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ABSTRACT

In the rapidly evolving digital landscape, cybersecurity has become increas-
ingly critical, especially within complex network environments. This research
presents the development of a cyber threat detection system that leverages Arti-
ficial Intelligence (AI) and Big Data analytics to enhance accuracy and speed in
identifying and responding to cyber threats. The system was evaluated through
rigorous testing, demonstrating a high detection accuracy of 95% for malware
and unauthorized access attempts, along with an impressive detection speed of
2 seconds on average for most threats. Additionally, the system exhibited strong
scalability, maintaining optimal performance even with increasing network com-
plexity. These findings underscore the system’s robustness and practical appli-
cability in real-world scenarios. However, further refinement is suggested to im-
prove anomaly detection and reduce response times for more complex threats.
This study contributes valuable insights into the integration of AI and Big Data
in cybersecurity, providing a scalable and effective solution for protecting criti-
cal network infrastructures.
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1. INTRODUCTION
In the rapidly evolving digital era, cybersecurity has become one of the most crucial aspects for indi-

viduals, organizations, and nations [1, 2]. The advancement of technology has driven increased connectivity
and integration between various systems and networks, creating an increasingly complex network ecosystem
[3–5]. These complex networks encompass various devices, from computers to Internet of Things (IoT) de-
vices, connected through a vast and diverse network infrastructure [6]. As a result, these networks have become
more vulnerable to various cyber threats, such as malware attacks, ransomware, denial-of-service (DoS) attacks,
and data breaches.

The importance of cybersecurity in complex networks cannot be underestimated [7]. Cyber threats not
only lead to financial losses but also cause reputational damage, operational disruptions, and privacy violations
[8–11]. At the national level, cyber-attacks can threaten national security, damage critical infrastructure, and
affect economic stability [12]. Therefore, implementing effective and innovative cybersecurity measures is
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essential to protect the integrity, confidentiality, and availability of data and network systems [13].
Detecting cyber threats in modern networks presents significant challenges due to the vast volume

of data generated by these complex systems. Each device connected to the network produces data that must
be monitored and analyzed to detect suspicious patterns or anomalies that may indicate cyber threats [14].
Managing and analyzing this big data requires significant resources and sophisticated analytical techniques.
Additionally, the constantly evolving nature of cyber threats complicates threat detection further [15]. Cyber
attackers continuously develop new methods to exploit network vulnerabilities and evade detection, utilizing
advanced techniques such as AI-based attacks, polymorphic attacks, and zero-day attacks [16–18].

Traditional security systems often rely on predefined rules and signatures, making them less effective
in detecting new and unknown threats [16, 19, 20]. Furthermore, the diversity of devices and technologies
connected to the network adds complexity in maintaining consistent and effective security across the entire
network. This research aims to address these challenges by proposing an advanced cyber threat detection
solution based on AI and Big Data analytics [21]. The primary objective is to develop a threat detection system
that can quickly and accurately identify and respond to cyber threats in complex networks. The proposed
system leverages the power of AI to recognize patterns and anomalies that cannot be detected by traditional
systems and utilizes Big Data analytics to efficiently manage and analyze large volumes of data [22, 23].

1.1. Literature Review
The literature surrounding the integration of Artificial Intelligence (AI) and Big Data analytics in

cybersecurity is extensive and highlights the significant advancements and challenges in the field. This section
reviews key studies that have contributed to the understanding and development of AI-driven cybersecurity
solutions, particularly in the context of complex networks [24].

1.1.1. AI in Cybersecurity
Artificial Intelligence (AI) has emerged as a transformative technology in the field of cybersecurity,

offering more sophisticated and adaptive threat detection capabilities than traditional methods [25]. AI tech-
niques, such as machine learning and deep learning, have shown remarkable success in identifying patterns
and anomalies within large datasets, which are often indicative of potential cyber threats. Buczak and Guven
(2016) demonstrated that machine learning algorithms could detect network anomalies more accurately by con-
tinuously learning from new data inputs [26]. This adaptability is critical in cybersecurity, where the nature of
threats is constantly evolving.

