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Abstract: 
This literature review explores the landscape of 

AI-driven insider threat detection leveraging wearable 
technology. Insider threats pose significant risks to 
organizations, often stemming from trusted 
individuals with access to sensitive information. 
Traditional security measures focus primarily on 
external threats, overlooking the potential dangers 
posed by insiders. By integrating wearable technology 
with advanced AI algorithms, organizations can 
enhance their ability to detect and mitigate insider 
threats in real-time. This paper examines existing 
research, methodologies, and technologies employed 
in the domain of insider threat detection, with a 
specific emphasis on the role of wearable devices and 
AI-driven approaches. Insights gained from this 
review contribute to a deeper understanding of 
effective strategies for safeguarding against insider 
threats. 

Keywords: insider threat, insider threat detection, 
wearable technology, AI-driven security, wearable 
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1. Introduction 

Cybersecurity breaches continue to escalate, 
posing significant threats across diverse sectors and 
yielding dire consequences (Clarke, 2018). As cyber-
attacks leverage advanced technologies, their 
detection becomes increasingly challenging. The 
primary objective of cybersecurity is to shield 
organizations and individuals from these attacks, 
safeguarding computer networks, applications, 
resources, and critical data (Nabil et al., 2023). Of 
particular concern are insider threats, which constitute 
a substantial portion—79%, according to industry 
surveys—of security breaches. These threats originate 
from within an organization, often perpetrated by 
insiders who misuse their authorized access to exploit 
networks and compromise sensitive information (Bin 
Sarhan & Altwaijry, 2022). Detecting and mitigating 
insider threats, especially when perpetrated by trusted 
individuals, remains one of the most formidable 

challenges in cybersecurity (Bin Sarhan & Altwaijry, 
2022). 

Traditional cybersecurity measures have 
historically focused on external threats, yet the rise of 
insider threats necessitates a shift in strategy. Recent 
advancements in machine learning offer promise in 
this regard, although the application of advanced 
algorithms to detect insider threats remains nascent 
(Bin Sarhan & Altwaijry, 2022). 

This study endeavors to contribute to the evolving 
field of insider threat detection by exploring 
innovative AI-driven solutions integrated with 
wearable technology. By harnessing the power of 
wearable devices and sophisticated AI algorithms, 
organizations can bolster their capacity to swiftly 
identify and mitigate insider threats in real-time. This 
literature review critically examines current research, 
methodologies, and technologies deployed in insider 
threat detection, with a specific emphasis on the 
transformative role of wearable devices and AI-driven 
approaches. Insights derived from this review aim to 
advance our understanding and implementation of 
effective strategies for fortifying defenses against 
insider threats. 

The urgency of this research is underscored by 
practical applications such as those highlighted in 
recent case studies. For instance, Darktrace's 
Enterprise Immune System swiftly detected 
anomalous behavior in a bank in Italy, exposing a 
significant data exfiltration attempt facilitated by 
legitimate user credentials (Darktrace, 2016). 
Similarly, the U.S. Department of Defense's 
development of wearable technology through the 
RATE program demonstrates the potential of 
integrating advanced sensors to enhance threat 
detection capabilities within military contexts 
(Vergun, 2023). Moreover, initiatives like the 
Warfighter Analytics Using Smartphones for Health 
(WASH) program illustrate how leveraging everyday 
technology and AI can provide actionable insights into 
complex scenarios, such as health monitoring in 
military settings (Patel, 2021). 

By synthesizing these practical insights with 
current research, this study aims to pave the way for 
more robust and proactive approaches to insider threat 
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detection. Through the convergence of AI-driven 
analytics and wearable technology, organizations can 
better anticipate, identify, and neutralize insider 
threats, thereby safeguarding their critical assets and 
operational continuity. 

2. Methodology 

2.1 Research Approach 

This study employs a comprehensive literature 
review approach to investigate AI-driven solutions 
utilizing wearable technology for insider threat 
detection. This method enables a thorough 
examination of existing research and technologies, 
facilitating a synthesis of current knowledge and 
identification of gaps in the field. 

2.2 Search Strategy and Selection Criteria 
A comprehensive search was conducted across 

several academic databases, including IEEE Xplore, 
ACM Digital Library, SpringerLink, and Google 
Scholar. The search terms used included "insider 
threat detection," "wearable technology," "AI-driven 
security," "machine learning in cybersecurity," and 
"behavioral analysis in cybersecurity." Articles were 
selected based on the following criteria: 

● Relevance: Studies specifically addressing 
insider threat detection using AI and 
wearable technology. 

● Recency: Publications from the last 20 years 
to ensure the inclusion of a wide range of past 
and current research. 

● Credibility: Peer-reviewed articles, 
conference papers, and reputable industry 
reports. 

● Comprehensiveness: Studies that provide 
detailed methodologies and results, allowing 
for critical analysis and comparison. 

2.3 Data Collection Methods 

Data collection involved reviewing the selected 
literature to extract key information. The process 
included: 

● Literature Compilation: Gathering a 
comprehensive list of relevant studies, 
articles, and reports. 

● Data Extraction: Extracting relevant 
information such as research objectives, 
methodologies, findings, and conclusions 
from each source. 

● Summary and Synthesis: Identifying 
common themes, advancements, and 
research gaps. 

2.4 Data Analysis Techniques 

The analysis of the collected data was carried out 
using the following techniques: 

● Thematic Analysis: Identifying and 
analyzing key themes and trends in the 
literature related to AI-driven insider threat 
detection using wearable technology. 

● Comparative Analysis: Comparing 
different studies to identify similarities, 
differences, and advancements in 
methodologies and technologies. 

● Trend Analysis: Analyzing trends over time 
to understand the evolution and future 
directions of research in this area. 
The combination of these analysis techniques 

ensures a comprehensive understanding of the current 
state of research and facilitates the identification of 
areas requiring further investigation. 

3. Insider Threats in Organizational 
Security 

3.1 Definition and Types of Insider Threats 

Insider threats refer to risks posed by individuals 
within an organization who have access to sensitive 
data, systems, or networks. These threats can be 
intentional, where insiders deliberately harm the 
organization, or unintentional, resulting from careless 
or negligent behavior (Nurse, Buckley, Legg, 
Goldsmith, & Creese, 2014). The primary types of 
insider threats include malicious insiders, negligent 
insiders, and compromised insiders. Malicious 
insiders are employees or contractors who 
intentionally cause harm to the organization by 
stealing, leaking, or sabotaging sensitive information. 
Negligent insiders are individuals who inadvertently 
cause harm due to non-compliance with security 
policies, lack of awareness, or human error. 
Compromised insiders refer to those whose credentials 
or systems have been hijacked by external attackers, 
allowing unauthorized access to organizational assets 
(Cappelli, Moore, Trzeciak, & Shimeall, 2012). These 
distinctions highlight the diverse nature of insider 
threats and underscore the need for multifaceted 
security measures to address both deliberate and 
accidental risks within organizations. 



