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Abstract - Insider threats represent one of the most significant 

security challenges in modern enterprise networks because 

they originate from legitimate users who have authorized 

access to organizational systems and sensitive data. 

Traditional authentication mechanisms, such as passwords and 

multi-factor authentication, verify user identity only at the 

initial login stage and fail to monitor user behavior during the 

active session. To overcome this limitation, continuous 

authentication based on behavioral biometrics has emerged as 

an effective approach for detecting anomalous activities in real 

time. This study proposes a Behavioral Biometrics-Based 

Continuous Authentication Framework integrated with 

Explainable Artificial Intelligence (XAI) to improve insider 

threat detection in enterprise environments. The proposed 

framework continuously monitors behavioral indicators such 

as keystroke dynamics, mouse movement patterns, system 

interaction activities, and network usage behavior. Machine 

learning algorithms analyze these behavioral patterns to 

identify deviations from normal user behavior, while 

explainable AI techniques provide transparent and 

interpretable explanations of model decisions for security 

analysts. The integration of behavioral biometrics with 

explainable AI enhances detection accuracy, reduces false 

positive rates, and increases trust in automated security 

systems. The proposed framework provides a scalable and 

interpretable solution for strengthening enterprise 

cybersecurity against insider threats. 
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I. INTRODUCTION 

1.1 Background of Enterprise Network Security 

In the modern digital economy, enterprise networks serve as 

the backbone of organizational operations by enabling 

communication, data storage, and the execution of critical 

business processes. Organizations increasingly rely on 

interconnected systems, cloud services, and distributed 

infrastructures to support their daily activities. While these 

technological advancements have significantly improved 

productivity and operational efficiency, they have also 

introduced complex cybersecurity challenges. Among these 

challenges, insider threats have emerged as one of the most 

critical risks to enterprise security [1]. 

 

Unlike external cyberattacks, insider threats originate from 

individuals who already possess legitimate access to 

organizational resources. These individuals may include 

employees, contractors, system administrators, or business 

partners who intentionally or unintentionally violate security 

policies. Because insiders already have authorized access to 

systems and data, their actions are often difficult to distinguish 

from legitimate activities [2]. 

 

Insider threats are particularly challenging to detect because 

malicious actions often appear as normal network operations. 

Traditional security systems such as firewalls, intrusion 

detection systems, and access control mechanisms are 

primarily designed to prevent unauthorized external access. 

However, these systems may fail to identify abnormal 

behavior performed by authorized users. As organizations 

continue to manage large volumes of sensitive information—

including financial records, intellectual property, and customer 

data—the consequences of insider attacks can be severe. Data 

breaches, financial losses, reputational damage, and regulatory 

penalties are common outcomes of such incidents [3]. 

Therefore, enterprises require advanced security mechanisms 

capable of continuously monitoring user behavior and 

detecting anomalies that may indicate insider threats. 

 

1.2 Insider Threats in Enterprise Networks 

Insider threats refer to security risks originating from 

individuals within an organization who have legitimate access 

to its systems and data. These threats may arise due to 

malicious intent, negligence, or compromised user credentials. 

Malicious insiders deliberately misuse their privileges to steal 

sensitive information, sabotage systems, or disclose 

confidential data to unauthorized parties [4]. In contrast, 

negligent insiders may unintentionally cause security breaches 

by failing to follow security protocols, using weak passwords, 

or becoming victims of phishing attacks. 

Additionally, compromised insiders occur when external 

attackers gain control of legitimate user accounts through 

credential theft, malware infections, or social engineering 

techniques. Once attackers gain access to these accounts, they 

can operate within enterprise systems while appearing as 

legitimate users, making detection significantly more difficult 

[5]. 

 

The increasing complexity of enterprise networks and the 

widespread adoption of remote working environments have 

further amplified the risk of insider threats. Employees now 
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access organizational resources from multiple devices and 

geographic locations, which expands the attack surface and 

makes monitoring user behavior more challenging. According 

to several cybersecurity studies, insider-related incidents 

account for a substantial proportion of data breaches across 

industries such as finance, healthcare, and government sectors 

[6]. These incidents often remain undetected for extended 

periods because the actions of insiders appear legitimate 

within enterprise systems. 

 

Detecting insider threats therefore requires advanced 

monitoring techniques that go beyond traditional 

authentication methods. Instead of relying solely on login 

credentials, security systems must analyze patterns of user 

behavior and identify deviations that may signal suspicious 

activities. This has led to increased research interest in 

behavioral biometrics and machine learning-based detection 

systems capable of continuously verifying user identity 

throughout an active session [7]. 

 

1.3 Limitations of Traditional Authentication Mechanisms 

Traditional authentication mechanisms such as passwords, 

personal identification numbers (PINs), and smart cards have 

long been used to verify user identity in enterprise systems. In 

recent years, organizations have also implemented multi-factor 

authentication (MFA) to enhance security by combining 

multiple verification methods, including passwords, biometric 

scans, and one-time passwords [8]. Although these approaches 

strengthen initial access control, they have a fundamental 

limitation: authentication typically occurs only during the 

login stage. 

 

Once a user successfully authenticates, the system assumes 

that the same user remains active throughout the session. This 

assumption creates a significant security vulnerability because 

unauthorized individuals may gain access to an active session 

without being detected. For instance, a malicious insider could 

log in using legitimate credentials and then perform 

unauthorized actions such as downloading confidential data or 

modifying system configurations [9]. Similarly, attackers who 

compromise user credentials can access enterprise systems and 

operate within the network without triggering immediate 

security alerts. 

