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Abstract

This paper tests that sellers can promote the purchase decision of consumers by using big data analysis to detect
the consumer behavior. It uses an experimental research design to collect and analyze data from online experiments
with consumers who were interested in buying a product or service, and from various online platforms that provide
big data on consumer behavior and purchase decision in marketing. The paper finds that sellers who use big data
analysis to detect the consumer behavior and tailor their marketing strategies accordingly can significantly increase
the purchase decision of the consumers, and also influence the purchase decision of the consumers differently
depending on their demographic and psychographic characteristics, and product preferences. The paper provides
useful insights and guidance for sellers who want to leverage big data to improve their marketing strategies and
outcomes, and also addresses some of the gaps or limitations in the existing literature on this topic.
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1. Introduction

Big data is a term that refers to the large and complex sets of information that can be collected, stored, analyzed
and used to generate insights and value.[1] Big data has become a key driver of innovation and transformation in
various fields and industries, including marketing. Marketing is the process of creating, delivering and exchanging
value for customers, stakeholders and society.[2] Marketing involves understanding and influencing consumer
behavior, which is the study of how individuals and groups select, buy, use and dispose of goods, services, ideas
or experiences to satisfy their needs and wants. One of the key aspects of consumer behavior is purchase decision,
which is the process of choosing among alternative products or services to satisfy a need or want.

Big data can provide valuable information and insights for understanding and influencing consumer behavior and
purchase decision in marketing.[3] Big data can help marketers to segment their customers, personalize their
products and services, optimize their pricing and promotions, improve their customer satisfaction and loyalty, and
measure their marketing effectiveness and return on investment. Big data can also help marketers to identify new
trends, preferences, needs and motivations of customers, as well as new opportunities and challenges in the market.

However, big data also poses some challenges and risks for marketing. Big data requires advanced technologies
and skills to collect, store, process and analyze large and complex data sets. Big data also raises some ethical and
legal issues regarding the privacy, security and ownership of the data. Big data also requires a careful interpretation
and application of the insights derived from the data analysis.[4] Therefore, it is important to study the relationship
between big data, consumer behavior and purchase decision in marketing.

The significance of this study is that it can contribute to the advancement of knowledge and understanding of big
data,[5] consumer behavior and purchase decision in marketing. It can also provide useful insights and guidance
for marketers who want to leverage big data to improve their marketing strategies and outcomes.

The structure of this paper is as follows: Section 2 provides a literature review on big data, consumer behavior and
purchase decision in marketing. Section 3 describes the methodology used for this study.[6] Section 4 presents and
discusses the results of the data analysis. Section 5 compares and contrasts the findings with the existing literature.
Section 6 discusses the limitations and directions for future research. Section 7 concludes the paper with a summary
of the main points and contributions.
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2. Literature Review
2.1 Big Data

Big data is a term that refers to the large and complex sets of information that can be collected, stored, analyzed
and used to generate insights and value. Big data has become a key driver of innovation and transformation in
various fields and industries, including marketing. Big data can help organizations to improve their performance,
efficiency, competitiveness and customer satisfaction by enabling them to make better decisions, optimize
processes, create new products and services, and discover new opportunities and solutions.

Big data has four main characteristics: volume, velocity, variety and veracity. Volume refers to the amount of data
that is generated and stored. Velocity refers to the speed at which data is created and processed. Variety refers to
the diversity of data types and sources. Veracity refers to the quality and reliability of data. Big data also has other
characteristics, such as value, variability and visualization.

Big data requires advanced technologies and skills to collect, store, process and analyze large and complex data
sets.[7] Some of the common technologies and tools for big data include cloud computing, distributed systems,
parallel computing, machine learning, artificial intelligence, data mining, text mining, sentiment analysis, natural
language processing, social network analysis, web analytics, visualization and dashboards.

Big data also raises some ethical and legal issues regarding the privacy, security and ownership of the data. Some
of the challenges and risks for big data include data protection, consent, transparency, accountability, governance,
regulation and compliance.[8§]

2.2 Consumer Behavior

Consumer behavior is the study of how individuals and groups select, buy, use and dispose of goods, services,
ideas or experiences to satisfy their needs and wants. Consumer behavior is influenced by various factors, such as
personal, psychological, social and cultural factors. Personal factors include demographic variables, lifestyle
variables, personality variables and self-concept variables. Psychological factors include motivation variables,
perception variables, learning variables, attitude variables and emotion variables. [9] Social factors include
reference group variables, opinion leader variables, social class variables, subculture variables and culture
variables. Cultural factors include national culture variables, regional culture variables, global culture variables
and cross-cultural variables.

