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Advanced Certification in AI in Tax Law (France)

AI Auditing and Risk Assessment

Algorithmic Transparency
Related terms: explainability, audit trail, black‑box.
Explanation: The degree to which the logic, data inputs, and decision pathways of an AI system are open
and understandable to auditors and stakeholders.
Example: A tax‑compliance AI reveals the weighting of each fiscal rule applied to a corporate filing.
Practical application: Enables tax authorities to verify that AI‑driven assessments align with statutory
provisions.
Challenges: Proprietary models may limit disclosure; balancing trade‑secrets with regulatory oversight is
complex.

Artificial Intelligence (AI)
Related terms: machine learning, deep learning, automation.
Explanation: Computer systems that perform tasks normally requiring human intelligence, such as pattern
recognition, reasoning, and decision‑making.
Example: An AI tool predicts audit risk scores for taxpayers based on historical data.
Practical application: Streamlines tax risk identification and reduces manual workload.
Challenges: Model bias, data quality, and regulatory compliance must be managed.

Audit Log
Related terms: provenance, traceability, data lineage.
Explanation: A chronological record of system events, data accesses, and model updates that supports
forensic analysis.
Example: The log shows when a tax‑risk model was retrained and which dataset versions were used.
Practical application: Provides evidence for compliance audits and helps detect unauthorized changes.
Challenges: Log volume can be massive; ensuring integrity and confidentiality is essential.

Audit Risk Assessment
Related terms: materiality, likelihood, control environment.
Explanation: The systematic evaluation of the probability and impact of errors or misstatements in
AI‑generated tax outcomes.
Example: Assessing the risk that an AI misclassifies deductible expenses as non‑deductible.
Practical application: Guides the depth of audit procedures for AI‑assisted tax returns.
Challenges: Quantifying AI‑specific uncertainties and integrating them with traditional audit frameworks.

Bias Mitigation
Related terms: fairness, de‑biasing, disparate impact.
Explanation: Techniques employed to detect, reduce, or eliminate systematic prejudices in AI models that
could affect tax outcomes.
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Example: Re‑weighting training data to avoid over‑penalizing small enterprises.
Practical application: Ensures equitable tax treatment across different taxpayer groups.
Challenges: Identifying hidden biases and maintaining model performance after adjustments.

Black‑Box Model
Related terms: opacity, interpretability, proprietary algorithm.
Explanation: An AI system whose internal workings are not readily understandable, often due to complex
architectures like deep neural networks.
Example: A deep learning model that predicts tax evasion risk without exposing its feature importance.
Practical application: May offer high predictive accuracy but complicates regulatory scrutiny.
Challenges: Limited explainability hampers compliance verification and trust.

Carbon Footprint of AI
Related terms: sustainability, energy consumption, green AI.
Explanation: The total amount of greenhouse‑gas emissions associated with training, deploying, and
operating AI systems.
Example: Calculating the CO₂ equivalent of a large‑scale tax fraud detection model.
Practical application: Supports governmental sustainability goals and informs procurement decisions.
Challenges: Accurate measurement requires detailed infrastructure data and may conflict with performance
goals.

Change Management
Related terms: governance, version control, stakeholder communication.
Explanation: Structured approach to transitioning an organization’s processes and systems when
implementing AI solutions in tax administration.
Example: Updating tax auditors on new AI‑driven risk scoring thresholds.
Practical application: Reduces resistance and ensures smooth integration of AI tools.
Challenges: Aligning technical changes with legal mandates and staff training timelines.

Compliance Monitoring
Related terms: regulatory oversight, continuous auditing, KPI tracking.
Explanation: Ongoing observation of AI system performance to ensure adherence to tax laws and data
protection regulations.
Example: Real‑time alerts when an AI model’s error rate exceeds statutory limits.
Practical application: Facilitates proactive remediation before non‑compliance escalates.
Challenges: Requires robust monitoring infrastructure and clear escalation protocols.