Deep learning, a subset of AI, has proven particularly effective in analyzing unstructured data, such
as network traffic logs and malware samples [27]. Deep learning models, including Convolutional Neural
Networks (CNN) and Recurrent Neural Networks (RNN), can detect complex attack patterns in real-time,
providing a significant improvement over traditional signature-based detection systems. These models can
automatically extract features from raw data, enabling the detection of previously unknown threats with high
accuracy.

1.1.2. Big Data Analytics in Cyber Threat Detection
Big Data analytics plays a pivotal role in enhancing cybersecurity, particularly in complex network

environments where vast amounts of data are generated continuously. The ability to process and analyze this
data efficiently is crucial for detecting and mitigating cyber threats [28]. One of the key contributions of Big
Data analytics is its capacity for real-time data processing, which allows for the continuous monitoring and
analysis of network traffic [29]. This real-time capability enables the detection of emerging threats, prevent-
ing cyber-attacks from causing significant damage before they can be mitigated. By leveraging real-time data,
security systems can identify and respond to threats much faster than traditional methods that often rely on de-
layed batch processing. Additionally, Big Data analytics supports comprehensive threat detection by enabling
the collection and analysis of extensive datasets from various sources, such as network logs, traffic data, and
IoT devices [30]. This comprehensive approach allows for the identification of complex and hidden threats that
may not be apparent through smaller-scale data analysis [31]. Techniques like clustering and classification can
be applied to these large datasets to detect patterns and anomalies that indicate potential security breaches. For
example, clustering can group similar data points together, revealing outliers that could signify a cyber threat
[32].
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1.1.3. Enhanced AI Model Training
Big Data analytics significantly enhances the effectiveness of AI models used in cyber threat detection

by providing large and diverse datasets for training [33]. With access to extensive datasets, AI models can
learn from a wider range of examples, improving their ability to detect both known threats and previously
unseen vulnerabilities. This comprehensive training process ensures that AI-driven security systems are better
equipped to identify complex attack patterns and respond to emerging cyber threats with greater accuracy. As
a result, the integration of Big Data in AI model training leads to more robust and reliable threat detection
capabilities [34].

2. THE COMPREHENSIVE THEORETICAL BASIS
This section outlines the methodology employed in developing and testing the advanced cyber threat

detection system proposed in this research. The methodology is structured to provide a clear understanding of
the system architecture, data collection and preprocessing, and the AI and Big Data techniques applied [35].

2.1. System Architecture
The proposed threat detection system is designed to leverage the combined power of Artificial Intelli-

gence (AI) and Big Data analytics to detect and respond to cyber threats in complex networks [36]. The system
architecture consists of four main components:

• Data Collection Module: Data is continuously collected from various sources, including network logs,
traffic data, and IoT devices. The module is designed to handle large volumes of data and ensure seamless
data flow into the system [37] .

• Data Preprocessing Module: Collected data undergoes preprocessing to remove noise and fill in missing
values. This step ensures that the data used for analysis is clean and of high quality, which is crucial for
accurate threat detection.

• AI-Based Analysis Module: The preprocessed data is analyzed using AI models that have been trained
on extensive datasets. These models are capable of detecting suspicious patterns and anomalies that in-
dicate potential cyber threats. The AI models employed include Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Random Forest algorithms.

• Threat Response Module: Upon detecting a threat, this module initiates predefined actions such as block-
ing suspicious traffic or alerting the security team. The response actions are designed to be both auto-
mated and rapid, minimizing the potential impact of detected threats

2.2. Data Collection and Preprocessing
Data for this system is collected from a variety of sources, including network logs, traffic data, and

IoT devices. The data collection process is designed to operate in real-time, ensuring that the system has access
to the most up-to-date information [38]. The data preprocessing involves several critical steps:

• Data Cleaning: Erroneous or inconsistent data is removed or corrected to ensure that only high-quality
data is used in the analysis process.

• Data Normalization: Data is transformed into a consistent format to facilitate analysis. This step is par-
ticularly important in a complex network environment where data may be generated in various formats.