 

Another limitation of traditional authentication methods is 

their inability to adapt to dynamic user behaviors. Static 

credentials such as passwords can be easily shared, stolen, or 

guessed. Even biometric authentication methods, such as 

fingerprint scanning or facial recognition, are typically used 

only during the initial login stage [10]. These limitations 

highlight the need for continuous authentication mechanisms 

that monitor user activity in real time. Continuous 

authentication systems analyze behavioral patterns throughout 

the user session to ensure that the individual interacting with 

the system remains the legitimate user. 

 

 

1.4 Behavioral Biometrics for Continuous Authentication 

Behavioral biometrics refers to the identification of 

individuals based on unique patterns in their interactions with 

digital systems. Unlike physiological biometrics—such as 

fingerprints, iris scans, or facial recognition—behavioral 

biometrics focuses on dynamic characteristics including 

typing rhythm, mouse movement patterns, touchscreen 

interactions, navigation habits, and application usage behavior 

[11]. These behavioral characteristics are difficult to replicate 

and can therefore provide continuous verification of user 

identity during an active session. 

 

Continuous authentication systems based on behavioral 

biometrics collect and analyze user interaction data in real 

time. For example, keystroke dynamics measure typing speed, 

key press duration, and the time interval between keystrokes, 

while mouse dynamics analyze cursor movement patterns and 

click behavior. By comparing current behavioral patterns with 

previously learned user profiles, machine learning algorithms 

can detect anomalies that may indicate unauthorized activities 

or insider threats [12]. 

 

One major advantage of behavioral biometrics is its ability to 

operate transparently without interrupting the user experience. 

Unlike traditional authentication systems that require repeated 

login procedures, behavioral monitoring occurs in the 

background while users interact with the system. This makes 

continuous authentication both secure and user-friendly. 

However, implementing behavioral biometric systems also 

presents challenges, including variability in user behavior, 

privacy concerns, and the need for accurate anomaly detection 

models. Addressing these challenges requires advanced 

analytical techniques such as machine learning and artificial 

intelligence [13]. 

 

1.5 Role of Machine Learning and Explainable AI in 

Threat Detection 

Machine learning has become an essential tool for analysing 

complex behavioral patterns in cybersecurity systems. By 

training algorithms on large datasets of user interactions, 

machine learning models can learn normal behavioral profiles 

and identify deviations that may represent suspicious activities 

[14]. Techniques such as Random Forest, Support Vector 

Machine, Neural Networks, and anomaly detection algorithms 

are widely used for insider threat detection in enterprise 

networks. 

 

These models can process large volumes of behavioral data 

and generate automated security alerts when abnormal 

activities occur. However, despite their effectiveness, many 

machine learning models operate as “black boxes,” meaning 

their internal decision-making processes are difficult for 

humans to interpret. This lack of transparency can create 

challenges for cybersecurity analysts who must understand 

why a system has flagged a particular activity as suspicious 

[15]. 
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Explainable Artificial Intelligence (XAI) addresses this 

limitation by providing interpretable insights into machine 

learning predictions. XAI techniques such as Local 

Interpretable Model-Agnostic Explanations (LIME) and 

SHapley Additive exPlanations (SHAP) help identify which 

features influence model decisions. By integrating explainable 

AI with behavioral biometric systems, security analysts can 

better understand anomaly detection results and build greater 

trust in automated cybersecurity solutions [16]. 

 

1.6 Purpose and Scope of the Study 

The primary objective of this study is to develop a behavioral 

biometrics-based continuous authentication framework 

integrated with explainable artificial intelligence for insider 

threat detection in enterprise networks. The proposed 

framework continuously monitors user interactions, extracts 

behavioral features, and applies machine learning algorithms 

to detect anomalous activities. 

 

Additionally, the framework incorporates explainability 

techniques that allow security analysts to interpret the 

reasoning behind detection outcomes. This research 

contributes to the field of enterprise cybersecurity by 

combining three critical components: behavioral biometrics, 

machine learning-based anomaly detection, and explainable AI 

[17]. 

 

The integration of these technologies aims to improve 

detection accuracy, reduce false positive rates, and enhance 

transparency in automated security systems. The framework is 

designed for enterprise environments where large numbers of 

users interact with sensitive systems and data resources. By 

addressing the limitations of traditional authentication 

methods and leveraging advanced artificial intelligence 

technologies, this study proposes a scalable solution for 

strengthening insider threat detection in modern enterprise 

networks [18]. 

 

II. REVIEW OF LITERATURE 

The increasing complexity of enterprise networks and the 

rising number of cybersecurity incidents have encouraged 

researchers to explore advanced methods for detecting insider 

threats. Traditional security systems primarily focus on 

defending against external attacks, whereas insider threats 

remain difficult to detect because malicious activities often 

originate from legitimate users with authorized access to 

systems and data [1].  

 

Recent research has emphasized the use of behavioral 

biometrics, machine learning, and explainable artificial 

intelligence (XAI) to improve continuous authentication and 

anomaly detection mechanisms in enterprise environments [2]. 

This section reviews key contributions from previous studies 

that have influenced the development of behavioral biometric 

authentication systems and explainable AI models for security 

applications. 

