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Abstract: Cancer prevention is, in practice, a prediction problem. Decisions about risk reduction,
screening, and survivorship depend on forecasts of incident cancer, progression, recurrence, and
treatment-related harms, and on whether earlier or more intensive action improves the benefit-harm
balance. For prevention-oriented use, prediction tools should provide calibrated absolute-risk estimates
over a defined follow-up period, be anchored to local incidence and competing mortality when relevant,
and be embedded in explicit clinical or public health pathways in which prespecified thresholds trigger
actionable steps. These steps may include intensified lifestyle support, eligibility assessment for
chemoprevention, risk-adapted screening decisions regarding start age, interval, or modality, and referral
for confirmatory evaluation. Using breast cancer as the most mature archetype, we illustrate how
individualized risk estimates can be linked to multiple prevention levers while making the trade-offs of
threshold-based strategies explicit, including induced follow-up procedures and the potential for
overdiagnosis. We then synthesize requirements for prevention-ready prediction, spanning longitudinal
follow-up with registry-linked outcome ascertainment, absolute-risk estimation anchored to local
incidence and competing mortality, evaluation of calibration overall and in relevant subgroups,
transparent accounting of threshold-induced follow-up procedures and harms, and planned recalibration
and updating as baseline risk and practice patterns change. As cohort-enabled illustrations in the Health
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Examinees (HEXA) infrastructure, we describe a breast cancer prediction benchmark, CancerFree, a
questionnaire-first, registry-anchored multi-cancer framework for site-specific risk-to-action
specification, alongside an Al-derived diet layer that converts food frequency questionnaire data into
interpretable dietary-pattern features for scalable prevention-oriented profiling. Across emerging data
layers, added model complexity should be justified not by discrimination alone, but by demonstrable
gains in calibrated absolute-risk estimation and in the benefit—harm balance of the pathways they are
intended to inform.

Keywords: cancer prevention; cancer risk prediction; absolute risk estimation; digital health; risk-adapted
screening; prediction model calibration; risk stratification; precision prevention

1. Introduction

Cancer remains a major global health burden. The Global Burden of Disease (GBD) Study 2023 cancer
analysis estimated 18.5 million incident cancer cases and 10.4 million cancer deaths worldwide in 2023
(excluding non-melanoma skin cancer), and attributed a substantial fraction of cancer deaths to
modifiable risk factors. The same analysis projected further increases through 2050, with the largest
growth expected in lower-resource settings [1]. These projections help explain why cancer control
strategies continue to emphasize prevention and earlier detection. The WHO Guide to Cancer Early
Diagnosis positions early diagnosis as a programmatic priority by strengthening timely recognition,
diagnosis, and treatment once disease is suspected, thereby complementing rather than replacing
screening programs. Major national initiatives also highlight prevention and early detection as policy
priorities, reflecting a shared assumption that shifting effective action earlier can improve outcomes at
scale [2,3].

In this context, cancer control is often a prediction problem. Many routine decisions, including
whether and when to initiate screening, whether to recommend risk-reducing medications, and how
intensively to follow survivors, depend on forecasts about future events such as incident cancer,
progression, recurrence, second primaries, or treatment-related harms. Formal prediction models make
these forecasts explicit by combining multiple predictors to estimate an individual’s probability of a specified
outcome within a defined time period, rather than relying on qualitative or implicit rules alone [4]. For
prevention, individual risk prediction becomes actionable only when linked to a defined decision
context: a target population, a defined follow-up period, for example 5 or 10 years, and a specific action
triggered by a prespecified rule. Such actions may include referral to or intensification of lifestyle
programs, eligibility assessment for chemoprevention, modification of screening start age or interval, or
escalation to more sensitive modalities in selected groups. In practice, predicted risks may be
communicated directly as probabilities and, when programs require discrete choices, summarized into
risk categories for reporting, such as absolute thresholds or percentiles within age strata. These categories
are best viewed as implementation constructs rather than biological thresholds; accordingly, thresholds
should be defined and interpreted within the local clinical or public health pathway [4]. Because
preventive actions are often triggered by such thresholds, model evaluation for prevention cannot rely
on discrimination alone. Transparent reporting of prediction model development and validation,
including TRIPOD and TRIPOD+AI for models using machine learning or other Al methods, and
structured appraisal of risk of bias and applicability, including PROBAST and PROBAST+AI, reflect
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longstanding concerns that prediction models may appear promising while remaining unreliable in
specific settings or subgroups [5-8]. For prevention-oriented use, calibration, defined as agreement
between predicted and observed risks over the intended follow-up period, is especially important because
miscalibration can shift individuals across eligibility thresholds and change who receives screening or
further diagnostic evaluation [9].