Confidence Interval
Related terms: statistical uncertainty, prediction bound, tolerance level.
Explanation: A range derived from statistical analysis that quantifies the uncertainty around an AI model’s
prediction.
Example: A 95 % confidence interval indicating that the predicted tax liability lies between €9,800 and
€10,200.
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Practical application: Assists auditors in assessing the reliability of AI‑generated figures.
Challenges: Misinterpretation can lead to over‑ or under‑confidence in model outputs.

Data Anonymization
Related terms: pseudonymization, de‑identification, privacy‑by‑design.
Explanation: The process of removing personally identifiable information from datasets used to train AI
models, in compliance with GDPR.
Example: Stripping taxpayer IDs before feeding financial records into a risk‑assessment model.
Practical application: Protects taxpayer privacy while enabling model development.
Challenges: Over‑anonymization may degrade model accuracy; re‑identification risks persist.

Data Governance
Related terms: data stewardship, data quality, policy framework.
Explanation: The set of policies, standards, and responsibilities governing the acquisition, storage, use, and
disposal of data in AI projects.
Example: Defining who may access the training data for a tax‑fraud detection system.
Practical application: Ensures data integrity, compliance, and accountability.
Challenges: Coordinating across multiple agencies and legacy systems.

Data Lineage
Related terms: provenance, traceability, audit trail.
Explanation: The documented history of data flow from original source through transformations to final AI
model inputs.
Example: Mapping how raw transaction logs become aggregated features for a risk model.
Practical application: Facilitates impact analysis when data sources change.
Challenges: Complex pipelines can obscure lineage, requiring specialized tools.

Data Quality Assurance
Related terms: validation, cleansing, completeness.
Explanation: Systematic processes to verify that data used for AI training and inference meets accuracy,
consistency, and relevance criteria.
Example: Cross‑checking declared revenues against third‑party banking data.
Practical application: Reduces error propagation in AI‑driven tax assessments.
Challenges: Inconsistent data formats and missing values are common obstacles.

Data Protection Impact Assessment (DPIA)
Related terms: GDPR, privacy risk, mitigation plan.
Explanation: A formal analysis required under EU law to evaluate how personal data processing by AI may
affect individuals’ privacy rights.
Example: Assessing the impact of a predictive audit model on taxpayer confidentiality.
Practical application: Demonstrates compliance and informs risk‑reduction measures.
Challenges: Balancing analytical utility with stringent privacy safeguards.

Data Subject Rights
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Related terms: access request, rectification, erasure.
Explanation: Legal entitlements granted to individuals under GDPR, including the right to obtain
information about automated decisions affecting them.
Example: A taxpayer requests an explanation of why an AI flagged their return as high‑risk.
Practical application: Requires AI systems to generate understandable justifications.
Challenges: Providing meaningful explanations without revealing proprietary algorithms.

Decision Threshold
Related terms: cutoff score, sensitivity, specificity.
Explanation: The predefined value at which an AI model classifies an observation as positive (e.g., high audit
risk) or negative.
Example: Setting the risk score threshold at 0.75 to trigger an audit.
Practical application: Controls the volume of audits generated by the AI system.
Challenges: Thresholds must balance false positives against resource constraints.

De‑biasing Technique
Related terms: re‑weighting, adversarial training, fairness constraints.
Explanation: Methods applied to AI models or datasets to eliminate or reduce discriminatory patterns.
Example: Using re‑sampling to equalize representation of different industry sectors.
Practical application: Promotes equitable tax treatment across diverse taxpayer groups.
Challenges: May affect model performance and require continuous monitoring.

Deep Learning
Related terms: neural network, representation learning, architecture.
Explanation: A subset of machine learning employing multi‑layered neural networks to automatically extract
features from raw data.
Example: Convolutional networks analyzing scanned invoices for deductible expense classification.
Practical application: Handles unstructured data such as images or text in tax filings.
Challenges: High computational cost and limited interpretability.

Explainable AI (XAI)
Related terms: interpretability, transparency, model‑agnostic methods.
Explanation: Approaches that make the behavior and decisions of AI systems understandable to human
users.
Example: SHAP values indicating which financial ratios contributed most to a risk score.
Practical application: Facilitates regulatory review and builds taxpayer trust.
Challenges: Providing explanations that are both accurate and legally meaningful.

