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Abstract threat program therefore requires a balanced

combination of technological, organizational, and

Insider  threats  have  become a  significant human-centred controls. CERT/SEI's seventh edition

cybersecurity challenge because legitimate users may
misuse authorized access to organizational systems,
applications, networks, and sensitive information.
Unlike many external attacks, insider attacks can be
difficult to identify because malicious activities may
initially resemble normal user operations. This article
examines the role of behavioural analytics and
machine learning (ML) in identifying anomalous user
activities  and  strengthening
cybersecurity. Behavioural analytics establishes a
baseline of normal user behaviour by examining
factors such as login patterns, access frequency,
utilization,  file  activities,  network
communication, and  data-transfer  behaviour.
Machine learning techniques can subsequently
identify deviations from these patterns and generate

organizational

resource

risk indicators for potential insider threats. The study
adopts a conceptual and secondary-data-based
research  methodology, reviewing cybersecurity
literature, insider-threat frameworks, and established
organizational security practices. The proposed
framework integrates data collection, behavioural
profiling, anomaly detection, risk scoring, and
security response mechanisms. The discussion
indicates that combining behavioural analytics with
machine learning can improve the ability to identify
previously unknown and evolving insider-threat
patterns, while reducing dependence on predefined
signatures. However, false positives, privacy concerns,
explainability, biased datasets,

manipulation important

and adversarial
remain implementation
challenges. The study concludes that machine learning
should complement rather than replace organizational
policies, access controls, human investigation, and

incident-response procedures. An effective insider-

of its insider-threat guide similarly emphasizes
coordinated, proactive, enterprise-wide mitigation
based on analysis of more than 3,000 insider-threat
cases.
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1. Introduction

The rapid expansion of digital technologies,
cloud computing, remote work, enterprise
applications, and interconnected information
systems has increased the complexity of
cybersecurity management. Organizations
increasingly depend on digital infrastructure
to store, process, and exchange confidential
information. While cybersecurity
traditionally focuses heavily on external
threats such as malware, phishing,
ransomware, and unauthorized network
intrusion, threats originating from individuals
who  possess legitimate access to
organizational resources require a different
approach.

An insider threat refers broadly to the
potential misuse of legitimate access by
employees, contractors, business partners, or
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other authorized individuals. Such misuse
may be intentional, as in the case of data theft
or sabotage, or unintentional,
accidental  disclosure of confidential
information. The Software Engineering
Institute's CERT research describes insider
threat as a complex organizational risk

such as

requiring coordinated prevention, detection,
and response mechanisms. Its seventh edition
is based on empirical research involving
more than 3,000 insider-threat cases.

Traditional security mechanisms such as
passwords, firewalls, access-control systems,
and signature-based
remain important, but they may not
adequately identify unusual behaviour by
authorized users. An employee who normally
accesses a limited number of files but
suddenly downloads large quantities of
sensitive information may not violate a
conventional authentication rule. Similarly,

intrusion detection

an account legitimately used during working
hours may become suspicious when its
behaviour substantially deviates from the
established pattern.

Behavioural analytics  addresses  this
challenge by establishing behavioural
baselines and identifying deviations from
expected  patterns.  CISA  guidance
emphasizes the importance of understanding
baseline behaviour and examining changes
from an individual's typical activity when

assessing insider threats.

Machine learning further strengthens
behavioural analytics by enabling systems to
process large volumes of user, network,
endpoint, and access data. Supervised,
unsupervised, and semi-supervised learning
approaches can be employed to identify

anomalies,
support  risk

behavioural patterns, detect
classify activities, and

assessment.

The integration of behavioural analytics and
machine learning therefore provides a
promising approach to proactive insider-
threat detection. Nevertheless, organizations
must address privacy, explainability, false-
positive rates, data quality, and governance

issues when implementing such systems.
2. Objectives
The major objectives of the study are:

1. To
characteristics of insider threats in

examine the nature and

modern organizational cyberspace.

2. To analyse the role of behavioural
analytics in identifying deviations
from normal user behaviour.

3. To examine the applicability of
machine learning techniques for
insider-threat detection.

4. To develop a conceptual framework
integrating behavioural analytics and
machine learning for proactive
insider-threat identification.

5. To identify important behavioural
indicators associated with potentially
suspicious user activities.

6. To examine the benefits and
limitations of machine-learning-
based insider-threat detection.

7. To analyse challenges related to
false positives,
data quality, and
organizational governance.

privacy,
explainability,
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8. To propose recommendations for
improving insider-threat prevention,
detection, investigation, and
response.

3. Research Methodology
3.1 Research Design

The study adopts a descriptive, analytical,
and conceptual research design. It focuses on
examining existing approaches to insider-
threat detection and developing a conceptual
framework for integrating behavioural
analytics with machine learning.