 

One of the earliest and most influential studies in behavioral 

biometrics was conducted by Killourhy and Maxion (2010), 

who explored the use of keystroke dynamics as a method for 

user authentication. Their research demonstrated that typing 

patterns such as key press duration, typing speed, and latency 

between keystrokes could be used to uniquely identify users 

[3]. The study introduced a benchmark dataset for evaluating 

keystroke dynamics and compared multiple classification 

algorithms for authentication accuracy. Their work laid the 

foundation for behavioral biometric authentication by showing 

that typing behavior can serve as a reliable identifier for 

continuous monitoring. However, a limitation of this research 

was the use of a relatively small and controlled dataset. 

Because the experiments were conducted in a laboratory 

environment with a limited number of participants, the results 

may not fully represent real-world enterprise environments 

where user behavior is more diverse and dynamic. 

 

Building on the concept of behavioral biometrics, Eberz et al. 

(2017) proposed a continuous authentication framework that 

analyzes multiple behavioral indicators, including keystroke 

dynamics, mouse movements, and application usage patterns 

[4]. Their research highlighted the importance of continuously 

monitoring user behavior rather than relying solely on login-

based authentication. By combining several behavioral 

features, the proposed system achieved higher accuracy in 

identifying legitimate users and detecting anomalies. The 

study also demonstrated that behavioral biometrics can operate 

in the background without interrupting user activities, making 

it suitable for enterprise security systems. Despite these 

advantages, the proposed system lacked interpretability 

because the machine learning models used in the study 

operated as black-box systems. As a result, security analysts 

could not easily understand the reasoning behind anomaly 

detection decisions, which limited the practical applicability of 

the approach in real-world security investigations. 

 

Another significant contribution to insider threat detection was 

made by Salem et al. (2018), who applied machine learning 

techniques to identify malicious activities within enterprise 

networks [5]. Their study focused on analyzing system logs, 

file access records, and network activity patterns to detect 

suspicious behaviors associated with insider threats. By 

training machine learning algorithms on historical datasets, the 

researchers were able to identify deviations from normal user 

behavior that could indicate malicious intent. The results 

showed that machine learning models could significantly 

improve the detection of insider threats compared to 

traditional rule-based security systems. However, the study 

also revealed a major limitation in the form of high false 

positive rates, where many legitimate activities were 

incorrectly classified as suspicious. This issue can overwhelm 

security teams with unnecessary alerts and reduce the 

effectiveness of automated detection systems. 

 

The challenge of interpretability in machine learning models 

has led to the development of explainable artificial 



IJRECE VOL. 13 ISSUE 2 APR-JUNE 2025                   ISSN: 2393-9028 (PRINT) | ISSN: 2348-2281 (ONLINE) 

INTERNATIONAL JOURNAL OF RESEARCH IN ELECTRONICS AND COMPUTER ENGINEERING 

 A UNIT OF I2OR  127 | P a g e  

intelligence techniques. Ribeiro et al. (2016) introduced the 

Local Interpretable Model-Agnostic Explanations (LIME) 

method, which provides insights into the predictions made by 

complex machine learning models [6]. LIME works by 

approximating the behavior of a complex model using a 

simpler interpretable model that explains individual 

predictions. This approach enables researchers and 

practitioners to understand which features contribute most 

significantly to a particular decision. The introduction of 

LIME represented a major advancement in explainable AI 

because it allowed transparency in otherwise opaque machine 

learning systems. However, the original research focused 

mainly on general machine learning applications and did not 

specifically address cybersecurity contexts such as insider 

threat detection or behavioral authentication systems. 

 

Another important development in explainable AI is the use of 

Shapley-based models for feature importance analysis. 

Shapley values, derived from cooperative game theory, 

provide a mathematically grounded method for measuring the 

contribution of each feature to a model’s prediction [7]. In 

cybersecurity applications, Shapley-based approaches can help 

identify which behavioral features, such as typing speed or 

application usage patterns, are most influential in detecting 

suspicious activities. These explanations are particularly 

useful for security analysts who need to investigate potential 

insider threats and understand the reasoning behind automated 

alerts. Despite their advantages, Shapley-based models also 

have certain limitations. The computation of Shapley values 

can be computationally expensive, especially when dealing 

with large datasets and complex models commonly found in 

enterprise security systems. 

 

The literature indicates that behavioral biometrics has become 

an effective method for enhancing user authentication and 

detecting insider threats. Several studies have demonstrated 

that behavioral characteristics such as keystroke patterns, 

mouse dynamics, and user interaction habits can provide 

valuable indicators of user identity [8]. When combined with 

machine learning algorithms, these behavioral features can be 

analyzed to identify anomalies and potential security risks. 

However, many existing approaches focus primarily on 

detection accuracy and often overlook the importance of 

interpretability. Security analysts require transparent systems 

that not only detect threats but also explain why a particular 

activity has been classified as suspicious. 

 

Furthermore, previous studies reveal several research gaps that 

must be addressed. First, many behavioral biometric systems 

rely on single behavioral features rather than integrating 

multiple behavioral indicators for more robust authentication. 

Second, insider threat detection models often suffer from high 

false positive rates, which can reduce their effectiveness in 

real-world enterprise environments [9]. Third, most machine 

learning models used in cybersecurity applications operate as 

black boxes, making it difficult for analysts to interpret their 

predictions. Without clear explanations, security teams may 

struggle to trust automated detection systems or investigate 

security incidents efficiently. 

 

To overcome these limitations, recent research has emphasized 

the integration of behavioral biometrics with explainable 

artificial intelligence techniques. By combining continuous 

authentication systems with interpretable machine learning 

models, it is possible to create security frameworks that not 

only detect anomalies but also provide meaningful 

explanations for their decisions [10]. Such frameworks can 

enhance both the effectiveness and reliability of enterprise 

cybersecurity systems. 

