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Abstract

Early detection of cancer offers the best chance for cure, yet population-wide
screening remains either impractical or insufficiently implemented for most ma-
lignancies due to several factors. These include heterogeneity of risk, limited
technology for early detection, rarity of cases, lack of funding, and limited societal
acceptance. This position paper argues that Al-driven risk stratification using longi-
tudinal, population-scale electronic health records (EHRs) provides a practical first
step toward scalable surveillance programs. We outline a three-stage framework of
prediction, detection, and intervention, in which Al-based risk models nominate
small high-risk cohorts to receive advanced diagnostic tests, benefit from emerging
early detection technologies, and access timely therapy or preventive care. We
emphasize the importance of evaluation metrics such as positive predictive value
(PPV) and standardized incidence ratio (SIR), which reflect real-world feasibility,
cost-effectiveness, and alignment with healthcare system capacity. As an example,
we trained a pancreatic cancer risk model on the US Veterans Affairs database
of 15.9 million patients, demonstrating that focusing on high-risk individuals can
support a realistic surveillance program. We argue that Al-driven risk stratification,
when deployed appropriately as decision support and integrated into early detection
and intervention workflows, has the potential to transform cancer care through
coordinated efforts across research and healthcare systems.

1 Introduction

Cancer-related mortality can be reduced by diagnosing at an early or pre-malignant stage when
curative therapy is still possible. For example, the five-year survival rate for pancreatic ductal
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adenocarcinoma (PDAC) detected at stage I is approximately 30% in the United States Veterans
Affairs (US-VA) [1]] cohort, but falls below 10% at later stages (Figure . Therefore, detecting
cancer as early as possible creates a critical window for potentially life-saving intervention. However,
highly malignant cancers such as PDAC and high-grade serous ovarian cancer (HGSOC) are typically
detected at advanced stages, when effective treatment options are limited [2].

To establish screening programs for such cancers, three major constraints must be addressed:

1) Rarity of cancer at the population level, since the short-term baseline risk for any single cancer
in average-risk adults is below 1% per year. Even highly sensitive or specific tests will yield a low
positive predictive value (PPV) when applied population wide without pretest risk enrichment through
stratification [3]].

1) Heterogeneity of risk, which varies across indi-
viduals (age, sex, genetics, lifestyle, exposures,
etc.) and across health systems (coding prac-
tices, test availability, and follow-up). These sys-
tematic differences can shift data distributions
so that risk models developed on specialized co-
horts become miscalibrated and underperform
when applied in real-world settings [4H6].

Survival probabilty

iii) Operational constraints on health systems
in testing and follow-up of patients can result
in excessive flagging of individuals, which may ! T iR
overburden diagnostic services and delay essen-
tial care. Because a positive screen is followed
by confirmatory tests and procedures, screening
policies should align with local capacity con-
straints and should be justified by net clinical
benefit and cost-effectiveness relative to compet-
ing clinical priorities [2} 7} 8]].

bt

w00 000

Figure 1: Survival curves for pancreatic cancer
(PDAC) in a US population (US-VA) for cancer
detected at different stages. Five year survival is
very low compared to most other cancer types.

In this position paper, we argue that Al-enabled risk stratification using longitudinal, population-scale
EHRs represents an important first step in a realistic three-stage prediction—detection—intervention
surveillance program that can be adapted to the local capacity of a health system while remaining
robust to systemic change.

Challenges in current risk stratification approaches for early detection. Barriers to real-world
risk assessment and limits of epidemiological risk factors. Most current efforts in risk assessment
and early detection are developed and validated in specialized cohorts that include individuals with
strong inherited predispositions, patients referred for complex cases, or research volunteers who
provide structured health information or undergo additional tests not available in routine care [9].
However, such selective cohorts are not representative of the general population. Risk models
trained on these data may be poorly calibrated and show reduced performance when applied more
broadly, since subtle but clinically relevant events in common populations are often underrepresented.
Furthermore, known epidemiological risk factors for most cancers in the general population — where
data are less structured and often lack genetic information — yield only moderate increases in risk when
used individually or combined linearly (e.g., 1.5-3 for factors such as obesity or smoking [10} [11]],
excluding lung cancer). This makes them inadequate as the foundation for efficient population-wide
surveillance.