3.2 Impact of Insider Threats on 
Organizations 

Insider threats can have severe and far-reaching 
impacts on organizations, encompassing a range of 
detrimental effects. Financial losses are a significant 
consequence, arising from theft of funds, fraud, or the 
cost of remediation efforts (Ponemon Institute, 2023). 
Data breaches present another critical impact, 
involving the compromise of sensitive data such as 
intellectual property, customer information, and 
proprietary business information (Verizon, 2024). 
Additionally, insider threats can lead to reputational 
damage, resulting in the loss of trust from customers, 
partners, and the public, potentially causing a decline 
in business and market value. Operational disruption 
is also a major concern, as sabotage or unauthorized 
access to critical systems can interrupt business 
operations. Furthermore, organizations may face legal 
and regulatory consequences, including fines, 
penalties, and increased scrutiny from regulatory 
bodies due to non-compliance with data protection 
laws and industry standards (Costa et al, 2018). In 2022, 
the average cost of incidents involving insider threats 
was estimated at $15.4 million, up 37%   over previous 
years(Erhan & Ozgu, 2024; Ponemon Institute, 2022). 

Figure1: Average cost of insider threat incidents 

The time required to contain an insider threat 
incident increased from 77 days to 85 days, resulting 
in higher containment costs for organizations. 
Incidents taking more than 90 days to contain cost 
organizations an average of $17.19 million annually 
(Ponemon Institute, 2022). According to the same 
research, 67 percent of companies reported 
experiencing between 21 and more than 40 incidents 
per year, up from 60 percent in 2020 and 53 percent in 
2018. As illustrated in Figure 2, this underscores the 
critical need for implementing robust insider threat 
mitigation programs (Ponemon Institute, 2022). 

Figure2: Frequency of Companies Experiencing 
Insider Threat Incidents 

3.3 Challenges in Detecting Insider Threats 

Detecting insider threats poses several challenges 
for organizations. One significant challenge is trust 
and access; insiders often have legitimate access to 
systems and data, making it difficult to distinguish 
between normal and malicious activities (Cole & 
Ring, 2006). The complexity of insider behavior 
further complicates detection, as these threats can 
manifest through subtle behavioral changes that 
traditional security measures may struggle to identify. 
Additionally, the volume of data generated by user 
activities can overwhelm security monitoring tools, 
making it challenging to pinpoint suspicious behavior 
(Probst, Hunker, Gollmann, & Bishop, 2010). The 
sophistication of threats also poses a problem, as 
malicious insiders may employ advanced techniques 
to evade detection, such as using encrypted 
communications or exploiting zero-day 
vulnerabilities. Furthermore, insufficient training and 
awareness programs can exacerbate the issue; 
employees may inadvertently become insider threats 
due to a lack of understanding of security policies and 
best practices (Gelles, 2016). These challenges 
underscore the need for advanced detection 
methodologies and comprehensive training programs 
to effectively mitigate the risk of insider threats. 

4. Traditional Approaches to Insider 
Threat Detection 

4.1. Overview of Traditional Security 
Measures 

Traditional approaches to insider threat detection 
have focused on several key security measures. One 
foundational measure is implementing strict access 
controls to limit the ability of employees to access 
sensitive data and systems. This often includes role-
based access control (RBAC), where permissions are 
assigned based on an individual's role within the 
organization (Belimet al, 2018). Another critical 
approach is network monitoring, which utilizes 



intrusion detection systems (IDS) and firewalls to 
monitor network traffic for suspicious activities and 
potential breaches (Gupta et al, 2017). Regular log 
analysis is also essential, involving the review of 
system and application logs to detect anomalous 
behaviors or policy violations (Casey, 2011). 
Additionally, user training and awareness programs 
play a vital role by educating employees about 
potential threats and best practices for maintaining 
security (Ansari, 2021). Lastly, encrypting sensitive 
data both at rest and in transit is crucial to protect 
against unauthorized access and potential data 
breaches (McCallister et al, 2010). These traditional 
measures, while foundational, need to be 
supplemented with more advanced techniques to 
address the evolving nature of insider threats. 

4.2. Limitations of Traditional Approaches 

While traditional security measures serve as a 
foundational defense against insider threats, they 
exhibit several limitations in effectively detecting such 
threats. Firstly, insiders typically possess legitimate 
access and an intricate understanding of the 
organization's security infrastructure, enabling them to 
circumvent traditional defenses more easily (Hunker 
& Probst, 2011). Moreover, traditional methods tend 
to be reactive rather than proactive, often relying on 
the detection of known threats or responding after an 
incident has occurred, rather than preemptively 
identifying and mitigating risks (Cole & Ring, 2006). 
Additionally, the sheer volume of data generated 
within organizations can overwhelm traditional 
monitoring systems, making it challenging to detect 
subtle or sophisticated insider activities (Probst, 
Hunker, Gollmann, & Bishop, 2010). Human error 
also remains a significant factor, despite training 
efforts, with employees potentially making mistakes 
that inadvertently lead to security breaches (Nurse et 
al., 2014). Furthermore, the evolving threat landscape 
presents a formidable challenge, with insider threats 
continually evolving, employing new tactics and 
techniques that can outpace the capabilities of 
traditional security measures (Gelles, 2016). 
Addressing these limitations requires the adoption of 
more advanced detection methods and a shift towards 
a proactive security posture. 

4.3. Need for Advanced Detection Methods 

Given the limitations of traditional approaches, 
there is a pressing need for more advanced detection 
methods to address the complex and dynamic nature 
of insider threats. Behavioral analytics emerges as a 

promising avenue, utilizing advanced analytics and 
machine learning techniques to establish baseline 
behavior profiles and detect deviations that may 
indicate insider threats (Chandola, Banerjee, & 
Kumar, 2009). Similarly, User and Entity Behavior 
Analytics (UEBA) solutions offer potential by 
analyzing patterns of user and entity behavior to 
identify anomalies and potential security risks 
(Jingyang et al, 2022). Leveraging Artificial 
Intelligence (AI) and Machine Learning (ML) is 
another critical strategy, facilitating the enhancement 
of insider threat detection through automated analysis 
of large datasets and identification of complex patterns 
(Saba et al, 2021). Contextual awareness is essential, 
involving the integration of contextual information 
such as user roles, access patterns, and current threat 
intelligence to improve the accuracy of threat 
detection (Mayhew, Atighetchi, Adler, & Greenstadt, 
2015). Additionally, adopting continuous monitoring 
practices enables organizations to provide real-time 
insights and enable swift responses to potential threats, 
further enhancing their security posture (Johnson et al, 
2019). These advanced detection methods represent a 
proactive approach to mitigating insider threats and 
are essential for organizations seeking to stay ahead in 
an increasingly complex threat landscape. 