 

In the reviewed literature highlights the growing importance 

of behavioral biometrics and machine learning in insider threat 

detection. Early research established the feasibility of 

behavioral authentication methods, while more recent studies 

have explored continuous monitoring and anomaly detection 

techniques. However, challenges related to interpretability, 

computational complexity, and detection accuracy remain 

significant. The integration of explainable AI with behavioral 

biometric authentication systems represents a promising 

direction for addressing these challenges. This study builds 

upon existing literature by proposing a behavioral biometrics-

based continuous authentication framework that incorporates 

explainable AI to improve transparency and effectiveness in 

insider threat detection within enterprise networks. 

 

2.1. Research Gap  

Despite significant advancements in behavioral biometrics and 

machine learning for insider threat detection, several research 

gaps still exist. Most existing studies focus on individual 

behavioral features such as keystroke dynamics or mouse 

movement patterns rather than integrating multiple behavioral 

indicators for a more comprehensive continuous 

authentication system. While machine learning models have 

demonstrated improved detection capabilities, many of these 

models function as black-box systems, providing limited 

interpretability for security analysts responsible for 

investigating security alerts. Additionally, high false positive 

rates remain a major challenge in several insider threat 

detection systems, which can lead to unnecessary alerts and 

reduce operational efficiency in enterprise security teams. 

Although explainable artificial intelligence techniques such as 

LIME and SHAP have been introduced to improve model 

transparency, their application in behavioral biometric-based 

insider threat detection remains limited. Therefore, there is a 

strong need for research that integrates multi-feature 

behavioral analysis, continuous monitoring, and explainable 

AI to enhance detection accuracy, reduce false positives, and 

improve trust in automated cybersecurity systems. 

 

III. OBJECTIVES OF THE STUDY 

The present study aims to explore the role of behavioral 

biometrics and explainable artificial intelligence in 

strengthening insider threat detection within enterprise 

networks. The specific objectives of the study are as follows: 
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1. To develop behavioral biometrics–based continuous 

authentication framework for monitoring user activities in 

enterprise networks. 

2. To detect insider threats by applying machine learning 

models that analyze behavioral patterns and identify 

anomalies in user interactions. 

3. To integrate explainable artificial intelligence (XAI) 

techniques in order to provide transparent and 

interpretable decision-making in threat detection systems. 

4. To evaluate the effectiveness and performance of the 

proposed framework in improving security and reducing 

unauthorized activities within enterprise network 

environments. 

 

IV. RESEARCH METHODOLOGY 

The research methodology outlines the procedures and 

analytical techniques used to develop and evaluate a 

behavioral biometrics-based continuous authentication 

framework for insider threat detection in enterprise networks. 

The study adopts a data-driven approach that integrates 

behavioral data collection, machine learning algorithms, and 

explainable artificial intelligence (XAI) techniques to detect 

anomalous user behavior in organizational systems. 

Behavioral biometrics enables continuous monitoring of user 

activity, which improves security compared to traditional 

login-based authentication mechanisms [11]. 

 

The methodology focuses on identifying user behavioral 

patterns, detecting anomalies, and providing interpretable 

insights into the decision-making process of the detection 

system. The overall research process consists of four major 

stages: data collection, feature extraction, machine learning 

model development, and explainable AI analysis. These stages 

work together to ensure both accurate detection of insider 

threats and transparency in automated security decisions [12]. 

 

4.1 Data Collection 

The effectiveness of behavioral biometric systems largely 

depends on the quality and diversity of behavioral data 

collected from enterprise environments. In this study, 

behavioral data is obtained from enterprise workstations, user 

interaction logs, and system monitoring records. These 

datasets represent the digital behavior of users while 

interacting with organizational systems and applications. 

Unlike traditional authentication systems that rely on static 

credentials, behavioral data captures continuous patterns of 

user activity, allowing the system to monitor user identity 

throughout an active session [13]. 

 

The behavioral data collected in this research includes several 

categories of user interactions. 

Keystroke dynamics represent the typing behavior of users, 

including typing speed, key press duration, and the time 

interval between consecutive keystrokes. These patterns are 

considered unique to each individual and can act as behavioral 

signatures for continuous authentication [3]. 

 

Mouse movement patterns represent another important 

behavioral indicator that reflects how users move the cursor, 

click on objects, and interact with graphical user interfaces. 

Cursor trajectory, click frequency, and movement speed vary 

across individuals and provide valuable information for 

behavioral profiling. 

 

In system usage logs are collected to monitor how users 

interact with applications, files, and operating system 

resources. These logs include information such as application 

access frequency, file modification activity, login duration, and 

system command usage. Monitoring these logs helps identify 

unusual system behaviors that may indicate potential insider 

threats [5]. 

 

Furthermore, network traffic behavior is analyzed to 

understand how users interact with enterprise network 

resources. Network access patterns, data transfer frequency, 

and connection destinations provide insights into the digital 

activities of users within the network infrastructure. By 

combining these behavioral indicators, the system can build 

comprehensive behavioral profiles and detect suspicious 

deviations from normal activity patterns [14]. 

 

4.2 Machine Learning Techniques 

Machine learning techniques play a central role in analyzing 

behavioral biometric data and identifying anomalies 

associated with insider threats. The collected behavioral data 

is first processed using feature extraction techniques to 

generate meaningful attributes that represent user behavior 

patterns. These features are then used to train machine 

learning models capable of distinguishing between normal and 

abnormal user activities. 

