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Abstract 

With the rapid advancement of Internet and big data technologies, user behavior data and product information on e- 

commerce platforms have experienced exponential growth. Leveraging big data to mine and analyzing massive volumes 

of user data provides technical support for precision recommendation and precision marketing, thereby boosting the 

transaction rates of e-commerce platforms. This study employs a literature review approach to systematically synthesize 

the current research status—both domestically and internationally—regarding the role of big data in driving e-commerce 

conversion rates. First, from a data perspective, it elaborates on the integration of multi-source user behavior data and the 

dynamic construction of user portraits; second, it explores the application of optimized recommendation algorithm 

technologies (e.g., collaborative filtering, Graph Neural Networks [GNNs]) in recommendation systems; subsequently, it 

analyzes the function of real-time feedback mechanisms in the iterative updating of recommendation systems; and it further 

discusses strategies for balancing personalized recommendation and recommendation diversity. Finally, an analysis is 

conducted by incorporating practical cases from typical platforms such as Amazon, Taobao, and Netflix. The research 

demonstrates that constructing dynamic user portraits, adopting advanced recommendation algorithms, and implementing 

real-time iterations can effectively improve recommendation quality and user experience, which in turn enhances platform 

conversion rates. The conclusion summarizes the key research findings and offers an outlook on the future development 

directions of big data-driven personalized recommendation systems. 
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1. Introduction 

The user base of the e-commerce industry continues to expand, and user behavior and transaction data exhibit 

characteristics of massiveness and diversity. Extracting user interests and purchasing intentions from such data has become 

a critical task. The traditional “people-seeking-goods” model can no longer meet users’ personalized needs; instead, 

artificial intelligence (AI)-driven recommendation systems have emerged, shifting the business model to “goods-seeking- 

people” and significantly improving user shopping efficiency and platform conversion rates [1]. For instance, Qian et al. 

(2025) noted that modern e-commerce platforms achieve precision recommendation by mining user behavior trajectories 

and constructing dynamic preference models, thereby enhancing user experience and purchase conversion [1]. Meanwhile, 

big data technology offers new opportunities for precision marketing. Ge (2025), in a study on precision marketing, 

proposed that constructing and mining user portraits via big data technology can improve enterprises’ marketing 

capabilities, though challenges such as data quality and privacy protection persist [2]. Additionally, research by Sun Junling 

et al. (2024) confirmed that recommendation models based on user behavior data directly enhance transaction conversion 

efficiency [3]. Therefore, investigating how to use big data technology to integrate multi-source data, optimize 

recommendation algorithms, and construct real-time iterative feedback mechanisms—with the goal of improving e- 

commerce transaction rates, which holds significant theoretical significance and practical value [4,5]. 

 

2. Domestic and International Research Status 

In recent years, scholars at home and abroad have explored the application of big data in enhancing e-commerce conversion 

rates and recommendation systems from multiple perspectives. To systematically synthesize the domestic and international 

research status, this study conducted a literature search in core databases including CNKI, IEEE Xplore, ACM Digital 

Library, and Web of Science, using key search terms such as “big data + e-commerce conversion rate”, “user portrait + 

recommendation system”, and “Graph Neural Network + e-commerce recommendation”. The retrieval time span was set 
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from 2021 to 2025 to ensure the timeliness and relevance of the selected literature, and after screening out duplicate and 

low-relevance studies, a total of 58 core literatures were included for in-depth analysis. 

In the field of big data and precision marketing, Ge Ying (2025) systematically analyzed the application principles and key 

technologies of big data in e-commerce precision marketing, and proposed countermeasures such as improving data quality 

and strengthening privacy protection to enhance marketing efficiency and user satisfaction [2]. Wei Qiongwu (2024) 

demonstrated through research that big data-driven recommendation systems can effectively improve recommendation 

accuracy and personalization, bringing significant economic benefits to e-commerce platforms [6]. 