5. Wearable Technology in Insider 
Threat Detection 

5.1. Definition and Types of Wearable 
Devices 

Wearable technology encompasses a diverse 
array of electronic devices designed to be worn on the 
body, each equipped with sensors and connectivity 
capabilities enabling data collection and transmission. 
Among the common types of wearable devices are 
smartwatches, exemplified by products like the Apple 
Watch and Samsung Galaxy Watch, offering 
functionalities such as fitness tracking, notifications, 
and health monitoring (Swan, 2012). Fitness trackers, 
such as Fitbit and Garmin, focus on monitoring 
physical activity, heart rate, and sleep patterns, 
providing valuable insights into users' health and well-
being (Patel, Asch, & Volpp, 2015). Smart glasses, 
typified by Google Glass, provide augmented reality 
experiences and hands-free access to information, 
finding applications in various fields ranging from 
manufacturing to healthcare (Disco Digital Media, 
Inc. 2020). Body-worn cameras, predominantly used 
in law enforcement and security contexts, record 
interactions and environments from the wearer’s 
perspective, serving as crucial tools for evidence 
collection and situational awareness (Lum, Stoltz, 
Koper, & Scherer, 2019). Additionally, wearable ECG 



monitors represent a specialized category of devices 
that continuously monitor heart activity, capable of 
detecting irregularities and providing insights into 
cardiovascular health (Kyeonghye et al., 2019). 
Collectively, these wearable technologies offer 
diverse functionalities and applications, contributing 
to the burgeoning field of personalized and connected 
health, as well as enhancing various aspects of daily 
life and professional activities. 

5.2. Potential Applications of Wearables in 
Security 

Wearable devices offer numerous potential 
applications in bolstering organizational security, with 
a particular emphasis on the detection and mitigation 
of insider threats. Firstly, they enable real-time 
monitoring of physiological and behavioral data, 
allowing for the continuous assessment of employee 
well-being and identifying unusual patterns that may 
signal malicious intent (Gomes et al, 2023). Moreover, 
wearable devices, such as smartwatches, can serve as 
tools for authentication and access control, facilitating 
multi-factor authentication protocols to ensure that 
only authorized personnel gain entry to sensitive areas 
or information (Ometov et al, 2018). Additionally, 
GPS-enabled wearables enable precise location 
tracking, monitoring the movements of individuals 
within a facility and ensuring that employees access 
only areas relevant to their roles, thereby enhancing 
security protocols (Williamson et al,   2017). Wearables 
equipped with cameras and microphones further 
contribute to security efforts by enabling real-time 
incident reporting, allowing for the immediate 
documentation of events and providing valuable 
evidence for subsequent investigations (Ariel et al, 
2020). Furthermore, these devices play a pivotal role 
in health and safety monitoring, leveraging 
physiological data to ensure employee well-being and 
identify stress-related behaviors that may precipitate 
insider threats, thus promoting a safer and more secure 
work environment (Hickey et al, 2021). In essence, the 
multifaceted capabilities of wearable technology offer 
a holistic approach to organizational security, 
encompassing both physical and digital realms, and 
empowering organizations to proactively address 
insider threats while safeguarding their assets and 
personnel. 

5.3. Advantages of Wearable Technology for 
Insider Threat Detection 

The integration of wearable technology into 
security protocols presents several advantages for the 
detection and mitigation of insider threats. Firstly, 
wearables facilitate enhanced data collection 

capabilities, continuously gathering a wide array of 
data points that provide deeper insights into employee 
behavior and potential security threats (Swan, 2012). 
This comprehensive data collection enables 
organizations to adopt a proactive stance towards 
threat detection by analyzing information in real-time, 
thereby identifying and addressing potential threats 
before they escalate, thus transitioning from a reactive 
to a proactive security posture (Rahman et al, 2021). 
Moreover, the granularity and variety of data collected 
by wearables contribute to improved accuracy in threat 
detection algorithms, reducing the occurrence of false 
positives and negatives and enhancing the overall 
efficacy of security measures (Kyeonghye et al., 
2019). In addition to their technical advantages, 
wearables are characterized by their convenience and 
usability, as they are typically user-friendly and 
seamlessly integrated into daily routines, minimizing 
disruption while augmenting security protocols (Patel 
et al., 2015). Lastly, the integration of wearable data 
with other security measures facilitates a holistic 
approach to security, addressing various facets of 
insider threats from multiple angles and creating a 
more comprehensive security framework (Srivastava 
et al., 2022). In essence, the incorporation of wearable 
technology into security protocols not only enhances 
data collection and threat detection capabilities but 
also promotes convenience, usability, and a more 
holistic approach to organizational security, thereby 
strengthening defenses against insider threats. 

6. AI-Driven Solutions for Insider 
Threat Detection 

6.1. Introduction to Artificial Intelligence in 
Security 

Artificial Intelligence (AI) has become a pivotal 
component in enhancing security measures across 
various sectors. AI encompasses a range of 
technologies including machine learning, neural 
networks, natural language processing, and deep 
learning, which can be leveraged to analyze vast 
amounts of data, identify patterns, and predict 
potential security threats (Buczak & Guven, 2016). 
The integration of AI in security systems enables the 
automation of threat detection and response, thereby 
improving efficiency and accuracy. 

6.2. Role of AI in Enhancing Insider Threat 
Detection 

AI-driven solutions offer several advantages in 
detecting insider threats, which are notoriously 
difficult to identify due to their subtle and complex 
nature. The key roles AI plays in this domain include: 



● Behavioral Analysis: AI algorithms can 
continuously monitor and analyze user 
behavior to detect anomalies that may 
indicate malicious intent. By establishing a 
baseline of normal behavior for each user, AI 
can identify deviations that suggest insider 
threats (Nasir et al, 2021). 

● Predictive Analytics: Using historical data, 
AI can predict potential insider threats before 
they materialize. This proactive approach 
helps organizations mitigate risks by taking 
preventive actions (Chandola, Banerjee, & 
Kumar, 2009). 

● Real-Time Monitoring: AI systems can 
process data in real-time, enabling immediate 
detection and response to suspicious 
activities. This is crucial for minimizing the 
damage caused by insider threats (Eberle, 
Graves, & Holder, 2010). 

● Pattern Recognition: AI excels at 
identifying patterns and correlations in large 
datasets that may not be apparent to human 
analysts. This capability is particularly useful 
in uncovering sophisticated insider threat 
schemes (Mohammadi, Al-Fuqaha, Sorour, 
& Guizani, 2018). 

● Reduction of False Positives: By 
continuously learning from new data, AI 
systems can refine their detection algorithms, 
reducing the number of false positives and 
ensuring that security teams can focus on 
genuine threats (Buczak & Guven, 2016). 

6.3. Types of AI Algorithms Used in Insider 
Threat Detection 

Various AI algorithms are employed in the 
detection of insider threats, each offering unique 
strengths: 

● Machine Learning (ML): ML algorithms, 
such as decision trees, random forests, and 
support vector machines, can classify and 
predict insider threats based on historical data 
(Sommer & Paxson, 2010). 