Harms from follow-up evaluation are central to prevention, particularly false positives and the
subsequent follow-up investigations and procedures (hereafter, follow-up procedures), as well as
overdiagnosis. Overdiagnosis, detection of cancers that would not have caused symptoms or death in the
absence of detection, can increase diagnostic procedures and treatment without improving outcomes.
Accordingly, prevention-oriented prediction should be discussed and evaluated with explicit attention to
the consequences of applying risk categories or thresholds at scale, including false positives, additional
diagnostic evaluations, and potential overtreatment [10].

Finally, the digital health era increases both the feasibility and the evidentiary expectations for
prevention-oriented prediction. Linkage of cancer registries, screening databases, and electronic health
record/claims data can support estimation and monitoring of predicted risks over clinically relevant
periods, but it also underscores that “prediction models are not once validated, always valid” [9].
Changes in baseline incidence, population characteristics, measurement practices, and clinical protocols
can lead to performance heterogeneity across settings and calibration drift over time. Recent
methodological work therefore emphasizes validation as an ongoing process, with monitoring and
updating when appropriate, alongside transparent reporting for studies using routinely collected health
data [9,11,12]. In prevention settings, several evaluation principles recur across applications: calibrated
absolute-risk estimation over a defined horizon, explicit linkage of risk thresholds to actions, attention
to downstream consequences such as false positives, diagnostic work-up, and overdiagnosis,
transportability and recalibration across settings and subgroups, and implementation feasibility,
including equity, governance, and follow-up capacity [9,11,12].

Table 1 summarizes how individual risk prediction can support prevention actions across the
primary, secondary, and tertiary prevention continuum, along with the action-relevant outputs and key
cautions. Taken together, Table 1 serves as the organizing framework for this review, emphasizing that
across prevention stages the key translational requirement is not discrimination alone, but action-relevant
absolute risk embedded in explicit pathways and evaluated against harms, follow-up burden, and
implementation constraints.

In the remainder of this review, we summarize how cancer risk prediction has evolved, from classical
epidemiologic models based on readily measured risk factors to imaging, genomics, and digital data, and
how these developments relate to prevention decisions. We then use breast cancer as the most mature
archetypal setting in which individual risk prediction has been linked to multiple actions across primary
prevention, screening, and survivorship, while recognizing that other cancers differ in pathway structure,
baseline risk, screening modality, and harm—benefit profile. We next discuss why prospective cohorts and
registry linkage remain foundational for prevention-relevant prediction and illustrate cohort-enabled
examples using the Health Examinees (HEXA) infrastructure. Throughout, risk refers to calibrated
absolute risk over a prespecified horizon, typically 5-10 years, unless stated otherwise.

Existing reviews of cancer risk prediction often emphasize model development and discrimination
metrics. In contrast, we organize prediction explicitly around primary, secondary, and tertiary prevention
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decisions and focus on what makes risk estimates usable in practice: absolute-risk estimates aligned to the
intended follow-up period, clear decision thresholds linked to actions, and transparent reporting of the
additional investigations and procedures that implementation may trigger. Using breast cancer as an
archetype and cohort-enabled examples from HEXA, including performance benchmarks for a breast cancer
model and illustrative modules for multi-cancer prediction and diet, we aim to provide a pathway-grounded

framework for prevention-oriented translation.

