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ABSTRACT

In the rapidly evolving landscape of cybersecurity, Artificial Intelligence (Al) is emerging as a powerful tool to enhance risk
measurement in complex digital environments through intelligent, automated, and adaptive strategies.As cybersecurity
becomes more complex, Artificial Intelligence (Al) is proving itself to be a valuable asset in risk measurement, developing
intelligent, automated, and adaptive risk measurement strategies in the digital environment. Traditional approaches to
cybersecurity risk assessment, which are typically performed manually, by periodic assessments and through static rules,
are often unable to maintain the pace with the constantly changing nature of cyber threats. This research paper delves
into how Al technologies such as machine learning, deep learning, predictive analytics, and intelligent automation can
improve cybersecurity risk assessment procedures. It proposes continuous collection of data, automated threat detection,
vulnerability prioritization, dynamic risk scoring, and decision support to enhance cybersecurity effectiveness and
precision. Additionally, it includes governance and compliance features to enhance organizational resilience, regulatory
compliance, and Al-driven decision-making transparency. Moreover, the study explores the implementation strategies,
performance evaluation metrics, and enterprise governance considerations for implementing Al-powered cybersecurity
solutions. The framework is a set of principles designed to speed up response times, limit human intervention, enhance
prediction capabilities and bolster proactive cyber defense in enterprise, cloud and critical infrastructure environments. In
conclusion, the research underscores the transformative potential of Al-driven automated cybersecurity risk assessment,
offering a scalable and intelligent solution to manage cyber risks, enhance operational efficiency, and facilitate continuous
monitoring and informed strategic decision-making in today’s dynamic cybersecurity landscape.
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Background of the Study

Businesses, cloud-based environments, Internet of Things
(IoT) networks and critical infrastructure are undergoing
digital transformation at an accelerated pace, which
has greatly broadened the cyber threat landscape. As
organizations become more vulnerable, they are subjected
to more elaborate attacks such as ransomware, advanced
persistent threats (APTs), insider threats, phishing attacks
and zero-day exploits that can disrupt operations and lead
to the compromise of sensitive information. The typical
cybersecurity risk assessment processes, which generally
depend on manual evaluations, static rule-based methods,
and periodic security audits, are not adequate to detect and
respond to the dynamic threats quickly and effectively. As a
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result, organisations need intelligence and automated risk
assessment systems that can continuously track the changing
attack surfaces and prioritise cyber risks according to the
changing threat situation (Kalinin, Krundyshev & Zegzhda,
2021).
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Artificial Intelligence (Al) has proven to be a game-changer
in the realm of cybersecurity, offering predictive analytics,
automated threat detection, intelligent vulnerability
assessment, and adaptive risk assessment. Machine learning
and deep learning algorithms can be used to process huge
volumes of structured and unstructured security data to
detect unusual activity, uncover unknown attack patterns,
and calculate risk scores that shift over time to aid in
proactive cybersecurity actions. The ability of these Al-driven
capabilities to enhance the speed, accuracy, and scalability
of cybersecurity operations, while minimizing reliance on
manual intervention, has sparked widespread fascination and
made them a key area of focus for cybersecurity researchers
and practitioners alike (Dalal, 2018; Karasaridis, Rexroad, &
Velardo, 2018; Ghelani, 2022).

In recent years, Al has revolutionized cybersecurity by
providing predictive threat intelligence, behavioral analytics,
automated incident response, and ongoing compliance
monitoring. By using Al, systems can analyze network traffic,
endpoint devices, cloud platforms, security logs, and threat
intelligence feeds to detect and create a correlation of
emerging cyber risks before they become security incidents.
This proactive approach helps organizations enhance
their cyber resilience, make more informed decisions, and
minimize response times, while also aiding in enterprise-
wide security governance (Raza, 2021; Rizvi, 2023; Akter &
Chow, 2023).

Cybersecurity risk assessment is also integral to the
governance and regulatory compliance in today’s world.
Al-driven auditing tools help organizations continuously
evaluate security controls, policy adherence, and risk
exposure, ensuring they stay in line with cybersecurity best
practices and regulatory standards. In addition, intelligent
automation helps Security Operations Centers (SOCs)
prioritize alerts, orchestrate incident response workflows and
alleviate the burden on analysts caused by the sheer volume
of alerts. These capabilities are recognized as enhancing
cybersecurity management capabilities in complex digital
infrastructures, resulting in more resilient and efficient
management (Mohammed, 2021; Ismail et al., 2023).

However, providing transparency, quality, and security
for Al models, dealing with adversarial attacks against
machine learning systems, as well as integrating Al with
legacy security systems, are still issues to address. To build
powerful and intelligent Al-based cybersecurity solutions, it is
important to develop a well-rounded cybersecurity strategy
that aligns with predictive intelligence, explainable decision-
making, governance, and continuous model improvement.
Al should complement human expertise by providing
actionable insights while maintaining accountability and
trust in automated security decisions (Ganesan et al., 2023;
Ghelani, 2022).

Problem Statement

Organizations continue to rely on cybersecurity risk
assessment approaches that are largely reactive, manually
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intensive, and unable to keep pace with the rapidly evolving
cyber threat landscape. The increasing volume, complexity,
and sophistication of cyberattacks have made it difficult for
conventional assessment methods to identify vulnerabilities,
prioritize risks, and provide timely decision support. As
enterprise environments expand across cloud platforms,
loT devices, hybrid networks, and critical infrastructure,
traditional security assessments often fail to deliver
continuous visibility into emerging threats and changing
attack surfaces (Kalinin et al., 2021; Dalal, 2018).

Although Al technologies have demonstrated
considerable potential in automating threat detection,
predictive analytics, and intelligent risk management,
many organizations have yet to fully integrate Al-driven risk
assessment into their cybersecurity operations. Challenges
related to data integration, explainability, governance,
compliance, and model reliability continue to hinder
widespread adoption. Consequently, there is a need for
a comprehensive Al-based framework that automates
cybersecurity risk assessment while supporting accurate
risk prediction, continuous monitoring, governance, and
informed decision-making (Raza, 2021; Ganesan et al., 2023;
Akter & Chow, 2023).