● Deep Learning: Utilizing neural networks, 
deep learning models can analyze complex 
patterns in large datasets. Convolutional 
Neural Networks (CNNs) and Recurrent 
Neural Networks (RNNs) are particularly 
effective in detecting subtle anomalies in user 
behavior (Kim, Kang, & Kang, 2022). 

● Anomaly Detection Algorithms: These 
include statistical methods, clustering 
techniques (e.g., k-means), and principal 
component analysis (PCA). These algorithms 
identify deviations from established norms, 

flagging potential insider threats (Chandola 
et al., 2009). 

● Natural Language Processing (NLP): NLP 
algorithms analyze textual data, such as 
emails and chat logs, to detect signs of 
malicious intent or data exfiltration (Zibak & 
Simpson, 2019). 

● Bayesian Networks: These probabilistic 
models are used to represent and reason about 
uncertainties in the detection of insider 
threats. They are particularly useful in 
scenarios where data is incomplete or 
ambiguous (Eberle et al., 2010). 

7. Integration of Wearable Technology 
and AI for Insider Threat Detection 

7.1. Overview of Integration Strategies 

The integration of wearable technology with AI 
for insider threat detection involves combining the 
data collection capabilities of wearable devices with 
the analytical power of AI algorithms. This integration 
can be achieved through several strategies: 

● Real-time Data Monitoring: Wearable 
devices such as smartwatches and fitness 
trackers continuously collect data on user 
behavior, physical activity, and biometric 
signals. This data is transmitted to AI systems 
for real-time analysis, enabling immediate 
detection of anomalous behavior (Seshadri et 
al., 2019). 

● Contextual Analysis: Wearable devices 
provide contextual data that enhances the 
understanding of user behavior. For instance, 
location data from smartwatches can be 
combined with login times and access 
patterns to detect unauthorized access to 
sensitive areas (Erhan & Ozgu, 2024). 

● Biometric Authentication: Wearables 
equipped with biometric sensors (e.g., heart 
rate monitors, fingerprint scanners) can be 
used for continuous authentication, ensuring 
that only authorized users have access to 
critical systems (Cheung & Vhaduri, 2022; 
Jain et al, 2016). 

● Integrated Platforms: Developing 
integrated security platforms that combine 
wearable technology with AI enables a 
seamless flow of information and unified 
threat detection. These platforms can 
aggregate data from multiple wearables and 
apply AI algorithms to detect insider threats 
(Erhan & Ozgu, 2024). 



7.2. Case Studies and Examples 

After conducting an extensive search across 
various sources, including academic literature, 
industry reports, and reputable news articles, it is 
evident that real-world examples of AI coupled with 
wearables specifically designed for detecting insider 
threats are scarce. While there are numerous instances 
of AI applications in cybersecurity and wearable 
technology for various purposes, such as health 
monitoring and productivity enhancement, the 
intersection of these technologies tailored explicitly 
for insider threat detection remains largely 
unexplored. 

Case Study 1: Darktrace 

A bank in Italy employed Darktrace's Enterprise 
Immune System to safeguard against insider threats. 
The system detected anomalous behavior within three 
minutes, alerting the bank's security team to a large-
scale exfiltration of sensitive data via Facebook. 
Legitimate user credentials were exploited to send 
significant volumes of data to unidentified computers 
outside the organization. Darktrace's AI-driven 
platform swiftly identified this suspicious activity, 
enabling prompt intervention to mitigate the emerging 
threat (Darktrace, 2016). 

Case Study 2: U.S. Department of Defense (DoD) 

The Defense Innovation Unit (DIU), in 
collaboration with the private sector, spearheaded the 
development of a groundbreaking wearable device as 
part of the Rapid Assessment of Threat Exposure 
(RATE) program (Vergun, 2023). Initially conceived 
in response to the COVID-19 pandemic, this wearable 
device demonstrated remarkable success in identifying 
infections among service members, thereby 
addressing a critical aspect of threat detection within 
military environments. 

Case Study 3: Warfighter Analytics Using 
Smartphones for Health (WASH) 

The Warfighter Analytics using Smartphones for 
Health (WASH) program, initiated by DARPA, aims 
to leverage the ubiquity of smartphones to 
continuously and passively assess the health and 
readiness of soldiers. The WASH program utilizes 
data from smartphone sensors—such as 
accelerometers, microphones, and screens—to 
develop algorithms that extract weak and noisy 
physiological signals. These signals are analyzed in 
real-time to determine health status and identify 
potential health issues before symptoms are apparent. 
By focusing on the context of data collection and 

utilizing big data analytics, WASH seeks to provide 
clinicians, commanders, and soldiers with actionable 
health information. This innovative approach 
highlights the potential of integrating AI with 
everyday technology to enhance situational awareness 
and operational readiness in military settings (Patel, 
2021). 

7.3. Benefits and Challenges of Integration 

7.3.1. Benefits: 

The integration of wearable technology and AI 
offers several advantages for insider threat detection. 
Firstly, it enhances detection accuracy by enabling 
comprehensive and continuous data analysis, leading 
to more effective identification of potential threats 
(Erhan & Ozgu, 2024). Moreover, integrated systems 
can generate real-time alerts, enabling security teams 
to respond swiftly to emerging threats and minimize 
potential damage (Ma & Zhang, 2021). Additionally, 
the combination of wearable data with AI algorithms 
facilitates the reduction of false positives, as AI can 
filter out irrelevant alerts more effectively when 
contextual data from wearables is available (Ma & 
Zhang, 2021). Furthermore, continuous authentication 
through wearables contributes to an improved user 
experience by reducing the need for repeated manual 
logins, enhancing user convenience while maintaining 
robust security measures (Cheung & Vhaduri, 2022). 
These benefits highlight the significance of integrating 
wearable technology with AI-driven analytics in 
bolstering organizational security against insider 
threats while optimizing user experience. 

7.3.2. Challenges: 

The integration of wearable technology with AI 
for insider threat detection presents several challenges 
that organizations must address. Firstly, there are 
significant privacy concerns associated with the 
continuous monitoring of employees' behavior and 
biometric data. Organizations need to ensure 
compliance with privacy regulations and maintain 
transparency with their employees regarding data 
collection and usage (Sharma & al, 2020). 
Additionally, data security is paramount, as the 
information collected by wearables must be securely 
transmitted and stored to prevent unauthorized access, 
which could pose a threat in itself (Silva-Trujillo et al., 
2023). Moreover, the integration process itself is 
complex and requires substantial technical expertise 
and resources to develop and maintain an integrated 
system combining wearable technology and AI 
(Seshadri et al., 2019). Furthermore, gaining user 
acceptance may be challenging, as employees may 



have concerns about surveillance and privacy 
infringement. Effective communication and clear 
policies are essential to address these concerns and 
ensure user acceptance of wearable technology for 
insider threat detection (Ma & Zhang, 2021). 
Addressing these challenges is crucial for the 
successful implementation of wearable technology 
and AI-driven solutions in organizational security 
strategies. 

