
Machine learning (ML) on behavioural data holds transformative potential across healthcare, digital services, and
regulated industries. However, before plunging into the exciting possibilities of predictive models and AI-driven
insights, it is crucial to pause and consider foundational steps ensuring responsible, effective, and ethical use of
behavioural data. This post draws on examples and best practices from regulated platforms, including lessons from
gambling operator MrQ and health research standards from the National Institutes of Health (NIH). We also
touch on patient-facing technologies like patient portals and remote monitoring systems to highlight challenges
and governance essentials.

Why Behavioural Data is Complex and Demands Careful Governance
Behavioural risk seldom reveals itself in a single click or event. Instead, these risks emerge gradually and subtly
over AI governance multiple digital interactions—think of a gambling user’s changing bet patterns or a patient’s
fluctuating engagement with a medical app. This temporal and contextual complexity means the analytic focus
must be on patterns rather than isolated incidents.

Additionally, behavioural data tends to be deeply personal and sensitive. Balancing the power of machine learning
models with privacy protections and rigorous evidence standards is non-negotiable. This balance is especially
critical in regulated environments, where premature or inaccurate flagging can have severe consequences for
individuals.

Step 1: Establish Governance First — The Cornerstone of Trustworthy
ML
Governance first means putting strong policies, review processes, and accountability structures in place before
processing, analyzing, or acting on behavioural data. This step can never be an afterthought.

Components of Effective Governance

Data stewardship and ownership: Define who is responsible for the behavioural data lifecycle.

Clear purposes and ethical use cases: Only collect and analyze data for predefined, transparent goals.

Role-based access controls: Limit who can view and manipulate sensitive behaviour data.

Regular audit and review processes: Implement human-in-the-loop governance to verify ML outputs and
flag biases or errors.

Stakeholder engagement: Include users, clinicians, ethicists, and regulators in governance design.

For example, the online gambling operator MrQ uses behavioural signals carefully within its regulated framework
as early warning signs to intervene before harm escalates. Robust governance controls ensure that algorithms
identifying risky play align with privacy laws and ethical mandates.

Step 2: Define High-Quality Evidence Standards Before Data Collection
Behavioural data’s value hinges on accuracy, contextual relevance, and clarity in what it represents. Therefore,
establishing evidence standards before data collection is essential:
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1. Use validated metrics: For instance, in healthcare, engagement data from a patient portal should be
mapped to clinically meaningful behaviours—not just click counts.

2. Focus on longitudinal patterns: The National Institutes of Health (NIH) emphasizes that behavioural risk
signs appear gradually. Analytical models must incorporate temporal trends instead of snap judgments on
one-off data points.

3. Reliable data capture methods: Devices like remote monitoring systems should be calibrated and
standardized to collect consistent behavioural signals across patient populations.

4. Document assumptions and labels: Explicitly record what defines “risk” or “compliance” to avoid vague or
biased interpretations.

Such rigor prevents conflating correlation with causation, a common pitfall when ML teams rush to apply models
without understanding the nuances of behavioural phenomena.

Step 3: Build a Review Process With Human Expertise at Its Core



Machine learning predictions from behavioural data should not directly trigger actions or interventions. Instead,
every alert or signal must pass through a human-led review process that interprets and contextualizes algorithmic
outputs.

This hybrid model addresses risks such as:

False positives/negatives: Behavioral data is inherently noisy; humans can validate and catch subtle errors
algorithms might miss.

Contextualization: A drop in patient portal log-in could indicate improved health, lack of digital access, or
disengagement—only a human reviewer can explore these layers.

Ethical consideration: Review panels can ensure privacy concerns and the proportionality of interventions
before escalation.

MrQ's regulated environment incorporates trained responsible gaming officers who review automated risk flags
before making decisions, blending the efficiency of ML with compassionate judgement. Similarly, healthcare
organizations leveraging remote monitoring systems must embed clinical oversight steps within their analysis
pipelines.

Step 4: Emphasize Privacy and Data Minimization From the Start
Privacy cannot be an afterthought or a bulk “checkbox” step. It demands early architectural decisions such as:

Data minimization: Only collect the behavioural data strictly necessary to meet defined outcomes.

Pseudonymization and encryption: Separate identifiers from behavioural logs.

Consent management: Transparently inform users how their behavioural data will be processed, including
ML applications.

Regular privacy impact assessments: Test privacy assumptions continuously as algorithms evolve.

The NIH's guidelines on digital health research underscore the importance of privacy-by-design in all behavioral
analytics, a lesson echoed by highly regulated industries like gambling.

Step 5: Interpret Patterns, Not Just Individual Events: The Analytics
Mindset Shift
One of the biggest pitfalls in analysing behaviour data with ML is seeing isolated events as causes or definitive
indicators. Instead, patterns over time should be the focus: changes in frequency, duration, intensity, or sequence
of behaviours.

For example, a single lapse in remote monitoring data from a patient might reflect a device fault, not worsening
health. However, a steadily declining trend in data completeness combined with symptom reports could signify a
behavioural risk requiring intervention.

Approaches to support this include:

Time-series analysis and sequence modelling techniques.

Integration of diverse behavioural signals (e.g., combining patient portal log-ins, medication reminders
adherence, and self-reported mood logs).

Signal-to-story distinction: Maintain a running list separating raw signals from interpretative stories to
avoid conflating evidence with hypothesis.



Regulated platforms like MrQ refine their risk models continuously by monitoring complex player behaviour
patterns rather than punishing individual bets or sessions.

Summary Table: First Practical Steps Before Using ML on Behaviour
Data
Step Key Actions Examples / Supporting Practices Governance First

Assign data stewardship

Define ethical use cases

Set up review committees

MrQ's regulated responsible gaming framework with human review steps Evidence Standards

Validate behavioural metrics

Focus on longitudinal patterns

Use standardized data capture (e.g., remote monitoring)

NIH emphasis on longitudinal digital health behaviour tracking Review Process

Human-in-the-loop decision-making

Contextual interpretation of ML outputs

Ethical impact evaluations

Healthcare clinicians reviewing remote monitoring alerts before intervention Privacy & Data Minimization

Minimize data collected

Use encryption and pseudonymization

Manage informed user consent

NIH digital health privacy guidelines Pattern-focused Analytics

Analyze time-series behaviour

Combine diverse signal types

Keep 'signals vs stories' lists

MrQ behavioural pattern risk models vs single-event scoring

Conclusion: Responsible Foundations Unlock Behavioural ML’s True
Potential
Machine learning on behavioural data is more than a technical exercise—it is a sensitive, complex endeavor
demanding responsible foundations. By prioritizing governance first, setting rigorous evidence standards,
embedding human-led review processes, designing for privacy, and focusing on behavioural patterns rather than
single signals, organizations can wield powerful insights without falling into ethical or practical traps.

Whether in regulated gambling environments like MrQ or pioneering healthcare applications supported by
patient portals and remote monitoring systems, these steps enable machine learning to serve as a helpful early
warning system rather than an opaque, error-prone black box. Institutions such as the National Institutes of
Health (NIH) provide research-backed frameworks that reinforce these best practices and should be consulted
and aligned with closely.



Ultimately, the path to meaningful behavioural ML starts not with algorithms alone, but with thoughtful
governance, evidence, and respect for the people behind the data.


