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Family doctors are trained to prevent disease, not just treat it. Yet prevention often depends on predicting what might happen in the future. Will
this patient develop diabetes? Will that patient have a heart attack? Who is at risk for cancer, and who needs screening? In recent years, digital
tools have emerged that attempt to answer these questions using patient data, genomic information, and machine learning. These tools project
future health risks and simulate the effects of different interventions. This narrative review examines whether such tools may help family
doctors prevent and manage chronic diseases. Ontomorph is used as a case example of a platform that proposes "what-if" simulations and ten-
year risk projections based on a patient's genome, laboratory results, and lifestyle data. The review also considers the practical and ethical
issues of using future-risk projections in primary care, drawing on recent literature. The evidence suggests that digital risk prediction may
improve case finding, support shared decision-making, and enhance preventive care. However, challenges remain, including validation, bias,
patient anxiety, workflow integration, and unclear liability. Family doctors should engage with these tools critically, ensuring that they serve
patient care rather than adding to the burden of practice.
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Introduction

The goal of family medicine is not only to treat illness but to prevent
it. A family doctor who identifies a patient at risk for diabetes can
offer lifestyle counseling before the disease develops. A doctor who
recognizes a patient at risk for heart disease can prescribe a statin
before a heart attack occurs. Prevention depends on prediction. It
requires looking ahead and asking what might happen.
Traditionally, prediction has relied on clinical judgment and simple
risk scores. A doctor might use age, blood pressure, cholesterol, and
smoking status to estimate cardiovascular risk. These tools are
useful but limited. They do not account for genetic factors, lifestyle
changes over time, or the complex interactions between different
health conditions.?

In recent years, digital tools have emerged that attempt to improve
prediction. These tools use machine learning algorithms, large
datasets, and genomic information to project future health risks.
They can simulate the effect of changing a single variable, such as
starting a medication or losing weight. They can show patients what
their risk might look like in ten years if they act now versus if they do
nothing.?

Ontomorph is one example of this approach. Its platform proposes
simulation features that project a patient's health trajectory over
time. A patient with a ten-year cardiovascular risk of 12% can see
how that risk might change with lifestyle modifications. A patient
with a BRCA variant can see the organs affected and the screening
recommendations timed to that risk.* The platform's stated goal is to
catch conditions before they become diagnoses.

This review asks a practical question: Can digital risk prediction and
simulation tools help family medicine? To answer this, the article
examines how such tools work, what benefits they may offer, and
what problems they may create. Ontomorph is used throughout as a
case example to ground the discussion in areal system.

This article is a narrative review. Literature was identified through
searches of PubMed, Google Scholar, and institutional databases
using key concepts including "risk prediction," "machine learning,"
"primary care," "family medicine," "digital twin," "clinical decision
support," "genomic risk," and "chronic disease prevention." The
search period focused on 2021 to 2026. Articles were selected based
on relevance to primary care, methodological quality, and
contribution to understanding the benefits and challenges of digital
risk prediction tools. Platform-specific information about
Ontomorph was obtained from publicly available company
materials and the platform website. The review does not claim to be
exhaustive but aims to provide a balanced overview of the topic for
family medicine readers.

How Digital Risk Prediction and Simulation Tools Work

The Basics of Risk Prediction

Risk prediction is the process of estimating the likelihood that a
future event will occur. In medicine, this often means estimating the
probability that a patient will develop a disease within a certain time
frame. A ten-year cardiovascular risk of 12%, for example, means
that a patient has a 12% chance of having a heart attack or stroke in
the nextten years.®

Traditional risk scores use a small number of variables. The
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Framingham Risk Score, for example, uses age, sex, blood pressure,
cholesterol, smoking status, and diabetes status.® These scores are
easy to calculate and have been validated in large populations.
However, they do not capture the full complexity of individual risk.
Machine learning models can use many more variables. They can
incorporate data from electronic health records, wearables, genomic
tests, and social determinants of health. They can identify patterns
that are not obvious to human clinicians. A systematic review of
machine learning in primary care found that these models can
predict the risk of chronic conditions including cardiovascular
disease, diabetic retinopathy, and chronic kidney disease.?
Simulation and Digital Twins

Simulation goes a step further than prediction. It allows clinicians
and patients to explore what might happen under different scenarios.
What if the patient starts a statin? What if they lose ten pounds?
What if they stop smoking? Simulation tools can model these
scenarios and show the projected impact on future risk.” However,
simulated changes in predicted risk are model outputs rather than
evidence that an individual patient will experience the projected
benefit. Prediction should not be confused with causal inference or
treatment-effect estimation.