3.2 Sources of Data

The research primarily uses secondary data
obtained from:

e Peer-reviewed cybersecurity research
literature

e Academic books and journals

e Government
publications

cybersecurity

e Industry reports

e Cybersecurity  frameworks  and

guidelines
e Technical reports on insider threats

e Documented insider-threat case

research

Particular attention is given to established
guidance from organizations such as the
Carnegie Mellon University  Software
Engineering Institute (SEI) and the
Cybersecurity and Infrastructure Security
Agency (CISA). CISA provides dedicated
resources for insider-threat mitigation and
organizational risk assessment.

3.3 Behavioural Variables

The proposed analytical framework
considers multiple behavioural variables,
including:

Behavioural .
Examples of Indicators
Category
. Login frequency, login
Authentication | . £ . q . Y 8
time, failed login attempts
Access Files accessed, systems
Behaviour accessed, privilege usage
Unusual connections,
Network ] )
. bandwidth consumption,
Behaviour
remote access
Large downloads,
Data Behaviour |copying,  compression,
transfers
) USB usage, software
Endpoint . 8
. execution, unusual
Behaviour
processes
Application Abnormal application
Behaviour usage and resource access
Activity outside
Temporal . .
. established working
Behaviour
patterns
Geographic Unusual locations or
Behaviour access patterns

These indicators can be combined to create a
behavioural profile for individual users or
user groups.

3.4 Machine Learning Techniques
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The proposed framework considers three
broad categories of machine learning:

Unsupervised learning:
Useful when labelled insider-threat data are
limited. Clustering and anomaly-detection
techniques can identify behaviour that differs
significantly from established patterns.

Supervised learning:
Where labelled datasets are available,
classification algorithms can be trained to
distinguish between normal and potentially
malicious activities.

Semi-supervised learning:
This approach can be useful when normal
behaviour is well documented but confirmed
insider-threat incidents are relatively limited.

3.5 Analytical Framework

The proposed framework consists of the
following stages:

Data Collection — Data Pre-processing —
Behavioural Profiling — Feature Extraction
— Machine Learning Model — Anomaly
Detection — Risk Scoring — Human
Investigation — Security Response

The model is intended to function as a
decision-support mechanism, rather than
automatically declaring a user malicious.
This distinction 1is important because
behavioural anomalies may have legitimate
explanations.

4. Results and Discussion

Because this study is based on secondary
research and a conceptual framework rather
than a newly collected experimental dataset,
the results below represent analytical
findings of the proposed framework, rather

than measured accuracy from a new
machine-learning experiment.

4.1 Behavioural Analytics as an Early
Detection Mechanism

Behavioural  analytics can  provide
organizations with a more dynamic approach
to identifying insider threats. Instead of
relying exclusively on predefined indicators,
the system establishes patterns of normal

activity and identifies significant deviations.

For example, if a user normally accesses ten
to twenty documents per day but suddenly
accesses thousands of files and transfers a
large volume of data to an unfamiliar
destination, the combined behaviour may
generate a high-risk alert.

CISA guidance specifically emphasizes
developing a baseline of normal behaviour
and examining changes against that baseline

when assessing potential insider threats.
4.2 Role of Machine Learning

Machine learning can automate the analysis
of large quantities of behavioural data that
would be difficult to evaluate manually.
Algorithms can identify relationships among
multiple variables, detect unusual clusters of
activity, and continuously update behavioural
models.

A conceptual comparison is presented
below:

Major Major
A h .
bproac Strength | Limitation
Rule-based |Easy to||Limited against
detection interpret  |[novel behaviour
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Major Major
A h .
pproac Strength  |Limitation
. . Weak inst
Signature- Effective r:iouslagams
based for known|" y

. unknown
detection patterns .

activity
Detects

) deviati
Behavioural [ 10" Jlcan generate

) from .\
analytics false positives

normal
behaviour
Effective .

. . Requires
Supervised with uality labelled
ML labelled |10

datasets
data
: Useful for|Difficult to
Unsupervised )
unknown |[interpret some
ML .
anomalies (results
) Combi
Hybrid ML + om‘ 1nes Greater

) multiple . .
Behavioural . implementation
Analytics detection complexit

Y capabilities P y

The findings suggest that a hybrid approach
can provide broader detection capabilities
than dependence on a single detection
mechanism.

4.3 Identification of High-Risk Behaviour

The proposed framework can classify
suspicious behaviour according to multiple
risk indicators rather than relying on a single
event.

For example:

Low-risk anomaly:
A user logs in outside normal working hours

once.

Medium-risk
The user repeatedly accesses systems outside
their normal job responsibilities.

anomaly:

High-risk pattern:
The user accesses sensitive repositories,
downloads unusually large quantities of data,
uses removable media, and transfers
external

information to an unusual

destination.

Such risk scoring should be used to prioritize
investigation rather than
assigning malicious intent.

automatically

4.4 Potential Benefits

The integration of behavioural analytics and
machine learning offers several potential
benefits:

o Early identification of abnormal user
activity

e Detection of previously unknown
behavioural patterns

e Continuous monitoring of high-value
assets

e Automated analysis of large security
datasets

e Improved prioritization of security
alerts

e Support for security analysts and
incident-response teams

o Identification of gradual behavioural
changes
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o Integration with existing security-
monitoring systems

The CERT/SEI guidance emphasizes that
insider-threat  mitigation  requires an
enterprise-wide approach involving
management, HR, legal, physical security, IT,
information security, data owners, and

software engineering stakeholders.
4.5 Challenges

Despite its potential, the approach presents
several challenges.