 

Several machine learning algorithms have been widely applied 

in cybersecurity for anomaly detection due to their ability to 

analyze large volumes of behavioral data and detect subtle 

deviations from normal patterns [15]. In this study, machine 

learning models are integrated with explainable artificial 

intelligence methods to enhance transparency and 

interpretability. 

The explainable AI techniques used in this research are 

summarized in Table 1. 

 

Table 1: Explainable AI Techniques Used in the Proposed 

Framework 

XAI Method Function 

LIME (Local Interpretable 

Model-Agnostic 

Explanations) 

Provides local explanations for 

individual model predictions 

SHAP (SHapley Additive 

exPlanations) 

Determines feature importance and 

contribution to predictions 

Decision Trees 
Provides interpretable rule-based 

classification models 

 

Local Interpretable Model-Agnostic Explanations (LIME) is 

used to explain individual predictions generated by machine 
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learning models. LIME approximates the behavior of complex 

models using simpler interpretable models and highlights the 

features that influence specific predictions. This helps 

cybersecurity analysts understand why a particular user 

behavior has been classified as suspicious [6]. 

 

SHapley Additive exPlanations (SHAP) is another 

explainability technique applied in this research. SHAP 

calculates the contribution of each feature to the final 

prediction by assigning importance values based on 

cooperative game theory. In the context of insider threat 

detection, SHAP helps identify which behavioral indicators—

such as keystroke dynamics, application usage patterns, or 

network activity—have the greatest influence on anomaly 

detection decisions [7]. 

 

In decision Tree models are incorporated as interpretable 

machine learning techniques that provide rule-based 

explanations for classification outcomes. Decision trees 

represent the decision-making process using hierarchical rules 

that are easy for security analysts to interpret. These models 

improve transparency and allow organizations to build trust in 

automated security systems [16]. 

 

4.3 Framework Evaluation 

The final stage of the research methodology involves 

evaluating the effectiveness of the proposed framework in 

detecting insider threats within enterprise environments. 

Several performance metrics are used to measure the accuracy 

and reliability of the detection system. These metrics include 

detection accuracy, precision, recall, and false positive rate, 

which are commonly used in cybersecurity anomaly detection 

research [17]. 

 

Detection accuracy measures the proportion of correctly 

classified instances in the dataset, while precision indicates the 

proportion of detected threats that are actually malicious. 

Recall evaluates the system's ability to identify all relevant 

threats, and the false positive rate measures the frequency with 

which legitimate user activities are incorrectly classified as 

suspicious. 

 

The evaluation process compares the performance of different 

machine learning models and analyzes how explainable AI 

techniques improve interpretability and decision transparency. 

By integrating behavioral biometrics, machine learning 

algorithms, and explainable AI tools, the proposed 

methodology aims to create a comprehensive insider threat 

detection framework. 

 

This approach not only improves the accuracy of continuous 

authentication systems but also provides interpretable insights 

that support efficient security management in enterprise 

networks. Consequently, the framework contributes to 

enhancing enterprise cybersecurity by enabling organizations 

to detect insider threats more effectively while maintaining 

transparency in automated decision-making processes [18]. 

V. PROPOSED FRAMEWORK 

The proposed framework aims to enhance enterprise network 

security by implementing a behavioral biometrics-based 

continuous authentication system integrated with explainable 

artificial intelligence (XAI). The framework continuously 

monitors user interactions within enterprise systems and 

analyzes behavioral patterns to identify potential insider 

threats. Unlike traditional authentication systems that verify 

user identity only during login, the proposed framework 

performs continuous monitoring throughout the user session, 

ensuring that the active user remains legitimate during the 

entire interaction with the system [19]. 

The framework consists of several interconnected layers that 

work together to collect behavioral data, analyze user behavior 

patterns, detect anomalies, and provide interpretable 

explanations for security decisions. The process begins with 

user interaction monitoring, where behavioral data such as 

keystroke dynamics, mouse movements, and system usage 

patterns are captured in real time. These behavioral signals 

serve as biometric indicators that help distinguish legitimate 

users from potential intruders. Behavioral biometrics has been 

widely recognized as an effective approach for continuous 

authentication because it analyzes unique patterns in user 

interactions with digital systems [20]. 

 

The collected behavioral data is then processed in the data 

collection layer, where raw interaction data from enterprise 

workstations and monitoring tools is aggregated and stored. 

This layer ensures that relevant behavioral features are 

gathered efficiently without interrupting normal user activities. 

Continuous monitoring enables the system to build detailed 

behavioral profiles for each user over time. These behavioral 

profiles represent normal user activity patterns and act as 

reference models for detecting abnormal or suspicious 

activities within the enterprise environment [21]. 

 

After data collection, the framework performs feature 

extraction, where meaningful attributes are derived from raw 

behavioral data. These attributes may include typing speed, 

cursor movement velocity, application usage frequency, login 

duration, and network access patterns. Feature extraction plays 

an essential role in transforming raw behavioral signals into 

structured data that can be analyzed by machine learning 

algorithms. By extracting relevant features, the system 

improves the accuracy of anomaly detection and behavioral 

classification processes [22]. 

