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Professional Certificate in Blockchain and AI Governance

Risk Management and Audit of Intelligent Systems

Adversarial Machine Learning refers to the study of how attackers can exploit vulnerabilities in machine
learning models to cause them to make incorrect predictions or behave unexpectedly. This concept is
central to the risk management of intelligent systems because it highlights the fragility of algorithmic
decision-making when faced with malicious input. Adversarial examples are inputs that have been
intentionally modified to deceive a model, such as adding imperceptible noise to an image to cause a
classification error. In the context of blockchain and AI governance, understanding adversarial attacks is
crucial for developing robust systems that can withstand manipulation. Related terms include adversarial
attacks, robustness, and evasion attacks. The risk associated with adversarial machine learning is significant
in high-stakes environments like autonomous vehicles or financial fraud detection, where a single
misclassification can lead to severe consequences. Governance frameworks must include protocols for
testing model robustness against such attacks. Self-paced reading on this topic often involves exploring
case studies where small perturbations in data led to catastrophic failures in AI systems. Knowledge checks
might ask learners to identify the difference between white-box and black-box adversarial attacks. White-
box attacks assume the attacker has full knowledge of the model’s architecture and parameters, while
black-box attacks rely on querying the model to infer its behavior. Optional self-reflection could involve
considering how an organization might prioritize the defense against adversarial attacks based on the
potential impact of model failure. The challenge lies in the fact that defenses against one type of attack may
leave the model vulnerable to another, creating an ongoing arms race between attackers and defenders.

Algorithmic Bias is the systematic and repeatable error in a computer system that creates unfair outcomes,
such as privileging one arbitrary group of users over others. This bias often stems from the training data,
which may reflect historical prejudices or sampling errors, rather than the algorithm itself. In intelligent
systems, algorithmic bias can lead to discriminatory practices in hiring, lending, law enforcement, and
healthcare. Risk management strategies must include rigorous bias audits to detect and mitigate these
disparities. Related terms include fairness, discrimination, and representational harm. The governance of AI
systems requires a clear definition of fairness, which can vary depending on the context and the
stakeholders involved. For example, demographic parity requires that the prediction rate is the same across
different groups, while equalized odds requires that the true positive and false positive rates are equal
across groups. Self-paced learning on algorithmic bias often involves examining real-world examples where
AI systems failed to account for diverse populations. Knowledge checks might focus on identifying the
sources of bias in a given dataset, such as historical bias, measurement bias, or aggregation bias. Optional
self-reflection could involve considering the ethical implications of deploying a biased system and the
responsibility of developers to ensure fairness. The challenge in addressing algorithmic bias is that different
fairness metrics can be mutually exclusive, meaning that optimizing for one metric may violate another. This
trade-off requires careful consideration and stakeholder engagement to determine the most appropriate
fairness criterion for a specific application.

Anomaly Detection is the process of identifying rare items, events, or observations which raise suspicions by

Read online: https://learnuni.com/glossaries/5309218/risk-
management-and-audit-of-intelligent-systems

LearnUNI · 14 Sep 2026



G LO S S A RY

differing significantly from the majority of the data. In the context of intelligent systems, anomaly detection
is used to identify fraudulent transactions, network intrusions, equipment failures, and other irregularities.
This technique is essential for risk management as it helps in early detection of threats that could
compromise system integrity. Related terms include outlier detection, novelty detection, and statistical
process control. There are various approaches to anomaly detection, including statistical methods, machine
learning-based methods, and deep learning-based methods. Statistical methods assume that the data
follows a known distribution and identify points that deviate from this distribution. Machine learning
methods, such as isolation forests and one-class support vector machines, learn the pattern of normal
behavior and flag deviations. Deep learning methods, such as autoencoders, can capture complex patterns
in high-dimensional data. Self-paced reading on anomaly detection often covers the differences between
supervised, unsupervised, and semi-supervised learning approaches. Knowledge checks might ask learners
to choose the appropriate anomaly detection method for a given scenario. Optional self-reflection could
involve considering the challenges of defining what constitutes an anomaly in a dynamic environment
where normal behavior changes over time. The challenge in anomaly detection is the high rate of false
positives, which can lead to alert fatigue and reduced trust in the system. Effective governance requires
balancing sensitivity and specificity to ensure that true anomalies are detected without overwhelming users
with false alarms.