Table 1. Prediction across the cancer prevention continuum: prevention actions, action-relevant
outputs, and key cautions.

Prevention Stage

Prevention Action Examples

Actionable Outputs

Key Cautions{

Primary prevention (risk
reduction)

Secondary prevention
(early detection)

Tertiary prevention
(survivorship)

« Risk-based lifestyle support
(intensity, timing)

« Eligibility assessment for
chemoprevention}

« Infection control (e.g., HPV
vaccination, H. pylori eradication)

« Risk-adapted screening (start age,
interval, modality)

* Referral to confirmatory testing and
diagnostic evaluation (e.g.,
FIT—colonoscopy, LDCT, MRI)

« Risk-adapted survivorship care
(follow-up intensity,
recurrence/second primary risk, late
effects/toxicity)

« Predicted risk over a defined follow-up
period

« Uncertainty around risk estimates

« Calibration in the target population
(and key subgroups), especially when
predefined thresholds are used

* Predicted risk over a defined
follow-up period

« Calibration within subgroups relevant
to screening decisions

« Setting-specific validation and (when
needed) recalibration

* Prognostic risk over a defined follow-up
period in treated populations

« Era-specific calibration

* Evaluation at defined thresholds for

* Actionability and adherence limits
« Equity and access constraints

 Overdiagnosis and false
positives

« Follow-up procedures

« Calibration drift and sensitivity
to screening/diagnostic protocols

* Mixed evidence for outcome
improvement

* Modest incremental benefit

« Changes in treatment over time

» Monitoring and supportive care
1 Definitions (selected): Calibration drift—divergence between predicted and observed risks over time as
baseline incidence, measurement, or practice patterns change; Transportability—performance and calibration
may not generalize without local validation and recalibration; Mixed evidence—heterogeneous or limited
evidence that risk-adapted survivorship strategies improve outcomes in routine practice; Modest benefit—
small incremental gains relative to added complexity, cost, or follow-up tests/procedures.
1 Chemoprevention is classified here as primary prevention when used in cancer-free high-risk individuals;
pharmacologic strategies after diagnosis to reduce recurrence or second primaries fall under tertiary prevention.
Abbreviations: FIT, fecal immunochemical test; LDCT, low-dose computed tomography; MRI, magnetic
resonance imaging; HPV, human papillomavirus.

action (when used) « Privacy and governance

2. Primary prevention: risk reduction and prevention eligibility

Primary prevention decisions concern who should receive intensified lifestyle support and who may
benefit from risk-reducing medication while still cancer-free. In this setting, prediction is most useful
when it provides absolute-risk estimates and supports shared decisions that weigh feasible behavior
change and medication adverse effects against expected benefit.

2.1. Breast cancer as an archetype

Across Sections 2—4, we use breast cancer to illustrate how prediction informs decisions across the prevention
continuum, beginning here with primary prevention levers and then turning to screening and survivorship
prediction. Breast cancer has one of the most extensive evidence bases for prevention-oriented individual
risk prediction because it combines high population burden, substantial heterogeneity in risk and disease
course, and multiple prevention actions that can be linked to predicted risk. GLOBOCAN 2022 reported
2,296,840 incident breast cancer cases and 666,103 deaths worldwide in 2022 [13]. Survival varies
markedly by stage at diagnosis. In U.S. SEER data summarized in Cancer statistics, 2026, 5-year relative
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survival for female breast cancer diagnosed during 2015 to 2021 was greater than 99% for localized
disease, 87% for regional disease, and 33% for distant disease [14].

Breast cancer also provides a clear setting in which the harms of screening and incidental detection
have been closely examined [10,15]. False positives and diagnostic evaluations are common, and
overdiagnosis is a recognized consequence of detecting indolent disease that would not have become
clinically consequential during a person’s lifetime [10]. Evidence for overdiagnosis is most directly
assessed in randomized trials with long-term follow-up, and population signatures include rising
incidence with stable mortality, or rising early-stage incidence with stable late-stage incidence [10].
These considerations support prevention strategies that use prediction to target interventions and that
report the expected follow-up procedures implied by particular risk thresholds [10,15].