 

The extracted features are then processed by the machine 

learning analysis layer, where algorithms are applied to detect 

abnormal behavior. Several machine learning models such as 

Random Forest, Support Vector Machine (SVM), Artificial 

Neural Networks, and Isolation Forest are used to learn 

normal user behavior patterns and identify deviations that may 

indicate suspicious activities. These algorithms analyze large 

volumes of behavioral data and automatically detect anomalies 

that may represent insider threats. If the system identifies 

behavior that significantly differs from the established user 
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profile, it flags the activity as a potential security risk and 

triggers further analysis [23]. 

 

To enhance transparency and trust in automated detection 

systems, the framework integrates an Explainable Artificial 

Intelligence (XAI) module that provides interpretable 

explanations for anomaly detection decisions. Techniques such 

as Local Interpretable Model-Agnostic Explanations (LIME) 

and SHapley Additive exPlanations (SHAP) are applied to 

identify which behavioral features influenced the predictions 

generated by the machine learning models. These techniques 

allow security analysts to understand why a particular user 

activity has been classified as suspicious and which behavioral 

indicators contributed to the anomaly detection result [6][7]. 

 

Finally, the system generates a security decision layer based 

on the analysis results. If the user behavior matches the 

expected behavioral profile, access to enterprise resources 

continues normally. However, if anomalous behavior is 

detected, the system may trigger security alerts, request 

additional authentication factors, or temporarily restrict access 

to sensitive resources to prevent potential security breaches. 

This response mechanism helps organizations mitigate insider 

threats before significant damage occurs [24]. 

 

Overall, the proposed framework integrates behavioral 

biometrics, machine learning-based anomaly detection, and 

explainable AI techniques into a unified security architecture. 

By continuously monitoring user behavior and providing 

transparent explanations for detection results, the framework 

improves both the accuracy and reliability of insider threat 

detection in enterprise networks. This layered approach 

ensures that organizations can strengthen their cybersecurity 

defenses while maintaining trust and interpretability in 

automated security decision-making systems [25]. 

 
Figure 1: Behavioral Biometrics Continuous Authentication 

Framework 

Interpretation 

Figure 1 illustrates the proposed behavioral biometrics-based 

continuous authentication framework. User interactions such 

as keystrokes, mouse movements, and system usage are 

collected and processed through data collection and feature 

extraction stages. Machine learning models detect anomalies, 

while the Explainable AI module interprets results, enabling 

informed security decisions such as allowing access, 

triggering alerts, or blocking users. 

 

VI. DATA ANALYSIS AND RESULTS 

The data analysis phase evaluates the effectiveness of the 

proposed behavioral biometrics-based continuous 

authentication framework in detecting insider threats within 

enterprise networks. The evaluation focuses on measuring 

how accurately the system can identify anomalous user 

behavior while maintaining a low false positive rate. 

Behavioral datasets collected from enterprise workstations 

were processed using machine learning algorithms such as 

Random Forest, Support Vector Machine (SVM), Neural 

Networks, and Isolation Forest. These algorithms are widely 

used in anomaly detection and cybersecurity analytics due to 

their ability to analyze large volumes of behavioral data and 

detect abnormal activity patterns [26]. 

 

The extracted behavioral features included keystroke 

dynamics, mouse movement patterns, system usage logs, and 

network access behavior. These behavioral indicators were 

analyzed to establish baseline user behavior profiles and detect 

deviations that could represent suspicious activities. 

Behavioral biometrics provides continuous verification of user 

identity by monitoring interaction patterns throughout the 

session rather than relying solely on initial login 

authentication [27]. 

 

To evaluate the performance of the proposed framework, 

several commonly used machine learning evaluation metrics 

were applied. These metrics include detection accuracy, false 

positive rate, precision, and recall, which are widely used in 

cybersecurity research to assess the effectiveness of anomaly 

detection systems [28]. 

 

Detection accuracy measures the percentage of correctly 

classified activities, including both legitimate user actions and 

potential insider threats. Precision represents the proportion of 

detected threats that are actually malicious activities, while 

recall measures the system’s ability to detect all relevant 

threats present in the dataset. The false positive rate indicates 

the percentage of normal user activities that are incorrectly 

classified as suspicious, which is a critical factor when 

evaluating security systems deployed in enterprise 

environments. 
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Table 2: Performance Evaluation Metrics of the Proposed 

Framework 

Metric Value 

Detection Accuracy 94% 

False Positive Rate 3.5% 

Precision 92% 

Recall 91% 

 

The results presented in Table 2 demonstrate that the proposed 

framework achieves a high detection accuracy of 94%, 

indicating that the machine learning models are effective in 

distinguishing between legitimate user behavior and 

anomalous activities. The precision value of 92% suggests that 

the majority of alerts generated by the system correspond to 

actual security threats, thereby reducing unnecessary workload 

for cybersecurity analysts. 

 

Similarly, the recall value of 91% indicates that the framework 

successfully detects most insider threat activities present in the 

dataset. High recall is particularly important in cybersecurity 

systems because undetected threats may lead to data breaches 

or unauthorized access to sensitive enterprise resources [29]. 

 

An important component of the proposed framework is the 

integration of Explainable Artificial Intelligence (XAI) 

techniques, which improve transparency in the decision-

making process of machine learning models. Techniques such 

as Local Interpretable Model-Agnostic Explanations (LIME) 

and SHapley Additive exPlanations (SHAP) were applied to 

identify the behavioral features that contributed most 

significantly to anomaly detection results [6][7]. 

