
  

European Journal of Innovation in Nonformal Education 

http://innovatus.es/index.php/ejine 

   Volume 5, No 4 | Apr - 2025 | Page | 148 

 

 

 

European Journal of Innovation in Nonformal Education (EJINE) 
Volume 5 | Issue 4 | Apr - 2025   ISSN: 2795-8612   . 

 
 

Study and Improve Methods for Detecting Anomalous Activity by Analyzing the 

Behavior of System Users using Artificial Intelligence in Cybersecurity 
 

Jo‘rayeva Gulnoza Namoz qizi 

Lecturer, Department of Digital Technologies, Alfraganus University 
gulnoza19941505@gmail.com 

 

A B S T R A C T 

In the current era of rapid digital transformation, organizations and 

individuals alike are increasingly exposed to a wide array of sophisticated 

cyber threats. Among the most effective modern defense strategies is the 

use of Artificial Intelligence (AI) to detect anomalous activities by 

analyzing system user behavior. This article presents an in-depth study on 

existing methods for anomaly detection in cybersecurity, with a particular 

focus on enhancing these methods through AI-driven behavioral analytics. 

The research explores the core principles of anomaly detection and its 

critical role in identifying malicious activity that may otherwise bypass 

traditional rule-based or signature-based security systems. By evaluating 

a range of AI algorithms—including machine learning, deep learning, and 

hybrid models—this study illustrates how these technologies are applied to 

monitor, profile, and assess user behavior in real-time. It also investigates 

how such models adapt to dynamic environments, enabling the detection of 

subtle or previously unseen attack patterns, such as insider threats, 

privilege misuse, or lateral movements within networks. Special attention 

is given to the implementation of AI within User and Entity Behavior 

Analytics (UEBA) systems, which have become a cornerstone of intelligent 

threat detection frameworks. These systems leverage behavioral baselines 

to identify deviations that signal possible compromise, often before any 

damage occurs. The article also reviews the integration of AI-powered 

anomaly detection methods into Endpoint Detection and Response (EDR) 

platforms, which allow for continuous monitoring, alert generation, and 

automated response at the endpoint level. Through an analysis of 

international best practices and case studies, the article identifies both the 

strengths and limitations of current techniques. Challenges such as data 

quality, model interpretability, false positive reduction, and the need for 

explainable AI (XAI) are addressed. Furthermore, the paper emphasizes 

the importance of scalable architectures, privacy-preserving data 

practices, and ethical considerations in developing AI-based cybersecurity 

solutions. The findings suggest that while significant progress has been 

made, there remains ample opportunity to refine and optimize anomaly 

detection mechanisms through continued research, cross-sector 

collaboration, and the integration of next-generation AI models. The study 

concludes by proposing a forward-looking approach to anomaly detection 

that balances technical innovation with transparency, accountability, and 

resilience against evolving threats. This research serves as a valuable 

resource for cybersecurity professionals, AI researchers, and policy 

makers seeking to strengthen cyber defense capabilities through 

intelligent, behavior-based detection strategies. 
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INTRODUCTION. 

In the modern digital era, where information systems and networks form the backbone of critical 

infrastructure, commerce, and communication, cybersecurity has become a matter of strategic importance. 

As organizations increasingly rely on digital platforms to store sensitive data, conduct business 

operations, and interact with users, they also face a surge in sophisticated cyber threats. These threats are 

no longer limited to malware or phishing attempts but have evolved into more covert and complex 

attacks, such as insider threats, account takeovers, and advanced persistent threats (APTs), which often 

bypass traditional security controls. A common characteristic of these attacks is that they manifest 

through abnormal behaviors of users within the system—behaviors that deviate from the expected norm 

but do not necessarily match known malicious signatures. As a result, detecting such activities requires a 

deeper, more intelligent approach—one that can understand and learn user behavior over time. This 

challenge has given rise to a growing interest in behavior-based security techniques, particularly those 

supported by Artificial Intelligence (AI). Unlike conventional, rule-based methods that rely on predefined 

attack signatures or static thresholds, AI-powered anomaly detection systems have the ability to analyze 

vast amounts of behavioral data, recognize complex patterns, and adaptively identify deviations that may 

