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Abstract: The intelligent and personalized development of social network system cannot be sepa-
rated from the support of machine learning technology. This paper discusses the application of ma-
chine learning in social network system, focusing on the implementation of data flow design, ma-
chine learning model integration, personalized recommendation, social graph analysis, emotion 
recognition and security protection. At the same time, the strategy of optimizing system throughput, 
computing efficiency, data transmission and resource allocation through machine learning is stud-
ied to improve system performance. 
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1. Introduction 
In the era of rapid expansion of social media, the user base and data scale have ex-

panded rapidly, making it difficult for the original system architecture to carry the re-
quirements of intelligent and personalized services. Machine learning, as a powerful tech-
nical means, can effectively process massive data and improve the user experience and 
system performance of social networks. This paper aims to explore the development and 
optimization of social network system based on machine learning, analyze its application 
in personalized recommendation, social graph analysis, emotion recognition and security 
protection, and further explore its potential in optimizing system throughput, computing 
efficiency and data transmission. 

2. Machine Learning-Driven Social Network System Development 
2.1. Data Flow Design and Real-Time Processing Architecture 

In the social network system based on machine learning, data flow design occupies 
the core position. Systems need to quickly process huge amounts of real-time data cover-
ing multiple dimensions such as user behavior, social interaction, and content creation. 
To ensure the real-time and expandability of the system, streaming data processing archi-
tecture is usually adopted. Common architectures include data acquisition layer, data pro-
cessing layer, storage layer and application layer. At the data acquisition layer, message 
queues such as Kafka are used to receive data streams in real time. The data processing 
layer performs stream processing and real-time analysis via Apache Flink or Spark 
Streaming. The storage layer uses distributed storage systems (such as Hadoop or NoSQL 
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databases) to ensure efficient data storage and fast query. Figure 1 below summarizes the 
data flow design and real-time processing architecture: 

 
Figure 1. Data flow design and real-time processing architecture. 

2.2. Development and Integration of Machine Learning Models 
The development of machine learning models includes selecting suitable algorithms, 

such as deep learning, collaborative filtering, matrix decomposition, random forest, etc., 
while carrying out the necessary data cleaning and feature extraction work to better en-
hance the learning efficiency of the model. The model is trained through the historical 
data set and the parameters are adjusted to obtain more accurate prediction results. After 
the model is developed, it is connected to the back end of the social network system 
through API interface to realize real-time personalized recommendation and user behav-
ior prediction. Containerization technologies, such as Docker, can be used to efficiently 
deploy and scale models, simplifying the go-live process. In order to ensure system sta-
bility, the model needs to be regularly monitored and updated, and constantly adjusted 
based on real-time data to adapt to changing user needs and habits [1]. 

2.3. Sentiment Analysis and Public Opinion Monitoring 
Sentiment analysis and public opinion monitoring play a key role in social net-

works. Sentiment analysis provides insight into the emotional color of user-generated 
content, including positive, negative, or neutral emotions. This is critical to capturing 
user emotional responses, fine-tuning content delivery, and enhancing the user expe-
rience. Public opinion monitoring detects and predicts social hot events, public mood 
changes and potential risks through real-time analysis of massive social media data. 
Machine learning algorithms, such as sentiment dictionaries, sentiment classifiers, and 
deep learning models, are widely used for such tasks. Combining these algorithms with 
interactive data in social networks (such as likes, comments, and shares) improves moni-
toring accuracy and enables comprehensive analysis to better identify and predict trends 
in network public opinion, providing rapid decision-making references for enterprises 
and government departments. 

3. Application of Machine Learning in Social Networking Systems 
3.1. Personalized Recommendation and Content Push 

In the social network system, one of the key technologies to achieve user personalized 
experience is the accurate recommendation and distribution of content. The recommen-
dation algorithm based on machine learning can push the most relevant content to each 
user by analyzing the user's historical behavior, interest preference, and social relation-
ship. For example, the social platform will predict the user's interest according to the user's 
past likes, comments, browsing behavior and other data, and push relevant posts, adver-

https://pinnaclepubs.com/index.php/EJACI


European Journal of AI, Computing & Informatics https://pinnaclepubs.com/index.php/EJACI 
 

Vol. 1 No. 2 (2025) 75  

tisements or social activities to increase the user's participation. Common recommenda-
tion algorithms include collaborative filtering, content-based recommendation, matrix de-
composition and deep learning. By analyzing similarities among users, collaborative fil-
tering algorithms recommend content liked by similar users. Content-based recommen-
dation recommends content that is relevant to the user's interests based on the character-
istics of the content (such as tags, keywords, etc.). Matrix decomposition and deep learn-
ing algorithms improve the accuracy of recommendations by analyzing users' potential 
preferences through more complex models. Table 1 below compares the recommended 
algorithms: 

Table 1. Comparison of recommended algorithms. 

