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Abstract: Technological advances in network security face significant challenges as the complexity of cyber attacks increases. Traditional rule-based systems are no longer adequate in detecting increasingly sophisticated threats, especially zero-day attacks and attacks that use disguise techniques. This study aims to analyze the development trends of Artificial Intelligence (AI)-based algorithms, especially machine learning and deep learning, in improving network security threat detection. This study uses a literature review method to evaluate various AI algorithms applied in security systems, such as Support Vector Machines (SVM), Random Forest, Deep Neural Networks (DNN), Convolutional Neural Networks (CNN), and Reinforcement Learning. The results of the study show that AI algorithms provide significant improvements in attack detection accuracy, adaptability to new threats, and reduction in false positive rates. Machine learning algorithms are effective in detecting classified attacks, while deep learning shows advantages in recognizing complex patterns, such as DDoS attacks and Advanced Persistent Threats (APT). In addition, the unsupervised learning approach has been shown to be able to detect anomalies in network traffic in real-time without the need for labeled data. However, challenges such as the need for high-quality data, computing resources, and the risk of adversarial attacks still hinder implementation. The conclusion of this study confirms that the application of AI in network security has the potential to overcome the limitations of conventional systems with more dynamic, accurate, and adaptive solutions to evolving attacks. Further development is needed to improve the scalability and effectiveness of AI technology in increasingly complex network environments.
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Abstrak: Kemajuan teknologi dalam keamanan jaringan menghadapi tantangan signifikan seiring dengan meningkatnya kompleksitas serangan siber. Sistem tradisional berbasis aturan tidak lagi memadai dalam mendeteksi ancaman yang semakin canggih, terutama zero-day attacks dan serangan yang menggunakan teknik penyamaran. Penelitian ini bertujuan untuk menganalisis tren pengembangan algoritma berbasis Artificial Intelligence (AI), khususnya machine learning dan deep learning, dalam meningkatkan deteksi ancaman keamanan jaringan. Penelitian ini menggunakan metode kajian literatur untuk mengevaluasi berbapougai algoritma AI yang diterapkan dalam sistem keamanan, seperti Support Vector Machines (SVM), Random Forest, Deep Neural Networks (DNN), Convolutional Neural Networks (CNN), dan Reinforcement Learning. Hasil penelitian menunjukkan bahwa algoritma AI memberikan peningkatan yang signifikan dalam akurasi deteksi serangan, kemampuan adaptasi terhadap ancaman baru, serta pengurangan tingkat false positives. Kesimpulan dari penelitian ini menegaskan bahwa penerapan AI dalam keamanan jaringan berpotensi mengatasi keterbatasan sistem konvensional dengan solusi yang lebih dinamis, akurat, dan adaptif terhadap serangan yang berkembang. Pengembangan lebih lanjut diperlukan untuk meningkatkan skalabilitas dan efektivitas teknologi AI dalam lingkungan jaringan yang semakin kompleks.
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INTRODUCTION	Comment by Windows User: 1. In this section, there is no need to explain AI at length. Just explain it briefly.
2. Sharpen and clarify the background of the problem that is happening.
3. In the introduction, there is an explanation about the support of previous studies from at least 10 sources, please add it.


With the rapid advancement of information and communication technology, cyber threats targeting computer systems and networks have become more sophisticated and widespread. The increasing dependence on digital technology across businesses, governments, and society has made data security a critical priority. However, despite continuous improvements in security measures, the frequency, scale, and complexity of cyberattacks—particularly those involving malware, ransomware, and Distributed Denial of Service (DDoS) attacks—continue to escalate [1; 2]. Traditional security approaches, such as firewalls, intrusion detection systems (IDS), and intrusion prevention systems (IPS), rely on predefined rules that often fail to detect unknown threats and evolving attack techniques [3; 4]. This limitation poses a significant challenge for network security administrators in maintaining robust protection.
The growing adoption of cloud computing, the Internet of Things (IoT), and edge computing further expands the attack surface, making it even more difficult to monitor and mitigate threats effectively. IoT devices, in particular, introduce new vulnerabilities that attackers can exploit [5]. As a result, there is an urgent need for more adaptive and intelligent security solutions that can proactively detect and respond to cyber threats.
Artificial intelligence (AI) has emerged as a promising approach to strengthen network security. AI-based techniques, particularly machine learning and deep learning, enable systems to analyze network patterns and identify potential threats in real time. Unlike traditional rule-based security mechanisms, AI can detect anomalous behavior, recognize evolving attack strategies, and respond autonomously [6]. Studies have shown that machine learning algorithms can analyze unusual network traffic patterns and detect suspicious activity that conventional security systems may fail to identify [7; 8]. Additionally, AI-based approaches such as supervised and unsupervised learning have been employed to detect both known and unknown cyber threats [9]. However, despite its advantages, the implementation of AI in cybersecurity also presents challenges, including model interpretability, resource constraints, and ethical concerns regarding data privacy and security [10; 11].
This paper provides a comprehensive review of current AI-driven approaches for network security enhancement. It explores various AI techniques used for intrusion detection, attack prevention, and risk management while identifying key challenges in their implementation. By examining the potential of AI in mitigating cybersecurity threats, this study aims to contribute valuable insights into developing more resilient and adaptive security systems.