Ontomorph's platform proposes simulation features that are built on
this principle. The patient's twin integrates genome, laboratory
results, and lifestyle data into a projected trajectory.* The user can
adjust a single variable and see the projection re-resolve. For
example, a patient can see how their ten-year cardiovascular risk
changes if they start exercising regularly.

This approach is sometimes called a "digital twin." A digital twin is a
dynamic, virtual representation of a physical system that is updated
with real-time data. In healthcare, a digital twin can simulate,
monitor, and predict the behavior of health entities to reduce the risk
of complications.® A review of Al in family medicine identified
digital twins as a promising tool for managing chronic conditions
such as diabetes, hypertension, and heart disease.®

Integration with Clinical Workflows

For risk prediction to be useful, it must be integrated into clinical
workflows. A prediction tool that sits on a shelfis of no help to a busy
family doctor. The information must appear at the point of care,
when itis needed, in a form that is easy to understand.’

Clinical decision support systems are designed to do this. They use
predictive models and patient data to provide recommendations,
alerts, and reminders.!® A systematic review of clinical decision
support systems in primary care found that they can improve the
quality and safety of care.” However, the same review found that the
greatest barrier to use was increased workload. If the system adds
clicks, interrupts workflow, or produces too many alerts, it will not
be used.

Ontomorph proposes to address this by embedding prediction and
simulation directly into the patient's record. When a clinician views
a patient's twin, risk projections are already calculated. When a new
medication is considered, the simulation is updated automatically.*
The prediction is not a separate tool. It is part of the record itself.
Benefits for Family Medicine

Predicting Chronic Disease Risk

Chronic diseases are the leading cause of death and disability
worldwide. Conditions such as diabetes, heart disease, and chronic

kidney disease develop slowly and often silently. By the time
symptoms appear, the disease may be advanced. Early identification
of at-risk patients is essential for prevention.'!

Digital risk prediction tools can help. A systematic review of
population risk stratification tools in primary care found that
implementing these tools can lead to better health outcomes,
reduced hospitalizations, and improved quality of life for patients
with chronic diseases.’’ A study of Al-based clinical decision
support in a resource-constrained setting found that risk assessment
improved by 27% and statin prescription by 29% among doctors
using the tool."?

Ontomorph's platform is designed to support this kind of early
identification. The twin integrates data from multiple sources,
including genomic variants that may indicate inherited risk. A
patient with a BRCA1 mutation, for example, can see the organs
affected and the screening recommendations timed to that risk.* This
kind of personalized risk assessment is not possible with traditional
risk scores.

Supporting Personalized Prevention

Prevention is not one-size-fits-all. A patient with a strong family
history of heart disease may need earlier and more aggressive
intervention than a patient without such a history. A patient with a
genetic variant that affects drug metabolism may need a different
medication than a patient without that variant.'?

Digital risk prediction tools may support personalized prevention.
They can incorporate genomic data, lifestyle factors, and
biomarkers to generate individual risk estimates. A narrative review
of precision medicine in primary care found that clinical prediction
tools incorporating genomic markers are increasingly used to
stratify patients' risk for conditions like cardiovascular disease and
osteoporosis.'*

Ontomorph's platform includes genomic data as a core component.
The twin resolves variants onto the organs they affect and uses them
to inform risk projections.* This approach may help family doctors
identify patients who need earlier screening, more frequent
monitoring, or different treatments.

Improving Clinical Decisions

Risk prediction may improve clinical decisions in several ways. It
may help clinicians decide who needs treatment. It may help them
choose between different treatment options. It may help them
communicate risk to patients in a way that supports shared decision-
making.'

A study of machine learning-based clinical decision support for type
2 diabetes found that predictive models could generate treatment
pathway graphs, helping clinicians and patients review alternative
treatment strategies.” A systematic review of Al in primary care
found that these tools supported chronic disease management by
enabling earlier risk stratification, safer prescribing, and more
consistent patient follow-up.!