Limits of genetic risk factors. Information on germline mutations, such as those in BRCA1/2,
MLH1, or MSH?2 which substantially elevate lifetime risk for cancers including breast, ovarian, and
colorectal, is rarely available in real-world populations. Moreover, these mutations account for only
a small fraction of all cancer cases [12,13]]. A large Nordic twin study estimated the broad-sense
heritability of overall cancer risk at 30-37%, leaving a substantial proportion of cancer variance
unexplained by genetics alone [[14]. Polygenic risk scores (PRS) have been developed for many cancer
types, but they currently capture only 10-30% of common variant heritability and result in minimal
changes in absolute risk between the lowest and highest scoring individuals [15]]. Furthermore, PRS
typically provide only a lifetime estimate of genetic cancer risk without modeling age-resolved risk
dynamics [16]]. Although clinical adoption of PRS remains limited, targeted, whole-exome, and
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Figure 2: Risk-stratified cancer surveillance: 1.Al-driven risk stratification, 2. targeted early detection,
and 3. therapy or prevention.

whole-genome sequencing are becoming increasingly common in clinical practice [17]. As more
patient-level genetic data become available, future EHR-based cancer risk models should be able to
capture associations between cancer occurrence and genetic, environmental, and life-history factors.
At present, however, individual-level measures of genetic cancer risk remain underpowered and are
not widely accessible, which limits their practical utility in population-scale risk modeling.

Limits of blood biomarkers. Common blood test biomarkers such as CA-125 for ovarian cancer have
low sensitivity and specificity for early-stage disease [[18]], and advanced imaging modalities (e.g. MRI
or PET) are costly, operator dependent, and not suitable for population-wide deployment [[19-21]].

Current recommendations and gaps in U.S. screening guidelines. Unlike breast cancer, for which
population-wide screening with mammography is recommended and widely implemented [22]], most
cancers lack standardized national screening guidelines from the U.S. Preventive Services Task Force
(USPSTF). As a result, potentially useful technologies, such as multi-biomarker detection from blood
tests, remain underutilized in clinical practice [23| 24]. In particular, no major guideline-issuing
body currently endorses population-wide screening for aggressive cancer types such as pancreatic
or ovarian cancer, which are typically diagnosed at late stages, associated with high mortality, and
lack low-cost screening tests [2 25, 26]. For these cancers, a path toward population-level screening
will likely require creative, incremental advances: (i) development of better risk stratification models
to identify high-risk cohorts; (ii) improved early detection technologies (e.g., liquid biopsies based
on cell-free DNA or circulating proteins) with higher sensitivity and specificity; (iii) reduced costs
of clinical implementation; and (iv) continual improvement across all three areas—more accurate
risk quantification, better detection accuracy, and lower cost—with the ultimate goal of expanding
population coverage over the coming years.

2 Three steps to clinical decision support.

Cancers are a major cause of mortality: in the U.S., the lifetime risk of death from cancer is
approximately 1 in 5 for men and 1 in 7 for women. Because prognosis improves markedly with early
diagnosis, population-wide screening for early cancer detection has the potential to greatly reduce
both mortality and the side effects associated with late-stage cancer therapies. However, screening
tests can be expensive or involve invasive procedures such as PET scans or biopsies, making it
infeasible to deploy them routinely across large populations. Being nominated for screening may
also cause psychological stress and require costly medical counseling.



To maximize feasibility, a practical approach moving forward is risk-stratified surveillance in three
stages.