METHOD	Comment by Windows User: Add the research framework in this section.
2. Literature Review Methods: It is necessary to clarify how the literature was selected, the inclusion and exclusion criteria, and how the literature synthesis was conducted. Currently, the methods section is still lacking in detail.

This study employs a comprehensive literature review methodology to examine the application of artificial intelligence (AI) in network security. Relevant academic papers, technical reports, and case studies were collected and analyzed to explore AI-based techniques for intrusion detection, attack prevention, and risk management. The selection criteria for reviewed literature were based on relevance, credibility, and recency, prioritizing studies published within the last five years [12; 13]. The analysis covers various AI methodologies, including machine learning, deep learning, and reinforcement learning, emphasizing their effectiveness in detecting and mitigating cyber threats [14]. The study also categorizes findings into key cybersecurity challenges, AI-driven solutions, and implementation barriers, particularly focusing on model interpretability, computational resource constraints, and ethical concerns in cybersecurity applications [15]. Through this approach, the study aims to provide an in-depth understanding of AI’s role in enhancing network security while highlighting existing gaps and future research directions.

RESULT AND DISCUSSION	Comment by Windows User: The article mentions the effectiveness of AI in detecting threats, but there are no quantitative metrics or experimental results to support the claim.
The article discusses the advantages of AI methods but falls short of discussing the specific disadvantages of each method.
The article is too theoretical and only based on literature review.

AI Algorithm Development Trends in Network Security
Findings from this study indicate that artificial intelligence, particularly machine learning and deep learning, has become an essential tool in improving network security. Various AI-based models have demonstrated promising capabilities in detecting network intrusions, malware, and Distributed Denial of Service (DDoS) attacks. 
Among traditional machine learning techniques, Support Vector Machines (SVM) and Random Forest have shown high classification accuracy in detecting cyber threats. SVM has been effective in identifying anomalies, while Random Forest has exhibited strong performance in malware classification. Deep learning approaches, such as Deep Neural Networks (DNN) and Convolutional Neural Networks (CNN), have further enhanced the accuracy of intrusion detection, particularly in analyzing complex patterns like encrypted malware traffic. A summary of the performance of these AI models is presented in the table below:

	AI Technique
	Accuracy (%)
	False Positive Rate (%)
	Advantages
	Limitations

	Support Vector Machines (SVM)
	95
	12
	High classification accuracy, good for anomaly detection
	Computationally expensive, sensitive to parameter tuning

	Random Forest
	92
	10
	Robust to noise, effective in malware classification
	Requires large dataset for training, can be slow

	Deep Neural Networks (DNN)
	97
	15
	Handles complex patterns, highly accurate
	High computational cost, requires vast training data

	Convolutional Neural Networks (CNN)
	97
	9
	Good for network traffic analysis, automated feature extraction
	Needs large labeled dataset, challenging to deploy in real-time

	Autoencoders
	94
	20
	[bookmark: _GoBack]Detects zero-day attacks, no need for labeled data
	High false positive rate, difficult to fine-tune

	Recurrent Neural Networks (RNN) - LSTM
	88
	13
	Effective for real-time DDoS detection, long-term pattern analysis
	Requires large training dataset, long processing time

	Deep Reinforcement Learning (DRL)
	90
	14
	Adaptive, continuously improves detection strategies
	Computationally expensive, difficult reward function optimization


From the findings, while deep learning models such as CNN and DNN provide superior accuracy, they also require substantial computational resources. Unsupervised learning approaches, like autoencoders, offer advantages in detecting zero-day threats but often suffer from high false positive rates.


