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Abstract

AI-driven consumer behaviour modelling powers targeting, ranking, 
recommendations, dynamic pricing, and churn prediction, but it increasingly 
operates under legal requirements for transparency, risk management, and 
accountability. This paper develops a governance-by-design framework for 
non‑EU jurisdictions by using the EU Artificial Intelligence Act (Regulation (EU) 
2024/1689) and the EU Digital Services Act’s recommender‑system transparency 
orientation as comparative benchmarks. Drawing on the OECD Recommendation 
on AI and the NIST AI Risk Management Framework, we translate benchmark 
obligations into implementable lifecycle controls: data governance, model 
documentation, explainability, bias evaluation, audit logging, post‑deployment 
monitoring, and incident response. To strengthen decision usefulness, we add 
a quantitative scenario layer that compares governance tiers over a 2026–2035 
horizon on expected consumer‑harm incidents, model performance retention under 
drift, and a regulatory‑risk premium proxy. Results provide a modular control 
architecture, an implementation sequence, and metrics to reduce regulatory and 
reputational tail risks while preserving commercial effectiveness.
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1. Introduction

Consumer behaviour modelling refers to the prediction and influence of consumer decisions 
using data-driven methods. In digital markets it is implemented through AI systems that infer 
preferences, propensities, and sensitivities to price, messaging, or product attributes. These models 
power recommender systems, personalization, advertising auctions, dynamic pricing, and customer 
lifecycle management. Because platforms increasingly coordinate market access and attention 
allocation, consumer modelling has become both a competitive capability and a regulatory focal 
point.Regulatory expectations are converging toward risk-based governance. The EU Artificial 
Intelligence Act establishes a horizontal framework for AI systems across risk tiers, with stricter 
duties for higher-risk systems (e.g., risk management, data governance, technical documentation, 
record-keeping/logging, transparency, human oversight, and robustness/cybersecurity). In 
parallel, the Digital Services Act requires online platforms to provide specific transparency 
about recommender systems and offer users at least one option that is not based on profiling. 
These benchmarks matter for non‑EU jurisdictions because cross‑border platform operations 
export compliance practices through product design and supply chains, while policymakers often 
reference EU rules when shaping emerging governance regimes.However, transparency is not self-
executing. A disclosure that is not backed by evidence-producing controls can increase litigation 
and enforcement risk by creating a mismatch between claims and practice. Accordingly, this paper 
treats algorithmic transparency and regulatory constraints as design parameters and proposes a 
governance-by-design framework that is auditable, modular, and proportionate for emerging 
markets.Research objectives are to (i) identify risks relevant to consumer modelling (deception, 
discrimination, manipulation, opacity), (ii) translate benchmark requirements into implementable 
controls, (iii) propose a lifecycle governance architecture aligned to OECD and NIST principles, 
and (iv) add quantitative comparisons of governance tiers to support forward-looking planning.

 
2. Materials and Methods

Study design. We apply comparative governance analysis using three benchmark anchors: (i) the 
EU AI Act as the primary legal reference for risk-tiered obligations; (ii) the DSA recommender-
system transparency orientation (including user choice requirements); and (iii) international 
governance standards (OECD AI Recommendation; NIST AI RMF) as implementable scaffolding.
Mapping method. We map benchmark duties and trustworthy-AI principles into lifecycle controls 
across four stages: data, model, deployment, and oversight. Controls are evaluated by (a) risk 
coverage, (b) implementability, (c) auditability, (d) user meaningfulness, and (e) proportionality.
Quantitative scenario layer. Because many jurisdictions lack public microdata on platform modelling 
outcomes, we add an illustrative scenario analysis that compares three governance tiers (baseline, 
governance-by-design, high-assurance) over 2026–2035. The scenario metrics are: (1) expected 
material consumer-harm incidents (count), (2) a regulatory risk premium proxy (percentage 
points) representing financing/insurance/legal friction attributable to governance weaknesses, (3) 
model performance retention under drift (index, 2026=1), and (4) governance/control operating 
cost as a share of AI operating expenditure. These scenarios are not an econometric estimate; 
they are structured planning comparisons intended to make the trade-offs explicit and testable. 
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3. Results

Figure 1 presents the governance-by-design lifecycle. Table 1 provides a control matrix mapping 
risk areas to implementable controls and audit evidence. To add decision-useful comparisons, 
Table 2 and Figures 2–3 provide an illustrative forward-looking scenario analysis of governance 
tiers (2026–2035).Figure 1. Governance-by-Design Lifecycle for Consumer Behaviour Modelling 
AI (Benchmark: EU AI Act + DSA)

DATA STAGE → MODEL STAGE → DEPLOYMENT STAGE → OVERSIGHT STAGE 
Data: lawful collection, minimisation, provenance, representativeness checks, data lineage. 
Model: model cards, evaluation/fairness/robustness, explainability plan by audience. 
Deployment: user-facing disclosures and choice settings, logging and monitoring, human-
oversight triggers. 
Oversight: internal audit/assurance readiness, incident management, corrective actions, periodic 
risk reviews.