(1) Train AI models for risk prediction on longitudinal, population-scale EHRs to nominate a small,
high-risk cohort. Because single-cancer risk over short time horizons is low in average-risk adults, the
cost of false positives is high, and specificity must therefore be very high (i.e., a low number of false
positives), while maintaining high recall across the full population remains challenging. Hence, at
first, the high-risk group should represent a relatively small fraction of the total population. (2) Apply
early detection tests within the high-risk group, where they are most efficient, producing stronger
signals compared to the general population and increasing the likelihood of successful early detection.
(3) Provide early therapy when cancer is detected through the screening program.

An additional benefit of the high-risk approach, even without early detection, is that risk-guided
preventive strategies, such as lifestyle modifications, may delay or prevent disease [27], thereby
improving survival rates and extending healthy lifespan. Smartly designed screening programs
must adhere to established principles of clinical benefit, feasibility, and proportional use of limited
diagnostic capacity [2}8]. The proposed three-step framework — (1) assess risk, (2) screen, (3) treat
or prevent — requires careful trade-offs in decision-making to maximize net benefit, for example
by choosing site-specific, capacity-aware thresholds and planning with realistic resources for early
cancer surveillance [6, 8]].

Step 1: Al driven stratification of risk-groups. The primary objective is to train a time-to-event
model on large-scale longitudinal EHRSs that predicts cancer risk over multiple horizons (e.g., 0-3, 0-6,
0-12, 0-24, 0-36, 0-60 months). Once trained, the model can stratify the risk of individual patients
for each horizon window. In practice an operating threshold for nominating high risk patients is
chosen to balance PPV against clinical capacity, and patients can then be ranked by predicted risk. In
practice, this means nominating only the top-ranked subgroups for surveillance, with the threshold
tied explicitly to health-system constraints such as the number of available screening slots, the cost of
tests, and clinical preferences.

For practical usability, evaluation must extend beyond AUROC/AUPRC scores to capacity-aware
measures such as the PPV and standardized incidence ratio (SIR) at different operating thresholds
(e.g., top N per million). The SIR is defined as the observed incidence of cancer among individuals
flagged as high-risk relative to the expected population incidence in comparable demographic strata.
A higher SIR indicates the factor by which model is better compared to incidence based on age and
sex alone. This provides clinicians with a measure that they can use to further review patient records
or for referral to early detection tests. Selection of the operating threshold should be guided by net
benefit analysis and by the expected number-needed-to-screen to identify one true case of cancer [8]],
ensuring surveillance is both clinically valuable and resource efficient.

Step 2: Early cancer detection methods for use in surveillance programs. The population-wide
impact of a three-step program of prediction, detection, and treatment ultimately depends on advances
in all three areas. Existing single-cancer screening tests, such as mammography, colonoscopy, and
low-dose CT lung scans, are recommended and fairly widely used, but are limited to specific cancers
( [2]). To broaden applicability, recent technological developments, such as liquid biopsies, show
promise for the detection of early cancers or precancer states while reducing costs [24]. In particular,
blood-based multi-cancer early detection tests (MCEDs) such as profiling of circulating tumor cells,
exosomes, DNA mutations, DNA methylation and fragmentation patterns [28] or protein profiles
using protein mass spectrometry [29H32], antibody pairs [33H335]] or RNA aptamers [36].

These detection methods are currently undergoing retrospective and prospective evaluations. For e.g.,
methylation-based MCED assays are being studied in observational and interventional cohorts such
as "Pathfinder" [37] and in health-system scale programs such as NHS-Galleri and "Symplify" trials
in the UK [38]]. A US-NClI-supported clinical trial (Vanguard Study on Multi-Cancer Detection Tests)
is currently enrolling 24,000 participants using tests provided by ClearNote Health and Guardant
Health [39]]. Early findings suggest feasibility and enrichment for cancers not typically screened
with a lower cost per cancer diagnosis. The clinical and economic value of MCEDs is maximized
when applied to a small high-risk cohort nominated by Step 1, improving PPV, reducing unnecessary
procedures, and supporting efficient use of diagnostic capacity.