Recommendation al-
gorithm 

advantage shortcoming Application scenario 

Collaborative filtering 

Easy to implement 
and can push content 
according to user in-

terests 

Sparse matrix prob-
lem, cold start prob-

lem 

Recommendations 
based on user behav-

ior 

Content-based recom-
mendations 

Recommendation ac-
curacy is high, con-

sider the content 
characteristics 

No potential correla-
tions between content 

can be found 

Content related rec-
ommendations 

Matrix decomposition 

It can effectively han-
dle large scale data 
and capture hidden 

preferences 

The calculation is 
large and the training 

time is long 

Recommendation of 
large-scale data 

Deep learning 

Can handle complex 
features and improve 
recommendation ac-

curacy 

It requires a lot of 
data and computing 

resources 

Highly personalized 
recommendations, 
complex scenarios 

As can be seen from Table 1, by continuously optimizing these recommendation al-
gorithms, social network platforms can continuously improve the accuracy of the recom-
mendation system and user satisfaction. 

3.2. Social Graph and Community Discovery in Social Networks 
The social graph is a graphical data structure describing user interactions in a social 

network, representing connections such as friendship and attention between users. By 
capturing these relationships and their strength, the social graph provides structural in-
formation for social networks. Machine learning methods, especially graph neural net-
works (GNN), are widely used in social graph analysis to help identify users' interests and 
social groups. Community discovery is a key task in social graph analysis, which aims to 
discover the close-knit groups of users in a social network through algorithms. Commu-
nity discovery methods can be divided into graph-based partitioning algorithms and node 
feature-based clustering algorithms. Graph partitioning algorithms, such as Louvain's al-
gorithm, identify communities by optimizing the connection density between nodes. The 
clustering algorithm based on node features can divide similar groups by analyzing the 
attributes of nodes. Community discovery not only helps to reveal the group structure in 
social networks, but also provides technical support for customized content recommen-
dation, precision marketing and other activities. Social graph and community discovery 
help to understand user social behavior and group dynamics, and promote the intelli-
gence of social network system [2]. 
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3.3. Public Opinion Analysis and Emotion Recognition 
Public opinion analysis and emotion recognition are important tools to understand 

users' emotions and predict the direction of public opinion in social networks. Emotion 
recognition uses natural language processing (NLP) techniques to analyze emotional 
tendencies in user-generated content, such as positive, negative, or neutral. This is crucial 
for predicting reactions to public events, optimizing content push, adjusting marketing 
strategies, and more. Sentiment analysis usually includes emotion classification, emotion 
intensity analysis, etc., which is widely used in social media monitoring, brand manage-
ment, crisis management and other fields. Public opinion analysis focuses on monitoring 
and predicting hot topics and public opinion dynamics in social networks. Through real-
time analysis of social platform data, public opinion monitoring can reveal users' attitudes 
towards an event, mood swings and potential risks. Machine learning algorithms, such as 
naive Bayes, support vector machines, convolutional neural networks, etc., are widely 
used in sentiment classification and public opinion monitoring to help social network 
platforms identify crises in a timely manner for intervention and response. Table 2 below 
compares sentiment analysis and public opinion monitoring methods: 

Table 2. Comparison of sentiment analysis and public opinion monitoring methods. 

method advantage shortcoming Application scenario 

Naive bayes 
Simple and easy to 

implement, fast train-
ing speed 

Weak understanding 
of text context infor-

mation 

Simple emotion clas-
sification task 

Support Vector Ma-
chine (SVM) 

High precision, suita-
ble for large-scale 

data analysis 

The calculation cost is 
large and the training 

time is long 

Large-scale public 
opinion analysis 

Convolutional Neural 
Networks (CNN) 

Can handle complex 
text features with 

high accuracy 

Large amounts of an-
notated data are re-

quired and high com-
puting resources are 

required 

Deep emotion analy-
sis and complex text 

processing 

As can be seen from Table 2, sentiment analysis methods such as naive Bayes are 
suitable for simple tasks, SVM is suitable for large-scale data analysis, and CNN provides 
higher accuracy when processing complex texts. Choosing a method is a trade-off based 
on task complexity and data volume 