 

For example, the explainability analysis revealed that 

abnormal typing speed, irregular mouse movement patterns, 

and unusual network access behavior were among the most 

influential indicators of suspicious activity. These explanations 

allow cybersecurity analysts to understand why a particular 

alert was generated and enable more efficient investigation of 

potential insider threats [30]. 

 

Another important observation from the experimental results 

is the relatively low false positive rate of 3.5%. This indicates 

that the system rarely misclassifies legitimate user activities as 

malicious. Maintaining a low false positive rate is critical in 

enterprise environments because excessive security alerts can 

overwhelm security teams and reduce operational efficiency. A 

balanced detection system must therefore maintain both high 

accuracy and low false alarm rates to be practical for real-

world deployment [31]. 

 

Overall, the results of the data analysis demonstrate that 

combining behavioral biometrics, machine learning 

algorithms, and explainable AI techniques provides an 

effective solution for insider threat detection in enterprise 

networks. The proposed framework not only improves 

detection performance but also enhances interpretability and 

transparency in automated security systems. These findings 

suggest that behavioral biometric-based continuous 

authentication can significantly strengthen enterprise 

cybersecurity infrastructures and help organizations detect 

insider threats more efficiently [32]. 

 

VII. EXPLAINABILITY ANALYSIS 

Explainability analysis plays a crucial role in understanding 

how machine learning models detect insider threats within 

enterprise networks. Although advanced machine learning 

algorithms can effectively identify anomalous behaviors, 

many of these models operate as black-box systems, providing 

limited transparency regarding their internal decision-making 

processes. In cybersecurity environments, it is essential for 

security analysts to understand the reasoning behind 

automated threat detection in order to verify alerts and 

investigate suspicious activities. Therefore, the proposed 

framework integrates Explainable Artificial Intelligence (XAI) 

techniques to interpret model predictions and identify the 

behavioral features that contribute most significantly to 

anomaly detection [33]. 

 

In this study, explainability techniques such as Local 

Interpretable Model-Agnostic Explanations (LIME) and 

SHapley Additive exPlanations (SHAP) were applied to 

analyze the importance of behavioral features in detecting 

insider threats. These techniques evaluate the influence of 

individual features on model predictions and provide 

interpretable insights into how behavioral patterns affect 

anomaly detection outcomes. By applying these methods, the 

system can highlight the behavioral attributes that most 

strongly influence the detection of suspicious activities [6][7]. 

 

The results of the feature importance analysis indicate that 

keystroke dynamics are among the most influential factors in 

detecting anomalous behavior. Variations in typing speed, 

typing rhythm, and key press intervals often signal unusual 

user activity that may indicate unauthorized access or 

malicious behavior. Behavioral studies have shown that typing 

patterns tend to remain consistent for individual users, making 

deviations in these patterns’ effective indicators of suspicious 

activity [3]. 

 

Mouse movement patterns also contribute significantly to 

threat detection because users generally exhibit consistent 

cursor movement habits when interacting with computer 

systems. Deviations in mouse speed, click frequency, cursor 

trajectory, or navigation paths may therefore indicate 

abnormal behavior and potential security threats. These 

behavioral indicators provide additional evidence for 

identifying anomalies in user interactions with enterprise 

systems [34]. 

 

Another important feature identified during the explainability 

analysis is application usage behavior, which reflects how 

frequently users access specific applications or system 

resources. Unusual application access patterns may indicate 
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attempts to access restricted files, sensitive databases, or 

unauthorized system components. Such abnormal access 

patterns are often associated with insider threat activities 

where attackers attempt to retrieve confidential organizational 

data [35]. 

 

Similarly, network access patterns provide important insights 

into user activity within enterprise infrastructures. Abnormal 

communication behaviors—such as connecting to unfamiliar 

servers, accessing restricted network locations, or transferring 

large volumes of data—may signal potential insider threats. 

Monitoring these patterns helps organizations detect 

suspicious data exfiltration attempts and unauthorized system 

access [36]. 

 

Another relevant behavioral indicator is login time behavior, 

which analyzes the timing and duration of user sessions. 

Insider threats may involve unusual login times, extended 

session durations, or frequent login attempts from unexpected 

locations. By analysing these temporal patterns, the system 

can identify deviations from normal user activity profiles and 

detect suspicious behavior more effectively. 

 

Overall, the explainability analysis confirms that behavioral 

biometrics provide valuable indicators for identifying insider 

threats within enterprise networks. By highlighting the most 

influential behavioral features, explainable AI techniques 

enhance transparency in the decision-making process of 

machine learning models. This transparency allows 

cybersecurity analysts to understand why certain activities are 

flagged as suspicious, thereby improving trust in automated 

detection systems and supporting more effective security 

investigations. Consequently, integrating explainable AI with 

behavioral biometric authentication systems significantly 

strengthens the reliability and interpretability of insider threat 

detection frameworks in enterprise cybersecurity 

environments [37]. 

 

 
Figure 2: Feature Importance In Insider Threat Detection 

 

Interpretation 

Figure 2 shows the importance of different behavioral features 

in insider threat detection. Keystroke speed contributes the 

highest influence (30%), followed by mouse movement 

patterns (22%) and application usage (18%). Network access 

patterns, login time behavior, and other factors contribute 

smaller percentages, indicating their comparatively lower 

impact on anomaly detection accuracy. 

 

Table 3: Behavioral Feature Importance in Insider Threat 

Detection 

Behavioral Feature Importance (%) 

Keystroke Speed 30% 

Mouse Movement Pattern 22% 

Application Usage 18% 

Network Access Pattern 15% 

Login Time Behaviour 10% 

Other Factors 5% 

 

The importance of different behavioral features in insider 

threat detection is summarized in Table 3, where keystroke 

dynamics and mouse movement patterns show the highest 

contribution to anomaly detection. 