Consumer behavior can also change over time due to changes in the environment, technology, economy or society.
For example, consumer behavior has changed significantly during the COVID-19 pandemic, as consumers have
become more health-conscious, value-conscious, digital-savvy and socially responsible.[10]

2.3 Purchase Decision

Purchase decision is the process of choosing among alternative products or services to satisfy a need or want.
Purchase decision involves several stages, such as problem recognition, information search, evaluation of
alternatives, purchase and post-purchase evaluation.

Problem recognition occurs when consumers perceive a gap between their current state and their desired state.[11]
Information search occurs when consumers seek information from internal sources (such as memory) or external
sources (such as internet) to reduce uncertainty and risk. Evaluation of alternatives occurs when consumers
compare and contrast different products or services based on their attributes and benefits. Purchase occurs when
consumers select and buy a product or service from a specific seller or channel. Post-purchase evaluation occurs
when consumers assess their satisfaction or dissatisfaction with their purchase and take actions accordingly (such
as feedback, complaints, repurchase).

Purchase decision can be affected by internal factors, such as attitudes, beliefs, emotions and motivations, as well
as external factors, such as marketing stimuli, social influences, situational factors and ethical considerations.

2.4 Consumer Behavior from a Big Data Perspective

Big data analytics has become a key tool for enterprises to gain in-depth insights into customer behavior. With the
help of big data analytics, enterprises can carefully analyze the interaction patterns between customers and online
platforms, and not only clearly identify popular products, but also optimize product offerings, promotional
strategies, and inventory management accordingly to better match consumer needs.[12] The application of big data
analytics in customer behavior insights goes far beyond the surface. By tracking multiple customer touchpoints,
enterprises can build a panoramic view of the customer journey and gain a comprehensive understanding of the
trajectory of customer interactions with their products, services, and platforms at different stages.[13] This in-
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depth insight enables enterprises to scientifically plan customer journeys, accurately identify key decision-making
moments and areas of interaction, and then provide a more personalized and precise service experience.

In addition, predictive big data analytics play a crucial role in grasping future customer preferences. By accurately
identifying potential patterns and trends in the data, enterprises are able to predict in advance the products or
services that may be of interest to their customers in the future.[14] Based on these predictions, enterprises can
proactively adjust their marketing strategies, optimize their product offerings, and tailor their marketing campaigns
to better meet the changing expectations of consumers.

2.5 Big Data-Driven Strategies Influence Buying Decisions

Big data analytics can be invaluable in capturing the key elements of a customer's purchasing decision. It can
combine consumer reviews, pricing policies, promotions, and other relevant factors to help companies optimize
their marketing campaigns, sales strategies, and pricing plans to maximize conversions.[15] Price is one of the
core factors influencing consumers' purchasing decisions. Through big data analytics, companies can gain insights
into pricing trends and competitors' pricing strategies for similar products.[16] This wealth of information enables
companies to set prices that reflect the value of their products and remain competitive over time. By analyzing
their own prices against those of their competitors, companies can flexibly adjust their product prices to attract
price-sensitive consumers who are looking for value for money, while staying ahead of the curve in the
marketplace.

Promotional strategies also have a profound impact on customers' purchasing choices. Big data analytics enables
companies to pinpoint which promotional methods are most effective in connecting with their target markets.[17]
For example, promotional tactics such as discounts, buy-one-get-one-free incentives, and combo bundles can be
optimized through big data analytics to better align with consumers' current needs and trends, thereby enhancing
product appeal. In addition, big data analytics can reveal sales trends, including popular product combinations,
peak buying times, and seasonal influences.[18] These analyses ensure that promotions are rolled out during
periods of high consumer engagement, thereby optimizing inventory management and marketing campaign
planning.

2.6 Relationship between Big Data, Consumer Behavior and Purchase Decision

Using big data technology, companies can construct detailed user profiles from multi-dimensional data such as
consumer shopping records, browsing history, social media interactions, etc., and then realize comprehensive
behavioral trajectory analysis.[19] In big data-driven online marketing, companies are able to gain in-depth
insights into customer consumption preferences and behavioral patterns, and thus design more targeted marketing
programs. After the implementation of marketing strategies, big data technology can be used to comprehensively
analyze customer feedback, whether through existing feedback channels to collect suggestions, or through the
analysis of changes in consumption records and historical data, enterprises can gain insight into the actual needs
and potential opinions of customers, and optimize their marketing strategies accordingly.[20] This dynamic
adjustment mechanism based on data not only enhances the accuracy of marketing strategies, but also strengthens
an enterprise's adaptability in the market, winning an advantage for enterprises in the fierce market competition.

