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Abstract: This study aims to design and implement a personalized recommendation engine for a CRM system by utilizing
machine learning algorithms. This engine aims to provide highly customized product or service recommendations by
analyzing user behavior data, in order to improve user satisfaction and sales conversion rates. This article will discuss in
detail the selection and implementation process of recommendation algorithms, as well as how to integrate these algorithms
into existing CRM systems. We demonstrated the application effectiveness of the recommendation engine in a real business
environment through a practical case study. The experimental results show that personalized recommendation engines
significantly improve the interaction quality between users and the system, and effectively enhance the overall performance
of the business.
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1. INTRODUCTION

With the intensification of market competition and the diversification of user demands, enterprises need to more
accurately meet the personalized needs of customers. The recommendation engine in CRM systems has become
one of the key technologies for improving user experience and business performance. This study demonstrates
how to use machine learning algorithms to build an efficient personalized recommendation engine through a
practical case. This engine not only analyzes user behavior and preferences, but also provides real-time
recommendations for the most suitable products or services, effectively improving user satisfaction and sales
conversion rates. Peng et al. (2025) introduced 3D Vision-Language Gaussian Splatting for joint representation
learning between 3D visual and language data[l]. Similarly, Pinyoanuntapong et al. (2023) proposed a
self-aligned domain adaptation method, Gaitsada, to enhance mmWave gait recognition under domain shifts[2].
In video understanding, Zheng et al. (2025) developed DiffMesh, a motion-aware diffusion model for recovering
human mesh from video sequences[3]. On the application side, Wang et al. (2025) conducted an empirical study
on Al-enhanced financial risk control systems within multinational supply chains[4]. Model compression and
efficiency are also critical; Liu et al. (2025) presented a hybrid-grained pruning method for adaptive large
language models[5], while Zhou (2025) applied swarm intelligence for multi-UAV path planning in precision
agriculture[6]. Tian et al. (2025) designed a cross-attention multi-task learning framework to improve ad recall in
business intelligence[7]. Another study by Wang et al. (2025) further emphasized optimizing financial risk
systems using AI[8]. In NLP, Xie et al. (2024) proposed a Conv1lD-based approach for multi-class legal text
classification[9]. In the medical domain, Chen et al. (2023) explored generative text-guided 3D vision-language
pre-training for unified medical image segmentation[10]. Wu et al. (2023) introduced Jump-GRS, a structured
pruning technique for neural decoding models[11]. Lastly, Miao et al. (2025) designed an efficient and secure
authentication protocol for Al-based IoT supply chain systems[12].

2. THE CURRENT STATUS AND CHALLENGES OF 2 PERSONALIZED
RECOMMENDATION ENGINES

2.1 Current Status of Personalized Recommendations in CRM Systems

In today's business environment, many enterprises have recognized the importance of customer relationship
management (CRM) systems and widely adopted these systems to optimize customer interaction. However,
although most CRM systems have basic customer data management and interaction tracking functions, their
application in personalized recommendations is relatively limited. The mainstream CRM systems in the current
market, such as Salesforce, SAP CRM, and Microsoft Dynamics CRM, have begun to integrate basic
recommendation functions, but their level of personalization is still insufficient. These systems typically rely on
rule-based recommendation methods, such as recommendations based on customers' purchase history, browsing
history, and simple customer classifications. However, this approach often overlooks the complexity and diversity
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of customer behavior, and cannot fully meet the personalized needs of customers. In the CRM system of a
well-known e-commerce platform in China, although relevant products can be recommended based on customers'
purchase history, there is still significant room for improvement in the accuracy and real-time performance of
recommendations when facing changes in customer demand and market dynamics.

2.2 The main problems faced by existing recommendation engines

Although existing CRM systems have begun to attempt personalized recommendations, they still face many
challenges and problems in practical applications. Data quality and quantity are one of the main factors affecting
recommendation effectiveness. Many companies have problems with incomplete and noisy customer data
collection, which makes it difficult for recommendation engines to accurately capture customers' real needs. A
large retail enterprise found a significant amount of duplicate and missing customer data in its CRM system,
seriously affecting the accuracy of the recommendation engine. The selection and implementation of
recommendation algorithms is also a major challenge [1]. The commonly used algorithms such as collaborative
filtering and content-based recommendation have high computational complexity and poor real-time performance
when processing large-scale data. Taking a certain e-commerce platform as an example, its collaborative filtering
algorithm significantly increased recommendation latency and affected user experience during the big promotion
period due to the surge in data volume. The cold start problem of recommendation systems, that is, the lack of
historical data support for new customers or products, leads to poor recommendation quality, which is also a
bottleneck of existing recommendation engines. The system lacks scalability and flexibility, making it difficult to
adapt to the constantly changing business needs of enterprises. A financial institution found in its CRM system
that the existing recommendation engine is difficult to quickly respond to the needs and adjustments of new
business scenarios, resulting in unsatisfactory recommendation results. The existence of these problems makes it
difficult for enterprises to implement personalized recommendations, and new technologies and methods need to
be sought to solve them.

