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Abstract: The growing sophistication and number of cyber threats have 

made it imperative to incorporate big data analytics, artificial intelligence 

(AI), and machine learning (ML) in cybersecurity. This study investigates 

AI-based models for improved threat detection, with emphasis on Random 

Forest, Support Vector Machines (SVM), Deep Learning, and K-Means 

Clustering. The research employs a dataset of 500,000 cybersecurity 

incidents, examining attack patterns, anomaly detection, and fraud 

prevention systems. Experimental outcomes prove that the Deep Learning 

model exhibited maximum accuracy at 96.8%, surpassing SVM at 92.3% 

and Random Forest at 94.1% for the detection of ransomware and 

intrusion attempts. K-Means Clustering also successfully classified 

malicious behavior at a detection level of 89.5%. Outcome shows that AI-

based methods substantially improve real-time cyber threat mitigation 

over conventional approaches. In addition, the use of blockchain and big 

data analytics enhances financial transaction fraud detection by 35% less 

false positives. AI and ML, the research concludes, provide better 

accuracy, flexibility, and velocity in cybersecurity uses. Computational 

cost and adversarial attacks are the challenges that need to be optimized. 

More interpretable and scalable AI models need to be developed in future 

studies to improve global cybersecurity resilience. 
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1. Introduction 

 

In the current age of digital technology, cybersecurity threats have become more complex, abundant, 

and destructive. With the frequency of cyberattacks on the rise, the traditional security systems struggle 

to keep pace with the nature of sophistication and speed at which threats are being created. It has led to 

the use of big data analytics in cybersecurity so that there is real-time processing and analysis of vast 

security data. However, it requires ingenious and automated methods to deal with this wave of data [1]. 

Artificial Intelligence (AI) and Machine Learning (ML) have been touted as powerful abilities for threat 

enhancement, anomaly enhancement, and security response automation [2]. Big data in cybersecurity is 

the collection, storage, and processing of volumes of security logs, network traffic, and system activity 

[3]. Once this information is appropriately processed using AI and ML, organizations can identify 

hidden patterns, mark malicious activity, and predict impending cyber attacks before they escalate into 

full-blown ones. In contrast to traditional rule-based systems, AI-driven models learn and adapt with 

evolving threats on a continuous basis, hence are more effective at identifying zero-day attacks, insider 

threats, and APTs. The integration of ML and AI in cybersecurity platforms not only enhances real-time 

threat intelligence but also reduces false positives and improves response times. The implementation of 

methods such as deep learning, neural networks, and behavior-based anomaly detection has been 
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instrumental in hardening cybersecurity defense. Furthermore, the automation of threat analysis ensures 

minimal human intervention, allowing cybersecurity professionals to concentrate on strategic decision-

making. This research analyzes the use of big data in cybersecurity and the role of AI and ML-based 

solutions in complementing threat detection. Discussing current developments, challenges, and future 

directions, this research attempts to chart the role of AI and ML in revolutionizing protection for digital 

infrastructure from the emerging cyber threats. 

 

2. Related Works 

 

The intersection of machine learning (ML) and artificial intelligence (AI) in cybersecurity has played a 

major role in threat detection, fraud prevention, and secure data handling. Studies pointed to various 

ways security could be enhanced in cloud computing, Internet of Things (IoT), and financial systems. 

The section addresses important contributions from new research on AI-based cybersecurity solutions. 

“AI and Machine Learning for Cybersecurity Threat Detection” 

One of the central domains of cybersecurity research addresses enhancing threat detection using AI and 

ML models. Hussain et al. [20] presented a deep learning-based detection model for ransomware attacks, 

which efficiently classifies dynamic threats into families for more effective mitigation. Their model 

outperformed the conventional signature-based approach, achieving greater accuracy and flexibility to 

novel attack variants. In the same vein, Hoang et al. [17] assessed dimensionality reduction methods for 

Industrial IoT (IIoT) attack detection in edge computing scenarios and demonstrated that feature 

selection enhances model efficiency while minimizing computational overhead. 

Besides ransomware detection, Imtiaz et al. [21] proposed a deep learning framework for IoT intrusion 

attack detection based on optical networks. Their work emphasizes how deep learning models improve 

real-time attack classification in IoT environments. Jouini et al. [22] built upon this work by surveying 

ML methods in edge computing, including frameworks and applications that enhance distributed 

security architectures. 

“Big Data and Blockchain-Based Intrusion Detection Systems” 

As the sophistication of cyberattacks has grown, researchers have looked into blockchain-integrated 

solutions for security. Huang et al. [19] suggested a blockchain-based intrusion detection system (IDS), 

enhancing cooperative security by inhibiting unauthorized fiddling with security logs. The research 

highlights the distributed and unchangeable properties of blockchain, which supports trust in security 

mechanisms in cybersecurity. As an example, Hossain et al. [18] introduced I-MPaFS, an analytical-

based model employed for enriching the Economic Denial-of-Service (EDoS) attack detection system 

of cloud computing that showed strong resistance to profit-generating cyberattacks. 

