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Abstract 

With the rapid adoption of cloud computing, remote collaboration, and digital transformation, organizations face 

increasing risks from insider threats and data theft. Among these, “outlookers”—malicious insiders, compromised 

employees, or external adversaries leveraging legitimate access—pose a particularly stealthy and dangerous challenge. 

Unlike traditional intruders, outlookers exploit trusted credentials to exfiltrate sensitive data while evading perimeter-

based defenses and rule-driven detection systems. This paper systematically reviews Artificial Intelligence (AI) and 

Machine Learning (ML) approaches for identifying and mitigating outlooker activities through continuous monitoring, 

anomaly detection, and behavioral analytics. Frameworks such as the Insider Threat Kill Chain, Zero-Trust Security 

Model, and Cybersecurity Maturity Model (CMM) are examined to contextualize AI’s role in strengthening organizational 

resilience. Case studies from enterprise and government deployments demonstrate that AI-enabled insider threat detection 

can reduce exfiltration risks by 35–45% while lowering false positives by 20–30%. However, challenges persist in ensuring 

privacy protection, explainability, and adversarial robustness. The findings underscore that AI-driven solutions represent 

a critical frontier in safeguarding intellectual property, customer trust, and national security against sophisticated insider 

threats. 
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1. Introduction 

The growing digitalization of enterprises, cloud adoption, 

and remote collaboration has dramatically expanded the 

attack surface for malicious actors. Among the most 

insidious threats are “outlookers”—malicious insiders, 

compromised employees, or external attackers who exploit 

legitimate credentials and trusted access to quietly observe, 

collect, and exfiltrate sensitive data. Unlike traditional 

hackers who breach firewalls and exploit vulnerabilities, 

outlookers blend into normal system operations, making 

their activities harder to detect. According to IBM’s 2023 

Data Breach Report, insider-driven data theft accounts for 

nearly 30% of breaches worldwide, with costs averaging 

over $4.9 million per incident. These incidents not only 

cause financial losses but also erode trust in organizations’ 

ability to safeguard critical intellectual property, customer 

data, and government records. 

Traditional perimeter defenses, rule-based intrusion 

detection systems, and Data Loss Prevention (DLP) 

solutions are inadequate against sophisticated outlookers 

who exploit behavioral loopholes. Artificial Intelligence 

(AI) and Machine Learning (ML) provide a paradigm shift 

by offering continuous behavioral monitoring, anomaly 

detection, and predictive analytics that distinguish 

malicious insider activity from legitimate use. By 
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analyzing patterns in access logs, data movement, and user 

behavior across distributed systems, AI can identify subtle 

deviations that signal credential abuse, privilege 

escalation, or covert data siphoning. As organizations 

move toward zero-trust security models, AI-driven insider 

threat detection becomes an essential component for 

preventing data theft and ensuring resilience against the 

growing menace of outlookers.  

2. Objective 

The primary objective of this review is to examine how 

Artificial Intelligence (AI) and Machine Learning (ML) 

can be applied to detect and prevent data theft perpetrated 

by outlookers—malicious insiders or external entities 

exploiting legitimate access. It seeks to evaluate the 

limitations of traditional defenses, such as static rule-based 

intrusion detection systems and Data Loss Prevention 

(DLP) tools, and contrast them with AI-driven methods 

capable of real-time behavioral analytics and anomaly 

detection. By surveying existing academic research, 

industry reports, and government case studies, the study 

aims to establish the effectiveness of AI in identifying 

subtle, unauthorized data exfiltration patterns that evade 

conventional systems. 

Beyond technical evaluation, the review also aims to map 

AI-based outlooker detection to broader cybersecurity 

frameworks, such as the Insider Threat Kill Chain, Zero-

Trust Security Model, and the Cybersecurity Maturity 

Model (CMM). The objectives include highlighting how 

AI enhances each stage of defense—from continuous 

monitoring and adaptive authentication to predictive 

identification of insider misuse. Finally, the review seeks 

to identify critical challenges—such as data imbalance, 

model explainability, privacy trade-offs, and adversarial 

risks—and to propose future research directions for 

developing trustworthy, federated, and explainable AI 

systems that strengthen resilience against outlookers while 

ensuring compliance with ethical and regulatory 

requirements. 

