International Scientific Journal “Internauka’ https://doi.org/10.25313/2520-2057-2024-11

Information technology
UDC 004
Mozolevskyi Dmytro

Full stack software engineer

SECURITY RISK ASSESSMENT MODEL FOR Al IMPLEMENTATION
IN CORPORATE SYSTEMS

Summary. The integration of artificial intelligence (Al) into corporate
systems creates new opportunities for business process optimization, efficiency
improvements, and enhanced decision-making. However, Al implementation also
introduces risks related to data security, privacy, ethical considerations, and system
resilience. This article proposes a security risk assessment model that enables
organizations to identify, analyze, and mitigate threats arising from Al integration
into corporate systems. Qur approach encompasses vrisk identification,
classification, assessment, and management strategy development to enhance the
security and resilience of corporate systems utilizing Al
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assessment model.

Introduction. Artificial intelligence has become an integral part of modern
corporate systems, with applications in process automation, big data analysis,
forecasting, and risk management. However, Al implementation brings new
cybersecurity challenges, including algorithm vulnerabilities, data breaches, attacks
on machine learning models, and ethical dilemmas. To ensure safe Al usage, a

systematic risk assessment approach is necessary that considers both technical and
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organizational aspects. The model proposed in this article enables companies to
effectively manage and minimize risks associated with Al implementation.

Risk Identification. The foundation of effective risk management begins with
thorough identification of potential threats associated with Al implementation.
Organizations must consider a spectrum of risk categories to create a comprehensive
security framework.

Cybersecurity vulnerabilities represent one of the most significant concerns
with Al systems. Modern Al models, especially those based on machine learning,
face various attack vectors. Poisoning attacks, where malicious actors introduce
distortions into training data, can cause models to make incorrect decisions—
particularly dangerous in critical domains like finance or healthcare. Evasion attacks
involve modifying input data to deceive the model, such as adding imperceptible
noise to images that cause facial recognition systems to fail. Model extraction,
another serious threat, occurs when attackers attempt to recreate or steal an Al model
by systematically querying its API. This can lead to intellectual property theft and
compromise critical business processes.

Privacy concerns naturally arise when Al systems process large volumes of
data, including personal information of employees and customers. If an Al system
analyzing customer data is compromised, sensitive information like credit card
numbers or medical records could be exposed. Even with careful anonymization,
modern techniques can often de-anonymize data, creating persistent privacy risks
that organizations must address through robust safeguards and protocols.

Ethical risks emerge as Al systems may develop biases that lead to
discrimination or unfair decisions. Recruitment algorithms might inadvertently
evaluate candidates subjectively based on gender, age, or race, potentially leading to

legal challenges and reputational damage. The "black box" nature of many Al
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systems creates transparency problems, particularly when customers or employees
demand explanations for decisions that systems cannot adequately provide.

Operational challenges occur when Al systems fail or produce inaccurate
results. Errors in demand forecasting algorithms might cause supply interruptions or
excess inventory, resulting in financial losses and customer dissatisfaction. "Data
drift," where changing real-world conditions make models progressively less
accurate, necessitates continuous monitoring and model updates, increasing
operational complexity and costs.

Regulatory compliance becomes increasingly complex as laws like GDPR
and CCPA impose strict requirements on data handling and algorithmic decision-
making. Organizations may face significant fines if Al systems process personal data
without proper consent or transparency. In some jurisdictions, requirements for
explainable Al decisions present technical challenges for complex models like deep

neural networks, requiring specialized approaches to maintain compliance.
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Al Risk Categories and Examples

GDPR/CCPA Violations: Processing data without consent.
Explainability Requirements: Complex Al lacks transparency.

System Failures: Forecasting errors in supply chains.

Operational Challenges Data Drift: Changes reduce model accuracy over time.

Algorithmic Bias: Discrimination in Al decisions.
Lack of Transparency: 'Black box' decision-making.

Data Exposure: Compromised sensitive data.

Privacy Concerns De-anonymization: Reverse anonymization techniques.

Poisoning Attacks: Distort training data.
Evasion Attacks: Modify inputs to deceive models.
Model Extraction: Steal or recreate Al models.

Risk Classification and Prioritization

After identifying potential risks, organizations must classify and prioritize
them according to their business impact and probability. This process helps focus
limited resources on the most critical threats.

The risk matrix approach provides a visual framework for evaluating threats
based on two key dimensions: probability of occurrence and potential impact. Low-
risk scenarios, such as minor Al malfunctions that are easily corrected, occupy the
lower left quadrant of the matrix. Medium risks, like data breaches that require
significant resources to address but won't catastrophically impact operations, fall in
the middle. High-risk scenarios, such as attacks that completely disable critical Al

systems, appear in the upper right quadrant and demand immediate attention.
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Prioritization follows naturally from classification, with high-priority risks
requiring immediate intervention. For example, the potential leakage of customer
personal data might demand immediate implementation of enhanced encryption and
access controls. Medium-priority risks, like algorithm bias, can be addressed
systematically over the medium term through regular audits and model refinements.
Low-priority concerns can be managed with routine monitoring and addressed as
resources permit.