Feature Engineering
Related terms: variable selection, transformation, domain knowledge.
Explanation: The process of creating, selecting, and modifying input variables to improve AI model
performance.
Example: Deriving a “tax‑gap ratio” from revenue and declared tax payable.
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Practical application: Enhances predictive power of tax risk models.
Challenges: Requires deep tax expertise and careful avoidance of data leakage.

Fairness Metric
Related terms: demographic parity, equalized odds, disparate impact.
Explanation: Quantitative measures used to assess whether an AI model treats different groups equitably.
Example: Calculating the false‑positive rate for SMEs versus large corporations.
Practical application: Informs bias mitigation strategies and compliance reporting.
Challenges: Selecting appropriate metrics that align with legal definitions of fairness.

GDPR (General Data Protection Regulation)
Related terms: data protection, privacy law, EU regulation.
Explanation: The EU legal framework governing personal data processing, including AI‑driven automated
decision‑making.
Example: Requiring a DPIA before deploying a tax‑risk scoring engine.
Practical application: Sets mandatory safeguards for taxpayer data used in AI.
Challenges: Complex cross‑border data flows and strict consent requirements.

Governance Framework
Related terms: policy, oversight committee, risk management.
Explanation: The structured set of rules, responsibilities, and processes that guide AI development,
deployment, and monitoring in tax administration.
Example: A steering board approving model updates and audit procedures.
Practical application: Aligns AI initiatives with legal, ethical, and operational goals.
Challenges: Keeping the framework agile amid rapid AI advances.

Ground Truth
Related terms: labeled data, benchmark, validation set.
Explanation: Accurate, verified data used as a reference to train or evaluate AI models.
Example: Manually reviewed tax returns serving as the correct classification for model training.
Practical application: Provides a reliable basis for model learning and performance assessment.
Challenges: Obtaining high‑quality ground truth can be costly and time‑consuming.

Hyperparameter Tuning
Related terms: grid search, Bayesian optimization, model configuration.
Explanation: The process of selecting optimal settings for an AI model’s learning algorithm to maximize
performance.
Example: Adjusting learning rate and regularization strength for a gradient‑boosted tree.
Practical application: Improves predictive accuracy of tax‑risk assessments.
Challenges: Computationally intensive; risk of over‑fitting if not validated properly.

Impact Assessment
Related terms: risk analysis, cost‑benefit, stakeholder analysis.
Explanation: Evaluation of the potential consequences—legal, financial, operational—of deploying an AI
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system in tax processes.
Example: Assessing how an AI audit tool could affect taxpayer compliance rates.
Practical application: Informs decision‑making and resource allocation.
Challenges: Predicting indirect effects and long‑term dynamics.

In‑Process Auditing
Related terms: continuous monitoring, real‑time validation, anomaly detection.
Explanation: Auditing activities performed concurrently with AI model operation to detect deviations from
expected behavior.
Example: Real‑time flagging of unusually high risk scores for further review.
Practical application: Enables immediate corrective actions and reduces systemic risk.
Challenges: Requires robust integration with AI pipelines and low latency.

Interpretability
Related terms: explainability, transparency, model‑agnostic.
Explanation: The extent to which a human can understand the internal mechanics of an AI system.
Example: A decision tree that clearly shows rule‑based tax classifications.
Practical application: Supports compliance verification and stakeholder confidence.
Challenges: Trade‑off between model complexity and interpretability.

Model Drift
Related terms: concept drift, performance degradation, retraining.
Explanation: The gradual decline in an AI model’s accuracy caused by changes in underlying data patterns
over time.
Example: A tax‑evasion model becomes less effective after new legislation alters filing behavior.
Practical application: Triggers periodic model evaluation and update cycles.
Challenges: Detecting drift early and determining appropriate mitigation actions.

Model Evaluation
Related terms: validation, test set, performance metrics.
Explanation: Systematic assessment of an AI model’s predictive accuracy, robustness, and compliance with
defined criteria.
Example: Using ROC‑AUC to gauge a fraud‑detection model’s discriminative ability.
Practical application: Determines suitability of a model for operational deployment.
Challenges: Ensuring evaluation data reflects real‑world tax scenarios.