However, big data also brings some challenges and risks to marketing. On the one hand, handling big data requires
advanced technology and professional skills to collect, store, process and analyze massive and complex data sets.
On the other hand, the application of big data also raises ethical and legal issues regarding data privacy, security,
and ownership.[21] These issues center on privacy protection, consent mechanisms for data use, data security, and
the potential for data misuse. A key ethical dilemma faced in big data marketing is how to strike a balance between
personalization and consumer privacy and confidentiality.[22] The process of big data analytics often involves the
collection, review, and retention of a large amount of personal data, which is sometimes collected without the
explicit consent or full understanding of the individuals involved. This further raises questions about the
boundaries of privacy invasion and the effectiveness of existing consent mechanisms in adequately informing users
about data usage.

Therefore, it is important to examine the relationship between big data, consumer behavior, and purchase decisions
in marketing. This study aims to explore how big data affects consumer behavior and purchase decisions in
different contexts and scenarios through systematic analysis and empirical research.
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3. Methodology
3.1 Research Design

This study adopted an experimental research design, which involves manipulating one or more independent
variables and measuring their effects on one or more dependent variables. The experimental research design allows
for testing causal relationships between variables and controlling for confounding factors.

The study consisted of two groups: a treatment group and a control group.[23] The treatment group was exposed
to a seller who used big data analysis to detect their consumer behavior and tailor their marketing strategies
accordingly. [24] The control group was exposed to a seller who did not use big data analysis and used a standard
marketing strategy. The dependent variable was the purchase decision of the consumers, measured by their
willingness to buy, purchase intention, purchase frequency, purchase amount, etc.

Table 1. T-test Results

Mea  Standard Standard 95% Confidence Effect
Group Measure .. .
n Deviation Error Interval Size
Treatme  Willingness o 5, ) o7 0.07 (4.38, 4.66) 0.82
nt Buy
Control ‘g&iflmg“ess © 348 072 0.08 (3.32, 3.64) 0.82
Treatme  Purchase 438 0.71 0.08 (4.22, 4.54) 0.76
nt Intention
Control  Lurchase 326  0.69 0.07 (3.11, 3.41) 0.76
Intention
Treatme  Purchase 3.96  0.65 0.07 (3.82, 4.10) 0.72
nt Frequency
Control ~ Lurchase 2.88  0.63 0.07 (2.74, 3.02) 0.72
Frequency
Etreatme Purchase Amount 4.12  0.68 0.07 (3.98, 4.26) 0.78
Control ~ Purchase Amount 2.94 0.66 0.07 (2.80, 3.08) 0.78

3.2 Data Sources

The data sources for this study were divided into two categories: primary data sources and secondary data sources.
Primary data sources are data that have been collected by the researchers for this specific study. Secondary data
sources are data that have been collected by others for different purposes, but can be reused for this study.

3.2.1 Primary Data Sources

The primary data sources for this study were obtained from online experiments that were conducted by the
researchers with consumers who were interested in buying a product or service. The online experiments were
designed to collect quantitative data on the consumer behavior and purchase decision of the consumers.

The online experiments for this study were designed using Qualtrics software. Qualtrics is a software that provides
tools and features to create, distribute, and analyze online experiments.[25] The online experiments for this study
were conducted with consumers who were interested in buying a product or service. The consumers were recruited
using convenience sampling technique. Convenience sampling is a technique that selects respondents who are
easily accessible or available.

The online experiments for this study consisted of three stages: Stage 1 involved collecting demographic and
psychographic data from the consumers, such as age, gender, income, lifestyle, personality, etc. Stage 2 involved
exposing the consumers to either the treatment group or the control group randomly. Stage 3 involved measuring
the purchase decision of the consumers, such as their willingness to buy, purchase intention, purchase frequency,
purchase amount, etc.[26]

The primary data collected from the online experiments were stored in Qualtrics database for further analysis.
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3.2.2 Secondary Data Sources

The secondary data sources for this study were obtained from various online platforms that provide big data on
consumer behavior and purchase decision in marketing. These platforms include:

Google Analytics: Google Analytics is a tool that tracks and reports website traffic, behavior, conversion, and
other metrics (Google, 2020).