Audit Trail is a security-relevant chronological set of records that provides documentary evidence of the
sequence of activities that have accessed or affected any operation, procedure, or event. In intelligent
systems, an audit trail is crucial for accountability and transparency, allowing auditors to trace decisions
back to their origins. This is particularly important in blockchain systems, where the immutable ledger serves
as a permanent audit trail. Related terms include logging, monitoring, and forensic analysis. The audit trail
should capture who did what, when, where, how, and why. In AI systems, this includes recording the inputs,
outputs, model versions, and hyperparameters used in each prediction. Self-paced learning on audit trails
often involves understanding the technical requirements for logging in distributed systems. Knowledge
checks might focus on the key attributes of a robust audit trail, such as immutability, completeness, and
accessibility. Optional self-reflection could involve considering the privacy implications of maintaining
detailed audit trails, especially when sensitive personal data is involved. The challenge in maintaining audit
trails for intelligent systems is the volume and velocity of data generated by these systems. Effective
governance requires implementing efficient storage and retrieval mechanisms to ensure that audit data is
available when needed without compromising system performance.

Blockchain is a distributed, decentralized, and immutable digital ledger that records transactions across
many computers so that the record cannot be altered retroactively without the alteration of all subsequent
blocks and the consensus of the network. In the context of AI governance, blockchain can provide a
transparent and tamper-proof record of data provenance, model training, and decision-making processes.
This enhances trust and accountability in intelligent systems. Related terms include distributed ledger
technology, smart contracts, and consensus mechanisms. Blockchain can be used to create a decentralized
identity system, ensuring that data subjects have control over their personal information. It can also be used
to incentivize the sharing of data for AI training through tokenization. Self-paced reading on blockchain
often covers the basics of cryptographic hashing and the structure of blocks and chains. Knowledge checks
might ask learners to explain the difference between public, private, and consortium blockchains. Optional
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self-reflection could involve considering the scalability and energy efficiency challenges of blockchain
technology. The challenge in integrating blockchain with AI is the computational overhead and the need for
interoperability between different systems. Effective governance requires careful design of the blockchain
architecture to ensure that it meets the specific needs of the AI application.

Consent Management refers to the processes and technologies used to obtain, record, and manage user
consent for the collection and processing of personal data. In intelligent systems, consent management is
crucial for compliance with data protection regulations such as the General Data Protection Regulation
(GDPR) and the California Consumer Privacy Act (CCPA). This involves ensuring that users are informed
about how their data will be used and have the ability to withdraw consent at any time. Related terms
include data privacy, informed consent, and opt-in/opt-out mechanisms. Consent management platforms
can automate the process of collecting and storing consent records, ensuring that they are easily accessible
for audit purposes. Self-paced learning on consent management often involves understanding the legal
requirements for valid consent, such as it being freely given, specific, informed, and unambiguous.
Knowledge checks might focus on the best practices for designing user interfaces that facilitate informed
consent. Optional self-reflection could involve considering the challenges of managing consent in a multi-
jurisdictional environment where laws vary. The challenge in consent management for AI systems is the
complexity of data flows and the difficulty of ensuring that consent is respected throughout the entire data
lifecycle. Effective governance requires implementing robust consent management systems that can handle
the dynamic nature of AI applications.