Model Governance
Related terms: lifecycle management, version control, accountability.
Explanation: Oversight mechanisms that manage the creation, deployment, monitoring, and retirement of AI
models.
Example: Maintaining a registry of all tax‑risk models with documented owners and change histories.
Practical application: Provides traceability and responsibility for model outcomes.
Challenges: Coordinating across technical, legal, and fiscal teams.

Read online: https://certificates.lsba.org.uk/glossaries/3921621/ai-
auditing-and-risk-assessment

London School of Business and Administration · 20 Jun 2026



G LO S S A RY

Model Explainability Tool
Related terms: LIME, SHAP, counterfactual analysis.
Explanation: Software utilities that generate human‑readable explanations for AI predictions.
Example: A SHAP summary plot showing feature contributions to a taxpayer’s risk score.
Practical application: Assists auditors in justifying AI‑derived decisions.
Challenges: Selecting tools compatible with specific model types and regulatory expectations.

Model Lifecycle
Related terms: development, deployment, monitoring, retirement.
Explanation: The sequence of stages an AI model undergoes from conception to decommissioning.
Example: A tax‑risk model moves from prototype to production, then to sunset after five years.
Practical application: Structures governance activities and resource planning.
Challenges: Managing legacy models while adopting newer technologies.

Model Monitoring
Related terms: performance tracking, drift detection, alerting.
Explanation: Ongoing observation of a model’s output quality and operational behavior.
Example: Dashboard displaying daily false‑positive rates for an audit‑trigger model.
Practical application: Enables timely interventions to maintain compliance.
Challenges: Establishing thresholds that balance sensitivity and operational load.

Model Retraining
Related terms: incremental learning, data refresh, version update.
Explanation: Updating an AI model with new data to improve accuracy or adapt to regulatory changes.
Example: Incorporating the latest fiscal year’s filing data into the risk‑scoring algorithm.
Practical application: Keeps the model relevant and effective.
Challenges: Avoiding catastrophic forgetting and ensuring validation of new versions.

Model Risk Management (MRM)
Related terms: Basel III, AI governance, risk appetite.
Explanation: Structured approach to identifying, measuring, and controlling risks associated with AI models,
analogous to financial model risk frameworks.
Example: Setting risk limits on the maximum allowable error rate for tax‑prediction models.
Practical application: Aligns AI usage with overall risk tolerance of the tax authority.
Challenges: Defining appropriate risk metrics for AI in the public‑sector context.

Neural Network
Related terms: layers, weights, activation function.
Explanation: A computational architecture composed of interconnected nodes that mimic biological
neurons to learn patterns from data.
Example: A feed‑forward network estimating taxable income from raw financial statements.
Practical application: Handles complex, non‑linear relationships in tax data.
Challenges: Requires large datasets and is often opaque without XAI techniques.
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Non‑Compliance Indicator
Related terms: red flag, risk factor, audit trigger.
Explanation: Specific data patterns or model outputs that suggest a taxpayer may be violating tax
regulations.
Example: An AI‑detected discrepancy between reported turnover and industry benchmarks.
Practical application: Prioritizes cases for manual audit.
Challenges: False positives can strain resources and erode taxpayer confidence.

Operational Risk
Related terms: process failure, system outage, human error.
Explanation: The risk of loss resulting from inadequate or failed internal processes, people, or systems,
including AI components.
Example: A malfunctioning AI service causing delayed tax assessments.
Practical application: Requires contingency planning and redundancy in AI deployments.
Challenges: Quantifying AI‑specific operational exposures.

Outlier Detection
Related terms: anomaly detection, robust statistics, clustering.
Explanation: Techniques that identify data points deviating markedly from the norm, often used to flag
potential tax fraud.
Example: Using isolation forests to spot unusually high expense ratios.
Practical application: Focuses audit resources on high‑risk cases.
Challenges: Distinguishing legitimate outliers from fraudulent behavior.