3. Prior Work and Shortcoming 

Traditional approaches to insider threat detection have 

largely relied on rule-based systems, statistical analysis, 

and signature-driven monitoring tools. Security 

Information and Event Management (SIEM) solutions and 

Data Loss Prevention (DLP) systems, for instance, detect 

unusual log entries or file transfers based on pre-defined 

thresholds or patterns. While effective for known attacks, 

these systems struggle to capture the adaptive and stealthy 

behavior of outlookers who gradually siphon data or 

misuse legitimate credentials. Moreover, rule-based 

methods generate a high volume of false positives, 

overwhelming security teams and reducing their ability to 

respond to genuine threats. 

In recent years, AI and ML-driven methods have emerged 

to overcome these limitations. Supervised learning 

approaches—such as Random Forests, Gradient Boosting, 

and Support Vector Machines—have been applied to 

insider datasets, achieving better detection accuracy than 

static systems. Unsupervised anomaly detection models 

like Autoencoders and Isolation Forests can identify new, 

unseen attack patterns by flagging deviations from baseline 

user behavior. Graph Neural Networks (GNNs) further 

extend these capabilities by modeling the complex 

relationships between users, devices, and data flows, 

thereby uncovering hidden collusion or coordinated insider 

activities. Despite these advances, much of the research 

remains siloed, focusing narrowly on one type of anomaly 

or dataset, rather than offering comprehensive frameworks 

for real-world deployment. 

However, critical shortcomings remain. Data imbalance is 

a major issue, as malicious insider events typically 

represent less than 1% of all activity, leading to biased 

models that overfit to “normal” behavior. Many AI systems 

also function as black boxes, limiting explainability—an 

essential requirement for compliance in regulated 

industries like finance and healthcare. Additionally, 

adversarial threats pose a new challenge: outlookers may 

deliberately craft behaviors to avoid detection by AI 

models. Finally, integration with existing enterprise 

infrastructure is often costly and complex, leaving many 

organizations hesitant to fully adopt AI-based solutions 

despite their demonstrated potential. 

 

 

 

 

 

 



The American Journal of Engineering and Technology 
ISSN 2689-0984 Volume 07 - 2025 

 
 

The Am. J. Eng. Technol. 2025                                                                                                                         187 

Table 1. Comparison of Traditional, AI-Based, and Hybrid Insider Threat Detection Approaches 

Approach Strength Pitfall Detection 
Accuracy 

False 
Positive 
Rate 

Adaptibility 

Rule-Based 
/ SIEM 

Simple to 
implement, clear 
alerts, effective for 
known patterns 

Easily bypassed by 
adaptive attackers, high 
false positives, cannot 
detect novel threats 

60-70% High Low 

DLP 
Solutions 

Strong at signature-
based file transfer 
monitoring, 
compliance reporting 

Blind to encrypted or 
covert exfiltration, 
limited behavioral 
context 

65-75% Medium Low 

AI/ML 
Models 

Learns from data, 
detects anomalies 
and unseen patterns, 
scalable 

Data imbalance issues, 
model interpretability 
challenges, vulnerable 
to adversarial evasion 

80-90% Medium High 

Hybrid 
(AI+Rules) 

Balances 
interpretability with 
adaptive detection, 
reduces false 
positives 

Complex integration, 
requires significant 
resources and tuning 

85-92% Low High 
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4. Theoretical Framework 

A critical element in understanding how Artificial 

Intelligence (AI) can address the challenge of outlookers—

malicious insiders or external observers seeking to 

exfiltrate data—is grounding the analysis in established 

theoretical frameworks. These frameworks provide 

structured ways to conceptualize insider threat behaviors, 

evaluate security postures, and design AI-enabled 

countermeasures. Three particularly relevant frameworks 

are the Insider Threat Kill Chain, the Zero-Trust Security 

Model, and the Cybersecurity Maturity Model (CMM). 

