights from customer information and the business
intelligence approaches can help organizations to leverage their performance. This information can
be used to generate customer-centric strategies, enable better marketing choices, and assist
managers with all aspects of e-commerce.

LIMITATIONS AND FUTURE RESEARCH

Although this study provides insights into e-commerce consumer behavior, several limitations
Below are a few limitations which need to be considered, although this study acquired insight
regarding e-commerce consumer behaviour. Firstly, the analysis uses a specific customer data set
of 1,000 records; hence, the results cannot be generalized to all e-commerce consumer behaviors.
Second, instead of prescriptive analysis, this study focuses on generating exploratory and
descriptive analysis to find dominant behavioral patterns. It does not use predictive modeling
strategies to predict how customers will behave in the future. Moreover, it is important to mention
that the dataset lacks real-time customer interaction data like browsing history, clickstream data,
and detailed online engagement history.

Future research may build on this study by utilizing larger and more diverse datasets, real-time
customer interaction data, and more sophisticated analytical techniques such as customer
segmentation and predictive analytics. The extensions may offer deeper understandings of how
customers make their purchase decisions — enabling a more tailored e-commerce approach.

CONCLUSION

This research found significant behavioral patterns in the customer dataset by analyzing customer
demographics, purchasing patterns, loyalty characteristics, level of customer satisfaction, and
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marketing touchpoints. Results show that analysis of customer data can provide insights into
consumer preferences and purchasing. This study discusses the need to integrate various layers of
customer information in order to come up with a single image of e-commerce consumers. In
summary, the work presented here adds to the field of e-commerce consumer behavior analysis by
applying exploratory data analysis and business intelligence techniques to extract information from
their customer data. These insights can be used to make better marketing decisions, improve
customer relationship management, and be a major help in strategic decision-making in the digital
marketplace.
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