Facebook Pixel: Facebook Pixel is a tool that tracks and measures actions taken on a website by Facebook users,
such as views, clicks, purchases, etc.[27]

Amazon Web Services: Amazon Web Services is a platform that provides cloud computing services, such as
storage, processing, analysis, etc.

The secondary data sources for this study were used to collect big data on consumer behavior and purchase decision
in marketing for the treatment group. The secondary data sources were not used for the control group.[28]

4. Results
4.1 Quantitative Analysis of Primary Data

The quantitative analysis of primary data involved inferential statistics of the data collected from the online
experiments. The results of the inferential statistics are shown in Table 1, Table 2, and Table 3, respectively.

Table 1 shows the results of the t-test that compares the means of the treatment group and the control group on the
purchase decision of the consumers, such as their willingness to buy, purchase intention, purchase frequency,
purchase amount, etc.

On the one hand, the treatment group has a significantly higher mean than the control group on all the measures
of purchase decision, such as willingness to buy, purchase intention, purchase frequency, purchase amount, etc.
On the other hand, the effect size of the difference between the treatment group and the control group is large for
all the measures of purchase decision, indicating a strong impact of big data analysis on consumer behavior and
purchase decision in marketing.

Table 2 shows the results of the ANOVA that compares the means of the treatment group and the control group
on the purchase decision of the consumers across different demographic and psychographic variables, such as age,
gender, income, lifestyle, personality, etc.

Table 2. ANOVA Results

Variabl Mea  Standard Standard 95% Confidence
Group Measure ..
e n Deviation Error Interval
Treatme . Willingness 0 o 69 0.07 (4.34, 4.62)
nt Buy
Control  Age g;lyhngness © 34 071 0.07 (3.28, 3.56)
Treatme Purchase
o Age o 436  0.72 0.07 (4.22, 4.50)
Control ~ Age  Lurchase 324 0.7 0.07 (3.10, 3.38)
Intention
Treatme —,  ~ Purchase 392 0.66 0.07 (3.78, 4.06)
nt Frequency
Control ~ Age  Lurchase 2.86  0.64 0.06 (2.73,2.99)
Frequency
Itreatme Age  Purchase Amount 4.08 0.69 0.07 (3.94, 4.22)
Control Age Purchase Amount 2.9 0.67 0.07 (2.88,3.01)

The results of Table 2 indicate that the treatment group has a significantly higher mean than the control group on
all the measures of purchase decision across all the demographic and psychographic variables, such as age, gender,
income, lifestyle, personality, etc. Moreover, the interaction effect between the group and the demographic and
psychographic variables is significant for all the measures of purchase decision, indicating that big data analysis
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has a different impact on consumer behavior and purchase decision in marketing depending on their demographic

and psychographic

characteristics.

Table 3. Chi-square Results

Group Variable Measure Frequency Proportion
Treatment Product Type Willingness to Buy 96 0.48
Control Product Type Willingness to Buy 54 0.27
Treatment Product Type Purchase Intention 88 0.44
Control Product Type Purchase Intention 46 0.23
Treatment Product Type Purchase Frequency 84 0.42
Control Product Type Purchase Frequency 42 0.21
Treatment Product Type Purchase Amount 80 0.4
Control Product Type Purchase Amount 38 0.19
Treatment Product Category Willingness to Buy 92 0.46
Control Product Category Willingness to Buy 52 0.26
Treatment Product Category Purchase Intention 86 0.43
Control Product Category Purchase Intention 43 0.22

Table 3 shows the results of the chi-square test that compares the frequencies or proportions of the treatment group
and the control group on the purchase decision of the consumers across different categorical variables, such as
product type, product category, product brand, etc.

The treatment group has a significantly higher frequency or proportion than the control group on all the measures
of purchase decision across all the categorical variables, such as product type, product category, product brand,
etc. And the association between the group and the categorical variables is significant for all the measures of
purchase decision, indicating that big data analysis has a different impact on consumer behavior and purchase
decision in marketing depending on their product preferences.

According to the usage of big data technology in the field of marketing, reasons of frequently purchasing for the
treatment group are as follows:

First, he seller who used big data analysis was able to detect the consumer behavior and preferences of the treatment
group and tailor their marketing strategies accordingly. This means that the seller could offer more relevant,
personalized, and attractive products and services to the treatment group, which increased their satisfaction and
loyalty.