Over the past four decades, breast cancer prediction research has expanded from classical risk factor
models intended for long-term counseling and prevention eligibility, to screening-context models that
incorporate imaging and prior procedures for near-term decisions, and then to additional layers that
include germline genetic information and imaging-derived features. Reviews of breast cancer prediction
models document both the breadth of available tools and recurring limitations in reporting and
transportability, including incomplete calibration assessment and variability in performance across
settings [16—18]. Breast cancer therefore provides a concrete setting in which to review how individual
risk prediction has evolved alongside prevention pathways and why model evaluation in prevention
contexts often emphasizes calibration and the implications of applying risk thresholds, not
discrimination alone [17,19].

2.2. Primary prevention: modifiable risk reduction

Primary prevention in breast cancer is anchored in modifiable behaviors and exposures, and risk
prediction can support prevention by prioritizing counseling and structured support for those at higher
predicted risk. Evidence syntheses and dose-response meta-analyses have consistently linked higher
physical activity to lower breast cancer risk, alcohol intake to increased risk in a dose-response manner,
and adiposity to increased risk across multiple cancer sites, including breast cancer [20-22]. These
modifiable factors are routinely measured in many health examination settings, which makes them
practical candidates for prevention-oriented risk prediction and for targeting behavioral programs.

More broadly, prevention-oriented prediction should not be restricted to lifestyle factors alone.
Depending on the cancer site and the prevention pathway, relevant actionable domains may also include
infections and vaccination [23,24], environmental and occupational carcinogen exposure [25], and
circadian or sleep-related exposures when they can be measured with adequate validity and linked to
feasible interventions or exposure-control strategies [26-28]. In these settings, the translational question
is not simply whether a factor is associated with cancer risk, but whether incorporating it improves
action-relevant, calibrated absolute-risk estimation or supports programmatic prevention. Psychosocial
factors, including chronic stress and affective states, may influence cancer-relevant behaviors and
healthcare engagement [29,30], and have plausible biobehavioral links to cancer progression [31,32];
however, evidence for a direct effect on incident cancer risk remains mixed [33-35]. Their inclusion in
prediction models should therefore depend on repeated, validated measurement and demonstrated
incremental value for calibrated risk estimation and prevention decisions.
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Prospective evidence from the Health Examinees-Gem cohort aligns with several of these directions
and provides setting-specific estimates using routinely measured exposures. In HEXA, weight gain after
age 35 years was associated with higher breast cancer risk, with the largest relative increases observed
for premenopausal breast cancer in analyses stratified by menopausal status [36]. Diet-related analyses
in HEXA-Gem further support the feasibility of using routine health examination-based dietary measures
for prevention-oriented modeling. In HEXA-Gem, dietary indicators were associated with breast cancer
risk across staple grain type, dairy intake, and processed meat consumption [37-39]. When multiple
behaviors were combined into guideline-based scores, higher adherence to the 2018 WCRF/AICR
cancer prevention recommendations in HEXA-Gem was associated with lower breast cancer incidence
in women, with a multivariable adjusted hazard ratio of 0.80 (95% CI1 0.67 to 0.95) comparing the highest
with the lowest adherence category [40]. In pooled Asia Cohort Consortium analyses, body mass index
was positively associated with postmenopausal breast cancer risk, whereas associations for smoking and
alcohol varied by birth cohort [41,42].

