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Introduction

As arfificial intelligence (Al) systems become increasingly embedded into
sensitive applications across healthcare, finance, critical infrastructure, and
defense, they bring with them a complex set of cybersecurity challenges. This
white paper outlines the primary cyber risks associated with Al integration and
presents key mitigation strategies for risk reduction and governance.

1. Data Security & Privacy Risks

Training Data Exposure: When Al models are trained on sensitive datasets (such
as patient records, financial transactions, or personal user data), improper data
handling or insufficient security controls can lead to unintentional data leaks. This
may occur during fraining, storage, or inference, especially if the model is
exposed via APIs or cloud services.

Data Poisoning: Malicious actors can deliberately insert corrupted or misleading
data into training datasets, causing the model to learn incorrect associations.
This manipulation can degrade model performance or infroduce hidden
behaviors, resulting in security vulnerabilities or inaccurate predictions.

Shadow Data: Al systems may generate or depend on undocumented and
unmonitored copies of data during preprocessing, caching, or temporary
storage. These shadow datasets increase the risk of unauthorized access and
data leakage, especially when not covered by data governance policies.
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2. Model Exploitation Risks

Adversarial Attacks: These attacks involve subtly manipulating inputs in a way
that deceives Al systems into making incorrect decisions. For example, slightly
altered images may bypass facial recognition, or crafted texts may trick
senfiment analysis or filtering tools.

Model Inversion: Inversion attacks aim to reconstruct original training data from
the model's outputs or parameters. In healthcare or biometric applications,
attackers may be able to regenerate sensitive images or attributes, leading to
serious privacy violations.

Prompt Injection (LLMs): Prompt injection involves manipulating language model
inputs to override system instructions or cause models to output unauthorized,
misleading, or malicious content. This can lead to data leakage or security
breaches when LLMs are used in chatbots or virtual assistants.

3. Trust, Bias & Misuse

Algorithmic Bias: Bias arises when training data reflects societal or historical
inequalities, leading to discriminatory outcomes. In applications like loan
approvals or hiring, biased Al models can perpetuate systemic injustice.

Model Hadllucinations: LLMs and generative models can fabricate plausible but
false information, especially when answering queries beyond their training
scope. This poses serious risks in legal, healthcare, or technical environments.

Misuse by Insiders: Privileged users may intentionally abuse Al tools to extract
sensitive data, monitor peers, or generate unauthorized outputs. Without robust
access controls and auditing, insider threats remain a significant concern.
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4. Supply Chain & Dependency Risks

Third-Party Al Integrations: Organizations often integrate external Al services
(e.g., LLM APIs, ML-as-a-Service) that may lack transparency or strong security
conftrols. These dependencies can infroduce unanticipated risks.

Model Supply Chain Attacks: Attackers may compromise pretrained models or
training scripts distributed through open-source channels. Embedding
backdoors in such models can lead to undetectable exploitation post-
deployment.

SBOM for Al Models: A Software Bill of Materials (SBOM) for Al models lists
components, datasets, and libraries used in their development. Without SBOMs,
it becomes difficult to assess and mitigate vulnerabilities in Al model supply
chains.

5. Governance & Explainability Gaps

Opaque Decision-Making: Many Al models, particularly deep learning systems,
operate as 'black boxes'—their reasoning is difficult to interpret. This limits the
ability to audit or justify decisions, raising accountability issues.

Lack of Human Oversight: Al systems may make critical decisions without
sufficient human intervention. Automation bias causes users to blindly frust
outputs, increasing the risk of errors and harm.

Non-Compliance: Regulations such as GDPR, HIPAA, or Canada’s AIDA
demand explainability and traceability in automated decisions. Black-box Al
systems may struggle to comply, risking fines or loss of trust.
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6. Availability & Manipulation Risks

Denial of Al Services (DoAlIS): Attackers can overload Al inference services by
sending a high volume of requests, consuming computational resources and
denying legitimate access.

Prompt Flooding: For LLMs, this involves submitting malformed or excessive
prompts that overwhelm model logic, degrade performance, or cause
unexpected behavior.

Model Drift: Over time, changing data distributions or evolving use cases can
cause Al models to perform poorly or diverge from expected behavior, creating
security and reliability risks.

7. Emergent Behavior & Autonomy Risks

Unintended Autonomy: In complex systems, autonomous Al agents might take
unforeseen actions, such as unauthorized transactions or system modifications,
especially in high-frequency trading or |oT control environments.

Goal Misalignment: If objectives or constraints are misinterpreted, Al may
optimize for undesired outcomes (e.q., prioritizing efficiency over safety).
Misaligned goals can lead to dangerous behavior in sensitive domains.

Al-Generated Attacks: Malicious actors can use Al to automate cyberattacks,
including phishing, malware generation, or vulnerability discovery, increasing
attack scale and sophistication.
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Mitigation Strategies

Al-Specific Threat Modeling: Use frameworks like MITRE ATLAS to identify and
assess Al-related threats during design and deployment.

Input Validation & Prompt Filtering: Ensure input data is sanitized and validated
to prevent injection, poisoning, or adversarial manipulations.

Human-in-the-Loop: Critical decisions should be reviewed by humans, especially
in high-risk applications, to ensure accountability and control.

Explainability & Auditing: Leverage tools like SHAP or LIME to interpret Al outputs
and maintain audit logs for traceability and compliance.

Secure ML Pipelines: Enforce security across model development, fraining,
deployment, and monitoring stages, including data lineage tracking.

Zero Trust Architecture: Apply Zero Trust principles to Al systems by verifying
identity, least-privilege access, and continuous monitoring of interactions with Al
components.

Al-Specific Threat Modeling: A systematic approach to identifying potential
threats, vulnerabilities, and attack vectors specific to Al/ML systems. Using
frameworks like MITRE ATLAS, organizations can identify threats such as data
poisoning, adversarial attacks, and model inversion throughout the Al lifecycle.
This aids in defining early security controls, guiding red-teaming efforts, and
aligning with secure-by-design principles.
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Input Validation & Prompt Filtering: This involves sanitizing and validating all input
data to prevent attacks such as prompt injection, data poisoning, or adversarial
manipulation. For LLMs, context-aware filtering and prompt moderation should
be used to mitigate risks. Pair with monitoring and rate-limiting fo manage
abuse.

Human-in-the-Loop: This strategy ensures that critical decisions made by Al,
especially in sensitive domains like healthcare or finance, are reviewed by

qualified humans. This reduces risks from automation bias, hallucinations, or
model misinterpretations. It balances efficiency with ethical accountability.

Explainability & Auditing: Enabling fransparency in Al decision-making is crucial
for compliance and trust. Techniques like SHAP and LIME can interpret how
features impact outputs. Audit logs must tfrack inputs, outputs, model versions,
and user actions to ensure traceability and fulfill regulatory obligations.
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