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Abstract
Advances in genomics, informatics, and artificial intelligence (AI) are reshaping preventive medicine by enabling risk- 
stratified, personalized approaches to disease prevention. This paper argues for a systemic transformation in US health 
care policy to support equitable access to personalized prevention. We critique the inefficiencies of current age-based 
screening paradigms and highlight the potential of integrating polygenic risk scores, multi-omic data, and AI-driven 
analytics to optimize preventive strategies. However, without concurrent innovation in financing models, these advances 
risk exacerbating existing health disparities. Drawing on lessons from the rare disease community, we propose policy 
solutions, including expanded, equitably funded health savings accounts, transparent pricing, and patient-centered 
decision-support tools, to democratize access to personalized prevention. We advocate for a healthcare ecosystem that 
aligns technological innovation with flexible, patient-directed funding mechanisms, enabling all persons, not just the 
well-resourced, to benefit from precision prevention. The Human Genome Project promised to unlock the complete 
genetic blueprint of humans to revolutionize medicine through personalized care, disease prevention, and new 
biotechnologies. Realizing this goal requires coordinated action across science, policy, and payment systems to ensure 
that personalized prevention becomes a standard, equitable component of modern health care.
Keywords: genomics, health care costs, health savings accounts, integrated risk, personalized prevention

Received: January 12, 2026. Revised: April 7, 2026. Accepted: April 9, 2026 
© The Author(s) 2026. Published by Oxford University Press on behalf of Project HOPE - The People-To-People Health Foundation, Inc. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, dis
tribution, and reproduction in any medium, provided the original work is properly cited.

Genomics and related innovations, including artificial intelligence 
(AI), are reshaping preventive medicine by making it increasingly 
possible to tailor further prevention to individual risk. These ad
vances could improve outcomes, but without payment and policy 
reform they may disproportionately benefit patients with greater 
financial means and better access to advanced care. Current insur
ance models often exclude preventive strategies because cover
age depends on lengthy evidence review and guideline 
adoption. Steps are therefore needed to prevent personalized pre
vention from worsening health disparities.

Here, we advocate for broader adoption of personalized preven
tion, outlining its rationale, enabling factors, and the need for more 
flexible approaches to financing preventive care. We then propose 
strategies to expand access so that more patients can benefit from 
advances in disease risk assessment and management.

The rationale for personalized 
prevention 
Current prevention is largely one-size-fits-all, overlooking indi
vidualized approaches enabled by genomics and informatics. 

Colon cancer screening is one example. The US Preventive 
Services Task Force (USPSTF) lowered the screening age from 
50 to 45 years, a change projected to reduce incidence by 7117 
annually.1 Yet, this expansion means that about 21.4 million 
adults age 45 to 49 will undergo screening many at relatively 
low short-term risk. This does not argue against age-based 
screening, which has a clear population benefit, but it illustrates 
the limits of relying on age alone when risk varies across individ
uals. Conversely, individuals with markedly increased risk, such 
as those with Lynch syndrome remain underdiagnosed despite 
evidence that earlier colonoscopies can reduce lifetime cancer 
risk by 60% to 70%.2-4 This mismatch highlights why prevention 
policy must better account for heterogeneity in risk.

More efficient prevention requires better individual risk as
sessment. Expanding health data and improved informatics 
are refining how risk is estimated and how preventive strat
egies are matched to patients most likely to benefit. While 
age has long served as a simple risk marker, genomics and re
lated tools now allow more nuanced estimates. The WISDOM 
study, for example, risk-stratifies patients for personalized 
breast cancer screening and illustrates the value of tailored 
prevention.5
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Factors advancing personalized 
prevention 
Digital health monitoring, growing health data, and improved an
alytics are accelerating personalized prevention by enabling 
more tailored interventions. These developments are evident in 
colon cancer prevention, where options now include endoscopy, 
stool DNA tests, and emerging multicancer detection technolo
gies.4 More broadly, personalized prevention is being advanced 
by digitized health records, wearable devices, telemedicine, 
multi-omic data, imaging, biomarkers, and patient-generated 
health data.

Polygenic risk scores (PRS) may improve early risk stratifica
tion in some settings, but their limitations must be explicit. 
PRS performance varies across populations, particularly when 
models developed largely in people of European ancestry are ap
plied to individuals of different genetic ancestry or other under
represented ancestries.6, 7 For this reason, PRS should not be 
treated as deterministic or used in isolation. Rather they should 
be interpreted as one part of a broader risk framework that also 
includes clinical history, family history, biomarkers, and other 
contextual factors. Recent studies, including BARCODE1 and 
WISDOM, suggest that risk informed screening may have clinical 
utility, but the evidence is still evolving and requires continued 
validation across diverse populations.8, 9

Navigating these options will require patients and clinicians to 
determine the timing, type, and frequency of preventive inter
ventions according to individual risk and preferences. Clinician 
training in quantitative risk estimation, including interpretation 
and limitations of PRS and other predictive models, will be essen
tial as these tools move into clinical practice. Without such train
ing, implementation could unintentionally reinforce inequities.