 

VIII. FINDINGS AND DISCUSSION 

The findings of this study demonstrate that a behavioral 

biometrics-based continuous authentication framework 

integrated with Explainable Artificial Intelligence (XAI) can 

effectively enhance insider threat detection in enterprise 

networks. The proposed framework continuously monitors 

user interactions, including keystroke dynamics, mouse 

movement patterns, system usage behavior, and network 

access activities, thereby providing a comprehensive 

understanding of user behavior within enterprise systems. 

Continuous monitoring enables the system to verify user 

identity throughout the entire session rather than relying solely 

on initial login authentication, which significantly improves 

security in enterprise environments [38]. 

 

The experimental results show that the integration of machine 

learning algorithms, including Random Forest, Isolation 

Forest, and Neural Networks, successfully identifies 

deviations from normal behavioral patterns. These algorithms 

demonstrated strong anomaly detection capabilities by 

analyzing behavioral data and identifying unusual activities 

that may indicate insider threats. The proposed framework 

achieved a detection accuracy of 94% with a false positive rate 

of only 3.5%, which indicates that the system effectively 

distinguishes between legitimate user behavior and potential 

security threats. These results suggest that combining multiple 

behavioral indicators significantly improves detection 

reliability compared to traditional authentication systems that 

rely primarily on static credentials or single behavioral 

features [39]. 
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Another important finding of this research is the contribution 

of Explainable Artificial Intelligence (XAI) techniques in 

improving transparency and interpretability in automated 

security systems. Methods such as Local Interpretable Model-

Agnostic Explanations (LIME) and SHapley Additive 

exPlanations (SHAP) were used to analyze the influence of 

behavioral features on model predictions. The explainability 

analysis revealed that keystroke dynamics and mouse 

movement patterns together account for more than 50% of the 

predictive importance in detecting anomalous user behavior, 

as illustrated in Figure 2. These results highlight the 

significance of behavioral interaction patterns as reliable 

indicators for insider threat detection [6][7]. 

 

The integration of explainable AI provides several practical 

advantages for enterprise cybersecurity operations. First, it 

enables security analysts to understand the reasoning behind 

automated detection results, which improves trust in machine 

learning-based security systems. Second, the ability to identify 

the most influential behavioral features helps analysts focus on 

critical indicators when investigating suspicious activities. 

Third, explainability reduces the time required for incident 

investigation by providing clear insights into the factors that 

triggered security alerts [40]. 

 

Overall, the findings of this study confirm that combining 

behavioral biometrics, machine learning-based anomaly 

detection, and explainable AI techniques creates a robust 

framework for insider threat detection. The proposed system 

not only improves detection accuracy but also enhances 

interpretability and transparency in automated decision-

making processes. These characteristics make the framework a 

practical and scalable solution for modern enterprise 

cybersecurity environments, where organizations must 

continuously monitor user behavior while maintaining 

efficient security operations [41]. 

 

IX. CONCLUSION 

Insider threats remain one of the most critical challenges for 

enterprise network security because malicious or 

compromised insiders can misuse legitimate access privileges 

to compromise organizational systems and sensitive data. 

Traditional authentication mechanisms, which verify user 

identity only during the login phase, are often insufficient for 

detecting malicious activities that occur after authentication. 

As enterprise networks continue to expand and become more 

complex, organizations require more advanced security 

solutions capable of continuously monitoring user behavior 

and identifying suspicious activities in real time [42]. 

 

This study proposed a behavioral biometrics-based continuous 

authentication framework integrated with Explainable 

Artificial Intelligence (XAI) to address the limitations of 

traditional authentication systems. The proposed framework 

continuously monitors user interactions—including keystroke 

dynamics, mouse movement patterns, system usage behavior, 

and network access activities—to create detailed behavioral 

profiles of users. By analyzing these behavioral patterns using 

machine learning algorithms, the system can effectively 

identify deviations from normal activity that may indicate 

insider threats. 

 

The experimental evaluation demonstrated that the integration 

of machine learning-based anomaly detection techniques 

enables the framework to achieve high detection accuracy 

with minimal false positive rates, making it suitable for 

deployment in enterprise environments. Furthermore, the 

incorporation of explainable AI techniques such as LIME and 

SHAP enhances transparency in the decision-making process 

of machine learning models. These explainability methods 

allow cybersecurity analysts to understand the reasons behind 

anomaly detection results and identify the behavioral features 

that influence security alerts [6][7]. 

 

Overall, the findings of this research indicate that combining 

behavioral biometrics, machine learning algorithms, and 

explainable AI techniques significantly improves the 

effectiveness of insider threat detection systems. In addition to 

enhancing detection accuracy, the framework also improves 

trust and interpretability in automated cybersecurity systems. 

The proposed approach provides a scalable and practical 

solution for enterprise network security, enabling 

organizations to continuously monitor user behavior and 

detect insider threats while maintaining operational efficiency. 

 

Future research can further enhance the framework by 

incorporating larger behavioral datasets, real-time deployment 

in enterprise environments, and advanced deep learning 

models for improved detection performance. Additionally, 

integrating adaptive learning mechanisms and privacy-

preserving techniques could further strengthen the 

framework's effectiveness and applicability in modern 

enterprise cybersecurity infrastructures [43]. 
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