indicate malicious intent. These intelligent systems are capable of learning the unique behavior profiles of 

users and entities in an organization, and flagging activities that fall outside these baselines for further 

investigation. Behavioral analysis, especially in the context of cybersecurity, focuses on understanding 

how users normally interact with systems—what applications they use, what files they access, when and 

where they log in, and how they move through networks. Anomalies such as accessing restricted files at 

odd hours, logging in from unusual locations, or executing uncommon commands could be early signs of 

compromised credentials or malicious insider activity. Traditional systems may overlook such nuances 

due to their rigid detection mechanisms, but AI provides a level of intelligence that allows security tools 

to operate with greater context and precision. Artificial Intelligence encompasses a variety of 

techniques—machine learning, deep learning, natural language processing, and pattern recognition—all 

of which can be applied to enhance anomaly detection capabilities. Supervised and unsupervised learning 

models, for instance, can be trained to identify both known attack vectors and previously unseen 

anomalies. Deep neural networks can process large-scale log data and identify subtle indicators of 

compromise, while clustering algorithms can group user behaviors to isolate outliers effectively. 

Moreover, reinforcement learning offers the potential for dynamic, self-improving security models that 

evolve in real time based on feedback from analysts and threat environments. The goal of this article is to 

study and improve the methods used for detecting anomalous user activity by leveraging Artificial 

Intelligence. It explores current techniques and frameworks used in AI-based behavioral analysis, 

examines their effectiveness in real-world cybersecurity applications, and identifies the challenges and 

limitations faced by security professionals in implementing these systems. Furthermore, it draws upon 

case studies and international best practices to propose enhancements that can lead to more accurate and 

efficient anomaly detection solutions. As cyber threats continue to evolve in complexity and scale, the 

need for intelligent, adaptive, and behavior-aware security solutions becomes more urgent. This research 

seeks to contribute to the ongoing efforts in developing proactive cybersecurity defenses that do not 

merely react to known threats but anticipate and neutralize emerging risks by understanding the behaviors 

that precede them. Through the integration of AI and behavioral analytics, a new frontier in cybersecurity 

defense is emerging—one that holds the promise of transforming how organizations detect, respond to, 

and prevent malicious activity within their systems. 

LITERATURE ANALYSIS. 

The application of Artificial Intelligence (AI) in cybersecurity, particularly in detecting anomalous user 

behavior, has become a critical focus area in both academic and industry-driven research. A vast and 

growing body of literature highlights the effectiveness of AI-powered techniques in identifying threats 

that are otherwise difficult to detect using conventional rule-based systems. This literature analysis aims 

to explore the foundational concepts, advancements, challenges, and contemporary approaches in the 

field, with a special focus on User and Entity Behavior Analytics (UEBA) and the broader integration of 

anomaly detection methods in cybersecurity frameworks. 

Foundations of Anomaly Detection in Cybersecurity 
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Chandola et al. (2009) provided one of the earliest comprehensive surveys of anomaly detection 

algorithms, laying the groundwork for understanding their applications across various domains, including 

cybersecurity. Their work categorized anomaly detection techniques into statistical, proximity-based, and 

machine learning-based approaches. This classification still informs current methodologies and underlines 

the need for contextual behavior modeling. 

Traditional security systems often rely on static rules or signatures, making them ineffective against new, 

unknown threats such as zero-day attacks or insider threats. As highlighted by Sommer and Paxson 

(2010), machine learning offers a way to move beyond these limitations by learning patterns from data 

and identifying deviations that may signal malicious intent. 

AI and Machine Learning in Behavior-Based Detection 

With the emergence of big data and more complex cyber threats, AI and machine learning techniques 

have become vital tools for detecting anomalous user behavior. Supervised, unsupervised, and semi-

supervised learning methods have been extensively explored. Ahmed et al. (2016) emphasized the 

advantages of unsupervised learning in detecting anomalies without prior knowledge of attack types—an 

essential characteristic in modern cybersecurity environments. 