 
Table 1. Control matrix for consumer behaviour modelling AI: benchmark rationale, technical 
controls, and audit evidence

Risk / obligation 
area

Benchmark rationale 
(EU)

Implementable 
technical controls

Evidence artifacts for 
audit

User transparency 
(AI interaction)

Transparency obligations 
and guidance emphasis 
for AI-user interaction 
and information duties

AI interaction labels; 
‘why am I seeing 
this?’ explanations; 
disclosure versioning; 
comprehension 
testing

UI logs; disclosure 
text versions; A/B 
comprehension results; 
help-centre records

Recommender-
system transparency

DSA-oriented 
transparency for 
recommenders, including 
user choice mechanisms

Recommender 
explanation; main-
parameter summaries; 
user settings 
(including non-
profiling option)

Recommender 
documentation; user-
setting telemetry; 
parameter change logs

Bias and 
discrimination

Trustworthy AI 
principles and risk 
frameworks emphasize 
fairness and non-
discrimination

Bias diagnostics; 
subgroup evaluation; 
mitigation decisions; 
monitoring for 
disparate exposure/
outcomes

Evaluation reports; 
bias tests; mitigation 
approvals; monitoring 
dashboards

Manipulation 
/ vulnerability 
exploitation

Benchmark regimes 
prohibit certain harmful 
practices and emphasize 
protection of vulnerable 
groups

Restricted targeting 
categories; 
safeguards for 
minors; vulnerability 
exploitation checks; 
policy enforcement

Policy rules; 
enforcement logs; 
incident reports; 
complaint analysis

Logging and 
monitoring

Record-keeping/logging 
and post-deployment 
monitoring expectations 
for accountable AI

Audit logging 
pipeline; drift and 
harm monitoring; 
alerting; incident 
response playbooks

Log-retention policy; 
dashboards; incident 
tickets; post-mortems

Governance 
alignment

OECD/NIST emphasize 
lifecycle governance, 
accountability, and 
continuous risk 
management

RACI matrix; model 
registry; periodic 
risk reviews; change 
control

Governance minutes; 
registry snapshots; 
release checklists; audit 
findings and closures
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Table 2. Illustrative governance-tier scenarios (2026, 2030, 2035)
Governance 

tier
2026: 

incidents
2026: 

reg 
risk 
pp

2026: 
perf 
idx

2026: 
cost 
%

2030: 
incidents

2030: 
reg 
risk 
pp

2030: 
perf 
idx

2030: 
cost 
%

2035: 
incidents

2035: 
reg 
risk 
pp

2035: 
perf 
idx

2035: 
cost %

Baseline 
(minimal 
controls)

18.0 1.5 1.0 0.4 22.4 1.99 0.956 0.4 28.0 2.6 0.9 0.4

Governance-
by-Design 
(moderate)

13.0 1.27 1.03 0.9 16.2 1.69 0.986 0.9 20.2 2.21 0.93 0.9

High-
Assurance 
(risk-tiered 
+ audit-
ready)

9.9 1.12 1.05 1.4 12.3 1.49 1.006 1.4 15.4 1.95 0.95 1.4

Figure 2. Expected material consumer-harm incidents under governance tiers (illustrative 
projection)

Figure 3. Trade-off between governance cost and regulatory risk premium proxy (2030, 
illustrative)
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4. Discussion

The scenario layer highlights why governance-by-design is economically relevant. As platforms 
scale, the expected frequency of high-impact incidents rises under baseline controls because 
behavioural feedback loops, drift, and product experimentation increase exposure to opacity, 
discrimination, and manipulation risks. Governance-by-design reduces this risk primarily by (i) 
strengthening data lineage and evaluation discipline, (ii) creating evidence-producing transparency 
and user-choice mechanisms, and (iii) establishing monitoring and corrective-action loops. A 
key implication is that transparency should be treated as a control, not a communication artifact: 
disclosures must be traceable to model documentation, parameter settings, and monitoring 
evidence.For non‑EU jurisdictions, proportionality is critical. The EU’s risk-tiering logic can be 
translated into a two-speed approach: minimal baseline controls for low-impact personalization 
and stronger controls for high-impact systems such as dynamic pricing, eligibility-like gating, 
or targeting that affects vulnerable groups. This approach preserves innovation while materially 
reducing tail risks and regulatory friction.Finally, governance must manage an ‘explanation 
leakage’ risk: detailed explanations to end users can be exploited to game recommender or 
pricing systems. Role-based transparency is therefore recommended—investigator/auditor-
grade evidence internally, and meaningful-but-safe user explanations externally.

 
5. Conclusions

AI-based consumer behaviour modelling is becoming a governed capability rather than a 
purely competitive asset. Benchmark regimes show that durable compliance and trust depend 
on lifecycle controls—data governance, documentation, logging, monitoring, and incident 
response—paired with user-facing transparency and meaningful choice. For emerging markets, 
a modular governance-by-design architecture can deliver disproportionate risk reduction if it 
prioritizes high-impact systems first and ensures that transparency claims are supported by 
auditable evidence.The quantitative scenarios provide a planning lens: modest increases in 
governance operating cost can be justified by reductions in expected harm events and a lower 
regulatory-risk premium proxy, especially over a 5–10 year horizon. Future empirical research 
should test these mechanisms using platform-level incident data, complaint records, and 
audit outcomes, and should evaluate how different transparency UI designs affect consumer 
understanding and welfare.

Patents

No patents are claimed. Potential patentable outputs would arise only from future proprietary 
implementations such as automated evidence generation, tamper-evident audit logging, or real-
time fairness-drift monitoring systems.

Supplementary Materials

Supplementary materials may include a model registry template, model-card/datasheet 
templates, transparency UX testing protocol, fairness/drift monitoring specification, and an 
incident-response playbook for algorithmic harm events.
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Appendix A

Minimum viable checklist: system inventory; data provenance/representativeness; documentation; 
evaluation (calibration + subgroup metrics); explainability plan; user transparency + choice; logging 
+ monitoring; incident + corrective action governance.

Appendix B

Illustrative dashboard indicators: drift/performance decay; exposure parity; subgroup error rates; 
opt-out usage; incident rates; model update compliance; documentation completeness; vulnerability 
safeguards outcomes.
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