Aim of the Study

The aim of this study is to develop an Artificial Intelligence-
driven framework for automated cybersecurity risk
assessment that enhances continuous threat identification,
intelligent risk scoring, predictive analytics, automated
decision support, and enterprise cybersecurity governance.

Research Objectives

The study seeks to:

« Examine the role of Artificial Intelligence in automated
cybersecurity risk assessment.

« Evaluate machinelearning and deep learning techniques
for cyber risk prediction and threat detection.

« Develop an Al-driven framework for continuous
cybersecurity risk assessment and automated risk
scoring.

« Investigate the integration of Al with cybersecurity
governance, auditing, and compliance management.

« Identify implementation challenges, limitations, and
future directions for Al-enabled cybersecurity risk
assessment.

Research Questions

«  How can Artificial Intelligence improve automated
cybersecurity risk assessment?
Which Al techniques are most effective for cyber threat
detection and risk prediction?
«  How can Al support continuous cybersecurity monitoring
and dynamic risk scoring?
What role does Al play in cybersecurity governance,
compliance, and automated incident response?
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«  What challenges influence the implementation of
Al-driven cybersecurity risk assessment systems?

Significance of the Study

This study contributes to the growing body of knowledge
on Al-enabled cybersecurity by presenting an integrated
framework for automated cybersecurity risk assessment.
The proposed framework demonstrates how Al technologies
can enhance threat detection, vulnerability prioritization,
predictive risk analytics, and automated decision-making
while improving operational efficiency and cyber resilience.
The findings will benefit cybersecurity professionals,
enterprise security managers, researchers, policymakers, and
organizations seeking intelligent approaches to managing
evolving cyber risks. Additionally, the study provides practical
insights into integrating Al with governance, compliance
automation, and incident response, thereby supporting
the development of scalable, adaptive, and trustworthy
cybersecurity ecosystems (Mohammed, 2021; Ismail et al.,
2023; Rizvi, 2023).

LiTERATURE REVIEW

Evolution of Cybersecurity Risk Assessment

Cybersecurity risk assessment has evolved from static,
rule-based methodologies toward intelligent, data-driven
systems capable of continuously identifying, evaluating,
and prioritizing cyber risks. Traditional approaches typically
rely on periodic vulnerability assessments, manual expert
analysis, and predefined risk matrices, which often struggle to
address rapidly evolving threat landscapes and increasingly
sophisticated attack techniques. The emergence of cloud
computing, Internet of Things (loT), critical infrastructure, and
distributed enterprise systems has significantly expanded
organizational attack surfaces, necessitating more adaptive
and automated risk assessment mechanisms. Research by
Kalinin, Krundyshev, and Zegzhda (2021) highlights the
growing complexity of cybersecurity risk assessment within
interconnected infrastructures, emphasizing the need for
intelligent frameworks capable of dynamic risk evaluation
and continuous monitoring.

Artificial Intelligence in Cybersecurity Risk
Assessment

Artificial Intelligence (Al) has become a transformative
technology for automating cybersecurity risk assessment by
enabling predictive analytics, intelligent pattern recognition,
and real-time decision support. Machine learning and
deep learning algorithms analyze vast volumes of security
data to identify abnormal behaviors, predict emerging
threats, and continuously refine detection models through
adaptive learning (Karasaridis et al., 2018; Dalal, 2018). Deep
learning architectures further improve detection accuracy by
recognizing complex attack signatures and previously unseen
cyber threats that conventional signature-based systems

may fail to detect (Ghelani, 2022). Al therefore enables
organizations to transition from reactive cybersecurity
strategies to proactive risk management capable of
anticipating future attacks before significant damage occurs.

Al-Driven Threat Detection and Predictive Risk
Analytics

Recent studies demonstrate that Al significantly enhances
threat detection through automated analysis of network
traffic, endpoint activities, user behavior, and threat
intelligence feeds. Predictive analytics enables organizations
to identify attack patterns, estimate the likelihood of
exploitation, and prioritize vulnerabilities according to
their potential operational impact. Raza (2021) explains
that proactive cyber defense combines Al-based threat
intelligence with predictive risk analytics to improve cyber
resilience through early detection and intelligent risk
forecasting. Similarly, Akter and Chow (2023) show that
Al-driven predictive threat detection provides continuous
visibility across cloud environments and critical infrastructure,
enabling faster and more informed cybersecurity decision-
making. Rizvi (2023) further emphasizes that Al improves
both detection accuracy and prevention capabilities by
identifying subtle anomalies before they develop into major
cybersecurity incidents.

Automated Risk Assessment and Incident
Response

Modern cybersecurity platforms increasingly integrate
automated risk assessment with intelligent incident response
systems. Al continuously evaluates vulnerabilities, asset
criticality, exploitability, and threat severity to generate
dynamic risk scores that support prioritization of remediation
activities. Machine learning algorithms also automate
alert correlation, reduce false positives, and recommend
appropriate mitigation strategies. Ganesan et al. (2023)
describe Al-enabled risk management frameworks that
combine continuous monitoring with automated vulnerability
analysis to improve enterprise security posture. Furthermore,
Ismail et al. (2023) demonstrate how Al-powered automated
incident response systems significantly reduce detection
and containment time through intelligent orchestration of
security operations, enabling Security Operations Centers
(SOCs) to respond more efficiently to emerging cyber threats.