Diet is a highly modifiable factor that influences chronic disease pathways but is difficult to
incorporate into prediction models because individual nutrients and foods are correlated and measured
with substantial noise. Dietary pattern analysis addresses this problem by treating the overall diet as the
exposure rather than isolating individual components [43]. Building on this approach, we applied
machine learning methods to derive dietary patterns from food frequency questionnaire data, integrating
autoencoder-based dimensionality reduction with clustering techniques. This framework was evaluated
for robustness and reproducibility across datasets, including assessment against clinically relevant
correlates and application in independent populations with comparable food frequency questionnaire
measures [44]. The resulting patterns provide an interpretable exposure-representation layer that can
function both as a standalone summary of diet and as an upstream predictor for cancer risk prediction [44].
The framework also allows individual-level assignment to derived dietary patterns, thereby supporting
threshold-based prevention decisions and counseling.

A second prevention lever is pharmacologic risk reduction in cancer-free individuals at elevated
risk. The USPSTF recommends offering risk-reducing medications, including tamoxifen, raloxifene, and
aromatase inhibitors, to women aged 35 years or older at increased breast cancer risk who are at low risk
for adverse effects, and notes that absolute benefits are higher for women with a predicted 5-year risk of
about 3% or greater [45]. Real-world use remains low. In a PLCO-Medicare-linked cohort with BCRAT
risk estimates, use of any risk-reducing medication during 2014 to 2019 was 3.6% overall and 5.3%
among women with a 5-year risk of at least 3% [46]. In a two-site prospective study offering low-dose
tamoxifen after specialist counseling, 74% initiated low-dose tamoxifen and 78.2% of initiators remained
on therapy at 1 year [47].

Historically, primary prevention is closely linked to the earliest generation of breast cancer risk
prediction models, which used established epidemiologic predictors to estimate long-term probabilities
of developing breast cancer. The Gail model and subsequent extensions, as well as integrated models
such as Tyrer-Cuzick, were explicitly designed to support counseling and prevention decisions using
predicted risk over defined follow-up periods [48,49]. National adaptations such as KoOBCRAT illustrate
how local incidence and risk factor distributions can be incorporated to improve population alignment for
counseling in specific settings [50]. Table 2 summarizes representative breast cancer prediction tools that
illustrate key shifts in predictor domains and intended prevention decisions. This overview is not intended
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to be exhaustive; additional inventories and comparative assessments are available in recent systematic
reviews [16-18].

3. Secondary prevention: early detection and screening-context prediction

Secondary prevention decisions include when to start screening, how often to screen, which modality to
use, and when to refer for confirmatory testing after an abnormal screen. In this setting, prediction is
useful only when risk estimates are linked to explicit screening actions and when evaluation reports not
only cancer detection, but also the false positives and follow-up procedures triggered by threshold-based
strategies, such as supplemental imaging and biopsies [10,15,51].

Large pragmatic trials have been designed to test risk-adapted breast screening at scale [52,53]. In
the WISDOM randomized clinical trial, women aged 40 to 74 years were assigned either to annual
mammography or to a risk-based strategy incorporating sequencing of 9 susceptibility genes, a polygenic
risk score, and the Breast Cancer Surveillance Consortium version 2 model [53]. The risk-based arm
used four recommendations: highest-risk women, defined as those with a 5-year risk of at least 6% or a
high-penetrance pathogenic variant, received alternating mammography and MRI every 6 months plus
counseling; elevated-risk women, defined as those in the top 2.5% of the age-specific risk distribution,
received annual mammography plus counseling; average-risk women received biennial mammography;
and low-risk women aged 40 to 49 years with a 5-year risk below 1.3% received no screening until their
risk reached 1.3% or they turned 50 years old [53]. Among 28,372 randomized participants, the trial
reported noninferiority for stage 11B or higher cancers in the risk-based group compared with annual
screening, fewer mammograms in the risk-based group, and no statistically significant reduction in
biopsy rates [53]. These findings support the feasibility of pathway-based risk stratification, while also
underscoring that the practical value of such strategies depends on how risk thresholds change
downstream testing and follow-up burden.