8. Methodologies and Technologies 
Employed 

8.1. Review of Existing Research Studies 

Extensive research has been conducted to 
understand and mitigate insider threats, focusing on 
various methodologies and technologies to develop 
effective detection and prevention strategies. Nurse, 
Buckley, Legg, Goldsmith, and Creese (2014) 
categorize insider threats into malicious, negligent, 
and compromised insiders, emphasizing the 
importance of understanding different motivations and 
behaviors to develop targeted strategies. Cappelli, 
Moore, Trzeciak, and Shimeall (2012) delve into 
identifying and classifying compromised insiders, 
highlighting the need to monitor access patterns and 
detect anomalies in user behavior. 

The Ponemon Institute's (2023) report provides 
comprehensive data on the financial impact of insider 
threats across industries, underscoring the need for 
advanced threat detection and mitigation technologies. 
Similarly, the Verizon Data Breach Investigations 
Report (2024) analyzes the prevalence and impact of 
data breaches caused by insider threats, stressing the 
importance of continuous monitoring and advanced 
analytics. 

Costa, Spooner and Derrick (2018) explore the legal 
and regulatory consequences of insider threats, 
advocating for integrating legal and regulatory 
considerations into overall security strategies. Ma and 
Zhang (2021) discuss challenges associated with trust 
and access, highlighting the need for advanced 
behavioral analytics and machine learning techniques 
to differentiate between legitimate and malicious 
activities. 

Probst, Hunker, Gollmann, and Bishop (2010) 
address the volume of data generated by user activities 
and its impact on traditional security monitoring tools, 
proposing machine learning and anomaly detection 
algorithms to manage and analyze large datasets 
effectively. Ansari, M. F. (2021) emphasizes the 
importance of user training and awareness in 
preventing negligent insider threats, suggesting 
regular security awareness programs and training. 
Gelles (2016) discusses the evolving threat landscape, 

advocating for the use of AI and machine learning to 
stay ahead of emerging insider threat tactics. 

8.2. Evaluation of Methodologies and 
Technologies 

The evaluation of methodologies and 
technologies used in combating insider threats reveals 
their respective strengths and weaknesses. Behavioral 
analytics is effective in identifying deviations from 
normal behavior, which often indicate insider threats, 
but it requires substantial historical data to establish 
accurate baselines and may produce false positives if 
not finely tuned. Machine learning algorithms, such as 
decision trees and random forests, can handle large 
datasets and identify complex patterns not easily 
detectable by humans. However, they have high 
computational requirements and depend on the quality 
and quantity of training data. 

User and entity behavior analytics (UEBA) 
provides a comprehensive view of user activities and 
interactions, improving threat detection accuracy, 
though its implementation can be complex and costly, 
requiring continuous monitoring and updates to 
remain effective. Wearable technology enables real-
time data collection and monitoring, offering 
immediate insights into user behavior but raises 
privacy concerns and requires secure data handling to 
prevent unauthorized access. 

8.3. Identification of Key Trends and 
Innovations 

Current research and technological advancements 
reveal several key trends and innovations in insider 
threat detection. The integration of AI and machine 
learning is becoming increasingly prevalent, enabling 
more accurate and efficient analysis of vast amounts 
of data to identify subtle and sophisticated threat 
patterns. Proactive threat detection is gaining 
emphasis, leveraging predictive analytics and 
continuous monitoring to identify potential threats 
before they materialize, thus minimizing risk. 

Wearable technology's integration with AI 
systems is a notable innovation, as wearables provide 
rich, contextual data that, when analyzed with 
advanced algorithms, significantly improve threat 
detection accuracy and timeliness. Holistic security 
approaches are emerging, combining multiple 
methodologies and technologies into a unified security 
framework, addressing various aspects of insider 
threats and providing a comprehensive security 
posture. 

Enhanced privacy measures are also a critical 
focus, with an increasing need to balance security with 
privacy protection. This includes implementing robust 



data encryption and ensuring compliance with privacy 
regulations. These methodologies and technologies 
are continually evolving, driven by advancements in 
AI, machine learning, and wearable technology, 
enabling organizations to enhance their ability to 
detect and mitigate insider threats, ensuring a more 
secure and resilient security posture. 

9. Future Directions and Challenges 

9.1. Emerging Trends in Insider Threat 
Detection 

The landscape of insider threat detection is 
rapidly evolving, driven by technological 
advancements and changing organizational dynamics. 
One of the prominent emerging trends is the increased 
use of artificial intelligence (AI) and machine learning 
(ML) to enhance threat detection capabilities. AI and 
ML algorithms can process vast amounts of data to 
identify patterns and anomalies that might indicate 
insider threats, enabling proactive rather than reactive 
security measures (Buczak & Guven, 2016). 
Behavioral analytics is another key trend, where 
advanced analytics techniques are used to establish 
baseline behaviors for users and detect deviations that 
could signify malicious activity (Nasir et al, 2021). 

Another significant trend is the integration of 
wearable technology with AI systems for real-time 
monitoring and analysis. Wearable devices such as 
smartwatches and fitness trackers collect continuous 
data on physical activity and biometric signals, which 
can be analyzed to detect stress or unusual behavior 
patterns indicative of insider threats (Seshadri et al., 
2019). Furthermore, the development of User and 
Entity Behavior Analytics (UEBA) platforms is 
gaining traction, combining multiple data sources to 
provide a comprehensive view of user activities and 
identify potential threats more accurately (Jingyang et 
al, 2022). 

9.2. Challenges and Limitations to Overcome 

Despite the advancements, several challenges and 
limitations hinder the effectiveness of insider threat 
detection methodologies. Privacy concerns are 
paramount, as continuous monitoring of employees' 
behavior and biometric data can lead to significant 
privacy issues. Organizations must navigate these 
concerns carefully, ensuring compliance with privacy 
regulations and maintaining transparency with their 
employees to gain their trust and acceptance (Sharma 
& al, 2020). 

Data security is another critical challenge. The 
data collected by wearable devices and other 
monitoring tools must be securely transmitted and 

stored to prevent unauthorized access, which could 
itself become an insider threat (Silva-Trujillo et al., 
2023). Additionally, the sheer volume of data 
generated within organizations can overwhelm 
traditional security monitoring tools, making it 
difficult to detect subtle or sophisticated insider 
activities (Probst, Hunker, Gollmann, & Bishop, 
2010). 

The integration of advanced technologies such as 
AI and ML also presents technical challenges. 
Developing and maintaining systems that can 
effectively analyze large datasets and identify 
complex patterns require significant expertise and 
resources (Vellido., 2020). Furthermore, the evolving 
nature of insider threats means that security measures 
must continuously adapt to new tactics and techniques, 
which can be a resource-intensive process (Gelles, 
2016). 