Recent literature, such as the work by Khraisat et al. (2019), has examined hybrid models that combine 

multiple machine learning approaches to improve detection accuracy and reduce false positives. These 

models are particularly useful in analyzing large-scale user behavior logs and identifying outliers in 

patterns of login times, data access frequency, or resource usage. 

Deep learning methods have also gained traction. Studies by Yuan et al. (2017) and Lin et al. (2019) 

showcased how recurrent neural networks (RNNs) and long short-term memory networks (LSTMs) can 

model sequential user activities and identify behavioral anomalies with high precision. These methods are 

particularly effective in environments where user actions follow complex temporal sequences. 

User and Entity Behavior Analytics (UEBA) 

UEBA has emerged as a strategic layer in cybersecurity architecture, focusing on profiling the behavior 

of both users and devices (entities). The core of UEBA lies in baselining normal behavior and detecting 

anomalies that could signify a breach. According to Subramanian and Sadiq (2020), UEBA systems are 

increasingly being adopted in enterprise settings to detect lateral movements, insider threats, and 

compromised credentials—scenarios where signature-based systems typically fail. 

Many commercial UEBA solutions leverage AI and behavioral analytics to continuously learn and adapt 

to the evolving behavior of users. However, academic research still plays a key role in refining the 

underlying models. For example, Creech and Hu (2014) introduced semantic-based approaches that focus 

on contextual understanding of system calls and processes, enhancing the interpretability of anomalies in 

user behavior. 

Integration with EDR and SIEM Systems 

Literature also discusses the integration of anomaly detection within Endpoint Detection and Response 

(EDR) and Security Information and Event Management (SIEM) systems. Buczak and Guven (2016) 

presented a thorough review of data mining techniques in intrusion detection systems, emphasizing the 

role of behavioral models in endpoint monitoring. Such integration allows for real-time detection, triage, 

and automated responses. 

Moreover, EDR platforms increasingly utilize AI algorithms to process and correlate massive volumes of 

telemetry data from endpoints. This is crucial in detecting stealthy attacks like fileless malware or 

advanced persistent threats (APTs). AI models help reduce alert fatigue by prioritizing truly anomalous 

activities based on contextual relevance. 

Challenges in AI-Based Anomaly Detection 

Despite substantial progress, the literature reveals persistent challenges in deploying AI for anomaly 

detection. One of the most discussed issues is the trade-off between detection accuracy and 

interpretability. Black-box models, such as deep neural networks, often provide high accuracy but lack 
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transparency, which can hinder incident response and forensic investigations. 

Another concern is the adversarial nature of cybersecurity itself. As noted by Laskov and Šrndić (2011), 

attackers may intentionally manipulate data to evade detection or poison learning models. This calls for 

the development of robust, adversary-resistant AI techniques. 

Furthermore, scalability and real-time processing remain critical barriers, especially when dealing with 

high-throughput environments. The literature suggests incorporating streaming analytics, distributed 

computing, and federated learning to overcome these limitations. 

Current Trends and Future Directions 

Contemporary research is moving toward explainable AI (XAI) models that provide insights into why a 

specific behavior was flagged as anomalous. This transparency can improve the trustworthiness of AI 

systems and assist human analysts in making informed decisions. Other emerging directions include the 

use of reinforcement learning for adaptive defense mechanisms, graph-based learning for relationship-

aware analysis, and transfer learning to address the lack of labeled security datasets. International 

collaborations and open-source projects, such as MITRE ATT&CK and the CICIDS dataset, are also 

fueling innovation by providing standardized frameworks and real-world data for training and evaluation. 

In summary, the literature affirms the critical role of AI in detecting anomalous user behavior within 

cybersecurity contexts. AI-based anomaly detection has evolved significantly, with ongoing research 

enhancing the accuracy, speed, and reliability of detection mechanisms in UEBA, EDR, and SIEM 

systems. While technical and operational challenges remain, the trajectory of international research points 

to a future where AI-driven behavioral analytics will be at the core of intelligent, automated, and resilient 

cybersecurity infrastructures. 

METHODOLOGY. 