Step 3: Intervention: therapy or preventive care. When a screening test is positive, patients
are referred for appropriate diagnostic follow-up and clinical management. For these patients,



care must proceed through guideline-based diagnostic confirmation, determine how far cancer has
progressed, and, when necessary, begin timely treatment such as surgery, drug therapy, or radiation
therapy [40} 41]]. Importantly, not all individuals flagged by prediction models will have a positive
outcome of the test in Step 2. In these cases, the high risk flag is useful to analyze patient history and
guide preventive strategies. Patients may be counseled on changing lifestyle-related risk factors such
as smoking, obesity, diabetes, alcohol use, and diet that are known to influence cancer incidence and
outcomes [42-44].

3 From retrospective modeling to prospective decision support

Prototyping to enable risk screening. Al-based risk models should first be piloted in "silent mode"
to measure calibration, PPV@N (at threshold) and projected workload without influencing care. Next,
limited deployment in selected clinics with approved budgets can test integration into workflows.
Finally, the models can be deployed in decision support mode as HIPAA-secure web calculators
using HL7 standards, such as Fast Healthcare Interoperability Resources (FHIR) [45]], and integrated
with EHR workflows using single sign-on (SSO) mechanisms [46]]. In parallel, code can be executed
directly population-wide at the health system level to identify patients at high risk who may benefit
from screening. In our view, this incremental implementation has the lowest barrier to initial adoption
for healthcare systems. Reports prepared from such pilots can be shared with clinicians to obtain
feedback on model outputs, interpretability of factors which most strongly influenced risk prediction,
and overall suitability for clinical use. Such retrospective tests create a foundation for prospective
evaluation: starting with “silent background deployment”, progressing to a multi-site clinical trial of
risk-informed screening versus standard of care, where patients could be recruited either by proactive
outreach, or at their next point-of-care encounter.

Promoting acceptance by feature interpretation. Identification of top risk factors can help clinicians
contextualize Al-derived risk within their experiential and domain knowledge and is critical for
designing of clinical trials. Attribution methods such as integrated gradients (IG) [47], to quantify the
contribution of individual events in a patient’s history towards the risk of cancer. At the patient level,
IG scores highlight specific clinical events influencing an individual’s risk, enabling personalized
assessment. At the population level, 1G scores can be aggregated to identify events that consistently
appear to influence predictions, providing broader insight into the model’s decision-making. This
dual-level interpretability improves transparency, and trust for individualized patient assessment.

Mitigating data drift and ensuring fairness. EHR data changes over time as clinical practice
evolves, with new tests being introduced, coding standards updated, and pattern of healthcare access
differing across patient groups. These changes, along with the fact that who gets seen and tested
(and when) is not random, and can bias both the inputs and the outcomes used for prediction model.
For the reliability of Al it is essential to monitor data drift, recalibrate when practice patterns shift,
and plan external re-validation across sites and time [4H6]. To avoid perpetuating disparities, model
performance should be evaluated at the same operating threshold for all demographic subgroups (e.g.,
re-weighting or groupwise calibration), with explicit reporting of any observed biases and the steps
to correct them.

Achieving economic sustainability. Screening programs add follow-up testing, clinical workload,
and thus financial costs. To keep surveillance programs sustainable, threshold N should match local
capacity, using fixed alert limits or flexible screening intervals when needed. Economic evaluation
should include the cost per cancer detected, the cost per early-stage case (when treatment is more
effective), stage specific treatment costs (substantially higher at late stages) [48], estimated gain
in quality-adjusted life years (QALY) [49], and patient out-of-pocket burden [S0], comparing risk-
stratified surveillance and intervention with current standard care.