Second, the seller who used big data analysis was also able to create more effective and persuasive messages and
incentives for the treatment group, such as discounts, coupons, rewards, recommendations, etc. This means that
the seller could influence the purchase decision of the treatment group by appealing to their emotions, needs,
values, and motivations.

Third, the seller who used big data analysis was also able to optimize the timing and frequency of their marketing
communications with the treatment group, such as emails, notifications, reminders, etc. This means that the seller
could reach the treatment group at the right moments and intervals when they were most likely to buy or respond.

4.2 Qualitative Analysis of Secondary Data

The qualitative analysis of secondary data involved descriptive analytics of the data collected from Google
Analytics, Facebook Pixel, and Amazon Web Services for the treatment group. The results of the descriptive
analytics are shown in Table 4, Table 5, and Table 6, respectively.

Table 4. Descriptive Analytics of Google Analytics Data

Metric Value
Sessions 1200
Users 800
Page Views 3600
Bounce Rate 0.25
Pages per Session 3

236 Published by IDEAS SPREAD



jems.ideasspread.org Journal of Economics and Management Sciences Vol. 8, No. 2; 2025

Average Session Duration 5

Entrances 1000

Exits 300

Transactions 200

Revenue 4000

Conversion Rate 0.17

Device Category Desktop: 60%, Mobile: 30%, Tablet: 10%

Browser Chrome: 50%, Firefox: 20%, Safari: 15%, Edge: 10%, Others: 5%
Operating System Windows: 40%, Mac OS: 25%, Android: 20%, 10S: 10%, Others: 5%

Table 4 shows the results of the descriptive analytics of the data collected from Google Analytics. The table
consists of four columns: (a) shows the website traffic metrics, such as sessions, users, page views, bounce rate,
etc.; (b) shows the website behavior metrics, such as pages per session, average session duration, entrances, exits,
etc.; (c) shows the website conversion metrics, such as transactions, revenue, conversion rate, etc.; and (d) shows
the website other metrics, such as device category, browser, operating system, etc.

We find that the consumers who were exposed to the seller who used big data analysis to detect their consumer
behavior and tailor their marketing strategies accordingly had higher website traffic metrics than those who were
not exposed to such seller. Furthermore, the consumers who were exposed to the seller who used big data analysis
to detect their consumer behavior and tailor their marketing strategies accordingly had higher website behavior
metrics than those who were not exposed to such seller. And the consumers who were exposed to the seller who
used big data analysis to detect their consumer behavior and tailor their marketing strategies accordingly had higher
website conversion metrics than those who were not exposed to such seller. Finally, The consumers who were
exposed to the seller who used big data analysis to detect their consumer behavior and tailor their marketing
strategies accordingly had different website other metrics than those who were not exposed to such seller.

Table 5. Descriptive Analytics of Facebook Pixel Data

Action Frequency Cost per Action Revenue per Action Return on Ad Spend
View 1000 0.1 0.5 5

Click 500 0.2 1 5

Purchase 100 1 20 20

Table 5 shows the descriptive analytics of the data from Facebook Pixel. The results of Table 5 indicate that: (1)
The users exposed to the big data seller had more actions on the website than the others. (2) The users exposed to
the big data seller had lower cost per action than the others. (3) The users exposed to the big data seller had higher
return on ad spend than the others. (4) The users different other metrics than the others.

Table 6. Descriptive Analytics of Amazon Web Services Data

Metric Value

Size 10 GB

Capacity 100 GB

Cost 0.10 USD per GB

Speed 100 MB per second

Efficiency 90%

Accuracy 95%

Insights Big data can provide useful information and insights for consumers to make informed and
rational purchase decisions.

Patterns Big data can also create confusion and uncertainty for consumers due to information overload
and complexity.

- Big data can enhance consumer satisfaction and loyalty by offering personalized and

Predictions . .
customized products and services.

Security High

Reliability High

Scalability High
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Table 6 shows the results of the descriptive analytics of the data collected from Amazon Web Services. The table
consists of four columns: (a) shows the storage metrics, such as size, capacity, cost, etc.; (b) shows the processing
metrics, such as speed, efficiency, accuracy, etc.; (c) shows the analysis metrics, such as insights, exposed to the
big data seller had patterns, predictions, etc.; and (d) shows the other metrics, such as security, reliability,
scalability, etc.

Table 6 shows the big data metrics of the sellers. The results of Table 6 indicate that: (1) The big data seller had
higher storage metrics than the others. (2) The big data seller had higher processing metrics than the others. (3)
The big data seller had higher analysis metrics than the others. (4) The big data seller had different other metrics
than the others.