The methodology for detecting anomalous activity by analyzing the behavior of system users using 

Artificial Intelligence (AI) in cybersecurity follows a systematic approach that leverages both traditional 

machine learning techniques and advanced deep learning models. This approach enables the system to 

identify deviations in user behavior, which may indicate potential security breaches, unauthorized access, 

or insider threats. The process can be divided into several key stages, each of which involves specific data 

collection, preprocessing, model development, and evaluation techniques. 

The foundation of any AI-based anomaly detection system lies in the data it uses. In this case, user 

activity data is crucial to understanding what constitutes "normal" behavior for a given user and 

identifying any deviations from this baseline. Several sources of data are typically used for this purpose: 

User Logs: These logs provide detailed records of system interactions, including login times, IP 

addresses, accessed files, commands executed, and other system events. These logs are key in tracking 

individual user activities over time. 

Network Traffic Data: Data related to network traffic is invaluable for detecting suspicious patterns such 

as unusual data flows, frequent access to non-standard ports, or interactions with unexpected external IP 

addresses. 

System Metrics: Metrics like CPU usage, disk access, memory usage, and active processes can give 

insight into the behavior of users during their interaction with the system. Unusual spikes in system 

resource usage can signal malicious activity. 

Contextual Information: Data such as the role of the user (administrator, guest, etc.), user location, and 

the time of day can be incorporated to further enrich the user behavior analysis. 

These datasets are then gathered, aggregated, and structured to be processed by AI models. For large-

scale environments, real-time data streaming tools, such as Apache Kafka or AWS Kinesis, may be used 

to capture and transmit this data. 

Before feeding the collected data into AI models, it must undergo a series of preprocessing steps to ensure 

its quality and suitability for analysis. This step is critical because raw data often contains noise, missing 

values, inconsistencies, and irrelevant features that could impair the model's performance. 
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Cleaning: Raw logs may contain errors, missing values, or corrupted entries. Methods like imputation, 

interpolation, and filtering out erroneous or incomplete records are used to ensure that the data is clean. 

Normalization and Scaling: User activity data, such as login frequency, CPU usage, or network traffic, 

often vary in scale. To ensure that no particular feature dominates due to its range, normalization (e.g., 

Min-Max Scaling) or standardization (e.g., Z-score normalization) is applied. 

Feature Engineering: This step involves transforming raw data into useful features for machine learning 

models. For example, metrics such as average login times, frequency of access to specific resources, and 

the average duration of sessions can be derived from raw logs. Additionally, temporal features (e.g., time 

of day, day of week) and session-based features (e.g., session length) can be included. 

Dimensionality Reduction: In some cases, the number of features in the data may be high, which can lead 

to the curse of dimensionality. Techniques such as Principal Component Analysis (PCA) or t-SNE (t-

distributed Stochastic Neighbor Embedding) can be used to reduce the dimensionality of the dataset while 

retaining the most important information. 

Model Development 

Once the data is preprocessed, it is time to develop the machine learning models. The objective is to 

create a model capable of learning the normal patterns of user behavior and identifying deviations 

(anomalies) from this learned behavior. 

Supervised Learning: In a supervised learning approach, labeled data (normal vs. anomalous activity) is 

used to train the model. Algorithms such as Random Forests, Support Vector Machines (SVM), and 

Gradient Boosting Machines (GBM) can be employed to distinguish between normal and anomalous 

activity. However, obtaining labeled datasets in cybersecurity is often difficult due to the rarity of true 

anomalies and the potential risks of mislabeling. 

Unsupervised Learning: In the absence of labeled data, unsupervised learning techniques such as k-means 

clustering, Isolation Forest, or autoencoders can be used. These algorithms attempt to group similar data 

points together and flag points that do not belong to any group as anomalies. This is particularly useful in 

scenarios where historical attack data is scarce or difficult to obtain. 

Semi-supervised Learning: A hybrid approach, semi-supervised learning, is often used in cybersecurity to 

make the best use of both labeled and unlabeled data. A model is initially trained using a small amount of 

labeled data (normal behavior), and then it is used to detect anomalies in large volumes of unlabeled data. 

Deep Learning Models: For more complex systems with vast amounts of data, deep learning models, such 

as Long Short-Term Memory (LSTM) networks, Convolutional Neural Networks (CNNs), and 

autoencoders, can be employed. These models are capable of learning intricate patterns in sequential data, 

making them well-suited for identifying anomalies in time-series data, such as user activity logs over 

time. 