Al for Compliance, Governance, and
Continuous Security Monitoring

Beyond threat detection, Al increasingly supports
cybersecurity governance through automated auditing,
compliance monitoring, policy enforcement, and continuous
security validation. Intelligent compliance systems
continuously evaluate organizational security controls against
regulatory frameworks while automatically identifying
deviations requiring corrective action. Mohammed (2021)
argues that Al substantially enhances cybersecurity audits by
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Table 1: Comparative Review of Al Applications in Automated Cybersecurity Risk Assessment

Research area Altechnology  Primary application Major benefits Key references
Cyber Risk Machine Continuous risk Automated risk identification Kalinin et al. (2021);
Assessment Learning evaluation and prioritization Ganesan et al. (2023)
Threat Deep Learning Malware and anomaly Higher detection accuracy and  Ghelani (2022); Rizvi
Detection detection reduced false positives (2023)
Predictive Cyber Predictive Threat forecasting Early identification of Raza (2021); Akter &
Defense Analytics emerging cyber threats Chow (2023)
Automated Al Automation Alert correlation and Faster containment and Ismail et al. (2023)
Incident response orchestration reduced response time
Response
Compliance and Intelligent Continuous auditing and  Improved regulatory Mohammed (2021)
Governance Automation compliance monitoring  compliance and governance
efficiency

Decision Explainable Al Risk scoring and security  Transparent, data-driven Karasaridis et al.
Support and Machine recommendations cybersecurity decisions (2018); Dalal (2018)

Learning

automating evidence collection, compliance verification, and
policy assessment, thereby reducing operational overhead
and improving governance transparency. Collectively, these
developments demonstrate that Al not only strengthens
cybersecurity risk assessment but also supports enterprise
governance, regulatory compliance, and strategic decision-
making through continuous monitoring and intelligent
automation.

Al-DRIVEN FRAMEWORK FOR
AuTtoMATED CYBERSECURITY RIsSK
ASSESSMENT

Al Risk Assessment Architecture

An Al-driven cybersecurity risk assessment framework
provides organizations with an intelligent mechanism for

100
[Z32 Traditional Cybersecurity Risk Assessment
Il Al-Driven Cybersecurity Risk Assessment

80 1

60

Performance (%)

40 A

20 A

Threat Detection Risk Prediction Response Time
Accuracy Capability Reduction

Vulnerability Compliance Continuous Monitoring
Prioritization Automation

Figure 1: Values represent illustrative performance scores (%) used to compare traditional and Al-driven cybersecurity
risk assessment approaches. Higher values indicate stronger performance, while response time reduction represents the
percentage improvement in response efficiency
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continuously identifying, evaluating, and prioritizing cyber
risks across enterprise environments. Unlike conventional
risk assessment models that depend on periodic manual
reviews, Al-enabled frameworks integrate machine learning
algorithms, deep learning models, predictive analytics, and
automated decision support to perform real-time security
monitoring. The framework continuously collects security
data from multiple sources, including network traffic,
endpoint devices, cloud platforms, security information
and event management (SIEM) systems, intrusion detection
systems (IDS), firewalls, vulnerability scanners, and threat
intelligence feeds. These heterogeneous datasets are
analyzed using Al models to detect anomalies, identify attack
patterns, and estimate the likelihood and potential impact of
cyber threats (Karasaridis et al., 2018; Ghelani, 2022).

The architecture consists of interconnected layers
that transform raw security information into actionable
intelligence. The data acquisition layer gathers structured
and unstructured cybersecurity data from enterprise assets.
The preprocessing layer removes redundant information,
normalizes datasets, and extracts relevant features for
machine learning algorithms. Al analytics engines then
classify vulnerabilities, identify abnormal behaviors, and
predict emerging threats using supervised, unsupervised,
and deep learning techniques. Finally, an intelligent decision
support module automatically generates dynamicrisk scores
and recommends mitigation strategies based on asset
criticality, threat severity, and organizational risk tolerance
(Dalal, 2018; Ganesan et al., 2023).

Data Sources and Intelligent Threat Analytics

Effective automated cybersecurity risk assessment depends
on comprehensive data integration. Al systems continuously
aggregate operational data from endpoint detection and
response (EDR) platforms, network monitoring tools, cloud
security services, vulnerability assessment reports, identity
and access management systems, and external cyber threat
intelligence repositories. By correlating these diverse datasets,
Al identifies hidden relationships among security events that
may be overlooked by traditional rule-based systems.
Machine learning algorithms detect deviations from
established behavioral baselines, enabling early identification
of insider threats, malware infections, ransomware activities,
privilege escalation, phishing campaigns, and advanced
persistent threats. Deep learning models further improve
detection accuracy by recognizing complex attack signatures
within high-dimensional datasets. Predictive analytics
continuously estimates future attack probabilities, allowing
security teams to implement proactive mitigation strategies
before vulnerabilities are exploited (Raza, 2021; Rizvi, 2023).

Machine Learning Models for Automated Risk
Prediction

Multiple Altechniques contribute to automated cybersecurity
risk assessment depending on organizational requirements

and data availability. Supervised learning models classify
known attack types using historical security incidents,
while unsupervised learning algorithms identify previously
unseen anomalies without requiring labeled datasets. Deep
neural networks improve malware detection and behavioral
analytics by recognizing sophisticated attack patterns across
large-scale enterprise environments.

Ensemble learning approaches such as Random Forest
and Gradient Boosting enhance prediction accuracy by
combining multiple classifiers, whereas reinforcement
learning supports adaptive cybersecurity systems capable
of continuously optimizing defensive actions in response
to evolving attack behaviors. Explainable Al techniques
complement these models by providing interpretable risk
predictions that improve analyst confidence and regulatory
compliance (Akter & Chow, 2023; Ghelani, 2022).

Automated Risk Scoring and Decision Support

The proposed framework employs dynamic risk scoring to
prioritize cybersecurity threats according to their likelihood,
severity, exploitability, business impact, and asset value.
Al models continuously update risk scores as new threat
intelligence and operational data become available,
ensuring that risk assessments accurately reflect the current
cybersecurity posture.

Automated decision support modules recommend
appropriate mitigation actions, including vulnerability
patching, network segmentation, access control adjustments,
endpoint isolation, and automated incident response.
Integration with Security Orchestration, Automation, and
Response (SOAR) platforms enables immediate execution
of predefined response playbooks, significantly reducing
incident response time and minimizing operational disruption
(Ismail et al., 2023). Additionally, Al-assisted compliance
monitoring continuously evaluates organizational security
controls against regulatory frameworks and internal
governance policies, facilitating audit readiness and
improving organizational resilience (Mohammed, 2021).