• Missing Value Imputation: Statistical or machine learning techniques are used to fill in missing values in
the dataset, ensuring that the analysis is not compromised by incomplete data.

2.3. AI and Big Data Techniques
The effectiveness of the proposed threat detection system is largely driven by the integration of ad-

vanced AI and Big Data techniques [39]. The system employs a variety of machine learning and deep learning
algorithms, such as Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and Random
Forest algorithms, to detect patterns and anomalies indicative of cyber threats. These models are trained on
extensive datasets, which include both structured and unstructured data, allowing them to adapt to and identify

Journal of Computer Science and Technology Application (CORISINTA), Vol. 1, No. 2, 2024: 136–143



Journal of Computer Science and Technology Application (CORISINTA) ❒ 139

evolving threats. The use of Big Data analytics further enhances this process by enabling the system to manage
and analyze large volumes of data in real-time. Techniques such as clustering, classification, and association
rule learning are utilized to uncover hidden threats that traditional security measures might overlook. The real-
time processing capability of the system ensures that threats are detected and responded to promptly, which is
crucial in dynamic network environments where cyber threats can escalate rapidly.

2.4. Implementation and Evaluation
The implementation of the threat detection system was carried out in a controlled environment de-

signed to simulate a real-world network with complex infrastructure. The setup involved deploying the system
in this simulated environment and establishing data collection agents that could continuously gather real-time
data from various network sources. Following the system setup, the AI models were trained using histori-
cal data that encompassed both normal and malicious activities. These models were then integrated into the
AI-based analysis module, enabling real-time threat detection within the system. To assess the system’s perfor-
mance, monitoring tools such as Grafana and Kibana were employed. These tools provided valuable insights
into the system’s efficiency, detection accuracy, and response times. Additionally, they helped ensure that the
system could process large volumes of data without experiencing significant delays, confirming its scalability
and reliability in handling complex network environments.

3. RESULT AND DISCUSSION
The results of this research demonstrate the effectiveness of the proposed cyber threat detection sys-

tem, which integrates AI and Big Data analytics. The system was evaluated based on several key performance
indicators, including detection accuracy, detection speed, and system scalability. These results are discussed in
detail below, accompanied by relevant figures and tables to enhance comprehension.

3.1. Detection Accuracy
The system’s AI models were tested against various types of cyber threats, including malware, Dis-

tributed Denial-of-Service (DDoS) attacks, and unauthorized access attempts. The detection accuracy was
measured in terms of true positives, false positives, true negatives, and false negatives. As shown in Table
1, the CNN and RNN models achieved high accuracy rates, with an average detection accuracy of 95% for
malware and unauthorized access attempts, and 93% for anomaly detection in network traffic.

Table 1. Detection Accuracy of AI Model

Threat Type CNN Accuracy (%) RNN Accuracy (%) Random Forest
Accuracy (%)

Malware Detection 96 94 92
DDoS Attack Detection 95 93 91

Unauthorized Access Attempt 94 95 93

Table 1 presents the detection accuracy percentages for CNN, RNN, and Random Forest models across
different types of cyber threats. It highlights the strengths of each model in identifying specific threats. The
table clearly demonstrates that while all models perform well, CNN and RNN models consistently show higher
accuracy in detecting malware and unauthorized access attempts compared to the Random Forest model. This
suggests that deep learning techniques, which are employed by CNN and RNN, are more effective in capturing
the complex patterns associated with these types of cyber threats. The insights gained from this table can
inform the selection of appropriate models for different cybersecurity applications.