3.4. Social Network Security and Anti-cheating Technology 
Social networking platforms face security threats such as malicious attacks, disinfor-

mation and user privacy breaches. The application of machine learning technology in anti-
cheating and abnormal behavior detection is becoming increasingly important in improv-
ing platform security. Anti-cheating technology mainly analyzes user behavior data to 
identify malicious behavior, such as bot attacks, fake account creation, and spam publish-
ing. Anomaly detection methods based on machine learning can automatically identify 
and flag suspicious behavior, reducing the pressure of manual review. For example, clus-
tering algorithms or neural network models are used to analyze user behavior patterns 
and find abnormal activities that are significantly different from normal behavior, so as to 
identify and prevent malicious behavior. In addition, social network platforms can also 
use graph model-based algorithms to detect potential disinformation dissemination net-
works by analyzing social relationships and interactions among users. Anti-cheating tech-
nology not only helps to improve the security of the platform, but also enhances the trust 
and experience of users. The combination of privacy protection technologies, such as dif-
ferential pri vacy, ensures that the user's personal privacy is protected to the maximum 
extent possible when conducting user behavior analysis and anti-cheat detection [3]. 
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4. Machine Learning-Driven Social Network System Optimization 
4.1. Enhance System Throughput and Processing Capability 

In machine learning-driven social networking systems, increasing system through-
put and processing power is key to improving overall performance. With the rapid 
growth of users and data volume, the system must have enough processing power to use 
Streaming data processing architectures (such as Apache Kafka and Spark Streaming) to 
reduce data latency and enhance system throughput by efficiently processing real-time 
data streams. By analyzing user behavior and content generation data in real time, the 
system can quickly identify hot topics and user needs to improve user experience. In terms 
of algorithm optimization, the compression and parallel computation of machine learning 
models can reduce the computational complexity and improve the processing power. Dis-
tributed computing frameworks (such as Hadoop and Spark) greatly improve computing 
speed and system throughput by breaking tasks into multiple small tasks and using mul-
tiple compute nodes to process them in parallel [4]. The computational efficiency of the 
optimization algorithm is also the key. For example, in the recommendation system, di-
mensionality reduction of the interaction matrix between users and items can significantly 
reduce the computing time and resource consumption, while ensuring the accuracy of the 
recommendation. In this way, the system is able to maintain an efficient balance between 
massive data processing and complex calculations. To improve system throughput, the 
formula can be adopted: 

𝑇𝑇 = 𝑁𝑁
∑ (𝑃𝑃𝑖𝑖⋅𝐶𝐶𝑖𝑖)𝑀𝑀
𝑖𝑖=1

            (1) 
Among them, 𝑇𝑇 Represents the system throughput, 𝑁𝑁 Is the amount of data, 𝑃𝑃𝑖𝑖 

Is the number of processing units, 𝐶𝐶𝑖𝑖 It's the computing power of the unit. M Number 
of processing units Increasing the number of processing units or increasing the computing 
power can effectively improve the system throughput. 

4.2. Improve Data Transmission and Network Bandwidth Utilization 
Data transfer efficiency and bandwidth utilization directly affect system performance, 

especially in high-traffic and big data environments. The use of compression algorithms, 
data deduplication, and efficient transport protocols such as HTTP/2 and QUIC can effec-
tively reduce transmission time and bandwidth consumption. The key to improve band-
width utilization efficiency is to optimize data flow and network resource allocation. Ma-
chine learning and network traffic prediction technology can help the system dynamically 
adjust data traffic, predict network congestion, allocate bandwidth resources rationally, 
and avoid bottlenecks. For example, deep learning is used to analyze traffic data and pre-
dict bandwidth requirements, thereby optimizing data routing and transmission paths 
and reducing congestion. In addition, a distributed content delivery network (CDN) is 
used to cache data to nodes closer to the user, reducing transmission distances and im-
proving bandwidth utilization. CDN technology selects the best transmission path based 
on user location and network conditions to reduce latency and improve user experience. 
The formula can be selected: 

𝐵𝐵 = 𝐷𝐷⋅𝑆𝑆
𝑇𝑇⋅𝐿𝐿

             (2) 
Among them, 𝐵𝐵 Is bandwidth utilization, 𝐷𝐷 Is the amount of data transferred, 𝑆𝑆 