Model Training and Optimization 

Once the models are selected, they undergo training. The training process involves using the preprocessed 

data to teach the model to distinguish between normal and anomalous activities. Model performance is 

evaluated using appropriate metrics, which might include: 

Accuracy: The percentage of correctly classified data points (both normal and anomalous activities). 

Precision: The proportion of true positives (correctly identified anomalies) out of all instances classified 

as anomalies. 

Recall: The proportion of true positives out of all actual anomalies in the dataset. 

F1-score: The harmonic mean of precision and recall, which is useful when dealing with imbalanced 

datasets where anomalies are rare. 

To optimize model performance, techniques such as cross-validation, hyperparameter tuning, and 

regularization may be used to prevent overfitting and improve generalization. 
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Anomaly Detection and Evaluation 

Once trained, the model is used for real-time anomaly detection. Incoming user activity data is 

continuously processed, and the trained model assigns a probability of each data point being an anomaly. 

If the probability exceeds a predefined threshold, the activity is flagged for further investigation. 

Threshold Selection: The choice of threshold for flagging anomalies is a critical parameter. A low 

threshold may result in too many false positives, while a high threshold may miss true anomalies. 

Techniques such as the Receiver Operating Characteristic (ROC) curve and Precision-Recall curve can be 

employed to find the optimal threshold based on the trade-off between false positives and false negatives. 

Evaluation Metrics: To evaluate the effectiveness of the anomaly detection system, performance metrics 

such as detection rate, false positive rate, and time-to-detection are measured. The detection rate measures 

how many actual anomalies were flagged, while the false positive rate measures how many normal 

activities were incorrectly flagged as anomalies. 

Post-Detection Action and Reporting 

Once an anomaly is detected, the system can take a series of automated actions or alert system 

administrators for further analysis. The following actions can be part of the post-detection workflow: 

Alerts: The system sends alerts via email, SMS, or a centralized security information and event 

management (SIEM) system, notifying security personnel of the detected anomaly. 

Automated Response: Depending on the severity of the detected anomaly, the system can take immediate 

automated actions, such as disabling user access, isolating affected systems, or blocking specific IP 

addresses. 

Logging and Reporting: All detected anomalies, along with their analysis, are logged for auditing and 

compliance purposes. Detailed reports can also be generated for further investigation by security teams. 

Model Evaluation and Continuous Improvement 

The final stage involves continuous monitoring and refinement of the anomaly detection system. As new 

patterns of normal user behavior evolve, the model may need to be retrained to adapt to changing system 

environments. Regular updates to the training data and the use of feedback loops help the model stay up-

to-date with emerging attack patterns and user behavior trends. 

Feedback Loop: Security analysts review flagged anomalies and provide feedback on whether they were 

true positives or false positives. This feedback is then incorporated into the training dataset to improve 

model accuracy over time.  

Model Re-training: As more labeled data becomes available and new attack vectors emerge, the model is 

periodically retrained to ensure that it remains effective at detecting the latest anomalies. The 

methodology for detecting anomalous activity in cybersecurity through AI combines various stages of 

data collection, preprocessing, model development, and continuous evaluation. By leveraging machine 

learning and deep learning techniques, organizations can develop robust systems that proactively identify 

security threats, reducing the risk of cyberattacks and improving overall system integrity. The adoption of 

AI in anomaly detection enables security teams to stay ahead of increasingly sophisticated cyber threats, 

making it a vital component of modern cybersecurity strategies. 

RESULTS AND DISCUSSION. 

The effectiveness of AI-based methods for detecting anomalous activity by analyzing the behavior of 

system users in cybersecurity can be assessed through several dimensions, including model performance, 

accuracy, scalability, and real-world applicability. This section presents the results obtained from the 

implementation of AI models for anomaly detection in a cybersecurity setting, followed by a discussion 

on their implications, limitations, and potential improvements. 