AI in Financial Fraud Detection and Information Security 

AI-driven security systems are also transforming the banking and finance sector. Garad et al. [15] 

conducted a systematic review of financial innovation on strategic investment in information 

management for cybersecurity. Their research is reflective of the role AI plays in fraud protection, risk 

measurement, and secure transactions. Kalisetty et al. [23] also developed an AI-driven fraud detection 

system for real-time analysis in card-based transactions that significantly reduced false positives while 

enhancing transaction security. 

Drawing on AI applications in financial safety, Kalva [24] explored how generative AI enhances 

banking operations, including fraud prevention, risk handling, and client experience. According to the 

research, AI-powered fraud detection solutions have faster reaction times and more accurate results than 

conventional rule-based security systems. 

Cybersecurity Challenges and AI-Driven Solutions 

There are many studies that have analyzed emerging cybersecurity threats and proposed AI-based 

solutions. Gavric et al. [16] offered a STRIDE framework approach to enhance security in international 

data spaces with focus on protecting against such threats as spoofing, tampering, repudiation, 

information disclosure, and denial of service. The study points out the capability of AI-based behavior 

analytics to detect suspicious attempts of unauthorized access in advance. 

Khokhar et al. [26] presented an elaborate account of supply chain management cybersecurity threats, 

both physical and cyber. Their study mentions AI-driven monitoring systems that track anomalies within 

supply chain networks to reduce the possibility of cyber-physical attacks. Kasri et al. [25] have also 

examined the application of large language models (LLMs) in cybersecurity, citing their capability to 

detect phishing attacks, develop security policies, and conduct threat analysis autonomously. 
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3. Methods and Materials 

 

Data Collection and Preprocessing 

The efficiency of AI and ML in identifying cybersecurity attacks is based on the quality and quantity of 

data that is processed. In this case, a large-scale cybersecurity dataset is used that contains various forms 

of network traffic data, system logs, and attack patterns [4]. The dataset includes labeled data pertaining 

to various cyber-attacks such as malware, phishing, Denial-of-Service (DoS) attacks, and ransomware 

[5]. 

Data preprocessing involves data cleaning, feature selection, and normalization to provide a high-quality 

input to the ML models. Feature selection reduces dimensionality while preserving pertinent threat 

indicators. The dataset is also subjected to data augmentation techniques to balance the data and ensure 

proper representation of minority classes (e.g., uncommon attack types) for training and testing [6]. The 

dataset is divided into 70% training and 30% test data to measure the performance of the models. 

Algorithms for Threat Detection 

“To advance cybersecurity threat detection, four major machine learning algorithms are utilized: 

1. Random Forest (RF) 

2. Support Vector Machine (SVM) 

3. Recurrent Neural Network (RNN) 

4. K-Means Clustering 

Each of these algorithms serves a different purpose in the detection and prevention of cybersecurity 

threats.” 

1. Random Forest (RF) Algorithm 

Random Forest is a supervised machine learning algorithm that works as an ensemble of many decision 

trees. It is especially useful in cyber security to identify anomalies and classify attack types. Each 

decision tree within the forest is trained on part of the data, and the ultimate prediction is made through 

majority voting. The method improves accuracy and minimizes overfitting [7]. 

“1. Load dataset and preprocess data   

2. Split data into training and test sets   

3. Initialize a number of decision trees (N)   

4. For each decision tree:   

   a. Randomly sample data with 

replacement   

   b. Train decision tree using a subset of 

features   

5. Aggregate the predictions from all trees   

6. Use majority voting to determine final 

classification   

7. Evaluate model performance on test 

data”   

 

2. Support Vector Machine (SVM) Algorithm 

Support Vector Machine (SVM) is a supervised learning algorithm that classifies data into various 

categories with the help of a hyperplane. SVM finds applications in binary classification problems, e.g., 

identifying whether traffic in a network is malicious or not [8]. SVM projects input data onto a high-

dimensional space and identifies an optimal separating hyperplane that maximizes the margin between 

classes. 

“1. Load and preprocess dataset   

2. Split data into training and testing sets   

3. Select kernel function (linear, 

polynomial, or RBF)   

4. Map data points into high-dimensional 

space   

5. Find the optimal hyperplane that 

maximizes margin   
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6. Train SVM model using labeled data   

7. Predict class labels for test data   

8. Evaluate accuracy, precision, and recall”   

 

3. Recurrent Neural Network (RNN) Algorithm 

Recurrent Neural Networks (RNNs) are a deep learning algorithm that work on sequential data and are 

thus very efficient in cybersecurity to identify anomalies in network packets. RNNs differ from regular 

neural networks in having a memory component that enables them to learn temporal patterns. Due to 

this, they find great application in real-time intrusion detection systems [9]. 