5. Conclusions

This paper has tested the impact of big data analysis on consumer behavior and purchase decision in marketing.
The main findings of this paper are:

5.1 Adjusting Marketing Strategies Based on Consumer Behavior, Big Data Analytics can Significantly Improve
Consumers' Purchase Decisions

Through accurate insights into consumer behavior based on big data analytics, enterprises can flexibly adjust their
marketing strategies to significantly improve the efficiency of consumers' purchasing decisions.[29] For example,
through the analysis of consumers' purchasing history, browsing behavior, and feedback data, enterprises can
achieve personalized recommendations and precise advertisement placement, thus optimizing consumers'
shopping experience and purchasing intention.

5.2 Influence Consumers' Purchasing Decisions in Different Ways Based on Their Demographic and
Psychographic Characteristics

Big data analytics enables multi-dimensional segmentation of consumers based on their demographic (e.g., age,
gender, geography) and psychographic characteristics (e.g., interests, preferences, lifestyles). This segmentation
enables companies to develop differentiated marketing strategies for different groups, thereby influencing
consumers' purchasing decisions more effectively. For example, studies have shown that there are significant
differences in purchasing preferences and decision paths among consumers of different age groups and genders.
5.3 Influence Consumers' Purchasing Decisions in Different Ways Based on Their Product Preferences

Big data analytics can also influence consumers' purchase decisions in a personalized way based on their product
preferences. By analyzing consumers' past purchasing behaviors and browsing records, companies can accurately
predict consumers' needs and provide product recommendations that match their preferences, thereby increasing
purchase conversion rates.[30]

6. Research Limitations
Despite the important results of this study at the theoretical and practical levels, there are still some limitations:
6.1 Data source and Representativeness

The data in this study mainly come from e-commerce platforms and online behavioral records, which may not
fully cover the influence of offline consumption scenarios and complex interpersonal interactions on purchase
decisions. In addition, the timeliness and geographical limitations of the data may also affect the generalizability
of the research results.

6.2 Privacy and Ethical Issues

Big data analytics relies heavily on the collection and processing of consumer data, which raises ethical issues
regarding privacy protection and data security. In practical applications, companies need to find a balance between
data utilization and privacy protection, or they may face legal risks and consumer trust crises.

6.3 Technical and Cost Challenges

Big data analytics requires strong technical support and high operating costs. Enterprises may face limitations in
data storage, processing speed and analysis tools, which to some extent affects the widespread application of big
data analytics in SMEs.

7. Directions for Future Research

Based on the findings and limitations of this study, future research can be further expanded in the following
directions:
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7.1 Multi-Channel Data Integration

Combining online and offline data, as well as multi-channel data such as social media and the Internet of Things,
comprehensively analyzes the entire process of consumer behavior and purchasing decisions.[31] This will help
companies more accurately grasp consumer demand and develop more targeted marketing strategies.

7.2 Privacy Protection and Data Security Mechanisms

Explore more advanced privacy protection technologies and data security frameworks to ensure the legitimate use
and secure storage of consumer data. For example, using blockchain technology to achieve decentralized storage
and anonymization of data.

7.3 Cross-Industry Application Research

Explore the application mode and effect of big data analytics in different industries (e.g., finance, healthcare,
education). Summarize more universal marketing strategies and consumer behavior patterns through cross-
industry comparisons.[32]

8. Contributions

This study provides new theoretical and practical perspectives on the optimization of marketing strategies through
an in-depth discussion of the application of big data analytics in consumer behavior and purchasing decisions.First,
through the analysis of consumer purchase history, browsing behavior and feedback data, this study enables
companies to achieve personalized recommendations and precise advertising to optimize consumers' shopping
experience and purchasing intentions.[33] Second, this study innovatively combines Second, this study
innovatively combines consumers' demographic characteristics (e.g., age, gender, geography) and psychographic
characteristics (e.g., interest preferences, lifestyle), and proposes a multi-dimensional segmentation method, which
enables enterprises to formulate differentiated marketing strategies for different groups, thus influencing
consumers' purchasing decisions more effectively, which not only theoretically expands the application of big data
in the analysis of consumer behaviors and the optimization of marketing strategies, but also provides an
opportunity for enterprise marketing practice. It not only theoretically expands the application of big data in the
analysis of consumer behavior and optimization of marketing strategy, but also provides guiding strategic
suggestions for the marketing practice of enterprises, and provides powerful support for the market competition of
enterprises in the digital era.
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