IMPLEMENTATION, EVALUATION, AND
ENTERPRISE GOVERNANCE

Al Implementation Strategy

The successful implementation of an Al-driven cybersecurity
risk assessment framework requires a structured lifecycle
that integrates data acquisition, intelligent analytics,
continuous learning, and automated decision support. The
implementation process begins with collecting cybersecurity
data from diverse sources such as Security Information and
Event Management (SIEM) platforms, Intrusion Detection
and Prevention Systems (IDS/IPS), endpoint protection
solutions, cloud monitoring services, vulnerability scanners,
and threat intelligence feeds. These heterogeneous datasets
are preprocessed and transformed into standardized features

~ SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology, Volume 17, Issue 4 (2025) 25



Artificial Intelligence for Automated Cybersecurity Risk Assessment

Table 2: Al Techniques and Functional Components for Automated Cybersecurity Risk Assessment

Aitechnique/component Primary function

Enterprise application

Expected benefit

Machine Learning Threat classification

Malware and behavioral
analysis

Deep Learning

Predictive Analytics Future risk estimation

Natural Language Processing  Threat intelligence

processing

Explainable Al Model interpretation

Reinforcement Learning Adaptive response

optimization

Automated Risk Scoring
Engine

Dynamic risk
prioritization

Automated incident
response

SOAR Integration

Compliance Intelligence
Module

Continuous compliance
monitoring

Network intrusion detection

Advanced persistent threat
detection

Vulnerability prioritization

Security intelligence analysis

Security governance and
auditing

Autonomous cyber defense
Enterprise risk management
Security operations center

(SOQ)

Governance and auditing

Improved detection
accuracy

Reduced false positives

Proactive cyber defense

Faster intelligence
correlation

Transparent decision-
making

Continuous learning and
adaptation

Real-time decision
support

Faster response and
containment

Improved regulatory
compliance

Source: Developed from Karasaridis et al. (2018); Dalal (2018); Mohammed (2021); Raza (2021); Ghelani (2022); Ganesan et al. (2023); Akter and

Chow (2023); Rizvi (2023); Ismail et al. (2023); Kalinin et al. (2021).
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Figure 2: Values represent illustrative relative contribution scores (%) of each Al technology to the specified cybersecurity
function. The segments within each bar collectively represent 100% of the estimated contribution across the six
technologies

suitable for machine learning and deep learning models
(Ghelani, 2022).

Following data preparation, Al models are trained
using supervised and unsupervised learning techniques to
identify anomalous behaviors, predict cyber risks, classify
vulnerabilities, and estimate the likelihood of successful
attacks. Continuous model retraining ensures that the
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framework adapts to emerging attack techniques, evolving
malware variants, and changing enterprise environments.
Automated risk scoring algorithms prioritize vulnerabilities
based on asset criticality, exploitability, threat intelligence,
and business impact, enabling security teams to allocate
resources efficiently (Ganesan et al., 2023). Integration with
Security Orchestration, Automation, and Response (SOAR)
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platforms further enables automated mitigation actions,
reducing response times and improving operational
resilience (Ismail et al., 2023).

Model Evaluation Metrics

Evaluating Al-based cybersecurity risk assessment systems
requires both predictive performance metrics and operational
effectiveness indicators. Classification metrics such as
Accuracy, Precision, Recall, F1-Score, and Receiver Operating
Characteristic—Area Under the Curve (ROC-AUC) measure the
ability of Al models to distinguish malicious activities from
legitimate events. False Positive Rate (FPR) and False Negative
Rate (FNR) are equally important because excessive false
alerts can overwhelm security analysts, while undetected
attacks expose organizations to significant risks (Raza, 2021).

Beyond predictive accuracy, operational metrics such
as Mean Time to Detect (MTTD), Mean Time to Respond
(MTTR), automated incident resolution rate, vulnerability
remediation time, and risk assessment coverage provide
a comprehensive evaluation of system performance.
Explainability metrics should also be considered to ensure
that Al-generated recommendations remain transparent,
interpretable, and trustworthy for cybersecurity professionals
and organizational stakeholders (Karasaridis et al., 2018;
Rizvi, 2023).

Enterprise Governance

Enterprise governance ensures that Al-enabled cybersecurity
risk assessment aligns with organizational objectives,
regulatory requirements, and ethical Al principles.
Governance frameworks should define clear accountability
for Al decision-making, establish policies for model validation,
and implement continuous monitoring of Al performance
throughout the system lifecycle. Risk governance committees

should periodically review Al-generated risk scores, verify
model outputs, and oversee the deployment of automated
security controls to minimize operational and legal risks
(Mohammed, 2021).

Organizations should also implement Human-in-
the-Loop (HITL) mechanisms for high-impact security
decisions, allowing cybersecurity experts to validate Al
recommendations before initiating critical response actions.
Comprehensive governance practices should include model
version control, audit logging, performance monitoring, bias
assessment, and periodic retraining to maintain reliability
and compliance. These measures enhance organizational
trust while ensuring that Al systems remain aligned with
evolving cybersecurity strategies and business objectives
(Akter & Chow, 2023).

Compliance Integration

Regulatory compliance is an essential component of
automated cybersecurity risk assessment. Al technologies
can continuously monitor organizational security controls,
identify policy violations, generate compliance reports, and
automate evidence collection for regulatory audits. This
capability significantly reduces manual auditing efforts while
improving compliance accuracy and operational efficiency
(Mohammed, 2021).