Data Provenance is the chronology of the custody, ownership, or location of an article, object, or work of
art. In the context of intelligent systems, data provenance refers to the history of data, including its origin,
transformations, and movements. This is essential for ensuring the quality, integrity, and trustworthiness of
data used in AI models. Related terms include data lineage, data traceability, and metadata. Data
provenance can help in identifying the source of errors or biases in AI models by tracing them back to the
original data sources. It also supports compliance with regulatory requirements for data transparency. Self-
paced reading on data provenance often covers the technical methods for recording and storing
provenance information, such as using ontologies or blockchain. Knowledge checks might ask learners to
identify the key elements of a data provenance record. Optional self-reflection could involve considering
the challenges of maintaining data provenance in complex, multi-stage data processing pipelines. The
challenge in data provenance is the volume and complexity of data flows in modern AI systems, which can
make it difficult to track every transformation. Effective governance requires implementing automated tools
for capturing and managing data provenance information.

Explainable AI (XAI) refers to methods and techniques in the field of artificial intelligence that allow human
users to understand, trust, and effectively manage the outcome of machine learning models. As AI models
become more complex, particularly deep learning models, they often act as black boxes, making it difficult
to understand how they arrive at their decisions. XAI addresses this by providing insights into the model’s
reasoning process. Related terms include interpretability, transparency, and model accountability. XAI
techniques can be post-hoc, meaning they explain the model after it has made a prediction, or intrinsic,
meaning the model is designed to be interpretable from the start. Examples of post-hoc techniques include
LIME and SHAP, which highlight the features that contributed most to a specific prediction. Self-paced
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learning on XAI often involves exploring different explanation methods and their limitations. Knowledge
checks might focus on the trade-offs between model accuracy and interpretability. Optional self-reflection
could involve considering the ethical implications of deploying non-explainable models in high-stakes
domains. The challenge in XAI is that explanations may not always be accurate or complete, and they may
not be understandable to all stakeholders. Effective governance requires defining the level of explainability
required for different applications and ensuring that explanations are meaningful and actionable.

Fairness Metrics are quantitative measures used to assess the fairness of an AI system. These metrics help in
identifying and mitigating bias in algorithmic decision-making. Different fairness metrics capture different
notions of fairness, and the choice of metric depends on the specific context and goals of the application.
Related terms include algorithmic bias, discrimination, and equity. Common fairness metrics include
demographic parity, equalized odds, and individual fairness. Demographic parity requires that the
prediction rate is the same across different groups, while equalized odds requires that the true positive and
false positive rates are equal across groups. Individual fairness requires that similar individuals are treated
similarly. Self-paced reading on fairness metrics often involves understanding the mathematical definitions
and implications of each metric. Knowledge checks might ask learners to calculate fairness metrics for a
given dataset. Optional self-reflection could involve considering the societal impact of different fairness
definitions and the potential for unintended consequences. The challenge in using fairness metrics is that
they can be conflicting, and optimizing for one metric may violate another. Effective governance requires a
multi-metric approach and stakeholder engagement to determine the most appropriate fairness criteria.

Governance Framework is a structured set of policies, procedures, and controls that guide the management
and oversight of intelligent systems. A governance framework ensures that AI systems are developed and
deployed in a responsible, ethical, and compliant manner. It covers aspects such as data management,
model development, deployment, monitoring, and retirement. Related terms include AI ethics, risk
management, and compliance. A robust governance framework should include clear roles and
responsibilities, decision-making processes, and accountability mechanisms. It should also address issues
such as transparency, explainability, and fairness. Self-paced learning on governance frameworks often
involves studying existing standards and guidelines, such as those from the National Institute of Standards
and Technology (NIST) or the European Union. Knowledge checks might focus on the key components of an
effective governance framework. Optional self-reflection could involve considering how to tailor a
governance framework to the specific needs and risks of an organization. The challenge in implementing a
governance framework is ensuring that it is practical and scalable, and that it does not hinder innovation.
Effective governance requires a balance between regulation and flexibility.