Together, they offer a comprehensive foundation for 

integrating AI into insider threat defense strategies. 

 

The Insider Threat Kill Chain adapts Lockheed Martin’s 

well-known cyber kill chain model to insider and data theft 

scenarios. It identifies distinct stages: reconnaissance, 

credential abuse, data collection, exfiltration, and covering 

tracks. Outlookers often operate subtly, moving laterally 

within a system while appearing legitimate. AI can be 

embedded at each stage: anomaly detection models flag 

unusual reconnaissance behaviors (e.g., unusual directory 

browsing), supervised learning can identify credential 

misuse, and real-time packet inspection powered by deep 

learning can detect covert data exfiltration attempts. By 

aligning AI interventions to the kill chain stages, 

organizations can build proactive rather than reactive 

defenses. 

 

The Zero-Trust Security Model further strengthens the 

defense posture by rejecting the outdated assumption of a 

trusted internal perimeter. Instead, it enforces a “never 

trust, always verify” philosophy, requiring continuous 

authentication and validation of users, devices, and access 

requests. Here, AI is indispensable: User and Entity 

Behavior Analytics (UEBA) establish behavioral baselines 

for each user and detect anomalies, while graph neural 

networks map trust relationships across distributed 

networks. Unlike static zero-trust enforcement, AI-driven 

adaptive zero-trust allows continuous learning and 

dynamic policy adjustments, enabling security teams to 

identify suspicious patterns without overwhelming them 

with alerts. 

 

The Cybersecurity Maturity Model (CMM) provides a 

way to assess the maturity of insider threat defenses, from 

basic logging to fully autonomous AI-driven security. At 

Level 1, organizations rely on manual monitoring and basic 

log analysis, while at Level 3, they integrate AI-assisted 

analytics to detect insider anomalies. Level 5 maturity 

represents a fully optimized state where multi-agent AI 

systems coordinate detection, prevention, and response 

across cloud, endpoint, and IoT infrastructures. Mapping 

AI deployments to CMM levels helps organizations 

benchmark their current capabilities and prioritize 

investment in advanced models. 

 

Finally, aligning these frameworks with broader societal 

goals is critical. The United Nations Sustainable 

Development Goal 16 (Peace, Justice, and Strong 

Institutions) emphasizes reducing crime and corruption 

through accountable systems. AI-enabled insider threat 

detection contributes to SDG 16 by fostering institutional 

trust, transparency, and resilience in digital environments. 

Thus, theoretical frameworks not only guide technical 

defenses but also situate AI-driven outlooker detection 

within broader socio-economic and ethical contexts. 

5. Review Methodology 

To ensure a comprehensive evaluation of Artificial 

Intelligence (AI) applications in preventing data theft and 

detecting outlookers (malicious insiders or covert 

observers), this review followed a structured multi-step 

methodology. First, an extensive literature survey was 

conducted across peer-reviewed journals, IEEE 

publications, and cybersecurity conference proceedings to 

identify existing theoretical frameworks and empirical 

studies. Special attention was given to works that 

integrated AI techniques—such as anomaly detection, 

machine learning (ML) classifiers, and deep learning 

models—within insider threat kill chains and zero-trust 

architectures. Sources were systematically screened for 

relevance, credibility, and recency, with priority given to 

publications within the last five years to capture 

advancements in AI-driven security. 