The framework should support internationally recognized
cybersecurity standards and governance frameworks,
including the NIST Cybersecurity Framework, ISO/IEC 27001,
Zero Trust Architecture principles, and applicable data
protection regulations. Al-driven compliance monitoring
enables organizations to detect deviations in real time,
prioritize remediation efforts, and maintain continuous
regulatory readiness. Integrating predictive risk analytics with
compliance automation strengthens organizational resilience

Table 3: Enterprise Implementation and Governance Framework for Al-Based Automated Cybersecurity Risk Assessment

Framework component  Primary Al function

Implementation activities

Expected organizational benefit

Continuous Data
Collection

Data Acquisition

Threat Detection and
Risk Prediction

Al Analytics Engine

Automated Risk
Scoring

Dynamic Risk
Prioritization

Incident Response Threat Containment

Automation Playbooks

Governance and Al Oversight and

Compliance Policy Enforcement

Monitoring
Performance Continuous Model
Evaluation Assessment

SIEM, IDS/IPS, Cloud Logs, Threat
Intelligence Integration

Machine Learning, Deep
Learning, Behavioral Analytics

Vulnerability Assessment,
Business Impact Analysis

SOAR Integration, Automated

Model Validation, Audit Logging,
Continuous Compliance

Accuracy, Precision, Recall, ROC-
AUC, MTTD, MTTR

Comprehensive cyber visibility

Early identification of cyber risks

Faster and more accurate risk
management

Reduced response time and
operational cost

Improved regulatory compliance
and trustworthy Al

Sustained Al effectiveness and
operational resilience

Source: Developed from Kalinin et al. (2021); Mohammed (2021); Ghelani (2022); Ganesan et al. (2023); Akter & Chow

(2023).
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Figure 3: Radar scores are illustrative normalized performance

values on a 0-100 scale. Higher scores indicate stronger

performance across the respective cybersecurity risk

assessment dimensions. The figureisintended to demonstrate

the comparative capability of traditional and Al-based
automated approaches

against evolving cyber threats while supporting effective
governance practices (Kalinin et al., 2021; Akter & Chow, 2023).

Automated Incident Response

Automated incident response extends Al capabilities beyond
risk identification by enabling intelligent threat containment
and remediation. Once high-risk events are detected, Al
systems can automatically classify incidents, correlate
alerts from multiple security tools, prioritize response
actions, and initiate predefined containment procedures.
Such automation minimizes response delays and reduces
the workload on cybersecurity analysts while limiting the
potential impact of cyberattacks (Ismail et al., 2023).
Modern Al-enabled response platforms incorporate
predictive analytics to anticipate attack progression,
recommend optimal mitigation strategies, and continuously
refine response actions using feedback from previous
incidents. The integration of machine learning with SOAR
technologies facilitates adaptive cybersecurity operations
capable of responding to both known and previously unseen
threats. This proactive approach significantly improves
organizational cyber resilience and supports continuous
security operations across cloud, enterprise, and critical
infrastructure environments (Dalal, 2018; Ghelani, 2022;
Rizvi, 2023).
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DiscussionN

Artificial Intelligence has fundamentally reshaped
cybersecurity risk assessment by enabling organizations
to move from reactive security practices to continuous,
predictive, and automated risk management. The integration
of machine learning, deep learning, and intelligent analytics
enables faster identification of vulnerabilities, improved
threat prioritization, and dynamic risk scoring across
increasingly complex digital ecosystems. Unlike conventional
assessment methods that rely heavily on manual analysis and
periodic reviews, Al-powered systems provide continuous
monitoring and adaptive decision-making, significantly
improving cyber resilience (Kalinin, Krundyshev, & Zegzhda,
2021; Raza, 2021).

The findings indicate that Al-driven cybersecurity
frameworks substantially enhance threat detection accuracy
and operational efficiency through automated analysis of
network traffic, endpoint activities, user behavior, and threat
intelligence feeds. Predictive analytics enables security teams
to anticipate emerging attack patterns before they result
in security incidents, while intelligent automation reduces
response time and minimizes the workload associated
with manual risk assessments (Dalal, 2018; Ghelani, 2022;
Rizvi, 2023). Furthermore, integrating Al with automated
incident response systems allows organizations to rapidly
contain cyber threats, prioritize remediation activities, and
support continuous security operations with minimal human
intervention (Ismail et al., 2023).

Anotherimportant observation is the growing role of Al in
enterprise governance and regulatory compliance. Al-based
compliance monitoring facilitates continuous auditing,
policy verification, and evidence generation, allowing
organizations to maintain stronger security governance
while reducing administrative overhead. Automated
compliance assessments also improve consistency in
evaluating cybersecurity controls across cloud, hybrid, and
critical infrastructure environments, supporting proactive
governance and regulatory readiness (Mohammed, 2021).
These capabilities demonstrate that Al is not only a technical
enabler but also an important component of organizational
risk governance.

The discussion further highlights that Al-based
cybersecurity risk assessment is most effective when
integrated with explainable decision-making, human
oversight, and adaptive governance mechanisms. Although
Al significantly improves detection accuracy and predictive
capabilities, organizations must address challenges related
to model transparency, adversarial attacks, data quality,
algorithmic bias, and evolving cyber threats. Continuous
model validation, secure data management, and governance
frameworks are therefore essential to maintaining trustworthy
and reliable Al-driven cybersecurity operations (Karasaridis,
Rexroad, & Velardo, 2018; Ganesan et al., 2023).

Overall, the study demonstrates that Artificial Intelligence
provides a scalable and intelligent foundation for automated
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cybersecurity risk assessment by combining predictive
threat analytics, dynamic risk prioritization, compliance
automation, and rapid incident response. As cyber threats
continue to evolve across enterprise, cloud, and critical
infrastructure environments, organizations that integrate Al
into their cybersecurity strategies will be better positioned
to strengthen resilience, improve operational efficiency, and
support informed, risk-based security decision-making (Akter
& Chow, 2023; Rizvi, 2023).

CONCLUSION

In essence, Artificial Intelligence has revolutionized
the way cybersecurity risk assessments are conducted,
offering automated, adaptive, and data-driven methods
to detect, assess, and reduce cyber risks in increasingly
complex digital landscapes. Al-based systems offer real-
time monitoring, predictive threat analysis, automated risk
ranking, and decision-making support, unlike traditional
evaluation techniques, which mainly rely on manual periodic
assessments. These Al capabilities enhance organizational
cyberresilience and bolster the security environment (Dalal,
2018; Karasaridis et al., 2018). The use of machine learning,
deep learning, and predictive analytics helps security teams
to identify emerging vulnerabilities with increased precision,
prioritize critical vulnerabilities, and proactively address new
attack vectors (Raza, 2021; Ghelani, 2022).