Breast cancer also illustrates why prediction methods changed when screening programs expanded.
Risk tools can be grouped into population-based models intended for general-population counseling and
eligibility decisions, and screening-context models developed in mammography cohorts that incorporate
imaging and prior procedures to estimate near-term risk among screened women [16,17]. Pedigree-based
genetic counseling models are not included here because their target setting and input requirements differ
from those of population-based and screening-context prevention tools. The Breast Cancer Surveillance
Consortium models, for example, incorporate age, family history, BI-RADS mammographic density,
and history of breast biopsy or procedures to estimate predicted risk over time periods that are directly
relevant to screening pathways [54,55]. These models were developed within screening cohorts and are
intended to inform questions such as whether supplemental screening is warranted or whether a given
screening interval is appropriate for a person with high density and prior biopsy history.

Table 2 summarizes representative breast cancer prediction tools that illustrate these shifts in
predictor domains and intended prevention decisions.

More recent work has extended screening-context prediction using imaging-derived features and
learning-based approaches. A digital breast tomosynthesis risk model reported validation discrimination
around 0.82 (AUC) when combining vendors and projected risk using U.S. incidence and competing
mortality rates [61]. Deep learning models that use screening mammograms to estimate future breast
cancer risk have also been evaluated across multiple populations. For example, the Mirai model was
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evaluated in independent test sets from the United States, Sweden, and Taiwan and reported C-indices
ranging from 0.76 to 0.81, with higher 5-year AUC than Tyrer-Cuzick in the reported evaluations [62].
For prevention-oriented use, however, the central question is not simply whether these approaches
improve rank-order discrimination, but whether they provide well-calibrated time-specific risk estimates
in the intended setting and improve screening decisions without disproportionate increases in follow-up
procedures [17].

Table 2. Selected breast cancer risk prediction tools for prevention, by chronology and predictor
domain (population- and screening-based tools).

Year Model / tool Time period Data source Key predictors Primary use Reference
Case—control + Age; reproductive Counseling;
1989  Gail/BCRAT Sy, lifetime population incidence history; biopsy; chemoprevention [48]
rates first-degree FH eligibility
Rosner—Colditz Life-course reproductive
1996  (NHS Sy/10y, lifetime Prospective cohort pr Absolute-risk estimation [56]
. and hormonal history
log-incidence)
2004 lBlS/Tyrer— 10y, lifetime Model synthesis FH; personal risk factors Rlsk-gdapted screening [49]
Cuzick planning
Age; screening-context
BCSC . factors (BI-RADS Screening-context risk
2006  screening ly Screening-based cohort density, FH, prior prediction [54]
model biopsy/procedure)
. Age; BI-RADS density; .
2008 BCSC density Sy Screening-based cohort  FH; prior biopsy Sppplemental screening [55]
model S discussion
(+ race/ethnicity)
Case-control + Population-calibrated
2013  KoBCRAT Sy, lifetime population incidence Classical risk factors pulatl [50]
counseling
rates
2016 BCSC + PRS Sy Nested case—control BCSC factors; PRS Screening reclassification  [57]
integration
Relative risk; .
Subtype-aware L ’ . Genome-wide PRS . .
2019 PRS (BCAC) firs(l)gecnon to absolute Consortium case—control (subtype refined) Risk prediction [58]
PRS portabili Relative risk; Multi-study evaluation ~ European PRS evaluated
2020 > P ty calibration needed for Y Surop Portability assessment [59]
(Asian women) . (case—control + cohort)  in Asian ancestry
absolute risk
PRS + classical ~ Relative risk; PRS: classical risk
2021  risk factors projection to absolute Consortium case—control § Joint stratification [60]
. factors
(BCAQ) risk
DBT short-term
2022  imaging risk Short-term Screening-based cohort  DBT imaging features Short-term triage [61]

model

Abbreviations: BCAC, Breast Cancer Association Consortium; BCRAT, Breast Cancer Risk Assessment Tool
(Gail model); KoBCRAT, Korean Breast Cancer Risk Assessment Tool (Gail/BCRAT-based model recalibrated
using Korean risk-factor estimates and Korean incidence/mortality data); BCSC, Breast Cancer Surveillance
Consortium; DBT, digital breast tomosynthesis; FH, family history; PRS, polygenic risk score.
Note: Pedigree-based genetic counseling models (e.g., BRCAPRO, BOADICEA) are not included because they
are designed for high-risk family settings and require detailed pedigree information, which differs from the data
and decision context of population- and screening-based prevention tools. KoBCRAT is a Korean adaptation of
the Gail/BCRAT framework, recalibrated with Korean data for population-calibrated absolute-risk counseling.