The high accuracy demonstrated by the system indicates its robustness in identifying both known and
unknown threats. The models performed exceptionally well in detecting malware and unauthorized access at-
tempts, which are critical to maintaining network security. The slightly lower accuracy in detecting anomalies
in network traffic suggests room for further improvement, possibly through the refinement of the models or
the use of additional data. This enhancement could involve incorporating more diverse datasets and advanced
machine learning techniques to better capture subtle patterns and outliers that indicate potential threats. More-
over, continuous model training and real-time updates could further bolster the system’s ability to adapt to the
evolving landscape of cyber threats, ensuring sustained high performance in various network conditions.
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3.2. Detection Speed
The system’s ability to detect and respond to threats in real-time is crucial for minimizing potential

damage. As illustrated in Fig 1, the average detection time for malware was 2 seconds, while DDoS attacks
were detected within 1.5 seconds on average. Unauthorized access attempts took slightly longer to detect, with
an average time of 2.5 seconds. These rapid detection times are vital in ensuring that threats are neutralized
before they can compromise the integrity of the network, thereby maintaining the overall security posture of
the system. The slight delay in detecting unauthorized access highlights an area where further optimization
could enhance the system’s responsiveness, particularly in highly dynamic network environments.

Figure 1. Average Detection Time For Different Threats

Figure 1 visualizes the average time the system takes to detect different types of threats. It shows the
efficiency of the system in real-time detection, which is crucial for timely threat mitigation. The figure clearly
indicates that the system is particularly swift in identifying DDoS attacks, with a detection time of just 1.5
seconds, underscoring its capability to handle high-volume, fast-moving threats. In comparison, the slightly
longer detection times for malware and unauthorized access, while still within acceptable limits, suggest po-
tential areas for optimization. These insights are valuable for refining the system’s response strategies to ensure
even faster detection across all threat types.

The rapid detection times highlight the system’s efficiency in real-time threat identification. This
speed is essential in preventing threats from escalating and causing significant damage. The slightly longer
time required to detect unauthorized access attempts may be due to the complexity of recognizing such threats
in real-time, but the overall response times are within acceptable limits for effective threat mitigation.

3.3. System Scalability
Scalability is a critical factor in determining the practical application of the system in real-world

scenarios. The system’s performance was evaluated by gradually increasing the number of devices and data
points within the network. As shown in Table 2, the system maintained optimal performance even as the
network complexity increased, with CPU usage averaging 70% and memory usage at 65% during peak traffic
periods.

Table 2. System Performance Metrics Under Increasing Load
Number of Devices Data Points per Second CPU Usage (%) Memory Usage (%)

100 1,000 50 45
500 5,000 60 55

1,000 10,000 70 65

Table 2 illustrates how the system’s CPU and memory usage scales with increasing numbers of devices
and data points within the network. It demonstrates the system’s ability to handle high data volumes without
significant performance degradation.

The system’s ability to scale without significant performance degradation demonstrates its suitability
for deployment in complex and large-scale network environments. This scalability ensures that the system can
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handle the demands of modern network infrastructures, which are characterized by high data volumes and a
large number of connected devices.

3.4. Discussion
The results of this research highlight the effectiveness of integrating AI and Big Data analytics in cyber

threat detection. The high accuracy and rapid detection times achieved by the system confirm its potential
as a robust tool for network security. The system’s scalability further underscores its practicality for use in
real-world environments, where networks are becoming increasingly complex and data-intensive. However,
there are areas where improvements could enhance the system’s performance. The slightly lower accuracy
in anomaly detection and the longer detection time for unauthorized access attempts suggest that additional
refinement of the AI models and further training on more diverse datasets could improve these metrics. Future
research could explore these enhancements, as well as the integration of more advanced AI techniques, such as
reinforcement learning, to further optimize the system’s capabilities.

4. CONCLUSION
This research successfully demonstrates the effectiveness of integrating Artificial Intelligence (AI) and

Big Data analytics in developing a robust and scalable cyber threat detection system. The system achieved high
detection accuracy and rapid response times across various threat types, highlighting its potential for real-world
application in complex network environments. Additionally, the system’s ability to scale without significant
performance degradation underscores its practicality for deployment in diverse and dynamic infrastructures.
However, while the results are promising, further refinement of the AI models and the inclusion of more diverse
datasets could enhance the system’s capability in detecting more subtle anomalies and reducing detection times
for complex threats. Overall, this study contributes significantly to the field of cybersecurity by offering a
powerful tool that can adapt to the evolving landscape of cyber threats, ensuring the protection of critical
network systems.
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