The study also showcases the ability of the Al-powered
cybersecurity risk assessment solution to go beyond threat
detection and enable governance, compliance automation
and enterprise-wide risk management. Automated auditing,
continuous compliance checking, and intelligent incident
response, enable enhanced operational efficiency, alongside
the elimination of manual security processes (Mohammed,
2021; Ismail et al., 2023). Moreover, dynamic risk assessment
frameworks offer organizations actionable insights into
safeguarding cloud platforms, critical infrastructure, smart
city ecosystems, and interconnected enterprise networks
from advanced cyber threats (Kalinin et al., 2021; Akter &
Chow, 2023).

While these are promising developments, there are
several challenges in implementing Al in cybersecurity,
including the need for high-quality cybersecurity data,
explainable and transparent Al models, sound governance
frameworks, and regular validation of Almodels to cope with
evolving threats and reduce false positive rates. To ensure that
automated decision-making is both trustworthy and reliable,
ethical, and compliant with regulatory needs, organizations
also need to have efficient human oversight, ethical use of Al,
and adaptive cybersecurity measures (Rizvi, 2023; Ganesan
et al,, 2023).

In summary, Al-driven automated cybersecurity risk
assessment is a promising step toward proactive cyber
defense, offering a comprehensive risk management solution
that integrates predictive intelligence, real-time monitoring,
and intelligent automation. Organizations that are smartly

adopting Al into cybersecurity governance are more likely
to withstand these increasingly large and sophisticated
cyber threats.Organizations that embrace Al strategically
in their cybersecurity governance stand a better chance
of resisting these growing in size and complexity. and
operational processes will be better positioned to enhance
resilience, accelerate incident response, optimize resource
allocation, and maintain secure, compliant, and sustainable
digital ecosystems (Raza, 2021; Akter & Chow, 2023; Kalinin
etal,, 2021).

REFERENCES

[1] Kalinin, M., Krundyshev, V., & Zegzhda, P. (2021).
Cybersecurity risk assessment in smart city infrastructures.
Machines, 9(4), 78.

[2] Raza, H.(2021).Proactive cyber defense with Al: Enhancing
risk assessment and threat detection in cybersecurity
ecosystems. Journal Name Missing.

[3] Ismail, B. I., Abdul, S., Khan, S. M., Sattar, S. A., &
Muhammad, S. (2023). Al for cyber security: Automated
incident response systems. Available at SSRN 5477114.

[4] Mohammed, A. (2021). Al in Cybersecurity: Enhancing
Audits and Compliance Automation. Available at SSRN,
5066097.

[5] Ghelani,D.(2022). Deep learning and artificial intelligence
framework to improve the cyber security.

[6] Ganesan, S., Indumathi, A., Subramani, K., Uma, N.,

Sugacini, M., & Kavishree, S. (2023). Cyber security risk

assessment and management using artificial intelligence

and machine learning. In Risk Detection and Cyber Security

for the Success of Contemporary Computing (pp. 198-217).

IGI Global.

Moetiara, E. (2025). Enhancing Contractor Health Risk

Governance in High-Hazard Industries: A Risk-Based

Prequalification and Monitoring Model from the Oil

and Gas Sector. Journal of Science Technology and Social

Transformation, 1(02), 17-25.

Anifowose, K. (2025). Development and Validation

of Al-Assisted Analytical Methods for Biochemical

Compound Detection in Pharmaceutical Chemistry.

Journal of Applied Pharmaceutical Sciences and Research,

8(4), 41-52.

Gamba, K., Chase, S., Guidinger, K., & Saine, C. (2025).

Empowered Healing: Unpacking Trauma from Within.

International Journal of Research and Innovation in Social

Science.

[10]Ravikumar, V. (2025). Therapeutic Bot: Ethical Concernsin
Al therapy for Neurodivergence. J Int Scient Re Rep.

[11]Areghan, E. (2025). Cyber Resilience in Digital Twin
and Smart Manufacturing Environments: Challenges,
Strategies, and Future Direction. Journal of Computational
Analysis and Applications, 34(8), 573-593.

[12]Awodire, M. (2025). Data governance and privacy-
by-design frameworks (GDPR/HIPAA) in multi-cloud
data pipelines. Journal of Data Analysis and Critical

[7

—

[8

[}

[9

—

~ SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology, Volume 17, Issue 4 (2025) 29



Artificial Intelligence for Automated Cybersecurity Risk Assessment

Management, 1(02), 116-126.

[13]Mehta, S. (2025). Enhancing Enterprise Data Governance
Maturity Through Cloud Based Data Integration
Frameworks in Modern Organizations. International
Journal of Technology, Management and Humanities,
11(01), 59-67.

[14]Jimoh, M., & Khadijah, A. (2025). Hydroinformatics and GIS
Integration for Intelligent Water Resource Management.
International Journal of Scientific Research in Science and
Technology, 12(3), 1470-14809.

[15]Begum, S., Hassaan, A., Hussain, M. A., Mudaber, M.,
Jamshaid, Z. A, Niaz, S., & Jobiullah, M. 1. (2025). Al-driven
fraud detection in real-time financial transactions: A deep
learning approach. Well Testing Journal, 34, 727-748.

[16]Areghan, E. (2025). Emerging Frontiers in Cybersecurity:
Navigating Al-Powered Threats, Quantum Risks, and the
Rise of Zero-Trust Architectures. International Journal of
Advanced Trends in Computer Science and Engineering 14
(3). 120, 136.

[1710juri, M. A. (2025). Ethical Al and QA-Driven Cybersecurity
Risk Mitigation for Critical Infrastructure. Euro Vantage
journals of Artificial intelligence, 2(1), 60-75.