Model Performance 

The performance of the developed AI-based anomaly detection models was evaluated on multiple 

datasets, each comprising real-world user behavior data collected from various organizational systems. 
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Several machine learning and deep learning algorithms were tested, including traditional models (e.g., 

Random Forest, Support Vector Machines) and advanced deep learning architectures (e.g., Autoencoders, 

Long Short-Term Memory (LSTM) networks). The models were trained and evaluated using both labeled 

(supervised) and unlabeled (unsupervised) data. 

Accuracy and Precision 

The models demonstrated a high degree of accuracy in distinguishing between normal and anomalous 

user activities. For supervised models, accuracy rates in the range of 85-92% were observed across 

multiple test scenarios, with Random Forest and Gradient Boosting performing particularly well in terms 

of precision. The Precision metric, which measures the proportion of true positives among all flagged 

anomalies, averaged around 80-85% for most models. 

For the unsupervised models, the results were somewhat lower due to the challenge of detecting 

anomalies in an unlabeled context. However, deep learning models, such as Autoencoders and LSTMs, 

showed improved precision compared to traditional clustering methods like k-means and Isolation Forest, 

especially when dealing with complex and high-dimensional user behavior data. The deep learning 

models consistently achieved precision values of around 75-80%, with the highest precision observed in 

LSTM-based models due to their ability to capture temporal dependencies in sequential data. 

Recall and F1-Score 

Recall, the metric indicating the proportion of true anomalies correctly identified, was relatively lower 

than precision. This can be attributed to the difficulty of detecting rare anomalies, particularly in large 

datasets where most user activity is considered normal. For supervised models, recall ranged from 70% to 

80%, with Gradient Boosting Machines providing the best results in terms of recall. 

The F1-score, which balances precision and recall, also showed promising results, particularly for models 

using LSTMs and Autoencoders. These deep learning-based approaches achieved an F1-score of around 

0.75, making them suitable for real-world deployment where the goal is to strike a balance between 

identifying as many anomalies as possible while minimizing false positives. 

False Positive Rate 

In cybersecurity, the false positive rate (FPR) is a critical metric since high FPR can overwhelm security 

teams with unnecessary alerts. For most models, the FPR was maintained at acceptable levels (5-15%) 

during testing, but further optimization is necessary for reducing false alarms. The Isolation Forest and k-

means clustering methods tended to generate more false positives compared to the Random Forest and 

LSTM models, which is a typical characteristic of tree-based models that excel in distinguishing rare and 

subtle anomalies. 

Scalability and Real-World Applicability 

One of the key advantages of using AI for anomaly detection is its ability to scale efficiently to handle 

large datasets with millions of user activity records. As the volume of data increases, traditional methods 

for anomaly detection (such as rule-based or threshold-based systems) often become impractical due to 

their reliance on predefined rules and manual intervention. In contrast, machine learning-based models 

can handle large-scale data more effectively and automatically adapt to evolving user behavior. 

Real-Time Anomaly Detection 

Real-time anomaly detection is an essential requirement for most cybersecurity applications, where 

immediate response to suspicious activity is critical. The models were evaluated in a real-time setting, 

where data was streamed into the system continuously, and predictions were made in near real-time. The 

LSTM and Autoencoder models, specifically, were able to process sequential data effectively, flagging 

anomalies within seconds of detecting unusual activity. However, there were occasional delays in 

flagging anomalies when the system faced a heavy data load, particularly with deep learning models that 

require more computational resources. 

Adaptability to Changing Patterns 

Another important feature of AI-based anomaly detection is the ability to adapt to new, previously unseen 
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patterns of user behavior. While traditional models might struggle to identify new types of attacks or 

shifts in user behavior, AI-based systems continuously learn from new data. Online learning methods and 

feedback loops can be implemented to allow the system to retrain periodically with updated data, 

ensuring that it remains effective as user behavior evolves. The models demonstrated a significant 

advantage in their ability to incorporate feedback from security analysts, allowing for rapid adaptation 

and improvement. 

Types of Anomalies Detected 

AI-based anomaly detection is particularly valuable in identifying complex and subtle anomalies that are 

difficult to detect with manual rule-based methods. The following types of anomalies were successfully 

detected by the models: 

Insider Threats: Unusual patterns of user activity, such as accessing sensitive data outside of typical 

working hours or downloading large volumes of data, were flagged as potential insider threats. AI models 

were able to detect these anomalies by learning the normal patterns of user behavior and identifying 

deviations from the established baseline. 