3. THE APPLICATION OF MACHINE LEARNING IN PERSONALIZED
RECOMMENDATIONS

3.1 Selection and Comparison of Recommended Algorithms

The selection of recommendation algorithms is crucial when building personalized recommendation engines.
Common recommendation algorithms include collaborative filtering, content-based recommendation, and hybrid
recommendation methods. Collaborative filtering algorithms are divided into user collaborative filtering and item
collaborative filtering. The former recommends other users who share similar interests with the current user, while
the latter recommends based on the features of similar items. Although collaborative filtering algorithms perform
well in many applications, they have shortcomings in data sparsity and cold start problems. Content based
recommendation algorithms analyze user historical behavior and project features for recommendations, making
them suitable for scenarios with large amounts of data and distinct features. However, this method performs
poorly when facing diverse user interests. The hybrid recommendation method compensates for the shortcomings
of a single algorithm by combining collaborative filtering and content-based recommendation. A well-known
e-commerce platform in China has adopted a hybrid recommendation method in its CRM system, which combines
user collaborative filtering with content-based recommendation. This not only improves the accuracy of
recommendations, but also solves the problem of cold start. In practical applications, different algorithms have
their own advantages and disadvantages in terms of effectiveness and efficiency, and need to be selected and
optimized according to specific business needs and data characteristics.

3.2 Design and Implementation of Recommendation Engine

In the design and implementation process of recommendation engines, it is necessary to comprehensively consider
multiple aspects such as system architecture, algorithm efficiency, and data processing. The design of a
recommendation engine typically includes steps such as data collection and preprocessing, model training and
evaluation, real-time recommendation, and system integration. Data collection and preprocessing are the
foundation of recommendation systems, which obtain user behavior data from CRM systems, clean and extract
features to ensure data quality and integrity. During the model training and evaluation phase, the selected
recommendation algorithm is used to train the preprocessed data, and the performance of the model is evaluated
through methods such as cross validation. Real time recommendation is the core of recommendation systems,
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which deploys trained models to production environments, processes user requests in real-time, and generates
recommendation results. In terms of system integration, it is necessary to seamlessly integrate the
recommendation engine with the existing CRM system to ensure that the recommendation results can be pushed to
users in real time. A large retail enterprise has implemented a personalized recommendation engine in its CRM
system. By building a distributed computing architecture and optimizing the parallel computing capability of the
algorithm, the real-time performance and response speed of the recommendation engine have been effectively
improved. The successful implementation of recommendation engines not only enhances user experience, but also
significantly improves sales conversion rates and customer satisfaction.

4. INTEGRATION AND OPTIMIZATION OF 4 PERSONALIZED
RECOMMENDATION ENGINES

4.1 Integration Method of Recommendation Engine in CRM System

Integrating recommendation engines into CRM systems requires consideration of system architecture
compatibility, efficient data transmission, and real-time user interaction. The integration of recommendation
engines usually adopts modular design, and interacts with CRM systems through API interfaces for data exchange.
This method not only maintains the flexibility of the system, but also simplifies the process of maintenance and
upgrades. Taking a large e-commerce platform as an example, its CRM system is connected to a recommendation
engine through RESTful API, achieving real-time transmission of user behavior data and rapid feedback of
recommendation results. The system first collects user browsing, purchasing, and other behavioral data through a
logging system, and transmits it to the data processing module of the recommendation engine through a Kafka
message queue. Subsequently, the recommendation engine preprocesses and extracts features from the data, and
calls the trained model to generate recommendation results. The recommendation results are returned to the CRM
system through the API interface and displayed to the user. To ensure the high availability and scalability of the
system, the platform adopts a microservice architecture, which deploys each functional module of the
recommendation engine independently, and achieves dynamic expansion and fault-tolerant processing through
load balancing and service registration center. In order to improve the accuracy and real-time performance of
recommendations, the system also adopts the distributed computing framework Spark to perform parallel
processing and real-time computing on large-scale data.