Is the data compression rate, 𝑇𝑇 It's the transmission time, 𝐿𝐿 It is the network delay. By 
increasing the amount of data 𝐷𝐷 Or shorten the transmission time 𝑇𝑇 To optimize band-
width utilization. By optimizing data transfer protocols, adopting intelligent traffic man-
agement and distributed caching, social networking systems can effectively improve 
bandwidth utilization and overall performance. 
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4.3. Improve Computing Efficiency and Response Speed 
Improving computing efficiency and response speed is the key to improving the per-

formance of social networking systems. By optimizing the algorithm and accelerating the 
calculation process, the efficiency of the system can be effectively improved. By means of 
model compression, algorithm simplification and parallel computation, the computa-
tional complexity is reduced and the processing speed is increased. For example, distrib-
uted computing frameworks (such as Apache Spark and Hadoop) can be used to split 
tasks and process them in parallel, greatly improving computing efficiency. Parallel com-
puting not only speeds up the data processing process, but also improves the response 
speed of the system, ensuring that user requests can be responded in a short time. At the 
same time, real-time data processing architectures, such as stream processing systems, 
also play an important role [5]. Through streaming systems, social networking platforms 
can quickly process real-time user data, enabling low-latency content recommendations 
and instant feedback, which greatly improves the user experience. To improve computa-
tional efficiency and response speed, the formula can be used:

 𝑅𝑅 = 𝐶𝐶⋅𝑃𝑃⋅𝑁𝑁
𝑇𝑇⋅𝐿𝐿

             (3) 
Among them, 𝑅𝑅 Represents the speed of response, 𝐶𝐶 It's computing power, 𝐿𝐿 It's 

the load. 𝑃𝑃  Is the number of processing units, 𝑁𝑁  Is the computing power per pro-
cessing unit, It's task processing time. By increasing the number of processing units 𝑃𝑃 、
Improve computing power 𝐶𝐶  And computing power per processing unit 𝑁𝑁  At the 
same time reduce the system load 𝐿𝐿 And task processing time, can significantly improve 
the response speed of the system. 

4.4. Optimizing Resource Allocation and Load Balancing 
Optimizing resource allocation and load balancing is the key to improving system 

performance and stability. The rational allocation of resources should be based on real-
time system load monitoring and forward-looking prediction. With the help of machine 
learning, the system is able to analyze past data in depth to predict load fluctuations over 
time and adjust resource allocation flexibly accordingly. Using deep learning, the system 
has the ability to accurately process massive user data, timely detect and respond to high-
load areas, and ensure smooth operation of the system under high-load conditions. Load 
balancing intelligently schedules and allocates computing resources to ensure that no 
node in the system is overloaded. Common load balancing policies include weight-based 
scheduling, polling scheduling, and minimum number of connections scheduling. These 
policies can allocate requests appropriately according to the current load of the server, 
avoiding the situation that some nodes are overloaded while others are idle. By adopting 
the formula: 

𝑇𝑇 = 𝑅𝑅
∑ (𝑃𝑃𝑖𝑖⋅𝑊𝑊𝑖𝑖)𝑁𝑁
𝑖𝑖=1

            (4) 

Among them, 𝐿𝐿 Represents the load on each node, 𝑅𝑅 Is the total resource amount, 
𝑃𝑃𝑖𝑖  Is the processing capacity of the i -th processing uni, 𝑊𝑊𝑖𝑖 Is the weight of the i -th 
processing unit, 𝑁𝑁 Is the number of processing units. By allocating the weights of pro-
cessing units reasonably 𝑊𝑊𝑖𝑖 and increase the computing power of the processing unit 𝑃𝑃𝑖𝑖  
To optimize resource allocation and reduce the load on each node, thereby improving the 
overall load balancing effect. 

5. Conclusion 
With the rapid progress of social networks, the user experience and platform perfor-

mance have been continuously enhanced. The application of machine learning technology 
in data processing, personalized recommendation, resource allocation, etc., has made the 
social network system achieve significant optimization. By increasing computing effi-

T
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ciency, improving data transmission, optimizing bandwidth utilization, and enabling in-
telligent load balancing, the system can better respond to large-scale user demands. In the 
future, with the progress of technology, social network systems will achieve further leaps 
in processing efficiency, response speed and intelligent services, so as to bring users a 
smoother, reliable and intelligent interactive experience. 
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