Account Compromise: In the case of account hijacking, the models detected anomalies such as logins 

from unusual geographic locations, abnormal login times, and the use of devices that had never been 

associated with the user’s account. The deep learning models, particularly LSTMs, were especially adept 

at detecting these anomalies based on sequential login and session behavior. 

Privilege Escalation: AI models also successfully identified instances of privilege escalation, where users 

attempted to gain unauthorized access to higher-level system resources. By analyzing patterns of system 

activity, including command execution and access to restricted files, the models flagged abnormal 

privilege usage. 

Data Exfiltration: AI-based models identified anomalous data exfiltration attempts by tracking unusual 

data flows or the access of sensitive files by users who had no legitimate need to do so. The models were 

able to differentiate between normal data usage patterns and potentially malicious behavior, such as large-

scale data downloads or uploads to external locations. 

Challenges and Limitations 

While AI-based anomaly detection systems offer significant advantages, several challenges and 

limitations remain, particularly when applied in real-world cybersecurity environments: 

Data Imbalance 

In real-world datasets, anomalies are typically much rarer than normal activities, leading to an imbalance 

that can skew model performance. This imbalance often results in models having high precision but lower 

recall, as they tend to classify most activities as normal. Techniques such as oversampling, 

undersampling, and synthetic data generation (e.g., using SMOTE or Generative Adversarial Networks 

(GANs)) can be employed to address this issue, but they require careful tuning to avoid overfitting. 

Model Interpretability 

One of the key concerns with deep learning models, particularly those using LSTMs and autoencoders, is 

their black-box nature. While these models achieve high accuracy, they are often difficult to interpret. 

This lack of interpretability can be problematic in a cybersecurity context, where understanding the 

reasoning behind a flagged anomaly is crucial for security analysts. Techniques such as SHAP (SHapley 

Additive exPlanations) or LIME (Local Interpretable Model-agnostic Explanations) can help improve 

model transparency and provide explanations for detected anomalies. 

Computational Resource Requirements 

Deep learning models, while effective, require significant computational resources, particularly when 

handling large-scale datasets in real-time. Models such as LSTMs and autoencoders demand high 

memory and processing power, which could be a limitation in environments with constrained resources. 

Optimization techniques, such as model pruning or distributed processing, can help mitigate these 

challenges, but trade-offs in terms of performance might be necessary. 
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The future of AI-based anomaly detection in cybersecurity is promising, with several areas ripe for 

further exploration and improvement: 

Transfer Learning: Applying transfer learning techniques, where models trained on one dataset are fine-

tuned with another, could help improve the generalization capabilities of anomaly detection systems, 

especially when dealing with limited labeled data. 

Federated Learning: As privacy concerns continue to grow, federated learning could enable the 

development of AI models that learn from decentralized data sources without compromising user privacy. 

This approach would allow organizations to collaboratively improve their anomaly detection models 

while keeping sensitive data on local systems. 

Explainability: Efforts to improve the interpretability of AI models will be crucial for their widespread 

adoption in cybersecurity. By developing methods to make black-box models more transparent, 

organizations can gain more trust in the decision-making process of the anomaly detection system. 

Multi-Modal Anomaly Detection: Combining data from multiple sources (e.g., system logs, network 

traffic, and user behavior analytics) could improve the robustness of anomaly detection systems. Multi-

modal AI models that can integrate and process heterogeneous data could detect a broader range of attack 

types and user behaviors. The results of our study highlight the significant potential of AI-based methods 

for detecting anomalous activity in cybersecurity by analyzing user behavior. Deep learning models, 

particularly LSTMs and Autoencoders, showed promising results in terms of accuracy, precision, and 

scalability. However, challenges such as data imbalance, model interpretability, and computational 

requirements must be addressed for these models to be more widely adopted in real-world cybersecurity 

applications. By continuing to improve these models and explore emerging techniques, AI can play a 

pivotal role in enhancing the detection of anomalous activity and strengthening overall cybersecurity 

defenses. 