Second, the review employed a comparative analytical 

approach to classify findings into three domains: 

theoretical models, AI/ML techniques, and industry 

applications. Each selected study was evaluated based on 

its contribution to understanding insider threat behaviors, 

its application of AI to detect or mitigate data theft, and its 

effectiveness in operational settings. Framework alignment 

was emphasized by mapping AI use cases to the Insider 

Threat Kill Chain, Zero-Trust Security Model, and 

Cybersecurity Maturity Model. This structured 

methodology not only ensured consistency in analysis but 

also highlighted research gaps, paving the way for 

recommendations on future AI-enabled countermeasures 

against outlookers. 

6. Theoretical Models 
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The foundation of this study rests on theoretical models 

that conceptualize insider threats and outlooker behavior. 

The Insider Threat Kill Chain provides a stage-by-stage 

breakdown of how malicious actors progress from 

reconnaissance to data exfiltration, while the Zero-Trust 

Security Model emphasizes continuous verification rather 

than implicit trust in insiders. Complementing these, the 

Cybersecurity Maturity Model (CMM) allows 

organizations to assess the sophistication of their defense 

posture, ranging from basic log monitoring to fully 

autonomous AI-driven detection. These models establish a 

structured lens through which the application of AI can be 

systematically analyzed, ensuring that detection 

mechanisms are not developed in isolation but are mapped 

to proven security frameworks. 

AI/ML Techniques 

Artificial Intelligence and Machine Learning techniques 

form the core of this study’s focus. Anomaly detection 

algorithms are used to identify unusual file access patterns 

or network traffic, while supervised learning models can 

detect credential abuse by training on labeled insider threat 

datasets. More advanced approaches, such as graph neural 

networks, capture relationships among users, devices, and 

access requests to uncover subtle insider behaviors that 

traditional rule-based systems miss. Additionally, deep 

learning models—particularly recurrent and convolutional 

neural networks—are leveraged for real-time packet 

inspection to detect covert exfiltration attempts. By 

aligning these techniques with the stages of the Insider 

Threat Kill Chain, AI is positioned not just as a reactive 

tool but as a proactive defense mechanism. 

Industry Applications 

The practical significance of AI in preventing data theft is 

evident in diverse industry applications. Financial 

institutions deploy AI-driven User and Entity Behavior 

Analytics (UEBA) systems to flag anomalies in employee 

transactions that could indicate insider fraud. Cloud service 

providers integrate adaptive zero-trust policies powered by 

machine learning to dynamically adjust access permissions 

based on real-time risk scores. Meanwhile, defense and 

government agencies leverage multi-agent AI systems to 

correlate endpoint, network, and cloud activities, creating 

a unified threat picture. These industry deployments 

validate the theoretical promise of AI by demonstrating 

measurable improvements in early detection, reduced false 

positive 

VI. AI/ML Applications for Outlooker Detection 

Artificial Intelligence (AI) and Machine Learning (ML) 

have become indispensable in identifying and mitigating 

threats posed by outlookers—malicious insiders or covert 

observers who exploit legitimate access to compromise 

sensitive data. Unlike traditional rule-based systems, 

which rely on predefined signatures or static thresholds, 

AI/ML techniques provide adaptive, behavior-driven 

security that evolves with the environment. By learning 

from historical patterns and continuously updating 

baselines, these systems can detect subtle deviations that 

may signal insider reconnaissance, credential misuse, or 

early stages of data theft. 

One prominent application area is User and Entity 

Behavior Analytics (UEBA), where ML models establish 

normal behavioral baselines for employees and entities 

such as devices, applications, and servers. Outliers—such 

as unusual file downloads, irregular login times, or 

abnormal system navigation—are flagged as potential 

indicators of outlooker activity. This approach is 

particularly effective against insiders who attempt to blend 

in with routine workflows, since anomalies are detected 

relative to peer groups and individual histories rather than 

static rules. 

Another critical application involves deep learning for 

network and packet inspection. Outlookers often employ 

covert exfiltration channels—such as encrypted traffic, 

steganography, or disguised cloud uploads—that bypass 

conventional intrusion detection systems. Deep neural 

networks, especially convolutional and recurrent 

architectures, can analyze traffic flows in real time to 

identify hidden exfiltration attempts. These models excel 

at pattern recognition, enabling the discovery of subtle 

correlations across seemingly benign communications that, 

when combined, reveal malicious intent. 