[18]0molayo, O., Oloruntoba, O., Adepoju, S., & Audu, K.
(2025). Comparative Analysis of Graph Partitioning
Strategies for Enhancing Scalability and Performance in
Distributed Graph Databases.

[19]1Rehan, H., Janjua, J.1., Ali,R. A.,&Khan, T. A. (2025, December).
Al-Driven DNA Insights and Public Health Data Integration
for Enhancing Personal Healthcare in Critical Disease
Prevention. In 2025 International Conference on Al-Driven
STEM Education and Learning Technologies (AISTEMEDU)
(pp. 1-6). IEEE.

[20]Awodire, M. (2025). Master Data Management (MDM)
integration strategies in hybrid cloud environments. Journal
of Data Analysis and Critical Management, 1(04), 41-50.

[21]Ezeagwuna, D. (2025). Artificial Intelligence for IT
Service Management: Developing a Framework for ROI
Optimization Using Service Now and Machine Learning
Technologies. Well Testing Journal, 34(54), 394-419.

[22] Chukwu, M., Huang, X., Audu, K., Wang, H., & Subasish,
D. (2025). Unequal paths to nature: Mobile-phone insights
into park visits in nine major cities in the United States.
Urban Forestry & Urban Greening, 129196.

[23] Mehta, S. (2025). Role of Metadata Management and
Data Governance in Achieving Regulatory Compliance
in Enterprise Data Ecosystems. International Journal of
Technology, Management and Humanities, 11(02), 144-152.

[24] Ojuri, M. A. (2025). Quality Metrics for Cybersecurity
Testing: Defining Benchmarks for Secure Code. Well
Testing Journal, 34(S3), 786-801.

[25] Begum, S. (2025). Artificial intelligence and economic
resilience: A review of predictive financial modelling for
post-pandemic recovery in the United States SME sector.
International Journal of Innovative Science and Research
Technology, 10(7), 3620-3627.

30 SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology, Volume 17, Issue 4 (2025)

[26] Moetiara, E. (2020). Risk assessment of airborne PM2.
5 exposure of forest and land fire haze to petrol-pump
officers in Pekanbaru. Acta Scientific Medical Sciences,
4(9), 152-157.

[27]1 Adekoya, A. S. (2024). Enterprise Risk Compliance
Architecture in Systemically Important Banks: Integrating
Stress Testing, Capital Adequacy, and FX Exposure
Modeling. ADHYAYAN: A JOURNAL OF MANAGEMENT
SCIENCES, 14(02), 66-74.

[28] Anifowose, K. (2024). Development and Validation of
an HPLC-Based Analytical Method for Simultaneous
Quantification of Biomarkers in Human Biological
Samples. Well Testing Journal, 33(S2), 788-803.

[29] Adekoya, A.S.(2023). Managing Regulatory Complexity
in Emerging Market Banks: A Risk Governance Framework
for Exchange Rate Volatility Environments. ADHYAYAN: A
JOURNAL OF MANAGEMENT SCIENCES, 13(02), 70-76.

[30] Moetiara, E. (2023). Effectiveness of Integrated
Occupational Health Protection Programs During
Transboundary Haze Events: A Multi-Site Evaluation in the
Oil and Gas Sector. SRMS JOURNAL OF MEDICAL SCIENCE,
8(02), 161-166.

[31]1Adepojuy, S. A., & Adepoju, M. A. (2024). From Portals to
Case Graphs: A Reference Architecture and Benchmark
for Safety Investigation Operations with Agentic
Orchestration.

[32] Awodire, M. (2024). Zero-trust and least-privilege
IAM design in federal/regulated cloud deployments.
ADHYAYAN: A JOURNAL OF MANAGEMENT SCIENCES, 14(02),
84-93.

[33] Khan, H. A. (2024). DATA-DRIVEN EPIDEMIOLOGICAL
MODELING USING MACHINE LEARNING FOR DISEASE
SPREAD FORECASTING AND PUBLIC HEALTH DECISION
SUPPORT IN THE UNITED STATES. International Journal of
Applied Mathematics, 37(6s), 178-192.

[34] Areghan, E., & Ndibe, O. S. (2024). Explainable Al for
autonomous threat detection in critical infrastructure
systems. Journal of Computational Analysis and
Applications, 33(8), 6841-6857.

[35] Taiwo, S. O., Aramide, O. O., & Tiamiyu, O. R. (2024).
Explainable Al models for ensuring transparency in CPG
markets pricing and promotions. Journal of Computational
Analysis and Applications, 33(8), 6858-6873.

[36] Ojuri, M. A.(2024). Cybersecurity Vulnerability Testing as
a Core Component of Quality Assurance. Pioneer Research
Journal of Computing Science, 1(3), 122-138.

[37] Begum, S. (2025). Al at scale: Predictive analytics as
a strategic engine for national competitiveness in US
startup and small business financing. International Journal
of Progressive Research in Engineering Management and
Science Development, 2582, 7421.

[38] Nwaneto, C., Nwaneto, C. P, & Fasasi, S. T. (2024). The
Hidden Cost of Scope Ambiguity: Why OFCl vs. CFCI
Delineation Breaks Data Center Budgets. SAMRIDDHI: A
Journal of Physical Sciences, Engineering and Technology,

9



Artificial Intelligence for Automated Cybersecurity Risk Assessment

16(04), 214-222.

[39] Kola, J. N. (2024). Longitudinal Cohort Intelligence for
Self-Insured Employer Groups: A Predictive Framework for
Healthcare Cost Trajectory Modeling and Proactive Risk
Intervention. Journal of Information Systems Engineering
& Management, 10.

[40] Mehta, S. (2024). Architecting the Hub-and-Spoke
Governance Model: Balancing Centralized Guardrails
with Federated Domain Agility. SAMRIDDHI: A Journal
of Physical Sciences, Engineering and Technology, 16(04),
206-215.

[41]Ezeagwuna, D. (2024). Enterprise Workflow Automation
and Workforce Productivity: Evaluating the Economic
Benefits of Service Now Adoption Across Industries.
International Journal of Technology, Management and
Humanities, 10(04), 299-313.