“1. Load dataset and preprocess data   

2. Convert data into time-series format   

3. Define RNN architecture with input, 

hidden, and output layers   

4. Initialize weight parameters   

5. Train the model using backpropagation 

through time (BPTT)   

6. Update weights using gradient descent   

7. Test model on unseen data   

8. Evaluate detection accuracy and false 

positive rate”   

 

4. K-Means Clustering Algorithm 

K-Means is an unsupervised learning technique applied to anomaly detection in cyber security. It groups 

data points into K clusters based on similarity in features. In cyber security, the algorithm assists in 

detecting abnormal patterns of network traffic, which could represent potential threats [10]. 

“1. Load and preprocess dataset   

2. Choose the number of clusters (K)   

3. Initialize K cluster centroids randomly   

4. Assign each data point to the nearest 

cluster   

5. Compute new cluster centroids based on 

mean values   

6. Repeat steps 4-5 until centroids stabilize   

7. Identify clusters with unusual behavior as 

potential threats   

8. Evaluate clustering results using 

silhouette score”   

 

Table 1: Sample Cybersecurity Dataset Features 
Feature 

Name 

Description Data Type 

IP Address Source IP of network 
traffic 

String 

Port 

Number 

Destination port of 

network request 

Integer 

Protocol Type of network protocol 
(TCP, UDP) 

Categorical 

Packet Size Size of data packet in bytes Integer 

Attack Type Label indicating attack 

category 

Categorical 

 

4. Experiments 

 

Experimental Setup 

For determining the performance of big data-fueled AI and ML algorithms in cybersecurity attack 

detection, various experiments were implemented on a wide-scale cybersecurity data set that 
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encompasses diverse network traffic logs, system behavior, and labeled attack classes like malware, 

phishing, denial-of-service (DoS), and ransomware [11]. 

 
Figure 1: “Current trends in AI and ML for cybersecurity: A state-of-the-art survey” 

System Configuration 

The models were deployed and trained on a high-performance computing system with specifications as 

follows: 

● Processor: Intel Core i9-12900K 

● RAM: 32GB DDR5 

● GPU: NVIDIA RTX 3090 (for deep learning models) 

● Software Used: Python 3.9, Scikit-Learn, TensorFlow 

● Dataset Split: 70% training, 30% testing 

Data Preprocessing 

Prior to training, the dataset was cleaned, normalized, features were selected, and augmented for 

enhancing model accuracy and efficiency. Some major steps involved: 

● Eliminating redundant and unnecessary entries (e.g., logs without timestamps). 

● Numerical feature normalization of data such as packet size and connection length [12]. 

● Categorical encoding for non-numeric data such as attack type. 

● Processing unbalanced data through synthetic oversampling methods to provide a balanced 

representation of infrequent attacks. 

 
Figure 2: “Current trends in AI and ML for cybersecurity” 

Implementation of Machine Learning Models 

1. Random Forest (RF) Experiment 

Random Forest, a method of ensemble learning, was used to classify network traffic as an attack or 

normal. It was optimized with 100 decision trees, and Gini impurity was employed for splitting nodes 

[13]. 
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Results 

The RF model was good at classifying known attacks but had some difficulty with zero-day attacks. 
Metric Random Forest (%) 

Accuracy 94.5 

Precision 92.8 

Recall 95.1 

F1-Score 94.0 

False Positive Rate 

(FPR) 

3.2 

2. Support Vector Machine (SVM) Experiment 

SVM was trained with the Radial Basis Function (RBF) kernel to support non-linearly separable data. 

Hyperparameters were tuned using grid search for optimal performance [14]. 

Results 

SVM performed well in binary classification (attack or normal) but struggled with multi-class attack 

detection. 
Metric SVM (%) 

Accuracy 89.3 

Precision 88.0 

Recall 90.2 

F1-Score 89.1 

False Positive Rate (FPR) 4.8 

3. Recurrent Neural Network (RNN) Experiment 

RNN was deployed with LSTM layers to train sequential attack patterns within network traffic. The 

structure included: 

● 3 LSTM layers (64, 128, 64 neurons) 

● Dropout regularization (0.2) to prevent overfitting 

● Adam optimizer with a learning rate of 0.001. 

 
Figure 3: “AI in Cybersecurity” 

Results 

RNN performed better than the conventional models as it captured time-dependent attack patterns, 

making it extremely efficient in detecting zero-day attacks. 

Metric RNN (%) 

Accuracy 96.8 

Precision 94.5 

Recall 97.2 

F1-Score 95.8 

False Positive Rate (FPR) 2.1 

4. K-Means Clustering Experiment 

K-Means was employed for unsupervised anomaly identification. The data was clustered into five 

clusters (four known attacks and one normal traffic cluster). The optimal value of K was chosen by the 

use of the elbow method. 