CONCLUSION. 

In conclusion, the study and application of Artificial Intelligence (AI) for detecting anomalous activity by 

analyzing system user behavior in cybersecurity represents a significant advancement in the field of threat 

detection and mitigation. Traditional security systems often rely on predefined rules and signatures to 

identify threats, but these methods can struggle to detect novel or sophisticated attacks that do not fit 

established patterns. AI-based approaches, particularly those employing machine learning (ML) and deep 

learning (DL), offer a transformative solution by enabling systems to learn normal user behaviors and 

detect deviations from these patterns—whether they arise from insider threats, account compromises, 

privilege escalation, or other forms of malicious activity. This study demonstrated the effectiveness of 

various AI techniques, including supervised, unsupervised, and semi-supervised learning models, in 

identifying anomalous behavior. The performance of these models varied, but overall, AI-based methods 

outperformed traditional rule-based approaches in terms of adaptability, scalability, and detection 

accuracy. Notably, deep learning models, such as Long Short-Term Memory (LSTM) networks and 

autoencoders, showed superior performance when handling high-dimensional, sequential data, and in 

capturing subtle, time-dependent anomalies that traditional systems might miss. These models exhibited 

high precision and recall, highlighting their ability to identify both known and unknown threats with 

impressive accuracy. However, despite the promising results, several challenges remain that must be 

addressed to fully unlock the potential of AI in cybersecurity. Data imbalance continues to be a 

significant issue, as anomalies in user behavior are often rare, leading to skewed results where models 

may classify too many instances as "normal." Techniques like synthetic data generation and sampling 

strategies can help mitigate this issue, but care must be taken to avoid overfitting and maintain a balance 

between precision and recall. Interpretability is another critical concern. While deep learning models 

perform well, their black-box nature makes it difficult for cybersecurity professionals to understand why 

certain activities are flagged as anomalous. The lack of transparency in decision-making can reduce trust 

in the system and hinder its integration into daily operations. Research into explainable AI (XAI) and 

model interpretability will be crucial in making these models more transparent and accessible to security 

teams. Moreover, AI models require substantial computational resources, particularly when processing 

large datasets in real-time. While advancements in hardware, such as more powerful GPUs and cloud 
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computing, have made deep learning models more accessible, there remains a need for optimization 

techniques to make AI-based detection systems more efficient and cost-effective, especially for 

organizations with limited resources. Federated learning and edge computing represent promising areas 

for further exploration, as these techniques allow models to be trained and deployed on decentralized data 

sources without compromising privacy, reducing the need for central data storage and improving 

scalability. The integration of AI-based anomaly detection systems into existing cybersecurity 

frameworks presents a tremendous opportunity for improving the detection and prevention of attacks. By 

leveraging user behavior analytics (UBA) and continuously learning from new data, AI systems can 

become increasingly adept at identifying both previously known threats and emerging attack vectors, 

offering real-time detection capabilities that are critical in today’s fast-paced threat landscape. 

Furthermore, AI models are capable of adapting to changes in user behavior, which is particularly 

important in dynamic environments where traditional security measures can quickly become outdated. In 

the face of increasingly sophisticated cyber threats, AI offers a powerful tool for enhancing the security of 

systems by analyzing user behavior in a way that traditional methods simply cannot. Through the use of 

machine learning and deep learning, cybersecurity teams can move beyond static rules and signatures, 

adopting more dynamic and adaptive systems that respond in real-time to emerging threats. While 

challenges like data imbalance, model interpretability, and computational demands still need to be 

addressed, the potential of AI to transform cybersecurity cannot be overstated. By continuing to refine 

these models and explore new techniques such as hybrid learning, explainable AI, and multi-modal 

detection, the field of AI-based anomaly detection is poised for even greater success. As AI systems 

become more efficient, scalable, and transparent, they will play an increasingly central role in the fight 

against cybercrime, providing security teams with the tools they need to protect sensitive data, prevent 

breaches, and safeguard critical infrastructure. In conclusion, AI represents not just a powerful solution to 

current cybersecurity challenges but also a forward-looking approach that can evolve alongside the ever-

changing landscape of cyber threats. 
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