3.1 [Illustration: Risk stratified surveillance of PDAC

Here, we develop a PDAC risk model using the US-VA database, which has EHR data of 15.9M
patients, including 19,426 PDAC cases. Each patient’s longitudinal trajectory is represented by
time-stamped ICD diagnosis codes and prescription medications. The combined history is modeled
with a transformer that learns inter-dependencies across events to assess risk over five time horizons
(0-3, 0-6, 0-12, 0-36, and 0-60 months after risk assessment). Model performance is evaluated
using AUROC, PPV and SIR metrics. PPV and SIR curves are for the top N high-risk patients
per million (Figure |3)), where the optimal value of N can be chosen according to the capacity and
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Figure 3: Left: AUROC, PPV, and SIR for a PDAC risk prediction model trained on EHR trajectories
of medication and diagnosis codes. Right: for patients correctly predicted to be at high risk (36 month
horizon) the actual time of cancer diagnosis.

budget of a surveillance program. For clinical interpretation, we apply IG [47] to identify the ten
most predictive diagnoses and medications (Supplementary [C). These attributions provide insights
into the risk factors contributing most to the model predictions (Figure [ST). We further examine the
distribution of time-to-cancer among the 1000 high risk patients with a correct cancer prediction
(Figure [3). For a prediction horizon of 36 months, 37% of these patients developed cancer more
than 100 days after being flagged, showing that elevated risk of condition by several months. Such
evaluations can help guide the selection of appropriate tests and the scheduling of repeat follow-up
visits in the design of surveillance programs. Additional PDAC risk models have been developed on
large-scale EHR data using deep learning approaches [S1H53]].

4 Conclusion

This position paper argues that realistic surveillance programs for early detection of cancer can
be achieved by implementing Al-driven risk prediction in healthcare systems. Such programs
would enable health systems to identify and monitor high-risk cohorts within large, real-world
populations, supporting timely interventions that shift cancer diagnosis toward earlier, more treatable
stages. To make this possible, coordinated collaboration is needed among Al researchers, technology
developers of early detection methods, and clinicians across diverse healthcare systems, ultimately
worldwide [44]]. These developments should be accompanied by advice from patient advocate groups.
Such collective efforts can lead to more equitable and effective cancer surveillance and ensure that
advancements in early detection technologies and their implementation in early detection clinics
benefit a broad spectrum of the population and reduce the overall burden on healthcare systems.
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Supplementary Material

A Stakeholders, governance, and adoption pathway

While adoption of Al driven risk stratification has overall benefits for the healthcare system; careful
consideration of individual stakeholders is crucial to facilitate adoption of this approach. The payer,
provider, and patient framework is used here to analyze key stakeholders, coupled with a discussion
on regulators to provide a wholistic view of the landscape for adoption.

Regulators FDA. Risk models that only inform clinicians may qualify as non-device clinical decision
support and fall outside FDA device regulation [54]. For AI/ML devices, the FDA now support
Predetermined Change Control Plans (PCCPs) that pre-specify how the model may be updated (e.g.,
retraining, threshold changes) without submitting a new marketing application each time [155, [56].
In practice, a risk-stratification tool intended for prospective use should (i) document intended use
and clinical claims, (ii) predefine performance targets and monitoring, and (iii) include a change-
management plan aligned with FDA good machine learning practice [57]].

Payers/Insurers. Stage at cancer diagnosis is a dominant determinant of total cost among medicare
beneficiaries, first-year costs are several-fold higher for stage IV compared to stage I across multiple
cancer types [48]]. Earlier diagnosis also reduces patient out-of-pocket burden and financial toxic-
ity [50]]. For payers, risk-stratified surveillance is attractive if it demonstrably shifts stage at diagnosis
and lowers cost per cancer detected and per early-stage case, relative to the status quo.

Self-pay patients with financial means may pursue screening regardless of risk group, while those
without means may remain unable to do so. Because private and public insurers finance the majority of
U.S. healthcare (30% private and 39% medicare/medicaid), payer adoption is essential for real-world
impact.