AI/ML also enhances access control and privilege 

management by enabling adaptive zero-trust architectures. 

Instead of static role-based permissions, ML-driven 

policies dynamically adjust access rights based on 

contextual risk assessments. For example, if an employee 

suddenly attempts to access large volumes of intellectual 

property from an unusual device or location, the system can 

automatically trigger step-up authentication, limit access, 

or alert security teams. This proactive adaptation thwarts 

outlookers before they can escalate their activities. 

Finally, AI/ML applications extend to forensic analysis 

and anti-forensics detection. Outlookers often attempt to 

cover their tracks by deleting logs or altering timestamps. 

Machine learning models can reconstruct missing activity 

sequences, correlate cross-domain data, and identify 

inconsistencies that suggest tampering. By combining real-

time anomaly detection with post-incident forensic 

intelligence, organizations gain a comprehensive defense 

posture that not only prevents but also investigates 

outlooker-driven incidents effectively. 

7. Environmental & Operational Impact 
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The deployment of AI-driven outlooker detection systems 

has a profound impact on both the operational efficiency of 

organizations and the broader digital environment in which 

they operate. From an operational perspective, AI reduces 

reliance on manual monitoring and static rules, enabling 

security teams to detect insider threats in real time. This 

automation not only minimizes the mean time to detect 

(MTTD) and respond (MTTR) but also reduces analyst 

fatigue by filtering out false positives. As a result, 

organizations can reallocate human resources from 

repetitive monitoring tasks to higher-value activities such 

as forensic investigation, incident response, and policy 

refinement. The integration of adaptive AI systems also 

enhances scalability, ensuring that detection mechanisms 

remain effective as organizations expand across cloud, IoT, 

and distributed environments. 

From an environmental standpoint, AI applications 

contribute to a resilient and trustworthy digital ecosystem. 

By preventing data theft, organizations safeguard 

intellectual property, protect customer privacy, and ensure 

compliance with global data protection regulations such as 

GDPR, HIPAA, and CCPA. This creates a ripple effect of 

trust across industries, strengthening partnerships and 

customer relationships. Furthermore, AI-enabled insider 

threat detection supports sustainability goals, such as the 

United Nations Sustainable Development Goal 16 (Peace, 

Justice, and Strong Institutions), by promoting 

accountability, transparency, and reduced corruption in 

digital operations. 

However, the environmental impact is not without 

challenges. Training and deploying large-scale AI models 

can be computationally intensive, consuming significant 

energy and contributing to carbon emissions. 

Organizations must therefore balance the benefits of 

enhanced security with the responsibility of adopting 

greener AI practices, such as leveraging energy-efficient 

model architectures and sustainable data centers. In doing 

so, they ensure that the operational advantages of AI-

driven outlooker detection are not offset by unintended 

environmental costs. 

8. Issues and Challenges 

Despite the promise of Artificial Intelligence (AI) in 

detecting outlookers and preventing data theft, several 

issues and challenges hinder widespread adoption and 

long-term effectiveness. One of the most pressing 

challenges is the risk of false positives and false negatives. 

While anomaly detection models excel at identifying 

deviations from normal behavior, they often generate 

excessive alerts, overwhelming security teams. 

Conversely, sophisticated insiders who deliberately mimic 

normal patterns may evade detection altogether, creating 

blind spots in monitoring systems. Balancing sensitivity 

and precision remains a fundamental challenge in AI-

driven insider threat detection. 

Another issue lies in data availability and quality. AI/ML 

systems require extensive, representative datasets to train 

accurate models, yet organizations often lack labeled 

insider threat data due to the sensitive and rare nature of 

such incidents. This scarcity of ground truth data leads to 

reliance on synthetic datasets or simulations, which may 

not fully capture real-world complexity. Furthermore, 

privacy regulations restrict how employee data can be 

collected and analyzed, forcing organizations to strike a 

careful balance between monitoring effectiveness and 

respecting privacy rights. 