[42]Ojuri, M. A. (2024). Integrating Cybersecurity Standards
into Software Quality Assurance Frameworks: A Holistic
Approach. Journal of Computer Science and Technology
Studies, 6(1), 258-271.

[43] Ojuri, M. A.(2021). Measuring Software Resilience: A QA
Approach to Cybersecurity Incident Response Readiness.
Multidisciplinary Innovations & Research Analysis, 2(4), 1-24.

[44] Nwaneto, C., Jimoh, A., & Nwaneto, C. P. (2024). Energy
Audit Comparison between Residential and Commercial
Buildings in Denver and Other Climate Zones. SAMRIDDHI:
AJournal of Physical Sciences, Engineering and Technology,
16(04), 223-235.

[45] Awodire, M. (2022). Trend Analysis in Recurring IT
Security Findings: What Repeated Vulnerabilities Reveal
About Systemic Control Weaknesses. International Journal
of Technology, Management and Humanities, 8(04), 119-145.

[46] Taiwo,S.0.(2022). PFAI™: A predictive financial planning
and analysis intelligence framework for transforming
enterprise decision-making. International Journal of
Scientific Research in Science Engineering and Technology,
10.

[47] Ojuri, M. A. (2022). The Role of QA in Strengthening
Cybersecurity for Nigeria’s Digital Banking Transformation.
Well Testing Journal, 31(1), 214-223.

[48] Ezeagwuna, D.(2022). Measuring Return on Investment
(ROI) in Enterprise Service Management: The Role of
Service Now in Enhancing Organizational Efficiency and
Cost Reduction. ADHYAYAN: A JOURNAL OF MANAGEMENT
SCIENCES, 12(02), 59-71.

[49] Ojuri, M. A. (2022). Cybersecurity Maturity Models as
a QA Tool for African Telecommunication Networks.
SAMRIDDHI: A Journal of Physical Sciences, Engineering and
Technology, 14(04), 155-161.

[50] Nwaneto, C., Fasasi, S. T., & Jimoh, A. (2025). Advanced
Building Information Modeling and Construction
Management Integration for Project Cost Control and
Schedule Optimization. SAMRIDDHI: A Journal of Physical
Sciences, Engineering and Technology, 17(01), 36-45.

[511Begum, S. (2022). Optimizing capital deployment in post-

pandemic America: Al-powered predictive analytics for
startup resilience and growth. International Journal of
Computer Applications Technology and Research, 11(12),
700-710.

[52] Ojuri, M. A. (2021). Evaluating Cybersecurity Patch
Management through QA Performance Indicators.
International Journal of Technology, Management and
Humanities, 7(04), 30-40.

[53] Areghan, E., & Onwuegbuchi, O. (2024). Predictive
Cyber Threat Analysis in Cloud Platforms Using Artificial
Intelligence and Machine Learning Algorithms. Applied
Science, Computing, and Energy, 1(1), 197-205.

[54] Kola, J. N. (2024). Longitudinal Cohort Intelligence for
Self-Insured Employer Groups: A Predictive Framework for
Healthcare Cost Trajectory Modeling and Proactive Risk
Intervention. Journal of Information Systems Engineering
& Management, 10.

[55] Ojuri, M. A. (2023). Risk-Driven QA Frameworks for
Cybersecurity in loT-Enabled Smart Cities. Journal of
Computer Science and Technology Studies, 5(1), 90-100.

[56] Taiwo, S. O., Aramide, O. O., & Tiamiyu, O. R. (2023).
Blockchain and federated analytics for ethical and secure
CPG supply chains. Journal of Computational Analysis and
Applications, 31(3), 732-749.

[57] Areghan, E. (2023). From Data Breaches to Deepfakes:
A Comprehensive Review of Evolving Cyber Threats and
Online Risk Management. Communication in Physical
Sciences, 9(4), 538-553.

[58] Awodire, M. (2023). Cost optimization strategies
(tagging, rightsizing, capacity planning) in enterprise
cloud operations. International Journal of Technology,
Management and Humanities, 9(04), 307-317.

[59] Ezeagwuna, D. (2023). The Impact of Low-Code/
No-Code Platforms on Business Innovation: A Study of
Service Now’s Contribution to Enterprise Agility and
Digital Growth. ADHYAYAN: A JOURNAL OF MANAGEMENT
SCIENCES, 13(02), 90-99.

[60] Taiwo, S. O., Tiamiyu, O. R., & Ayodele, O. M. (2023).
Unified predictive analytics architecture for supply chain
accountability and financial decision optimization in CPG
and manufacturing networks. Journal of Information
Systems Engineering and Management, 8(4).

[61]Ojuri, M. A. (2023). Al-Driven Quality Assurance for Secure
Software Development Lifecycles. International Journal of
Technology, Management and Humanities, 9(01), 2

[62] Dalal, A.(2018). Cybersecurity and artificial intelligence:
How ai is being used in cybersecurity to improve
detection and response to cyber threats. Turkish Journal
of Computer and Mathematics Education (TURCOMAT),
9(3), 10-61841.

[63] Akter, S., & Chow, S. H. (2023). Artificial Intelligence
for Cybersecurity and Cloud Security: Predictive Threat
Detection, Risk Analytics, and Decision Support for Critical
Infrastructure. Journal of Computer Science and Technology
Studies, 5(3), 203-217.

~ SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology, Volume 17, Issue 4 (2025) 31



Artificial Intelligence for Automated Cybersecurity Risk Assessment

[64] Karasaridis, A., Rexroad, B., & Velardo, P. (2018). Artificial  [65] Rizvi, M. (2023). Enhancing cybersecurity: The power of

intelligence for cybersecurity. In Artificial Intelligence for artificial intelligence in threat detection and prevention.
Autonomous Networks (pp. 231-262). Chapman and Hall/ International Journal of Advanced Engineering Research
CRC. and Science, 10(5), 055-060.

32 SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology, Volume 17, Issue 4 (2025) m



	_vmqjp5nqtsli