False Positives

Legitimate changes in employee behaviour
may appear suspicious. Employees may work
change projects, access new
perform large
downloads for legitimate business reasons.

overtime,

systems, or unusually

Privacy

Continuous behavioural monitoring can raise
employee privacy and data-governance
concerns. Organizations therefore need
clearly defined purposes, access controls,
retention policies, transparency mechanisms,

and appropriate legal review.
Data Quality

Machine learning performance depends
heavily on the quality and representativeness
of training data. Incomplete or biased
datasets can produce unreliable results.

Explainability

Security analysts need to understand why a
model generated a particular alert. Highly
complex models can make interpretation
difficult.

Adversarial Behaviour

Sophisticated insiders may deliberately
modify their behaviour to remain below
detection thresholds. Consequently,
behavioural models should not be treated as
static.

Organizational Integration

Technology alone cannot eliminate insider
threats.  Policies, management,
employee awareness, incident response, and
organizational governance remain important
components of an effective security program.
The SEI's research similarly presents insider-
threat mitigation as a  coordinated
organizational activity rather than a purely

access

technical problem.

5. Proposed Behavioural Analytics and
Machine Learning Framework

A comprehensive insider-threat detection
framework can be organized into six layers:

Layer 1: Data Collection
Collect relevant security telemetry from:
e Authentication systems
e Network devices
e Endpoints
e Cloud services
o File servers
o Databases
e Applications

e Identity and access-management

systems

Layer 2: Behavioural Profiling
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Construct user and entity

representing normal patterns of:

profiles

e Access
e Login
e Network usage
o File interaction
e Application usage
e Data transfer
Layer 3: Feature Engineering
events  into

Transform raw security

meaningful behavioural features such as:
e Login frequency
e Number of files accessed
e Volume of data transferred
e Number of privileged operations
o Frequency of external connections
o Changes in access patterns

Layer 4: Machine Learning

Apply appropriate machine-learning
algorithms to detect behavioural deviations.

Layer 5: Risk Scoring

Combine multiple anomalies into a
contextual risk score. A single unusual event
should not necessarily trigger a severe
response.

Layer 6: Human Investigation and Response

Security analysts investigate high-risk alerts
and determine whether the behaviour
represents legitimate activity, accidental

misuse, compromised credentials, or

malicious insider activity.

This human-in-the-loop model helps reduce
the risk of automated systems making
inappropriate conclusions.

6. Discussion

The analysis demonstrates that insider-threat
detection requires a
perimeter-oriented

shift from purely
cybersecurity
monitoring  of  identities,
behaviour, and access patterns. Behavioural

toward
continuous

analytics provides the foundation for this
transition by establishing normal activity
profiles. Machine learning extends this
capability by identifying complex and
potentially previously unseen deviations.

However, the effectiveness of such systems
depends on  contextual information.
Behaviour that appears anomalous from a
purely technical perspective may be
completely legitimate when organizational
context is considered. For example, an
employee assigned to a new project may
suddenly access additional databases. A
security system that does not understand this
organizational change could generate
unnecessary alerts.

Therefore, machine learning should be
integrated with identity and access
management, security information and event
management, endpoint detection, data-loss
prevention, and human-led  threat
investigation.

The research also highlights the importance
of explainable and privacy-conscious
cybersecurity  analytics.  Organizations
should establish clear governance regarding
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what behavioural information is collected,
why it is collected, who can access it, how
long it is retained, and how alerts are
investigated.

CISA's insider-threat resources similarly
emphasize structured organizational
programs for assessing and mitigating insider
risk.

7. Conclusion

Insider threats represent a complex
cybersecurity problem because authorized
users can potentially misuse legitimate access
to organizational systems and information.
Traditional

essential but

security mechanisms remain
may be insufficient for
identifying subtle behavioural deviations
associated with insider risk.

This study examined the potential of
behavioural analytics combined with
machine learning as a proactive approach to
insider-threat  detection. The proposed
framework uses behavioural baselines,
feature extraction, anomaly detection, risk
scoring, and human investigation to identify
potentially suspicious activity.

The analysis indicates that machine learning
can enhance the scalability and adaptability
of behavioural monitoring, particularly when
large volumes of security telemetry must be
processed. At the same time, false positives,
privacy, explainability, data quality, model
bias, and adversarial behaviour present
significant challenges.

Consequently,  effective  insider-threat
protection should not depend exclusively on
an automated machine-learning model.
Instead, organizations should adopt a layered

and human-centred cybersecurity strategy
combining behavioural analytics, machine
learning, controls, organizational
policies, incident
response, and appropriate governance.

access

security ~ awareness,

Future empirical research could evaluate
specific machine-learning algorithms using
benchmark insider-threat datasets and
compare their performance using measures
such as accuracy, precision, recall, F1-score,
false-positive rate, detection latency, and
computational efficiency.
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