9.3. Opportunities for Future Research and 
Development 

There are numerous opportunities for future 
research and development in the field of insider threat 
detection. One key area is the enhancement of AI and 
ML algorithms to improve their accuracy and reduce 
false positives. Research can focus on developing 
more sophisticated models that can better differentiate 
between normal and malicious activities, even in the 
presence of high variability in user behavior 
(Mohammadi, Al-Fuqaha, Sorour, & Guizani, 2018). 

Another promising area is the advancement of 
wearable technology and its integration with security 
systems. Future research can explore new types of 
wearables and sensors that provide richer data for 
threat detection, as well as more secure methods for 
transmitting and storing this data (Swan, 2012). 
Additionally, the development of more user-friendly 
and privacy-preserving wearable devices could 
enhance their acceptance and effectiveness in 
organizational settings (Patel, Asch, & Volpp, 2015). 

Research into holistic security frameworks that 
combine multiple methodologies and technologies can 
also provide significant benefits. By integrating 
behavioral analytics, UEBA, AI, and wearable 
technology into a unified platform, organizations can 
create a more comprehensive security posture that 
addresses various aspects of insider threats from 
multiple angles (Srivastava et al., 2022). 

Finally, exploring the legal and ethical 
implications of advanced insider threat detection 
technologies is crucial. Future research can help 
develop guidelines and best practices for balancing 
security with privacy and ethical considerations, 
ensuring that organizations can protect their assets 



without infringing on the rights of their employees 
(Costa et al, 2018). 

10. Conclusion 

The study of insider threats within organizational 
security has revealed several critical insights. Insider 
threats pose significant risks, whether they are 
malicious, negligent, or compromised individuals 
within an organization. Traditional methods of 
detection, such as access controls, network 
monitoring, and log analysis, provide foundational 
security but have notable limitations, including their 
reactive nature and inability to handle the vast volume 
of data effectively. Advanced detection methods, 
particularly those utilizing AI and machine learning, 
have shown promise in enhancing the identification of 
insider threats through behavioral analytics, predictive 
analytics, and real-time monitoring. The integration of 
wearable technology with AI provides an innovative 
approach to continuous monitoring and threat 
detection, leveraging the rich data collected from 
wearables to improve accuracy and reduce false 
positives. However, challenges such as privacy 
concerns, data security, and the complexity of 
integration remain significant obstacles. 

The findings have several implications for 
practice and policy. Organizations must adopt a multi-
faceted approach to insider threat detection, 
combining traditional security measures with 
advanced technologies like AI and wearable devices. 
Implementing behavioral analytics and machine 
learning can shift the focus from reactive to proactive 
threat detection, improving overall security posture. 

Policies must address privacy concerns by ensuring 
transparent data collection practices and compliance 
with relevant regulations. Organizations should also 
invest in training and awareness programs to reduce 
negligent insider threats and promote a security-
conscious culture. Additionally, there is a need for 
robust data security measures to protect the 
information collected from wearables and other 
monitoring tools. 

Future research should continue to explore and 
enhance AI and machine learning algorithms for 
insider threat detection, focusing on improving their 
accuracy and reducing false positives. There is a need 
for studies that investigate the effectiveness of 
different types of wearable devices and sensors in 
detecting insider threats, as well as the development of 
more secure methods for data transmission and 
storage. Research should also examine the integration 
of various security technologies into unified platforms, 
assessing their impact on overall security 
effectiveness. Furthermore, legal and ethical 
considerations must be a focus, with studies exploring 
how to balance security needs with privacy and ethical 
concerns. Finally, longitudinal studies that track the 
long-term effectiveness of integrated security systems 
in various organizational settings would provide 
valuable insights into best practices and areas for 
improvement. 

References 

1. Ariel, B., Mitchell, R. J., Tankebe, J., Firpo, M. 
E., Fraiman, R., & Hyatt, J. M. (2020). Using 
Wearable Technology to Increase Police 
Legitimacy in Uruguay: The Case of Body-Worn 
Cameras. Law & Social Inquiry, 45(1), 52-80. 
https://doi.org/10.1017/lsi.2019.13 

2. Ansari, M. F. (2021). The Relationship between 
Employees’ Risk Scores and the Effectiveness of 
the AI-Based Security Awareness Training 
Program. ProQuest Dissertations Publishing. 

3. Bin Sarhan, B., & Altwaijry, N. (2022). Insider 
Threat Detection Using Machine Learning 

Approach. Applied Sciences, 13(1), 259. 
https://doi.org/10.3390/app13010259 

4. Belim, S. V., Bogachenko, N. F., & Kabanov, A. 
N. (2018). Severity Level of Permissions in 
Role-Based Access Control. 2018 Dynamics of 
Systems, Mechanisms and Machines (Dynamics), 
1–5. 
https://doi.org/10.1109/Dynamics.2018.8601460 

5. Buczak, A. L., & Guven, E. (2016). A survey of 
data mining and machine learning methods for 
cyber security intrusion detection. IEEE 
Communications Surveys & Tutorials, 18(2), 
1153-1176. 

https://doi.org/10.1017/lsi.2019.13
https://doi.org/10.3390/app13010259
https://doi.org/10.1109/Dynamics.2018.8601460


6. Cappelli, D. M., Andrew P. Moore, & Randall F. 
Trzeciak. (2012). The CERT® Guide to Insider 
Threats: How to Prevent, Detect, and Respond to 
Information Technology Crimes (Theft, 
Sabotage, Fraud). Addison-Wesley Professional. 

7. Casey, E. (2011). Digital Evidence and 
Computer Crime: Forensic Science, Computers, 
and the Internet (3rd ed.). Elsevier Science. 

8. Chandola, V., Banerjee, A., & Kumar, V. (2009). 
Anomaly detection: A survey. ACM Computing 
Surveys, 41(3), 1–58. 
https://doi.org/10.1145/1541880.1541882 

9. Cheung, K. H., & Vhaduri, S. (2022). 
Continuous authentication of wearable device 
users from heart rate, gait, and breathing data. 
Journal of Wearable Technology, 6(1), 45-60. 

10. Clarke, K. A. (2018). Novel Alert Visualization: 
The Development of a Visual Analytics Prototype 
for Mitigation of Malicious Insider Cyber 
Threats. ProQuest Dissertations Publishing. 

11. Cole, E., & Ring, S. (2006). Insider threat 
protecting the enterprise from sabotage, spying, 
and theft (1st edition). Syngress. 

