Machine learning (ML) promises to revolutionize healthcare by enabling predictive analytics that can identify
patients at risk of disengagement from care. From patient portals to remote monitoring systems, digital health
tools increasingly generate behavioral data that, when analyzed properly, could allow earlier intervention to

improve outcomes.

However, as organizations like the National Institutes of Health (NIH) invest in ML research, and companies such
as MrQ leverage behavioral signals to predict user risk in other sectors, it is vital to consider what could go wrong
when applying similar methodologies in healthcare. False positives, bias risk, privacy concerns, and the challenge of

ensuring meaningful human oversight are critical issues to address.

Understanding Behavioral Risk in Digital Interactions

One of the foundational insights driving disengagement prediction is that behavioral risk does not appear
suddenly—it emerges gradually through patterns of interaction. In healthcare digital platforms like patient portals
or remote monitoring systems, a single missed login or a period without data upload should not be treated as an
immediate cause for alarm. Instead, it is the evolution of these interactions over time that offers a more reliable

signal.

Why Patterns Matter More Than Single Events

Consider a patient who skips one week of data submission on a remote monitoring system. This might occur due
to network issues, temporary illness, or even a holiday—none of which necessarily indicate disengagement.
However, if this single event turns into a pattern of missed interactions, it can signal a potential risk. Machine
learning models can analyze such longitudinal data, identifying combinations and sequences of behaviors that are

more predictive of true disengagement than any isolated action.

* Single missed event # disengagement
® Repeated, meaningful patterns yield richer insight

® Behavioral contexts and timing add nuance to predictions

Lessons from Regulated Platforms Using Behavioral Signals

In regulated fields outside healthcare, such as gambling, companies like MrQ have pioneered the use of early
warning behavioral signals to identify risk. They look closely at patterns in user interactions—for example, changes
in betting frequency or unusual transaction behaviors—to trigger preventative measures while respecting privacy

and regulatory requirements.

Their approach emphasizes the importance of context and continuous monitoring rather than reacting to
individual "red flag" incidents. This long-term, pattern-based model offers valuable lessons for healthcare

stakeholders aiming to anticipate patient disengagement without jumping to premature conclusions.

Risks to Consider When Implementing Machine Learning for
Disengagement Prediction

Despite the promise, ML-based disengagement prediction harbors significant risks that could lead to patient harm

or ethical issues if unaddressed.

1. False Positives: The Perils of Over-Alerting



False positives—incorrectly classifying a patient as disengaged—are particularly problematic in healthcare.
Unnecessary outreach or interventions could cause patient anxiety, erode trust in digital tools, or divert clinical

resources from those in genuine need.

For example, an alert triggered by a natural fluctuation in portal login frequency might prompt unwarranted
follow-up calls, burdening care teams and frustrate patients. This highlights my ongoing concern: “Always ask,

what would support look like here?" before deploying predictive alerts.

2. Bias Risk: Reinforcing Health Inequities

Behavioral data used by ML models reflect existing social, economic, and cultural factors that can introduce bias.
Patients from underserved populations may have intermittent access to technology, inconsistent internet
connectivity, or differing patterns of portal use that do not signify disengagement but risk being misinterpreted by

algorithms.

This risk of bias underscores the need for continuous evaluation and transparency. Treating correlation as

explanation is dangerous; models must be assessed critically to ensure they do not reinforce inequities.

3. Privacy and Evidence Standards Must Lead

Gathering detailed behavioral signals raises privacy concerns. Patients may be unaware that their granular

interaction data is mined for disengagement prediction. Consent processes must be clear and comprehensive.

The National Institutes of Health (NIH) emphasize that evidence standards in digital health must lead with

respect to patient safety and data governance. This means rigorous validation of ML algorithms and transparent

reporting of their limitations before clinical deployment.

Privacy hand-waving is unacceptable, especially in the sensitive context of healthcare behaviors.

4. Human Oversight: The Non-Negotiable Safety Net

No ML system can fully replace clinical judgment. Every flagged case of disengagement prediction should include a
defined human review path. This avoids automatic, opaque decision-making systems that act without

accountability.

Human oversight ensures that false positives can be challenged, contextual factors considered, and patient-

centered support strategies developed rather than transactional task completions.



Practical Recommendations for Safe ML-Based Disengagement
Prediction

Underpinning the technology with a safety-first mindset requires coordinated efforts from data scientists,

clinicians, ethicists, and patients.

1. Separate Signals from Stories: Maintain a clear distinction between raw behavioral data (“signals”) versus

clinical interpretations (“stories”) to avoid premature conclusions.

2. Validate with Real-World Data: Use diverse datasets representing all patient groups to reduce bias and
improve generalizability.

3. Adopt Privacy-by-Design: Embed strong data protections and transparent consent mechanisms from the

outset.

4. Iterative Human-Machine Partnership: Create workflows where clinicians oversee algorithm outputs and

refine predictive models with ongoing feedback.

5. Measure Supportive Impact: Track whether predictive alerts lead to meaningful engagement support rather

than superficial dashboard metrics like clicks.

Summary of Challenges and Responses Challenge Potential Consequence Mitigation Strategy False Positives
Unnecessary interventions, patient anxiety Threshold tuning, human review, contextual analysis Bias Risk Health
inequities, unfair treatment Diverse data, fairness audits, transparent reporting Privacy Concerns Data misuse,
patient mistrust Clear consent, data minimization, secure storage Lack of Human Oversight Loss of clinical

judgment, accountability gaps Define review workflows, train staff, monitor outcomes

Conclusion

Machine learning holds great potential for improving patient engagement through timely identification of
behavioral risk in healthcare digital tools like patient portals and remote monitoring systems. Yet, as demonstrated
by regulated platforms such as MrQ in gambling and guided by standards from institutions like the National
Institutes of Health (NIH), success hinges on respecting the complexity of human behavior, prioritizing privacy,
mitigating bias, and maintaining robust human oversight.




Without careful attention to these factors, the pitfalls of false positives, unfair bias, loss of trust, and unsafe

automation could overshadow the benefits, ultimately compromising care quality rather than enhancing it.

Healthcare organizations must keep a running list of “signals vs stories” when interpreting digital interaction data
and always ask, “ what would support look like here?" before launching prediction-based interventions. Only by
marrying data science with clinical empathy and ethical rigor can ML-driven disengagement prediction fulfill its

promise Al governance human oversight safely and equitably.
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