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Abstract: Vulnerability management is a vital element of cybersecurity. While many organizations depend on external data sources such
as threat intelligence platforms to prioritize vulnerabilities, the potential for automation through machine learning (ML) is underutilized.
This paper presents a framework that employs ML models to automate vulnerability prioritization, enhancing the relevance and timeliness
of decision - making. By integrating internal asset data, threat intelligence, network communication patterns, and financial risk
assessments, organizations can more efficiently prioritize vulnerabilities in real - time, reducing risk and optimizing security investments.
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1. Introduction

Vulnerability management often requires significant manual
effort, making it a resource - intensive process. With the
increasing number of vulnerabilities and evolving cyber
threats, risk - based vulnerability management (RBVM)
solutions have been developed to prioritize vulnerabilities
based on asset criticality and risk exposure. However, manual
processes and static data make these solutions prone to
obsolescence.

Machine learning offers an opportunity to automate and
enhance vulnerability prioritization. ML models can evaluate
the risk posed by vulnerabilities dynamically, utilizing both
internal and external data sources to provide real - time
insights. This paper proposes an ML - based approach to
automate vulnerability prioritization while factoring in
financial risks to improve decision - making. By aligning
remediation efforts with financial outcomes, organizations
can allocate resources more effectively and improve risk
management.

2. Literature Review

Research has widely explored the application of machine
learning in cybersecurity, particularly in intrusion detection
(Buczak & Guven, 2016). However, ML’s role in automating
vulnerability prioritization remains underdeveloped. Most
current frameworks in vulnerability management depend on
traditional RBVM methods, which, while effective, do not
harness ML’s potential for continuous, adaptive prioritization.

Gordon and Loeb's (2002) economic model of information
security emphasizes aligning security efforts with potential
financial impact, a principle that is particularly relevant when
prioritizing vulnerabilities. Additionally, the Ponemon
Institute (2019) quantifies the financial implications of data
breaches, reinforcing the importance of integrating financial
risk considerations into the wvulnerability management
process.

3. Identifying Network Inventory and Scope

Accurately identifying and categorizing network assets is
foundational for effective vulnerability management.
Organizations typically use network inventory tools to gather
data about devices and systems, but it is crucial to determine
which assets fall within the security scope.

3.1. Identifying Critical Assets:

Network inventory tools identify devices based on IP
addresses, hostnames, and subnets. Security teams must
prioritize Class 1 assets which includes core systems to run
the business, such as systems in a demilitarized zone (DMZ)
or those subject to regulatory compliance, given their higher
risk profile.

3.2. Class 2 Assets and Communication Patterns:
Secondary assets (Class 2) that interact with critical systems
can propagate risk through shared communication paths.
Devices that connect to multiple networks (dual - homed
devices) can extend the security scope, increasing the overall
attack surface.

3.3. Subnet Communication Mapping:

Effective  vulnerability = management  requires  an
understanding of communication pathways between subnets.
Routers, firewalls, and access control lists (ACLs) must be
monitored continuously to prevent vulnerabilities from
propagating across subnets due to improper segmentation.
with

4. Automating Scope Identification

Machine Learning

Manually identifying network assets and subnets is time -
consuming and error - prone. ML models can automate this
process by analyzing traffic patterns, communication
behaviors, and threat intelligence data.

4.1 Dynamic Asset and Scope Identification:
ML models can analyze network traffic in real - time to

dynamically classify assets within the security scope. These
models can detect devices that communicate with critical
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assets, allowing security teams to maintain an accurate, up -
to - date view of their environment.

Dual - homed devices, which introduce complexity to
network structures, can also be detected by ML models,
enabling organizations to adapt their security posture in
response to changing conditions.

5. Prioritizing Vulnerabilities Using Machine
Learning

Once assets are identified and classified, vulnerabilities must
be prioritized based on dynamic risk factors. Traditional
prioritization methods often rely on static risk metrics such as
CVSS scores and asset criticality, but ML models offer greater
flexibility by incorporating real - time data.

5.1 Integrating Threat Intelligence and Vulnerability
Data:

ML models can aggregate data from multiple sources,
including Threat Intelligence platforms, the National
Vulnerability Database (NVD), the Exploit Prediction
Scoring System (EPSS), any incidents/events that may come
from SIEM internally and open - source intelligence
(OSINT). By combining threat intelligence with internal asset
data, the model can prioritize vulnerabilities based on real -
time activity, such as active exploits and potential impacts.

5.2 Adaptive Prioritization for Dynamic Environments:

The adaptability of ML enables real - time adjustments to
vulnerability prioritization. For example, if a Class 2 asset
communicates with a critical Class 1 system and is found to
have a new vulnerability, the model can reprioritize it
accordingly. This continuous adaptability ensures that
security efforts focus on the most relevant threats.

6. Tying Vulnerability
Financial Impact

Management  to

Organizations must consider financial implications when
determining vulnerability remediation priorities. By
integrating financial risk assessments into the ML model,
organizations can connect security investments with financial
outcomes.

6.1 Financial Risk Assessment

Gordon and Loeb (2002) emphasize that security spending
should align with financial risk. ML models can assess the
financial impact of vulnerabilities by considering the
potential cost of a breach (Ponemon Institute, 2019).
Vulnerabilities posing the highest financial risk can be
prioritized, ensuring resources are allocated effectively.

By incorporating financial risk into ML models, organizations
can justify security investments based on their return on
investment (ROI), leading to improved resource allocation
and better financial outcomes.

7. Conclusion

Machine learning offers a transformative opportunity for
automating vulnerability prioritization. By integrating
internal asset data, real - time threat intelligence,
communication patterns, and financial risk assessments,
organizations can develop dynamic, adaptive frameworks for
vulnerability management. As cyber threats continue to
evolve, automated vulnerability management systems will
enable organizations to stay ahead, ensuring that security
efforts remain focused on the most critical vulnerabilities,
optimizing both risk mitigation and financial investment.
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