Breast cancer also provides a clear example of how germline genetics can shape prevention
pathways, while also illustrating that population impact depends on both effect size and prevalence.
High-penetrance pathogenic variants such as BRCAL and BRCAZ2 identify individuals at very high risk
and support clearly defined prevention actions, including intensified surveillance and consideration of
risk-reducing surgery in selected settings. Large prospective analyses of BRCA1 and BRCAZ2 carriers
estimate cumulative breast cancer risk to age 80 years of approximately 72% for BRCAL and 69% for
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BRCAZ2 [63]. For PALB2, estimates of absolute breast cancer risk by age 70 years vary by family history,
ranging from roughly one-third without family history to more than one-half with strong family history [64].
Risk-reducing mastectomy has been associated with substantial reductions in breast cancer incidence
among high-risk women, supporting the clinical relevance of these pathways [65].

At the population level, genome-wide association studies and large consortia expanded discovery
beyond rare variants and established that common susceptibility is polygenic. BCAC meta-analyses have
identified numerous susceptibility loci and enabled subtype-aware discovery [66]. Polygenic risk scores
translate these loci into an individual-level measure that can be combined with classical predictors, and
methodological requirements for development and evaluation in stratified prevention contexts have been
summarized [67]. For prevention-oriented use, two issues recur. First, calibration and setting-specific
evaluation remain essential because absolute risk depends on baseline incidence and competing mortality.
Second, cross-ancestry performance can vary, so portability and subgroup calibration must be examined
to avoid widening disparities [59,68]. In Korean women, joint models integrating polygenic risk scores
with non-genetic predictors have been developed and show graded risk across polygenic risk score
percentiles, supporting feasibility while also reinforcing the need for local validation before any
threshold-based use in practice (Figure 1) [69]. Extending risk-adapted screening beyond a single cancer
site requires explicit risk-to-action specification because confirmatory testing and downstream procedures
differ by site; we return to this issue in Section V using the CancerFree example.

|
00-05% * i
|
05-15% * i
15-35% o~
|
35-65% (ref) | !
|
65-85% P
|
85-95% | *
I
95-100% | ®
|
0.5 1.0 2.0 4.0

Odds ratio (log scale)

Figure 1. Associations between polygenic risk score (PRS) percentile tiers and breast cancer risk
in Korean women. Points show odds ratios (ORs) and horizontal bars show 95% confidence
intervals from unconditional logistic regression comparing each PRS percentile tier with the
reference tier (35%-65%). The vertical dashed line indicates OR = 1. Adapted from Table 2 of
Choi et al. [69].

Although breast cancer provides one of the clearest mature examples of risk-adapted screening, the
same framework extends to other cancers with distinct prevention pathways. In colorectal cancer, risk
may inform fecal immunochemical test-based or colonoscopy-based screening strategies, including
colonoscopy prioritization and risk-adapted starting ages [70-73]. In lung cancer, it may refine low-dose
computed tomography eligibility within smoking-exposed populations [74]. In liver cancer, risk may help
guide surveillance eligibility or intensity in people with chronic hepatitis or chronic liver disease [75,76].
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These settings differ in modality, confirmatory work-up, and benefit-harm balance, but the common
translational requirements remain calibrated absolute risk, explicit risk-to-action specification, and
transparent accounting of downstream burden. As in breast cancer, the usefulness of risk stratification in
these settings ultimately depends on pathway design and capacity, not just statistical separation.