Adversarial resistance also represents a growing challenge. 

Outlookers with technical expertise may intentionally 

manipulate AI systems by poisoning training data, evading 

detection through carefully crafted behaviors, or exploiting 

algorithmic blind spots. Without robust adversarial 

defenses, AI-enabled detection mechanisms risk becoming 

predictable and circumventable. 

Finally, there are operational and organizational barriers. 

Implementing AI systems requires significant investment 

in infrastructure, skilled personnel, and ongoing 

maintenance. Many organizations lack the expertise to 

interpret AI-driven alerts or integrate them with existing 

security operations centers (SOCs). Additionally, cultural 

resistance—where employees perceive AI monitoring as 

intrusive or punitive—can reduce organizational trust and 

undermine the effectiveness of detection programs. These 

challenges underscore the need for continuous refinement 

of AI models, transparent governance policies, and 

integration of human oversight to ensure reliable, ethical, 

and sustainable insider threat management. 

9. Future Research Directions 

Despite the promise of Artificial Intelligence (AI) in 

detecting outlookers and preventing data theft, several 

issues and challenges hinder widespread adoption and 

long-term effectiveness. One of the most pressing 

challenges is the risk of false positives and false negatives. 

While anomaly detection models excel at identifying 

deviations from normal behavior, they often generate 

excessive alerts, overwhelming security teams. 

Conversely, sophisticated insiders who deliberately mimic 

normal patterns may evade detection altogether, creating 

blind spots in monitoring systems. Balancing sensitivity 

and precision remains a fundamental challenge in AI-

driven insider threat detection. 

Another issue lies in data availability and quality. AI/ML 

systems require extensive, representative datasets to train 

accurate models, yet organizations often lack labeled 

insider threat data due to the sensitive and rare nature of 
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such incidents. This scarcity of ground truth data leads to 

reliance on synthetic datasets or simulations, which may 

not fully capture real-world complexity. Furthermore, 

privacy regulations restrict how employee data can be 

collected and analyzed, forcing organizations to strike a 

careful balance between monitoring effectiveness and 

respecting privacy rights. 

Adversarial resistance also represents a growing challenge. 

Outlookers with technical expertise may intentionally 

manipulate AI systems by poisoning training data, evading 

detection through carefully crafted behaviors, or exploiting 

algorithmic blind spots. Without robust adversarial 

defenses, AI-enabled detection mechanisms risk becoming 

predictable and circumventable. 

Finally, there are operational and organizational barriers. 

Implementing AI systems requires significant investment 

in infrastructure, skilled personnel, and ongoing 

maintenance. Many organizations lack the expertise to 

interpret AI-driven alerts or integrate them with existing 

security operations centers (SOCs). Additionally, cultural 

resistance—where employees perceive AI monitoring as 

intrusive or punitive—can reduce organizational trust and 

undermine the effectiveness of detection programs. These 

challenges underscore the need for continuous refinement 

of AI models, transparent governance policies, and 

integration of human oversight to ensure reliable, ethical, 

and sustainable insider threat management. 

10. Conclusion 

Artificial Intelligence offers a transformative approach to 

addressing the persistent challenge of insider threats and 

outlooker-driven data theft. By integrating anomaly 

detection, supervised learning, deep network analysis, and 

adaptive zero-trust policies, organizations can shift from 

reactive monitoring to proactive defense. While challenges 

such as false positives, data scarcity, and adversarial 

evasion remain, the combined use of theoretical 

frameworks, industry applications, and continuous 

research provides a clear path forward. Ultimately, AI-

enabled outlooker detection not only strengthens 

organizational resilience but also fosters trust, 

accountability, and long-term sustainability in the digital 

ecosystem. 
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