Performance Metric
Related terms: precision, recall, F1‑score, accuracy.
Explanation: Quantitative measures used to evaluate how well an AI model meets its objectives.
Example: A precision of 0.92 indicating that 92 % of flagged cases are true positives.
Practical application: Guides model selection and tuning.
Challenges: Selecting metrics that reflect both statistical performance and regulatory relevance.

Predictive Analytics
Related terms: forecasting, risk scoring, data mining.
Explanation: The use of statistical algorithms and AI to anticipate future events based on historical data.
Example: Forecasting the probability of tax evasion for a new business entity.
Practical application: Enables proactive compliance interventions.
Challenges: Model assumptions must be transparent and justifiable under law.

Privacy‑Preserving Machine Learning
Related terms: federated learning, differential privacy, secure multiparty computation.
Explanation: Methods that allow AI models to be trained on sensitive data without exposing raw
information.
Example: Training a fraud‑detection model across multiple tax offices using federated learning.

Read online: https://certificates.lsba.org.uk/glossaries/3921621/ai-
auditing-and-risk-assessment

London School of Business and Administration · 20 Jun 2026



G LO S S A RY

Practical application: Enhances collaboration while respecting GDPR.
Challenges: May reduce model accuracy and increase computational overhead.

Proprietary Algorithm
Related terms: trade secret, intellectual property, black‑box.
Explanation: An algorithm owned by an entity and not disclosed publicly, often protected by patents or
confidentiality agreements.
Example: A commercial AI vendor’s tax‑risk scoring engine.
Practical application: May provide competitive advantage but complicates regulatory scrutiny.
Challenges: Balancing protection of IP with the need for auditability.

Regulatory Sandbox
Related terms: pilot testing, innovation hub, compliance exemption.
Explanation: A controlled environment where new AI solutions can be trialed under relaxed regulatory
constraints.
Example: Testing an AI‑driven VAT compliance tool before full rollout.
Practical application: Accelerates innovation while monitoring risks.
Challenges: Defining clear exit criteria and ensuring data protection.

Risk Appetite
Related terms: tolerance level, risk threshold, governance.
Explanation: The amount of risk an organization is willing to accept in pursuit of its objectives, influencing AI
model parameters.
Example: Setting a higher audit‑trigger threshold to limit false positives.
Practical application: Aligns AI behavior with strategic goals.
Challenges: Quantifying appetite for AI‑specific risks.

Risk Assessment Matrix
Related terms: likelihood, impact, heat map.
Explanation: Visual tool that plots identified risks based on their probability and potential consequences.
Example: Placing model drift in the “high‑likelihood, moderate‑impact” quadrant.
Practical application: Prioritizes mitigation actions for AI projects.
Challenges: Subjectivity in scoring and updating the matrix.

Risk Indicator
Related terms: key risk indicator (KRI), metric, trigger.
Explanation: A measurable sign that a particular risk is materializing, often derived from AI outputs.
Example: A surge in high‑risk scores after a policy change.
Practical application: Enables early warning systems for tax compliance.
Challenges: Avoiding alarm fatigue from too many indicators.

Risk Management Framework
Related terms: ISO 31000, governance, control environment.
Explanation: Structured approach to identify, assess, treat, and monitor risks, adapted for AI deployments in
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tax administration.
Example: Integrating AI‑specific risk registers into the existing tax authority risk framework.
Practical application: Ensures comprehensive oversight of AI initiatives.
Challenges: Aligning generic frameworks with AI’s technical nuances.

Robustness Testing
Related terms: stress testing, adversarial attacks, sensitivity analysis.
Explanation: Evaluation of an AI model’s stability under extreme or perturbed inputs.
Example: Introducing noisy financial data to assess model resilience.
Practical application: Confirms reliability of AI decisions under varied conditions.
Challenges: Designing realistic stress scenarios for tax data.

Sample Bias
Related terms: selection bias, representativeness, data collection.
Explanation: Distortion that occurs when the training data does not accurately reflect the target population.
Example: Training a model only on large corporations, leading to poor performance on SMEs.
Practical application: Highlights need for balanced datasets.
Challenges: Detecting bias when ground truth is limited.