Immutable Ledger is a type of database in which records cannot be altered or deleted once they have been
written. This property is fundamental to blockchain technology and provides a high level of security and
trust. In the context of AI governance, an immutable ledger can be used to record critical events, such as
model updates, data access, and decision outcomes, ensuring that there is a permanent and tamper-proof
record. Related terms include blockchain, distributed ledger, and cryptographic hashing. The immutability of
the ledger ensures that any attempt to alter the record is immediately detectable. This is particularly useful
for audit purposes and for establishing accountability. Self-paced reading on immutable ledgers often
covers the cryptographic techniques used to ensure immutability, such as hash functions and digital
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signatures. Knowledge checks might ask learners to explain how immutability is achieved in a blockchain
system. Optional self-reflection could involve considering the implications of immutability for data privacy
and the right to be forgotten. The challenge with immutable ledgers is that errors or malicious entries
cannot be easily corrected, requiring careful validation before writing data to the ledger. Effective
governance requires implementing robust validation mechanisms and access controls.

Model Drift refers to the degradation of a machine learning model’s performance over time due to changes
in the data distribution or the underlying relationships between variables. This can occur due to changes in
user behavior, market conditions, or other external factors. Monitoring for model drift is essential for
maintaining the accuracy and reliability of intelligent systems. Related terms include concept drift, data drift,
and performance monitoring. There are two main types of drift: Data drift, where the distribution of input
data changes, and concept drift, where the relationship between input and output changes. Self-paced
learning on model drift often involves understanding the statistical methods for detecting drift, such as
hypothesis testing and control charts. Knowledge checks might focus on the strategies for mitigating model
drift, such as retraining the model with new data or updating the model architecture. Optional self-
reflection could involve considering the costs and benefits of frequent model retraining. The challenge in
managing model drift is determining the appropriate threshold for triggering a retraining process, as too
frequent retraining can be costly, while too infrequent retraining can lead to poor performance. Effective
governance requires implementing automated monitoring and alerting systems.

Privacy-Preserving Machine Learning refers to techniques that allow machine learning models to be trained
and deployed without exposing sensitive data. This is crucial for protecting user privacy and complying with
data protection regulations. Related terms include differential privacy, federated learning, and
homomorphic encryption. Differential privacy adds noise to the data or the model’s output to ensure that
the presence or absence of any individual’s data cannot be determined. Federated learning allows models
to be trained across multiple decentralized devices or servers holding local data samples, without
exchanging them. Homomorphic encryption allows computations to be performed on encrypted data,
producing an encrypted result that, when decrypted, matches the result of operations performed on the
plain text. Self-paced reading on privacy-preserving machine learning often covers the theoretical
foundations and practical implementations of these techniques. Knowledge checks might ask learners to
compare the trade-offs between different privacy-preserving methods. Optional self-reflection could involve
considering the impact of privacy-preserving techniques on model accuracy and computational efficiency.
The challenge in privacy-preserving machine learning is balancing privacy guarantees with model utility, as
stronger privacy protections often lead to lower accuracy. Effective governance requires careful selection of
privacy parameters based on the sensitivity of the data and the requirements of the application.

Risk Assessment is the process of identifying, analyzing, and evaluating risks associated with intelligent
systems. This involves determining the likelihood and impact of potential threats and vulnerabilities. Risk
assessment is a key component of risk management and helps in prioritizing mitigation efforts. Related
terms include risk analysis, risk evaluation, and threat modeling. The risk assessment process typically
involves identifying assets, threats, and vulnerabilities, and then calculating the risk level for each scenario.
This can be done using qualitative methods, such as expert judgment, or quantitative methods, such as
statistical analysis. Self-paced learning on risk assessment often involves studying risk assessment
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frameworks and methodologies. Knowledge checks might focus on the steps involved in conducting a risk
assessment. Optional self-reflection could involve considering the limitations of risk assessment, such as the
difficulty of predicting unknown risks. The challenge in risk assessment for intelligent systems is the
complexity and dynamic nature of these systems, which can make it difficult to identify all potential risks.
Effective governance requires regular and iterative risk assessments to adapt to changing conditions.