Healthcare systems In the U.S., hospitals operate under different modes of ownership and incen-
tives, approximately 58% are non-profit, 25% are for-profit, and the remainder are government-
facilities [58]]. For-profit hospitals typically report substantially higher operating margins that non-
profits, allowing them to prioritize high-revenue services such as advanced oncology treatments [S9].
While non-profit and public hospitals must emphasize community benefit, they still require positive
operating margins to sustain infrastructure, innovation, and even executive compensation [60]. Across
ownership types, the viability of risk-stratified surveillance is determined by diagnostic capacity,
reimbursement arrangements, pathways for follow-up testing and treatment. If alert volume exceeds
available capacity, it can create bottleneck or compromise care quality. By contrast, earlier diagnosis
and reduced costs provide a compelling business case for surveillance programs.

Patients. For patients, stratified risk communication needs to be combined with transparency,
shared decision-making, and accessible follow up options. Being flagged with high-risk can create
anxiety and psychological burden, which requires careful framing and supportive counseling [61].
At the same time, actionable information can empower patients to pursue preventive measures such
as lifestyle modification. When information is coupled with adequate counseling, cancer anxiety
and psychological distress have been found to resolve, even decreasing below prior baselines [[62].
Equitable implementation also requires addressing barriers such as transportation, co-payments,
language access and the ability to take time off work, which disproportionately affect lower-income
groups. Reporting patient-centered outcomes such as time to diagnosis, time to treatment initiation,
patient reported experience can help ensure that model improve not only detection but also quality
of care. Importantly, stratification programs should avoid increasing disparities by ensuring that
outreach and follow-up are equally available across demographic and socioeconomic group.

B PDAC risk prediction training details

Transformer architecture consists of a multi-head self-attention (MHSA) layer, residual connections,
and feed-forward layers. A time-to-event regression head maps the transformer output to cumulative
risk probabilities across five intervals (0-6, 0-12, 0-24, 0-36, 0-60). The total loss is a sum of a binary
cross-entropy across all intervals. Model training was performed on an NVIDIA A100 GPU, with an
average training time of 12 hours for 100 epochs, monitoring convergence every five epochs. We
use a single MHSA layer with 16 heads and dimensionality 64, ReLU activations, and an initial
learning rate of 0.001. To handle irregular longitudinal sequences, positional encodings are based on
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the difference between timestamp of each event and the last recorded event in the patient trajectory.
Each patient trajectory is set to a maximum length of 350 codes, with padding applied to shorter
sequences and truncation for longer ones. The model is evaluated on a retrospective held-out set of 1
million patients, including 1,000 PDAC cases.

C Attribution to identify top markers

We aggregate IG scores across all patient trajectories to obtain global attribution that highlight the
events that contribute most to model predictions. For each trajectory, IG scores are computed per
event and used to rank events within that patient. These ranks are then accumulated across cancer
cases predicted as high risk, and events are sorted by their overall cumulative rank. The top ten
medication and diagnosis codes are reported in the Figure[ST]

Diagnosis Codes Medication Codes
1 Essential (primary) hypertension 1 T
2 Non-insulin-dependent diabetes mellitus,
Insulin-dependent diabetes mellitus, Other specified 2 Simvastatin
diabetes mellitus
3 Disorders of lipoprotein metabolism and other 3 bivceechiomtbiazide
lipidaemias, Other metabolic disorders,
Disorders of glycoprotein metabolism 4 Aspirin
4 Acute pancreatitis "
5 Metformin
5 o . .
Chronic ischaemic heart disease 6 Hydrocortisone
6 Psoriasis, Parapsoriasis, Pityriasis rosea
Other papulosquamous disorders, Other dermatitis 7 Nitroglycerin
7 Benign neoplasm of other and ill-defined parts of
digestive system 8 Docusate
8 9 Insulin

Other chronic obstructive pulmonary disease

9 Polyarthrosis, Other arthrosis, Coxarthrosis

10 Vitamin B12

10 |Glaucoma, Other congenital malformations of eye

Figure S1: Top ten most informative diagnoses and medications in pre-cancer patient trajectories
determined using attribution score as discussed in SectionE]
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