Risk Assessment Methodologies

Effective risk management requires thorough assessment methodologies that
quantify both the likelihood and potential consequences of identified threats.

Scenario analysis provides valuable insights by modeling various situations
where risks might materialize. By simulating an attack on a financial management
system, for instance, organizations can estimate potential financial losses and
evaluate response capabilities. These scenarios help stakeholders understand
concrete implications and build appropriate contingency plans.

Expert evaluations bring specialized knowledge to risk assessment processes.
Cybersecurity and Al specialists can identify subtle vulnerabilities that automated
tools might miss and propose tailored mitigation strategies. Their experience with
emerging threats provides invaluable context for assessing novel Al risks that lack
historical precedent.

Statistical analysis leverages historical data on previous incidents to estimate
probabilities and impacts. By analyzing patterns in past data breaches or system
failures, organizations can develop more accurate risk models. This evidence-based
approach helps quantify risks and justify appropriate security investments.

Comprehensive Risk Management Strategies

Managing Al security risks requires a multi-faceted approach that addresses

prevention, detection, response, and organizational culture.
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Prevention strategies focus on reducing the likelihood of security incidents
through proactive measures. Data encryption protects sensitive information even if
systems are compromised, while data anonymization reduces the value of any
potentially leaked information. Regular system updates close security vulnerabilities
before they can be exploited, creating multiple layers of defense.

Detection capabilities allow organizations to identify threats before they cause
significant damage. Advanced monitoring systems like SIEM platforms track
unusual activity patterns that might indicate attacks in progress. Early warning
systems enable security teams to intervene before minor issues become major
breaches.

Incident response planning acknowledges that some security events will
inevitably occur despite preventative measures. By developing detailed response
procedures and creating robust backups of data and algorithms, organizations can
minimize downtime and data loss when incidents occur. Regular drills help teams
practice their response capabilities under realistic conditions.

Employee awareness forms a critical component of security, as human factors
often represent the weakest link in security systems. Comprehensive training
programs help staff recognize phishing attempts, understand data protection
protocols, and appreciate their role in maintaining Al system security. Creating a

security-conscious culture proves as important as technical safeguards.
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Real-World Application Example
To illustrate the practical application of this risk assessment model, consider
an Al-powered personnel management system. The organization implementing this

system would first identify key risks, including potential leakage of employee

personal data and algorithm bias in candidate selection processes.

After classification, data leakage would likely emerge as a high-risk concern

due to its high probability and significant potential damage to both employees and
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the organization. Algorithm bias might be classified as a medium risk, with moderate
probability and impact that could gradually affect workforce diversity and
potentially trigger discrimination complaints.

Through thorough assessment using scenario analysis and expert consultation,
the organization would confirm that data leakage could lead to substantial financial
penalties, legal liability, and reputational harm. Bias evaluations would reveal
potential impacts on workplace culture and hiring effectiveness that might
accumulate over time.

Based on these assessments, the organization would implement a multi-
layered risk management strategy. This would include robust data encryption and
anonymization protocols, regular algorithm audits with diverse testing data, and
comprehensive employee training on data protection best practices. Ongoing
monitoring would track system performance and detect emerging issues before they
could cause significant harm.

Conclusion. The introduction of artificial intelligence (Al) into enterprise
systems opens up new business opportunities, but also comes with significant risks
that require careful management. Cybersecurity, data privacy, ethical aspects,
operational complexities, and regulatory requirements are all factors that need to be
taken into account for the successful integration of Al. The proposed security risk
assessment model provides a systematic approach to threat management, including
risk identification, classification, assessment, and mitigation. Using tools such as a
risk matrix and scenario analysis, companies can not only identify potential threats
but also effectively allocate resources to address them. Particular attention is paid to
data protection, preventing attacks on machine learning models, and ensuring the
transparency and fairness of algorithms.

Successful implementation of Al requires not only technological innovations,

but also a comprehensive approach to risk management. Regular auditing of
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algorithms, employee training, implementation of modern data protection methods,
and compliance with regulatory requirements are all key elements for risk
minimization. Only in this way can companies realize the full potential of Al while
ensuring security, resilience, and trust from employees, customers, and regulators.
Ultimately, the proposed risk assessment model helps organizations not only avoid
losses, but also create a reliable foundation for the long-term use of Al in enterprise

systems.
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