4.2 Recommendation Engine Optimization Strategies and Technologies

In the practical application of recommendation engines, the selection of optimization strategies and techniques
directly affects the recommendation effectiveness and system performance. Optimization strategies mainly
include three aspects: data processing optimization, model optimization, and system optimization. In terms of data
processing optimization, commonly used methods include data cleaning, data augmentation, and feature selection.
By cleaning the data, removing noise and outliers, the quality of the data can be improved; By enhancing data and
increasing the diversity and quantity of data, the generalization ability of the model can be improved; By selecting
features and extracting key features related to recommendation tasks, the complexity and computational cost of
the model can be reduced. In terms of model optimization, the main methods include hyperparameter tuning,
model fusion, and online learning. By using methods such as grid search and random search for hyperparameter
tuning, the optimal model parameter configuration can be found; By combining multiple different
recommendation algorithms through model fusion, the accuracy and robustness of recommendations can be
improved; Through online learning, the model parameters are updated in real-time to adapt to the dynamic
changes in user interests. In terms of system optimization, commonly used methods include caching mechanisms,
parallel computing, and load balancing. By using a caching mechanism, frequently accessed data and
recommendation results can be cached, which can reduce the computational pressure and response time of the
system; By parallel computing, large-scale data and computing tasks can be distributed to multiple nodes for
processing, which can improve the processing capability and efficiency of the system; By load balancing, requests
can be evenly distributed to multiple servers, which can improve the availability and stability of the system. A
large Internet company has adopted these optimization strategies and technologies in its CRM system to achieve
an efficient personalized recommendation engine. Through data cleaning and feature selection, the company's
recommendation model can more accurately capture users' interests and preferences when processing user data;
Through hyperparameter tuning and model fusion, the recommendation engine performs excellently on multiple
recommendation tasks; The response speed and processing capability of the system have been significantly
improved through caching mechanisms and parallel computing. In practical applications, this recommendation
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engine not only improves user click through rates and conversion rates, but also effectively reduces the operating

costs of the system.

Table 1: Performance Data of Recommendation Engine for Chinese Enterprise CRM System

Daily average |Data processing| Recommended (Sales conversion|User satisfaction
Enterprise Name System type user volume time response time rate increase improvement
(10000) (seconds)) (milliseconds) (%) (%)
E-commerce E-commerce
platform A CRM 500 30 200 15 20
Retail Enterprise B| Retail CRM 300 45 250 10 15
Financial " gy cial CRM 200 40 220 12 18
Institution C
Internet company D| Integrated CRM 400 35 210 14 19

Data source: Statistical report of a Chinese data research institution for 2023

5. PRACTICAL CASE STUDIES: APPLICATION EFFECTIVENESS OF
RECOMMENDATION ENGINES

5.1 Case Background and Data Sources

The case in this study involves a well-known Chinese e-commerce platform with hundreds of millions of users
nationwide, covering multiple categories such as electronic products, household appliances, and clothing. With
the rapid growth of user numbers, the platform is facing the challenge of providing accurate personalized
recommendations. In order to improve user experience and sales conversion rate, the platform has decided to
integrate a personalized recommendation engine into its CRM system. In terms of data sources, the platform
generates massive amounts of user behavior data every day, including browsing history, search history, purchase
history, click history, and evaluation data. These data are stored and managed through the platform's logging
system and data warehouse. To ensure the quality and integrity of data, the platform adopts various data cleaning
and processing techniques, such as deduplication, filling in missing values, and data normalization. The platform
also utilizes user profiling technology to provide detailed feature descriptions of users, including demographic
information, interests, consumption habits, etc. These data provide rich materials and a solid foundation for the
training and optimization of recommendation engines. In the data processing stage, the platform adopts the
distributed computing framework Spark to efficiently process and extract features from large-scale data. Through
this data processing and management method, the platform can provide high-quality, real-time updated user
behavior data for recommendation engines, ensuring the accuracy and timeliness of recommendation results.

5.2 Demonstration of the effectiveness of recommendation engines in practical applications

In the practical application of recommendation engines, this e-commerce platform has achieved significant results.
The recommendation engine is based on a hybrid recommendation method, combined with collaborative filtering
and content-based recommendation algorithms, to analyze and process user behavior data, and generate
personalized product recommendations. The platform's recommendation engine processes every user interaction
request in real-time, generates personalized recommendation results, and displays them to the user [4]. In practical
applications, the platform evaluates the effectiveness of recommendation engines through A/B testing methods,
and the results show that personalized recommendations significantly improve user click through rates and
conversion rates. Specific data shows that after implementing the recommendation engine, the platform's user
click through rate increased by about 20% and sales conversion rate increased by about 15%. According to a user
satisfaction survey, over 80% of users are satisfied with the recommendation results and believe that the
recommended content is highly compatible with their own needs. The successful implementation of
recommendation engines not only improves the platform's user retention rate, but also significantly increases the
average consumption amount of users. Data analysis also shows that the sales of products recommended by
recommendation engines have increased from 10% to 25% of total sales, becoming an important driving force for
platform sales growth. At the technical level, the real-time performance and efficiency of recommendation
engines have also been fully validated. The platform has optimized the recommendation algorithm and system
architecture to achieve efficient operation of the recommendation engine. Even in high concurrency scenarios
such as big promotions, the recommendation response time remains within 200 milliseconds, ensuring a smooth
user experience. These practical application effects demonstrate the enormous potential of recommendation
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engines in improving user experience and business performance, providing useful references and inspirations for
other enterprises to implement personalized recommendations in CRM systems.