Scalable Architecture
Related terms: cloud computing, microservices, load balancing.
Explanation: System design that can handle increasing data volumes and processing demands without
degradation.
Example: Deploying the tax‑risk engine on a Kubernetes cluster to support peak filing periods.
Practical application: Ensures AI services remain responsive during high‑traffic events.
Challenges: Managing cost and security in a scalable environment.

Semantic Layer
Related terms: data abstraction, ontology, metadata.
Explanation: An intermediate layer that translates raw data into business‑friendly concepts, facilitating AI
model consumption.
Example: Mapping raw transaction codes to “deductible expense” categories.
Practical application: Improves model interpretability and alignment with tax terminology.
Challenges: Maintaining consistency across evolving tax codes.

Service Level Agreement (SLA)
Related terms: performance guarantee, uptime, remediation.
Explanation: Contractual commitment defining the expected service quality and response times for AI
systems.
Example: An SLA guaranteeing 99.5 % availability for the AI audit platform.
Practical application: Sets expectations for reliability and support.
Challenges: Negotiating realistic targets for complex AI services.

Sharable Model Repository
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Related terms: version control, model registry, collaboration.
Explanation: Centralized storage where AI models, metadata, and documentation are maintained for reuse
and governance.
Example: A Git‑based repository containing all tax‑risk models with accompanying DPIA reports.
Practical application: Promotes consistency and traceability across projects.
Challenges: Ensuring access controls and compliance with data protection rules.

Stakeholder Engagement
Related terms: communication plan, feedback loop, user adoption.
Explanation: Structured interaction with all parties affected by AI deployment, including auditors, taxpayers,
and policymakers.
Example: Conducting workshops with tax inspectors to explain new AI risk scores.
Practical application: Builds trust and uncovers practical concerns early.
Challenges: Balancing diverse expectations and technical literacy levels.

Statistical Parity
Related terms: demographic parity, fairness, group equality.
Explanation: A fairness condition where the probability of a positive outcome is equal across protected
groups.
Example: Ensuring that SMEs and large firms have the same audit‑trigger rate, adjusted for risk.
Practical application: Supports equitable treatment in AI‑driven tax enforcement.
Challenges: May conflict with legitimate risk‑based differentiation.

Supervised Learning
Related terms: labeled data, classification, regression.
Explanation: Machine‑learning paradigm where models are trained on input‑output pairs to learn
mappings.
Example: Using past audit outcomes to train a classifier that predicts audit likelihood.
Practical application: Provides clear performance metrics for tax‑risk models.
Challenges: Requires extensive, accurately labeled historical data.

Tax Gap
Related terms: compliance shortfall, revenue loss, audit efficiency.
Explanation: The difference between taxes owed and taxes actually collected, often used as a key
performance indicator for tax authorities.
Example: AI‑driven audits reducing the tax gap by identifying hidden liabilities.
Practical application: Demonstrates the fiscal impact of AI interventions.
Challenges: Accurately measuring the gap and attributing improvements to AI.

Taxonomy of Risks
Related terms: classification, risk hierarchy, domain ontology.
Explanation: Structured categorization of potential AI‑related risks specific to tax administration.
Example: Dividing risks into data privacy, model bias, operational failure, and regulatory non‑compliance.

Read online: https://certificates.lsba.org.uk/glossaries/3921621/ai-
auditing-and-risk-assessment

London School of Business and Administration · 20 Jun 2026



G LO S S A RY

Practical application: Facilitates systematic risk identification and mitigation.
Challenges: Keeping taxonomy updated with emerging AI technologies.

Technical Debt
Related terms: legacy code, refactoring, maintenance burden.
Explanation: Accumulated cost of suboptimal design choices in AI systems that hamper future changes.
Example: Hard‑coded data pipelines that impede model retraining.
Practical application: Identifies areas where investment is needed to sustain AI capabilities.
Challenges: Balancing short‑term delivery pressures against long‑term maintainability.

Testing Framework
Related terms: unit test, integration test, regression test.
Explanation: Set of tools and procedures for verifying that AI components function correctly across
development stages.
Example: Automated tests confirming that a new model version respects GDPR constraints.
Practical application: Reduces deployment errors and ensures compliance.
Challenges: Designing tests that capture both technical and legal requirements.