To move away from rigid, one-size-fits-all insurance criteria, 
the health care system must enable individuals and clinicians 
to choose among preventive strategies tailored to the patients’ 
risk and values and after an informed discussion. In colorectal 
cancer, for example, genomic and clinical data could guide 
who should be screened earlier, more intensively, or by different 
methods.

Individualized demands of 
personalized prevention 
A central challenge for personalized prevention is how to fund 
and sustain it. Insurers have long been reluctant to pay for pre
ventive measures, which is why the Affordable Care Act 
(Section 2713), requires private insurers to cover USPSTF “A” or 
“B” rated services.1 Yet, there are often delays between scientific 
recognition and formal coverage. BRCA testing, for example, was 
recognized by the CDC in 2012 but not formally recommended by 
the USPSTF until 2019. As prevention becomes increasingly per
sonalized, coverage may become even harder because many 
strategies will apply to smaller groups defined by combinations 
of genetic, clinical, and environmental risk factors.

The rare disease community offers valuable lessons. For deca
des, patients with rare diseases have faced barriers to care tail
ored to their needs because targeted interventions often do 
not fit conventional evidence standards.10 Personalized 

prevention may face a similar problem: many patients may bene
fit from preventive strategies that fall outside current guideline- 
based coverage. These parallels underscore how individualized 
prevention may challenge payment systems built around stand
ardized recommendations.

Leveraging information access 
and AI 
Digital tools, including AI-enabled decision support, may help pa
tients and clinicians interpret increasingly complex risk informa
tion, but their value depends on validation, transparency, and 
careful integration into clinical decision-making.11-18 Any 
AI-supported approach should be evaluated on clinical perform
ance, fairness across populations, and its ability to improve 
shared decision-making rather than replace it.

Tension arises when shared decisions leads to preventive 
strategies outside insurance-approved guidelines. One response 
is to build informatic systems that catalog services, support 
transparent pricing, and present evidence relevant to each per
son’s risk profile. Such tools could help patients and clinicians 
make informed choices even before insurers or guidelines adapt, 
although they will matter only if patients also have realistic 
means to pay for these services.

Financing flexibility for 
personalized prevention 
Promoting transparent pricing, simplifying option comparison, 
and offering greater flexibility to choose tailored strategies will 
help realize personalized prevention. Expanding access may 
also encourage development of tools and services that help pa
tients and clinicians navigate growing numbers of risk models 
and preventive interventions.

Health savings accounts (HSAs) illustrate one possible mech
anism for giving patients flexibility to pay for preventive services 
that do not fit neatly into current coverage rules, but HSAs are 
not sufficient on their own.19 Evidence from high-deductible 
plan designs suggests that when patients face greater cost shar
ing, they often reduce both high- and low-value care rather than 
selectively reducing low-value services.20 Related evidence sug
gests that higher cost sharing can delay needed outpatient 
care and worsen outcomes, underscoring that financing flexibil
ity alone does not ensure clinically sound decision-making.21

HSAs could help fund personalized prevention, and enrollment 
has grown substantially.22 However, the existing literature shows 
that HSAs disproportionately benefit higher income households 
that can afford to contribute and capture the tax advantages. 
Any equitable adaptation of this model would therefore require 
direct support for lower-income patients. The level and structure 
of such support would require further policy deliberation. 
However, the challenge of the HSA model illuminates is not 
unique to HSAs. For example, Medicaid coverage for genetic test
ing remains highly variable across states, indications, and billing 
pathways, illustrating how payer fragmentation creates uneven 
access to personalized services.23, 24 Any financing approach 
for personalized prevention must therefore be paired with clin
ician guidance, patient education, and decision support tools if 
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we will be able to effectively use their finances to improve pa
tients’ health through prevention.

More flexible financing could still support informed patient 
choice and encourage development of more accessible prevent
ive service models. The goal is not to shift prevention entirely to 
out-of-pocket purchasing, but to create practical pathways for 
patients to access evidence informed services that fall outside 
rigid coverage structures.

Conclusion 
Personalized prevention represents a shift from rigid, popula
tion-based third party-payer-fee structures toward strategies 
tailored to individual risks, preferences, and circumstances. 
Advances in genomics, informatics, and AI make such customiza
tion increasingly possible, but without parallel innovation in fi
nancing, access will remain limited to those who can pay out 
of pocket. Failing to address this gap risks turning personalized 
prevention into a driver of inequity rather than a means of im
proving prevention.

By adopting mechanisms that promote transparent pricing, fa
cilitate comparison of options, and provide more flexible and 
equitable financing, health systems can better support shared 
decision-making and broader access to tailored prevention. 
The Human Genome Project promised a future in which under
standing each person’s biology would enable more precise and 
effective disease prevention. That promise will be realized only 
if science, payment policy, and innovation evolve together so 
that personalized prevention becomes a broadly available stand
ard rather than a privilege.
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