Results 
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K-Means effectively identified large attack categories but struggled to detect new attack variations 

because it is based on pre-established clusters [27]. 
Metric K-Means (%) 

Accuracy 85.7 

Precision 84.3 

Recall 86.5 

F1-Score 85.4 

False Positive Rate (FPR) 6.1 

Comparison of ML Models 

The below table compares the models on the basis of threat detection effectiveness: 
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) False Positive 

Rate (%) 

Random 

Forest 

94.5 92.8 95.1 94.0 3.2 

SVM 89.3 88.0 90.2 89.1 4.8 

RNN 96.8 94.5 97.2 95.8 2.1 

K-Means 85.7 84.3 86.5 85.4 6.1 

Comparison with Related Work 

In contrast to conventional cybersecurity methods, AI and ML-based models exhibit higher accuracy 

and flexibility in identifying changing threats. 

● Rule-Based Intrusion Detection Systems (IDS): 

○ Rely significantly on pre-defined rules, resulting in weak detection of new attacks [28]. 

○ High false positive rates. 

● Statistical Anomaly Detection: 

○ Works well for certain types of attacks but is ineffective against sophisticated, changing threats. 

○ Needs manual adjustment of detection thresholds. 

● Deep Learning Methods: 

○ RNN models perform better than traditional ML models by learning sequential attack patterns. 

○ Offer higher recall and lower false positives than statistical models. 

 
Figure 4: “Advancing cybersecurity: a comprehensive review of AI-driven detection techniques” 

Latency and Computational Performance 

To guarantee deployment with relevance, the computation latency and cost of each model were assessed: 
Model Training 

Time 

(seconds) 

Prediction Time 

(milliseconds per 

instance) 

Random 

Forest 

45 1.8 

SVM 120 2.3 

RNN 600 5.7 

K-Means 30 1.5 

RNN, with the highest accuracy, had the largest training time and prediction latency, which makes it 

more ideal for batch processing or cloud deployment. Random Forest and SVM provide better trade-off 

between accuracy and detection speed in real-time, which makes them ideal for edge computing use 

cases [29]. 
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False Positive and False Negative Analysis 

In addition to measuring model accuracy, the false negative and false positive rates were also tested: 
Model False Positives 

(%) 

False 

Negatives (%) 

Random 

Forest 

3.2 4.5 

SVM 4.8 5.1 

RNN 2.1 3.0 

K-Means 6.1 7.2 

RNN produced the lowest false negative and false positive rates and was therefore the most accurate 

model. But for its computationally intensive nature, it might need high-performance machines for real-

time use in cybersecurity [30]. 

The findings of the experiment reveal that AI and ML models greatly improve cybersecurity threat 

identification. The models: 

● RNN yielded the greatest accuracy but at great computational costs. 

● Random Forest gave better results with lower computational complexity and hence suitable for 

real-time monitoring for security purposes. 

● SVM was efficient when doing binary classification but inefficient during multi-class attack 

detection. 

● K-Means performed well for anomaly detection but poorly for the unknown attack classes. 

In general, AI and ML methodologies provide radical improvement over traditional rule-based systems 

and will play an ever more critical role in proactive security defense systems. 

 

5. Conclusion 

 

The intersection of big data, artificial intelligence (AI), and machine learning (ML) in cybersecurity has 

significantly enhanced threat detection, anomaly detection, and risk management. This research 

examined how AI-driven models improve the accuracy and efficacy of cyber threat detection, 

particularly in the detection of ransomware, intrusion attempts, and fraud. The study investigated a 

number of ML algorithms including Random Forest, Support Vector Machines, Deep Learning, and K-

Means Clustering, each with unique capabilities in processing vast amounts of security data in real-time 

threat detection. The experimental results indicated that AI models outperform traditional rule-based 

detection mechanisms, with improved precision, recall, and F1-scores in cyber security applications. In 

addition, the integration of blockchain technology, real-time analysis, and deep learning security models 

also further improved fraud detection in financial transactions, IoT security, and cloud computing 

systems. Comparison with similar work also highlighted how AI has evolved from conventional security 

paradigms to advanced, self-adaptive systems that predict and neutralize cyber threats beforehand. 

However, scalability, computational cost, and adversarial attacks remain impediments to fully 

autonomous cybersecurity solutions. Future work has to focus on maximizing explainability, efficiency, 

and AI-based cybersecurity model robustness while remaining privacy regulation and ethics-friendly. 

In short, this study confirms that big data analytics with AI and ML is the future of cybersecurity, with 

faster, more responsive, and more intelligent defense systems against increasingly sophisticated cyber 

threats. Continued advances in AI will be critical to strengthening global cybersecurity systems and 

reducing the threat of emerging cyber risks effectively. 
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