Ontomorph's simulation features may strengthen this benefit. When
a clinician and patient can see the projected impact of different
interventions, they can make more informed decisions together. The
platform's visualization tools allow patients to see how their risk
might change with lifestyle modifications or medication.* This kind
of'shared decision-making is a core principle of family medicine.
Enhancing Patient Engagement
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Patients who understand their risk are more likely to take action. A
systematic review of patient-centered digital health records found
that these tools are associated with benefits in health care utilization,
treatment adherence, and self-management.'® Another study found
that patients who saw their clinical notes felt more empowered and
better understood their treatment plans.’

Ontomorph's platform is designed to support patient engagement.
Patients can view their twin, see what each result means, and
simulate the effects of lifestyle changes.* The platform includes
features for logging symptoms, setting alerts, and sharing access
with family members. These tools may help patients become active
partners in their care rather than passive recipients.

Limitations and Challenges

Validation and Accuracy

Risk prediction models are only as good as the data they are built on.
A model developed in one population may not perform well in
another. A review of machine learning-based cardiovascular risk
prediction found that models are often developed by researchers in
Western countries and focused on white ethnicity, which could
result in bias and compromise health equality.'®

External validation is essential before a model can be used in clinical
practice. Adequate clinical validation requires assessment of both
discrimination (the ability to distinguish between patients who will
and will not experience an event) and calibration (the agreement
between predicted and observed event rates). Model performance
may deteriorate when applied to populations that differ from the
development cohort. A scoping review of cardiovascular disease
risk calculators recommended that healthcare settings use feasible,
accurate, and user-friendly tools tailored to the population and
health system.> Ontomorph's platform uses its own knowledge
system, HOLON, to resolve risk estimates.* The platform has not
published external validation studies, and its clinical accuracy
remains unproven.

Bias and Equity

Machine learning models can perpetuate and amplify existing
biases. Ifthe training data underrepresents certain groups, the model
may perform poorly for those groups. A study of bias in healthcare
prediction models found clear evidence of racial, gender-based, and
age-related biases that profoundly impact prediction performance
and lead to unfair outcomes. '

A framework for assessing and addressing bias in predictive models
found that models can under predict hospitalization risk for
minoritized patients, leading to inadequate care.?’ This is a serious
concern for family medicine, where equity is a core value. If digital
risk prediction tools are not carefully designed and validated, they
may widen existing disparities.

Applicability to Nigerian and African Primary Care

For family medicine in Nigeria and similar low-resource settings,
several additional considerations apply. First, most risk prediction
models have been developed and validated in high-income countries
with predominantly white populations. Their applicability to
African populations is uncertain without local external validation.
Second, the availability and representativeness of local electronic
health data remain limited. Many primary care facilities in Nigeria
still rely partly or predominantly on paper records, which limits the
data available for risk prediction. Third, access to genomic data and

genetic counselling services is limited, raising questions about the
feasibility of genomic risk prediction in routine practice. Fourth,
digital literacy, internet connectivity, and cost may restrict the use of
digital tools. Fifth, interoperability between existing health
information systems is often poor. These factors suggest that while
digital risk prediction holds promise for Nigerian family medicine,
implementation must be context-sensitive and accompanied by
investment in data infrastructure, training, and equitable access.
Patient Anxiety and Communication

Telling a patient that they are at high risk for a serious disease can
cause anxiety. A qualitative study of dementia risk prediction in
primary care found that patient fear was a primary factor to consider
when implementing these tools.?! Another study found that risk
prediction tools could cause unnecessary anxiety, especially when
the risk is uncertain or when the patient feels powerless to change
it.2

Communicating risk is difficult. Risk estimates are probabilistic, not
certain. A ten-year cardiovascular risk of 12% means that 12 out of
100 people with similar characteristics will have an event. It does
not mean that this particular patient will have an event.?* A review of
uncertainty in risk estimates found that patient and public
involvement groups have argued that providing this information is
ethically mandatory.”® Risk should generally be communicated
using understandable absolute risks, appropriate time horizons, and
clear acknowledgement of uncertainty. Deterministic language
should be avoided, particularly when model confidence and
population validity are uncertain.

Ontomorph's platform includes Al lab interpretation and simulation
features that may help explain risk.* However, the platform cannot
eliminate the emotional impact of receiving bad news. Family
doctors will need to support patients in understanding and coping
with what they see.

Workflow and Time Burden

Adding risk prediction to family medicine creates work. Physicians
are already burdened with documentation, inbox management, and
administrative tasks. A systematic review of clinical decision
support systems in primary care found that increased workload was
the greatest barrier to use.’