Smart Contract is a self-executing contract with the terms of the agreement between buyer and seller being
directly written into lines of code. The code and the agreements contained therein exist across a distributed,
decentralized blockchain network. Smart contracts facilitate, verify, and enforce the negotiation or
performance of a contract. In the context of AI governance, smart contracts can be used to automate
compliance checks, manage data access rights, and execute payments for data sharing. Related terms
include blockchain, decentralized applications, and automated enforcement. Smart contracts are immutable
and transparent, ensuring that all parties adhere to the agreed-upon terms. Self-paced reading on smart
contracts often covers the programming languages used for writing smart contracts, such as Solidity, and
the security considerations involved. Knowledge checks might ask learners to identify potential
vulnerabilities in smart contract code. Optional self-reflection could involve considering the legal
enforceability of smart contracts in different jurisdictions. The challenge with smart contracts is that they are
rigid and cannot easily be modified once deployed, requiring careful design and testing. Effective
governance requires implementing robust testing and auditing processes for smart contracts.

Stakeholder Engagement refers to the process of involving individuals, groups, or organizations that have
an interest in or are affected by the development and deployment of intelligent systems. This includes users,
developers, regulators, and the general public. Stakeholder engagement is essential for ensuring that AI
systems are designed and deployed in a way that meets the needs and expectations of all parties. Related
terms include participatory design, co-creation, and community consultation. Engaging stakeholders can
help in identifying potential risks, biases, and ethical concerns that may not be apparent to developers. It
also helps in building trust and acceptance of AI systems. Self-paced learning on stakeholder engagement
often covers best practices for conducting consultations and incorporating feedback. Knowledge checks
might focus on the methods for identifying and prioritizing stakeholders. Optional self-reflection could
involve considering the challenges of engaging diverse and potentially conflicting stakeholder groups. The
challenge in stakeholder engagement is ensuring that all voices are heard and that the process is inclusive
and transparent. Effective governance requires establishing clear channels for communication and feedback.

Transparency in the context of intelligent systems refers to the openness and clarity with which the
functioning, data, and decision-making processes of AI systems are communicated to stakeholders.
Transparency is essential for building trust and accountability. It involves providing information about the
data sources, model architecture, training process, and limitations of the AI system. Related terms include
explainability, interpretability, and disclosure. Transparency can be achieved through various means, such as
publishing model cards, data sheets, and algorithmic impact assessments. Self-paced learning on
transparency often involves understanding the different levels of transparency and their implications.
Knowledge checks might ask learners to identify the key elements of a transparent AI system. Optional self-
reflection could involve considering the balance between transparency and proprietary interests. The
challenge in achieving transparency is that some aspects of AI systems, particularly complex deep learning
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models, are inherently difficult to explain. Effective governance requires defining the appropriate level of
transparency for different applications and stakeholders.

Validation is the process of evaluating whether an intelligent system meets the specified requirements and
is fit for its intended purpose. This involves testing the system under various conditions to ensure that it
performs as expected. Validation is distinct from verification, which checks whether the system is built
correctly according to specifications. Related terms include testing, quality assurance, and acceptance
criteria. Validation can involve unit testing, integration testing, system testing, and user acceptance testing.
In the context of AI, validation also includes assessing the model’s performance on unseen data and
checking for bias and fairness. Self-paced learning on validation often covers the different types of testing
and the metrics used to evaluate performance. Knowledge checks might focus on the importance of using
independent test datasets. Optional self-reflection could involve considering the challenges of validating AI
systems that learn and adapt over time. The challenge in validation is ensuring that the test scenarios are
representative of real-world conditions. Effective governance requires implementing rigorous validation
protocols and continuous monitoring.
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