Research on user portraits indicates that constructing user portraits based on multi-source data is a core link in achieving 

personalized recommendation and precision marketing. Liang Zhaomin et al. (2023) proposed using big data technology 

to build an e-commerce user portrait system, which provides support for precision recommendation through data 

preprocessing and feature mining [4]; Li Juan et al. (2022) further developed a multi-modal feature fusion framework for 

portrait construction, improving the accuracy of preference capture in dynamic scenarios [7]. Existing domestic studies 

have used multi-dimensional information (e.g., users’ historical behavior, social characteristics) to construct user portraits, 

enabling more precise personalized recommendations. 

In terms of recommendation algorithm optimization, Sun et al. (2024) published a review in the Journal of Big Data that 

categorizes methods into content-based recommendation, collaborative filtering, knowledge graphs, and hybrid approaches. 

The review points out that collaborative filtering exhibits significant parallelization advantages on big data platforms but 

faces issues of sparsity and cold start, while content-based recommendation struggles to expand users’ interests [8]. Graph 

learning methods such as Graph Neural Networks (GNNs) have developed rapidly in recent years: a review by Wu et al. 

(2022) argued that GNNs can extract complex associative features from graph-structured data, making them naturally 

suitable for addressing the sparsity problem of traditional recommendation systems [9,10]; the SelfGNN framework proposed 

by Wang et al. (2022) further improved the robustness of GNNs in e-commerce scenarios through self-supervised learning 
[11]. A study by Guo et al. (2021) in ACM Computing Surveys noted that recommendation systems integrated with 

knowledge graphs can alleviate data sparsity and cold start issues while providing recommendation explanations [12]. 

Research on diversity shows that overemphasis on accuracy leads to the “filter bubble” effect. Peng et al. (2025) proposed 

that most recommendation systems prioritize accuracy, which tends to limit users’ horizons; thus, enhancing 

recommendation diversity has become a research focus [13]. A study by Zhao et al. (2024) in IEEE Transactions on 

Knowledge and Data Engineering also emphasized that focusing solely on utility is insufficient to meet fairness and 

diversity requirements, and that attention must be paid to diversity at both the user and item levels [14]. 

In the area of real-time feedback and iteration, domestic and international studies have recognized the need for closed-loop 

updates in recommendation systems: Qian et al. (2025) proposed embedding recommendation results into front-end 

interfaces and dynamically optimizing them through real-time feedback mechanisms, forming a cycle of “data collection– 

model iteration–effect verification” to address demands in high-concurrency scenarios [1]; research on distributed systems 

by Liu Yang et al. (2023) provided technical support for the implementation of this closed-loop mechanism [15]. 

In summary, existing literature covers multiple aspects of big data application in e-commerce recommendation systems— 

from multi-source data integration and user portrait construction to recommendation algorithm improvement, and further 

to real-time iteration and diversity balancing—laying a theoretical foundation for this study [4,5]. 

 

3. Analytical Argumentation 

3.1 Integration of Multi-Source Data and Dynamic Construction of User Portraits 

In big data-driven recommendation systems, the integration of multi-source data is a prerequisite for constructing precise 

user portraits. Existing studies emphasize collecting user behavior data (e.g., clicks, browsing, purchases), social network 

information, and product attributes from diverse channels, followed by data cleaning and fusion to build comprehensive 

user portraits [4,7,16]. Specifically, the multi-source data integration process includes three core steps: first, data cleaning to 

eliminate duplicate records, correct missing values, and filter abnormal data through methods such as outlier detection and 

interpolation; second, data fusion, which adopts algorithms like weighted fusion and feature-level fusion to integrate 

heterogeneous data (e.g., structured user behavior logs and unstructured product review texts) into a unified feature space; 

third, feature standardization to ensure data consistency for subsequent portrait construction. For example, Wu et al. (2019) 

proposed a collaborative filtering model that fuses user-item relationships and visual information; this model alleviates the 

sparsity problem through multi-source heterogeneous data. Experiments showed that this method outperforms traditional 
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collaborative filtering on Amazon’s e-commerce dataset, effectively predicting ratings for different types of products— 

particularly excelling in cold-start scenarios for new items [16]. 