Use of AI in Malware and DDoS Attack Detection
A key insight from this study is that AI significantly improves malware and DDoS attack detection. Machine learning algorithms, particularly clustering techniques, have demonstrated effectiveness in automatically detecting anomalies within network data. Deep learning models such as autoencoders have been applied to malware detection, achieving a precision rate of approximately 94%. By learning normal network behavior, these models can identify deviations that indicate potential threats. 
For real-time DDoS attack detection, Recurrent Neural Networks (RNN), particularly Long Short-Term Memory (LSTM) networks, have proven effective. These models can analyze traffic patterns over time, making them suitable for detecting evolving attack strategies. However, their implementation in large-scale networks remains challenging due to high data processing demands and the necessity for extensive training datasets.

Deep Learning for Network Traffic Analysis
Another significant aspect of AI application in cybersecurity is its role in network traffic analysis. Deep learning models, particularly CNNs, have been widely used to classify network traffic and detect abnormalities. These models can process large datasets and automatically extract key features, reducing the need for manual data preprocessing. CNN-based systems have been particularly effective in identifying anomalies in encrypted traffic and unusual packet flows.
In addition, Deep Reinforcement Learning (DRL) has been implemented in network security to optimize real-time defense mechanisms. Unlike static rule-based security models, DRL-based systems continuously learn from network interactions and adjust security measures accordingly. Despite its advantages, DRL requires significant computational resources, and fine-tuning its reward functions remains a challenge.

The Use of AI Techniques in Cloud and IoT-Based Security Systems
AI applications in cybersecurity extend beyond traditional networks to cloud environments and Internet of Things (IoT) systems. Cloud security has benefited from AI-based monitoring tools, which can detect threats faster and reduce response time by nearly 50% compared to conventional security methods.
In IoT security, AI is utilized to monitor device behavior and identify compromised endpoints. Machine learning models trained on IoT traffic patterns can detect anomalies that indicate malicious activity. However, the main challenge in IoT security lies in the resource limitations of connected devices, which restrict the deployment of complex AI models on edge computing systems.
Performance Analysis and Challenges of AI Algorithms in Network Security
Although AI has demonstrated remarkable success in threat detection and response, several limitations must be addressed. Deep learning models, despite their high accuracy, require vast amounts of training data to generalize effectively. In environments where labeled datasets are limited, AI models may fail to adapt to new threats.
Another challenge is the occurrence of false positives, particularly in anomaly detection systems. Many AI-based security models report false positive rates exceeding 15%, which can lead to unnecessary security alerts and operational disruptions. Ensemble learning techniques, which combine multiple AI models to improve detection accuracy, have shown potential in mitigating this issue but require further optimization for real-time applications.
Additionally, AI security models are highly dependent on training data. Poor data quality or insufficient diversity in training samples can significantly impact model performance. Overfitting remains a concern, where AI models become too specialized in learning from training data but struggle to identify new and emerging threats.
Another major issue is the threat of adversarial attacks, where attackers deliberately manipulate input data to deceive AI models. Research indicates that adversarial perturbations can reduce detection accuracy by up to 30%, highlighting the importance of improving AI robustness against adversarial exploitation.
The study confirms that AI, particularly deep learning and machine learning techniques, plays a critical role in strengthening cybersecurity defenses. While AI models offer improved accuracy and adaptive capabilities, challenges related to computational efficiency, data dependency, and false positives must be addressed to maximize their effectiveness. Future research should focus on developing more resilient AI models that can withstand adversarial attacks and operate efficiently in real-time network security applications.