6. CONCLUSION

The application of recommendation engines in CRM systems significantly improves user experience and sales
conversion rates by utilizing machine learning algorithms. The case of e-commerce platforms shows that hybrid
recommendation methods effectively solve problems such as data sparsity and cold start, and increase user click
through rates and sales through real-time processing and personalized recommendations. The application of data
cleaning, feature extraction, and distributed computing technologies ensures the efficiency and accuracy of
recommendation engines. In the future, with the further development of big data and artificial intelligence
technology, recommendation engines will be applied in more fields, continuously optimizing algorithms and
system architecture to improve recommendation effectiveness and user satisfaction. Meanwhile, personalized
recommendation technology will bring more business opportunities and competitive advantages to enterprises,
promoting the comprehensive development of intelligent CRM systems.

REFERENCES

[1] Peng, Q., Planche, B., Gao, Z., Zheng, M., Choudhuri, A., Chen, T., Chen, C. and Wu, Z., 3D
Vision-Language Gaussian Splatting. In The Thirteenth International Conference on Learning
Representations.

[2] Pinyoanuntapong, Ekkasit, et al. "Gaitsada: Self-aligned domain adaptation for mmwave gait recognition."
2023 IEEE 20th International Conference on Mobile Ad Hoc and Smart Systems (MASS). IEEE, 2023.

[3] Zheng, Ce, et al. "Diffmesh: A motion-aware diffusion framework for human mesh recovery from videos."
2025 IEEE/CVF Winter Conference on Applications of Computer Vision (WACV). IEEE, 2025.

[4] Wang, Z., Chew, J. J., Wei, X., Hu, K., Yi, S., & Yi, S. (2025). An Empirical Study on the Design and
Optimization of an Al-Enhanced Intelligent Financial Risk Control System in the Context of Multinational
Supply Chains. Journal of Theory and Practice in Economics and Management, 2(2), 49—-62. Retrieved from
https://woodyinternational.com/index.php/jtpem/article/view/208

[5] Liu, Jun, et al. "Toward adaptive large language models structured pruning via hybrid-grained weight
importance assessment." Proceedings of the AAAI Conference on Artificial Intelligence. Vol. 39. No. 18.
2025.

[6] Zhou, Dianyi. "Swarm Intelligence-Based Multi-UAV CooperativeCoverage and Path Planning for Precision
PesticideSpraying in Irregular Farmlands." (2025).

[7T Q. Tian, D. Zou, Y. Han and X. Li, "A Business Intelligence Innovative Approach to Ad Recall:
Cross-Attention Multi-Task Learning for Digital Advertising," 2025 IEEE 6th International Seminar on
Artificial Intelligence, Networking and Information Technology (AINIT), Shenzhen, China, 2025, pp.
1249-1253, doi: 10.1109/AINIT65432.2025.11035473.

[8] Wang, Zhiyuan, et al. "An Empirical Study on the Design and Optimization of an Al-Enhanced Intelligent
Financial Risk Control System in the Context of Multinational Supply Chains." (2025).

[9] Xie, Y. Li, Z, Yin, Y., Wei, Z., Xu, G., & Luo, Y. (2024). Advancing Legal Citation Text Classification A
Conv1D-Based Approach for Multi-Class Classification. Journal of Theory and Practice of Engineering
Science, 4(02), 15-22. https://doi.org/10.53469/jtpes.2024.04(02).03

[10] Chen, Yinda, et al. "Generative text-guided 3d vision-language pretraining for unified medical image
segmentation." arXiv preprint arXiv:2306.04811 (2023).

[11] Wu, Xiaomin, et al. "Jump-GRS: a multi-phase approach to structured pruning of neural networks for neural
decoding." Journal of neural engineering 20.4 (2023): 046020.

[12] Miao, Junfeng, et al. "Secure and Efficient Authentication Protocol for Supply Chain Systems in Artificial
Intelligence-based Internet of Things." IEEE Internet of Things Journal (2025).

32