12. Costa, D., Spooner, D., Silowash, G., & 
Albrethsen, M. (2018). Navigating the insider 
threat tool landscape: Low-cost technical 
solutions to jump start an insider threat program. 
In 2018 IEEE Symposium on Security and 
Privacy Workshops(pp. 247-257). IEEE. 
https://doi.org/10.1109/SPW.2018.00040 

13. Darktrace. (2016). 'Under the Radar' Insider 
Threats Detected by Darktrace: Silent and 
Deadly Threats Uncovered By Enterprise 
Immune System Press release. Retrieved from 
https://darktrace.com/news/under-the-radar-
insider-threats-detected-by-darktrace 

14. Disco Digital Media, Inc. (2020). United States: 
Lantronix Provides Advanced IoT Technologies 
to Youbiquo for Development of Augmented 
Reality Smart Glasses. In MENA Report. 

15. Eberle, W., Graves, J., & Holder, L. (2010). 
Insider Threat Detection Using a Graph-Based 

Approach. Journal of Applied Security Research, 
6(1), 32–81. 
https://doi.org/10.1080/19361610.2011.529413 

16. Erhan Yilmaz, & Ozgu Can. (2024). Unveiling 
Shadows: Harnessing Artificial Intelligence for 
Insider Threat Detection. Engineering, 
Technology & Applied Science Research, 14(2). 
https://doi.org/10.48084/etasr.6911 

17. Gelles, M. (2016). Insider Threat: Prevention, 
Detection, Mitigation, and Deterrence. 
Butterworth-Heinemann. 

18. Gomes, N., Pato, M., Lourenço, A. R., & Datia, 
N. (2023). A survey on wearable sensors for 
mental health monitoring. Sensors (Basel), 23(3), 
1330. https://doi.org/10.3390/s23031330 

19. Gupta, D., Garg, S., Singh, A., Batra, S., Kumar, 
N., & Obaidat, M. S. (2017). ProIDS: 
Probabilistic Data Structures Based Intrusion 
Detection System for Network Traffic 
Monitoring. GLOBECOM 2017 - 2017 IEEE 
Global Communications Conference, 1–6. 
https://doi.org/10.1109/GLOCOM.2017.8254439 

20. Hickey, B. A., Chalmers, T., Newton, P., Lin, 
C.-T., Sibbritt, D., McLachlan, C. S., Clifton-
Bligh, R., Morley, J., & Lal, S. (2021). Smart 
Devices and Wearable Technologies to Detect 
and Monitor Mental Health Conditions and 
Stress: A Systematic Review. Sensors, 21(10), 
3461. https://doi.org/10.3390/s21103461 

21. Hunker, J., & Probst, C. W. (2011). Insiders and 
insider threats—An overview of definitions and 
mitigation techniques. Journal of Wireless Mobile 
Networks, Ubiquitous Computing, and 
Dependable Applications, 2(1), 4-27. 

22. Jain, A. K., Ross, A. A., & Pankanti, S. (2016). 
Biometrics: A tool for information security. 
IEEE Transactions on Information Forensics 
and Security, 1(2), 125-143. 

23. Jingyang Cui, Guanghua Zhang, Zhenguo Chen, 
& Naiwen Yu. (2022). Multi-homed abnormal 
behavior detection algorithm based on fuzzy 
particle swarm cluster in user and entity behavior 
analytics. Scientific Reports, 12(1), 1–20. 
https://doi.org/10.1038/s41598-022-26142-w 

https://doi.org/10.1145/1541880.1541882
https://darktrace.com/news/under-the-radar-insider-threats-detected-by-darktrace
https://darktrace.com/news/under-the-radar-insider-threats-detected-by-darktrace
https://doi.org/10.1080/19361610.2011.529413
https://doi.org/10.3390/s21103461
https://doi.org/10.1038/s41598-022-26142-w
https://doi.org/10.1109/GLOCOM.2017.8254439
https://doi.org/10.3390/s23031330
https://doi.org/10.48084/etasr.6911
https://doi.org/10.1109/SPW.2018.00040


24. Johnson, L., Dempsey, K., Ross, R., Gupta, S., & 
Bailey, D. (2019). Guide for security-focused 
configuration management of information 
systems (NIST SP 800-128). Retrieved from 
https://doi.org/10.6028/NIST.SP.800-128 

25. Kang, J., Tariq, S., Oh, H., & Woo, S. S. (2022). 
A Survey of Deep Learning-Based Object 
Detection Methods and Datasets for Overhead 
Imagery. IEEE Access, 10, 20118-20134. doi: 
10.1109/ACCESS.2022.3149052. 

26. Kyeonghye Guk, Gaon Han, Jaewoo Lim, 
Keunwon Jeong, Taejoon Kang, Eun-Kyung Lim, 
& Juyeon Jung. (2019). Evolution of Wearable 
Devices with Real-Time Disease Monitoring for 
Personalized Healthcare. Nanomaterials (Basel, 
Switzerland), 9(6), 813-. 
https://doi.org/10.3390/nano9060813 

27. Lum, C., Stoltz, M., Koper, C. S., & Scherer, A. 
(2019). Research on body-worn cameras: What 
we know, what we need to know. Criminology & 
Public Policy, 18(1), 93-118. 
https://doi.org/10.1111/1745-9133.12412 

28. Ma, L., & Zhang, J. (2021). A Wearable-Based 
Real-Time Insider Threat Detection System 
Using Deep Learning. IEEE Access, 9, 61994-
62006. doi: 10.1109/ACCESS.2021.3070517 

29. Mayhew, M., Atighetchi, M., Adler, A., & 
Greenstadt, R. (2015). Use of machine learning 
in big data analytics for insider threat detection. 
Proceedings of the 2015 IEEE Military 
Communications Conference (MILCOM), 915-
922. 

30. McCallister, E., Grance, T., & Scarfone, K. 
(2010). Guide to protecting the confidentiality of 
personally identifiable information (PII) (NIST 
SP 800-122). Retrieved from 
https://doi.org/10.6028/NIST.SP.800-122 

31. Mohammadi, M., Al-Fuqaha, A., Sorour, S., & 
Guizani, M. (2018). Deep Learning for IoT Big 
Data and Streaming Analytics: A Survey. IEEE 
Communications Surveys and Tutorials, 20(4), 
2923–2960. 
https://doi.org/10.1109/COMST.2018.2844341 

32. Nabil Hasan Al-Kumaim, & Sultan Khalifa 
Alshamsi. (2023). Determinants of Cyberattack 
Prevention in UAE Financial Organizations: 
Assessing the Mediating Role of Cybersecurity 
Leadership. Applied Sciences, 13(10), 5839-. 
https://doi.org/10.3390/app13105839 

33. Nasir, R., Afzal, M., Latif, R., & Iqbal, W. 
(2021). Behavioral Based Insider Threat 
Detection Using Deep Learning.IEEE Access, 9, 
143266-143274. doi: 
10.1109/ACCESS.2021.3118297. 

34. Nurse, J. R. C., Buckley, O., Legg, P. A., 
Goldsmith, M., & Creese, S. (2014). 
Understanding insider threat: A framework for 
characterizing attacks. 2014 IEEE Security and 
Privacy Workshops, 214-228. 