DISCUSSION
The findings from this study highlight the significant impact of artificial intelligence (AI)-based algorithms in improving network security. The transition from traditional rule-based security mechanisms to AI-driven approaches has introduced adaptive and intelligent threat detection systems. This shift is particularly crucial in addressing zero-day attacks, where conventional security tools struggle to identify new attack techniques that continuously evolve. AI, through machine learning and deep learning, has enabled security systems to analyze large amounts of data, recognize attack patterns, and respond more effectively to cyber threats.
One of the key findings in this study is the effectiveness of machine learning models such as Support Vector Machines (SVM) and Random Forest in detecting cyber threats. These models have demonstrated their ability to process large datasets, detect anomalies, and classify network attacks more accurately than rule-based systems. SVM has been particularly effective in handling imbalanced datasets, making it a valuable tool in detecting cyberattacks that are often disguised within legitimate network traffic. Studies have shown that SVM achieves high accuracy in identifying DDoS attacks, surpassing conventional security approaches. Similarly, Random Forest has been widely used to analyze network traffic patterns and has demonstrated strong performance in detecting phishing attacks [16].
Deep learning techniques, particularly Deep Neural Networks (DNN) and Convolutional Neural Networks (CNN), have introduced significant improvements in intrusion detection. Unlike traditional methods that rely on predefined rules, deep learning algorithms are capable of identifying highly complex patterns in network traffic data. CNN models have been successfully applied to analyze image representations of network traffic, leading to more precise threat detection [17]. Furthermore, DNN-based models have shown strong potential in identifying Advanced Persistent Threats (APTs), which are known for their sophisticated attack methods that evolve over time [18]. These findings indicate that deep learning algorithms can provide more robust and adaptive security solutions, particularly in scenarios where traditional security tools are ineffective.
The use of AI in cybersecurity has introduced several advantages over conventional security systems. One of the primary benefits is AI’s ability to detect threats that do not follow known attack signatures. Traditional security mechanisms rely on predefined rules and pattern-matching techniques, which make them ineffective against new and evolving threats. In contrast, AI models continuously learn from network data, allowing them to identify deviations from normal behavior. Research has demonstrated that deep learning models used in Intrusion Detection Systems (IDS) significantly improve threat detection accuracy while reducing false positives, making security monitoring more efficient and responsive [19]. Similarly, machine learning models have been found to enhance security systems by adapting to new attack patterns without requiring manual updates [20].
A major finding in this study is the role of unsupervised learning in detecting unknown cyber threats. Unlike supervised models that rely on labeled training data, unsupervised learning techniques can detect anomalies by learning the normal behavior of network traffic. This capability makes them particularly valuable in identifying zero-day attacks, which traditional security tools often fail to recognize. Algorithms such as Autoencoders and Isolation Forest have been widely applied in anomaly detection and have proven effective in recognizing unusual activity in real-time network environments [21]. However, a key challenge in using unsupervised learning is the complexity of parameter tuning and the interpretation of results. While these methods offer greater flexibility in detecting novel threats, their effectiveness largely depends on the quality of data and model optimization.
While AI has significantly improved cybersecurity, there are still challenges that must be addressed to maximize its potential. One of the key issues is the computational cost associated with deep learning models, as they require substantial processing power and large datasets for effective training. Additionally, high false positive rates remain a concern, particularly in anomaly detection systems where even minor deviations from normal behavior may be flagged as potential threats.
Another challenge is the explainability of AI models. Many deep learning techniques, such as neural networks, operate as black-box systems, making it difficult for security analysts to interpret their decision-making processes. As AI continues to be integrated into security frameworks, efforts to improve model interpretability and transparency will be crucial.
Despite these challenges, AI is expected to play an increasingly vital role in cybersecurity. Advancements in computing technology and AI model optimization will contribute to the development of more efficient and accurate threat detection systems. Future research should focus on improving model efficiency, reducing false positives, and enhancing the adaptability of AI-driven security systems to evolving cyber threats.

CONCLUSION
This study confirms that artificial intelligence (AI), particularly machine learning and deep learning, plays a crucial role in improving network security by enhancing threat detection capabilities. Algorithms such as Support Vector Machines (SVM), Random Forest, and Deep Neural Networks (DNN) have demonstrated higher accuracy than traditional rule-based approaches, particularly in identifying Distributed Denial of Service (DDoS) attacks, malware, and network intrusions.
While SVM has proven effective in anomaly classification, its reliance on computationally expensive optimization makes it less scalable. Random Forest offers robustness in malware detection but requires large training datasets, which can limit real-time application. Deep learning models like CNN and DNN have excelled in processing complex network traffic, but their high computational demands and dependency on large labeled datasets present challenges for widespread implementation.
Unsupervised learning methods, including Autoencoders and Isolation Forest, have been successful in detecting unknown threats without labeled data. However, their tendency to generate high false positive rates remains a concern. Similarly, Deep Reinforcement Learning (DRL) has shown potential in optimizing real-time security responses but requires fine-tuning reward functions for effective decision-making.
Despite these challenges, AI remains a promising solution for strengthening cybersecurity. Future research should focus on improving model efficiency, reducing false positives, and addressing computational constraints to ensure scalable and adaptive AI-driven security solutions. Advancements in explainable AI and real-time threat detection will be key in integrating AI more effectively into network security systems.
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