Third‑Party Data Source
Related terms: external dataset, vendor data, enrichment.
Explanation: Data obtained from entities other than the tax authority, used to enhance AI model inputs.
Example: Importing credit‑rating information to enrich risk assessments.
Practical application: Improves model accuracy through broader context.
Challenges: Verifying data quality and ensuring legal usage rights.

Threshold Calibration
Related terms: ROC curve, sensitivity analysis, optimization.
Explanation: The process of adjusting decision thresholds to achieve desired trade‑offs between false
positives and false negatives.
Example: Using a validation set to set the audit‑trigger score that maximizes detection while limiting
workload.
Practical application: Aligns AI outputs with operational capacity.
Challenges: Calibration may need frequent updates as filing patterns evolve.

Time‑Series Forecasting
Related terms: ARIMA, LSTM, seasonal decomposition.
Explanation: Predictive techniques that model sequential data points over time to anticipate future values.
Example: Forecasting quarterly tax revenue based on historical filings.
Practical application: Supports budget planning and policy impact analysis.
Challenges: Requires handling of irregular filing cycles and external shocks.

Transfer Learning
Related terms: pre‑training, fine‑tuning, domain adaptation.
Explanation: Leveraging a model trained on one task to improve performance on a related, but distinct, task.
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Example: Adapting a generic fraud‑detection model to the specific context of French VAT compliance.
Practical application: Reduces data requirements and accelerates deployment.
Challenges: Risk of negative transfer if source and target domains differ significantly.

Uncertainty Quantification
Related terms: Bayesian inference, Monte Carlo simulation, confidence interval.
Explanation: Techniques that estimate the degree of confidence in AI predictions, often expressed as
probability distributions.
Example: Providing a probability range for the estimated tax liability of a complex corporate structure.
Practical application: Informs auditors about the reliability of AI‑generated figures.
Challenges: Computationally intensive and may require specialized expertise.

Validation Set
Related terms: hold‑out data, cross‑validation, test set.
Explanation: Subset of data not used during training, employed to evaluate model performance and guide
hyperparameter selection.
Example: Reserving 20 % of historical returns as a validation set for a risk model.
Practical application: Prevents over‑fitting and ensures generalizability.
Challenges: Must be representative of future filing behavior.

Version Control
Related terms: Git, commit, branching.
Explanation: Systematic tracking of changes to code, data, and model artifacts, facilitating collaboration and
rollback.
Example: Tagging each model release with a unique identifier in a repository.
Practical application: Enhances reproducibility and auditability of AI projects.
Challenges: Managing large binary model files alongside source code.

Virtual Private Cloud (VPC)
Related terms: network isolation, security group, cloud tenancy.
Explanation: A private, isolated section of a public cloud where AI services can run securely.
Example: Deploying the tax‑risk engine within a VPC to protect sensitive taxpayer data.
Practical application: Meets stringent data residency and confidentiality requirements.
Challenges: Configuring proper access controls and monitoring.

White‑Box Model
Related terms: interpretability, rule‑based system, transparency.
Explanation: An AI system whose internal logic is fully accessible and understandable, often based on
explicit rules or simple algorithms.
Example: A decision tree that classifies deductions based on clear thresholds.
Practical application: Facilitates regulatory review and public trust.
Challenges: May sacrifice predictive power compared to more complex models.

Workflow Orchestration
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Related terms: pipeline, DAG, scheduler.
Explanation: Coordination of multiple AI and data processing steps into a cohesive, automated sequence.
Example: Using Airflow to trigger data extraction, model scoring, and report generation for each filing
batch.
Practical application: Reduces manual intervention and error rates.
Challenges: Ensuring robustness to failures and version compatibility.

Zero‑Trust Architecture
Related terms: identity verification, least privilege, micro‑segmentation.
Explanation: Security model that assumes no implicit trust, requiring continuous authentication and
authorization for every request.
Example: Requiring multifactor authentication for each access to the AI model repository.
Practical application: Enhances protection of sensitive tax data in AI environments.
Challenges: Implementing seamless user experience while maintaining strict controls.
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