35. Ometov, A., Bezzateev, S., Mäkitalo, N., 
Andreev, S., Mikkonen, T., & Koucheryavy, Y. 
(2018). Multi-Factor Authentication: A Survey. 
Cryptography, 2(1), 1. 
https://doi.org/10.3390/cryptography2010001 

36. Patel, M. S., Asch, D. A., & Volpp, K. G. 
(2015). Wearable devices as facilitators, not 
drivers, of health behavior change. JAMA, 
313(5), 459-460. doi: 10.1001/jama.2014.14781. 

37. Patel, T. (2021). Warfighter Analytics using 
Smartphones for Health (WASH). Defense 
Advanced Research Projects Agency. Retrieved 
from https://www.darpa.mil/program/warfighter-
analytics-using-smartphones-for-health 

38. Ponemon Institute. (2022). 2022 Cost of Insider 
Threats Global Report. North Traverse City, MI, 
USA. Retrieved from 
https://www.proofpoint.com/sites/default/files/th 
reat-reports/pfpt-us-tr-the-cost-of-insider-threats-
ponemon-report.pdf 

39. Ponemon Institute. (2023). 2023 Cost of Insider 
Threats: Global Report. Retrieved from 
https://www.dtexsystems.com/resource-
ponemon-insider-risks-global-report/. 

40. Probst, C. W., Hunker, J., Gollmann, D., & 
Bishop, M. (Eds.). (2010). Insider Threats in 
Cyber Security. Springer. 

https://doi.org/10.6028/NIST.SP.800-128
https://doi.org/10.1111/1745-9133.12412
https://doi.org/10.6028/NIST.SP.800-122
https://doi.org/10.1109/COMST.2018.2844341
https://doi.org/10.3390/app13105839
https://doi.org/10.3390/cryptography2010001
https://www.darpa.mil/program/warfighter-analytics-using-smartphones-for-health
https://www.darpa.mil/program/warfighter-analytics-using-smartphones-for-health
https://www.proofpoint.com/sites/default/files/threat-reports/pfpt-us-tr-the-cost-of-insider-threats-ponemon-report.pdf
https://www.proofpoint.com/sites/default/files/threat-reports/pfpt-us-tr-the-cost-of-insider-threats-ponemon-report.pdf
https://www.proofpoint.com/sites/default/files/threat-reports/pfpt-us-tr-the-cost-of-insider-threats-ponemon-report.pdf
https://www.dtexsystems.com/resource-ponemon-insider-risks-global-report/
https://www.dtexsystems.com/resource-ponemon-insider-risks-global-report/
https://doi.org/10.3390/nano9060813


41. Rahman, T., Rohan, R., Pal, D., & 
Kanthamanon, P.. (2021). Human Factors in 
Cybersecurity: A Scoping Review. In IAIT '21: 
Proceedings of the 12th International Conference 
on Advances in Information Technology (pp. 1– 
11). https://doi.org/10.1145/3468784.3468789 

42. Saba, T., Sadad, T., Rehman, A., Mehmood,Z., 
& Javaid, Q. (2021). Intrusion Detection System 
Through Advance Machine Learning for the 
Internet of Things Networks. IT Professional, 
23(2), 58–64. 
https://doi.org/10.1109/MITP.2020.2992710 

43. Sharma, P. K., Park, J., Park, J. H., & Cho, K. 
(2020). Wearable Computing for Defense 
Automation: Opportunities and Challenges in 
5G Network. IEEE Access, 8, 65993-66002. 
https://doi.org/10.1109/ACCESS.2020.2985313 

44. Seshadri, D. R., Li, R. T., Voos, J. E., 
Rowbottom, J. R., Alfes, C. M., Zorman, C. A., 
& Drummond, C. K. (2019). Wearable sensors 
for monitoring the internal and external 
workload of the athlete. NPJ Digital Medicine, 
2(71). https://doi.org/10.1038/s41746-019-0149-
2 

45. Silva-Trujillo, A. G., González González, M. J., 
Rocha Pérez, L. P., & García Villalba, L. J. 
(2023). Cybersecurity Analysis of Wearable 
Devices: Smartwatches Passive Attack. Sensors 
(Basel), 23(12), 5438. 
https://doi.org/10.3390/s23125438 

46. Srivastava, G., Jhaveri, R. H., Bhattacharya, S., 
Pandya, S., Rajeswari, Maddikunta, P. K. R., 
Yenduri, G., Hall, J. G., Alazab, M., & 
Gadekallu, T. R. (2022). XAI for cybersecurity: 
State of the art, challenges, open issues and 

future directions. arXiv. 
https://doi.org/10.48550/arXiv.2206.03585 

47. Sommer, R., & Paxson, V. (2010). Outside the 
Closed World: On Using Machine Learning for 
Network Intrusion Detection. 2010 IEEE 
Symposium on Security and Privacy, 305–316. 
https://doi.org/10.1109/SP.2010.25 

48. Swan, M. (2012). Sensor Mania! The Internet of 
Things, Wearable Computing, Objective Metrics, 
and the Quantified Self 2.0. Journal of Sensor 
and Actuator Networks, 1(3), 217-253. 
https://doi.org/10.3390/jsan1030217 

49. Vellido, A. (2020). The importance of 
interpretability and visualization in machine 
learning for applications in medicine and health 
care. Neural Computing and Applications, 
32(24), 18069-18083. 
https://doi.org/10.1007/s00521-019-04051-w 

50. Verizon. (2024). 2024 Data Breach 
Investigations Report. Verizon Enterprise. 

51. Williamson, B., Aplin, T., de Jonge, D., & 
Goyne, M. (2017). Tracking down a solution: 
Exploring the acceptability and value of 
wearable GPS devices for older persons, 
individuals with a disability, and their support 
persons. Disability and Rehabilitation: Assistive 
Technology, 12(8), 822-831. 
https://doi.org/10.1080/17483107.2016.1272140 

52. Zibak, A., & Simpson, A. (2019). Cyber threat 
information sharing: Perceived benefits and 
barriers. In Proceedings of the 14th International 
Conference on Availability, Reliability and 
Security (Article No. 85, pp. 1–9). 
https://doi.org/10.1145/3339252.3340528 

https://doi.org/10.1145/3468784.3468789
https://doi.org/10.1109/MITP.2020.2992710
https://doi.org/10.1109/ACCESS.2020.2985313
https://doi.org/10.3390/s23125438
https://doi.org/10.48550/arXiv.2206.03585
https://doi.org/10.1109/SP.2010.25
https://doi.org/10.3390/jsan1030217
https://doi.org/10.1007/s00521-019-04051-w
https://doi.org/10.1145/3339252.3340528
https://doi.org/10.1080/17483107.2016.1272140
https://doi.org/10.1038/s41746-019-0149