If Ontomorph requires physicians to learn a new interface, review
risk projections, and discuss them with patients, it may add to this
burden. A qualitative study of primary care providers found that
concerns about workflow burden and incompatibility with a whole-
patient approach contributed to slow adoption of risk prediction
tools.>

Ethical and Legal Issues

Using future-risk projections raises ethical and legal questions. Who
is responsible if a prediction is wrong? What happens if a patient is
told they are low risk and then develops the disease? What happens
if a patient is told they are high risk and receives unnecessary
treatment? A review of legal and ethical considerations in Al in
healthcare found that there is a lack of well-defined regulations to
manage these issues.?

Al-generated risk estimates and genomic interpretations require
appropriate clinical validation, clinician oversight, and, where
relevant, genetic counselling. Predictions should not replace clinical
judgement, guideline-based risk assessment, or shared decision-
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making.

A review of risk prediction tools in multiple long-term conditions
found that unclear liability for legal risks, poorly defined ownership
and governance of data, and concerns over privacy, security, and
consent were significant barriers.?® Clinicians will need support and
training to use these tools effectively and will need clarification
regarding liability for harms arising from their use.?” Additional
governance considerations include data provenance, accountability
for erroneous predictions, secondary use of patient data, commercial
governance, cybersecurity, and responsibility when a model
changes over time.

Ontomorph's governance model gives patients control over
disclosure.* However, the platform's white paper acknowledges that
transferred copies cannot be recalled.?® Once a risk projection is
shared, it may persist. This raises questions about who owns the
prediction and who is responsible for acting on it.

Discussion

The idea of predicting future health risks is compelling. It aligns
with the preventive focus of family medicine and the growing
emphasis on personalized care. Digital tools like Ontomorph offer
the promise of more accurate risk assessment, better-targeted
interventions, and more engaged patients.

The benefits are clear in theory. Risk prediction may help identify
patients who need early intervention. Simulation may help
clinicians and patients explore different scenarios. Visualization
may make risk understandable and actionable. For family medicine,
where prevention is a core task, these benefits could be substantial.
But the challenges are also real. Validation must be rigorous. Bias
must be addressed. Patient anxiety must be managed. Workflow
must be designed to reduce, not increase, burden. Ethical and legal
issues must be resolved.

Ontomorph is not the first system to attempt this. Traditional risk
scores, machine learning models, and clinical decision support
systems have been used for years. What distinguishes Ontomorph is
its integration of genomic data, simulation, and a patient-owned
record. These features may address some of the limitations seen in
earlier systems. For example, the inclusion of genomic data may
improve risk prediction for inherited conditions. The simulation
features may support shared decision-making in a way that
traditional risk scores cannot.

However, it is important to distinguish evidence supporting digital
risk prediction tools in general from claims about Ontomorph
specifically. Most evidence cited in this review concerns risk scores,
machine learning models, clinical decision support systems, and
digital records generally. Ontomorph-specific descriptions derive
largely from the platform itself. Independent clinical evidence for
Ontomorph is limited, and the platform has not undergone rigorous
external evaluation.

These features also introduce new risks. The genomic data may
create anxiety or lead to unnecessary interventions. The simulation
may give false confidence in uncertain projections. The patient-
owned record may not be adopted broadly enough to be useful.
Family doctors should approach digital risk prediction tools with
cautious optimism. The potential benefits are significant, but the
evidence base is still developing. Most studies on risk prediction
have examined single-condition models, not integrated platforms

like Ontomorph. Research on Ontomorph specifically is limited.
The platform is in beta, and its clinical impact has not been
rigorously evaluated.

Conclusion

Looking ahead is a core task of family medicine. Digital risk
prediction and simulation tools may help with this task. They may
help identify patients at risk for chronic diseases, support
personalized prevention, improve clinical decisions, and enhance
patient engagement. Ontomorph provides a concrete example of
how such a system might work. Its integration of genomic data,
simulation features, and a patient-owned record is innovative.

But the path from concept to clinic is not easy. Validation, bias,
anxiety, workflow, and ethical issues are all challenges that must be
addressed. Family doctors should engage with these systems
critically, asking questions about evidence, usability, and long-term
sustainability. They should also advocate for their patients, ensuring
that digital tools serve the goal of better care, not just more
technology.

The future of family medicine will be shaped by how we manage
information and predict risk. Digital risk prediction may be part of
that future. Whether it improves care will depend on how well it is
designed, implemented, and evaluated. The promise is real. The
work is just beginning.
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