Dynamic user portraits further emphasize updating user preferences over time: by real-time tracking of user interaction 

behavior and adjusting portrait tags, changes in user interests can be captured. For instance, Ge (2025) analyzed the role 

of big data in precision marketing, noting the need to construct dynamically updated user models to accurately grasp user 

needs [2]; research on tag systems by Huang Song (2023) provided a specific scheme for feature updates in dynamic 

portraits [17]. By fusing multi-source data and enabling the dynamic evolution of user portraits, recommendation systems 

can more accurately understand user preferences, thereby improving the relevance of personalized recommendations and 

conversion rates. 

3.2 Optimization of Recommendation Algorithms (e.g., Collaborative Filtering, GNNs) 

Advanced recommendation algorithms are key to improving recommendation quality. Traditional collaborative filtering 

(CF) generates recommendations based on user-item interaction matrices, which can capture group behavior patterns but 

faces limitations in scenarios of data sparsity and cold start [8,14]. To address these issues, researchers have proposed 

multiple optimization strategies: on the one hand, integrating additional features (e.g., product content, tags, user social 

relationships) into CF models to form hybrid approaches; on the other hand, using deep learning technologies to process 

complex features. 

The introduction of Graph Neural Networks (GNNs) in the recommendation field enables the modeling of high-order 

associations between users and products. Wu et al. (2022) pointed out that GNNs can effectively extract graph-structured 

features from non-Euclidean data, enabling recommendation systems to perform more strongly in processing interaction 

networks [9]; the SelfGNN proposed by Wang et al. (2022) further reduces noise interference through the fusion of long- 

and short-term behaviors [11]. Combining multi-source data, the knowledge graph-based recommendation method 

proposed by Guo et al. (2021) mitigates data sparsity and cold start issues using external relational data [12]; Singh et al. 

(2023) enhanced the depth of content feature mining through natural language processing (NLP) technology [18]. 

Additionally, Qian (2025) mentioned platform practices in a review: for example, Alibaba’s Taobao uses BERT models 

to analyze user reviews and product tags, optimizing recommendation relevance and increasing the repurchase rate of 

highly rated products by 28%; Pinduoduo matches images of long-tail products with user preferences through visual 

semantic matching, increasing click-through rates by 35%; JD.com uses reinforcement learning to dynamically balance 

click-through rates and gross merchandise volume (GMV) indicators during large-scale promotions, achieving a 21% 

month-on-month growth in GMV [1,19]. In conclusion, integrating multi-modal features, knowledge graphs, and deep graph 

neural networks can significantly improve recommendation accuracy and system robustness, providing strong technical 

support for increasing conversion rates. 

Table 1 Comparison of Recommendation Algorithms 

 

Recommendation Method Data Requirement Advantages Disadvantages 
 

 

Collaborative Filtering (CF) 

 

 

 

Content Recommendation 

A large number of user- 

commodity interaction records 

(explicit or implicit) 

 

User/commodity feature 

information (attributes, labels) 

Simple implementation: no in- 

depth content modeling required; 

leveraging collective wisdom 

 

Interpretable; no cold start 

problem (for existing content) 

Obvious cold start 

problem; low accuracy due 

to data sparsity 

 

Requires manual features; 

difficult to explore users' 

potential interests 

 

 

Hybrid Recommendation Combining CF and content data 

 

 
Constructing  user-commodity 

Integrating the advantages of 

both; alleviating the defects of a 

single method 

 

Leveraging high-order 

High system complexity; 

need to coordinate multi- 

source information 

 
High computational cost; 

Graph Neural Network graphs; knowledge graphs 

(KG) can be introduced 

associations; alleviating sparsity; 

integrating multi-source data 

[7][9] 

need to design graph- 

structured models 
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3.3 Balancing Personalized Recommendation and Recommendation Diversity 

The goal of personalized recommendation is to provide users with precise content, but overemphasis on accuracy leads to 

the “information filter bubble.” Diverse recommendations aim to introduce novelty while meeting personalization needs. 

Peng et al. (2025) noted that pure pursuit of accuracy limits users’ horizons and results in a homogeneous platform content 

ecosystem [13]; similarly, international studies have found that content-based methods often struggle to recommend novel 

content [8]. The entropy regularization method proposed by Chen et al. (2023) provides a quantitative solution to this 

problem [20]. 

Therefore, it is necessary to explicitly incorporate diversity metrics into recommendation algorithms. For example, during 

the ranking stage, reordering recommendation results to insert items with slightly lower relevance but distinct styles into 

the list; or treating diversity as an auxiliary objective during model training. Current methods include using techniques 

such as submodular maximization (e.g., Maximal Marginal Relevance [MMR]) and entropy regularization to balance 

accuracy and diversity [14,20]. In practice, large-scale platforms often use A/B testing to balance personalized and diverse 

needs, thereby improving user satisfaction and long-term retention. In conclusion, e-commerce recommendation systems 

need to strike a balance between recommendation quality and content richness, allowing users to experience personalized 

content while discovering new products of interest. 

 

4. Case Analysis 

Practices of typical e-commerce platforms demonstrate that big data-driven recommendation can significantly enhance 

conversion effects. Amazon uses a personalized recommendation system to customize homepage content; reports indicate 

that orders and revenue generated through recommendations account for a substantial proportion of its total [17,21]; a study 

by Smith et al. (2021) provided a detailed analysis of the core mechanisms of its recommendation architecture [21]. 

Netflix’s recommendation system once set an industry benchmark; its “Netflix Prize” competition highlighted the 

importance of improving recommendation algorithms for user retention and viewing volume [22]. In the context of Chinese 

e-commerce, Alibaba’s Taobao integrates user behavior and social data, and optimizes product display using deep learning 

models—improving click-through rates and repurchase rates. Pinduoduo employs multi-modal models to jointly train 

image and text features with user preferences, significantly increasing the exposure and conversion rates of long-tail 

products [1]. JD.com uses a real-time big data platform and reinforcement learning algorithms to flexibly adjust the priority 

of product ranking during major promotions, achieving substantial GMV growth [19]. 

These cases confirm that, supported by big data and AI technologies, e-commerce platforms can effectively increase user 

purchase conversion rates through precise personalized recommendations—while also verifying the importance of multi- 

source data integration and algorithm optimization [1,21]. 

 

5. Conclusion 

In summary, big data-driven recommendation system technology has become a key means to enhance e-commerce 

transaction rates. By integrating multi-source data (including user behavior, social information, and product data) and 

constructing dynamic user portraits, platforms can fully grasp user interests [4,7,16]; optimizing recommendation models 

through advanced algorithms such as collaborative filtering, Graph Neural Networks, and knowledge graphs can 

effectively address data sparsity and cold-start issues, enhancing recommendation accuracy and robustness [9,11,12]; 

introducing real-time feedback mechanisms to realize a closed loop of “data collection–model iteration–effect verification” 

enables recommendation systems to quickly adapt to market changes [1,15]; meanwhile, balancing personalization and 

diversity avoids user aesthetic fatigue and information cocoons, thereby improving user satisfaction and loyalty [8,13,20]. 

In the future, with the continuous advancement of AI technology (e.g., the application of large-scale pre-trained models in 

recommendation systems) and the improvement of big data infrastructure, e-commerce personalized recommendation 

systems will see further innovations in areas such as user privacy protection, cross-domain collaboration, and context 

awareness. Future research should focus on developing differential privacy algorithms to balance recommendation 

accuracy and user privacy [5]. We believe that big data-driven intelligent recommendation will continue to inject new 

vitality into the e-commerce field, achieving more efficient commercial value and user experience. 
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