4. Tertiary prevention: prognostic prediction and survivorship follow-up

Tertiary prevention in breast cancer, including prevention of recurrence, metastasis, second primaries, and
treatment-related harms, has one of the most mature evidence bases for prognostic prediction in oncology.
Tumor gene-expression assays are now routinely used to guide adjuvant therapy decisions, helping to avoid
overtreatment while identifying patients more likely to benefit from treatment escalation. The 21-gene
recurrence score established this approach, and large prospective trials support de-escalation of
chemotherapy for many patients with specific clinical risk profiles and low to intermediate scores, while
also identifying groups with clearer benefit from chemotherapy [77—79]. The 70-gene signature has
likewise been supported by prospective evidence for treatment decision support [80]. More recently, a
next-generation sequencing-based multigene assay using a 179-gene expression panel was validated in
an independent cohort and stratified distant metastasis-free survival over 5 and 10 years [81]. A
subsequent multicenter evaluation compared its decision index with Oncotype DX and reported
correlation with context-specific risk separation in selected groups [82]. Regulatory translation is also
occurring. A Ministry of Food and Drug Safety announcement in January 2026 described approval of a
domestically developed gene-expression in vitro diagnostic intended to classify 10-year distant
recurrence risk as low versus high using surgical tissue from early invasive breast cancer, reporting a
negative predictive value of 97.36% in those classified as low risk [83].

Survivorship prediction extends beyond recurrence to contralateral breast cancer risk and selected
late effects or toxicities, where germline genetics has been used to identify higher-risk subgroups and,
in principle, to inform follow-up intensity. However, evidence for routine-practice outcome
improvement remains heterogeneous, and changes in treatment over time can shift baseline risks [84,85].
Era-specific calibration therefore remains essential for prognostic tools, because evolving systemic
therapies and changing practice patterns can materially alter the clinical meaning of historical predictors.

More broadly, breast cancer illustrates how individual cancer prediction has evolved for
prevention-oriented use across the continuum. Classical epidemiologic models enabled long-term risk
estimation for counseling and prevention eligibility. Screening programs then motivated models that
incorporate imaging and prior procedures for near-term decisions, and recent work has evaluated germline
genetics and imaging-derived features for added value in risk-adapted screening. Prognostic tools and
multigene assays show a parallel trajectory in tertiary prevention, where risk estimates inform adjuvant
therapy decisions and follow-up planning. Across stages, prevention-oriented translation depends on the
use of predicted risk within explicit pathways, demonstration of calibration in the target setting, and
transparent accounting of the follow-up procedures induced by implementation. More generally,
tertiary-prevention prediction becomes relevant whenever risk estimates are used to tailor recurrence
surveillance, second-primary monitoring, toxicity follow-up, or supportive care intensity. The same
cautions apply: calibration is era-specific, thresholds must be explicit, and incremental benefit must
justify added complexity.

10
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Work on breast cancer provides a mature template for prevention-oriented individual risk
prediction, while also clarifying what is required for translation beyond a single cancer site. When
predicted risk is used to guide screening intensity, eligibility assessment, or referral for confirmatory
evaluation, the core requirements are standardized measurement of predictors, consistent outcome
ascertainment, and calibration in the intended setting. These requirements become more salient when
extending prediction beyond breast cancer, because the relevant pathways, baseline risks, and diagnostic
evaluation differ across cancer sites. This motivates an explicit focus on epidemiologic infrastructure
and cohort linkage as the foundation for deployable prevention-oriented prediction tools. Section V
therefore turns to cohort and registry-linkage infrastructure required to estimate and maintain calibrated
absolute risks over defined follow-up periods, especially when extending prediction from a single cancer
to multi-cancer prevention.

5. Cohort linkage for prevention-ready risk prediction

Prospective cohorts remain the most direct framework because they define a baseline population at risk,
measure predictors in a standardized manner, and accrue outcomes over time, enabling evaluation in the
same temporal direction as real-world decisions. Their limitations motivated mega-cohorts and biobank-scale
resources designed for linkage and scale, including UK Biobank, the Million Veteran Program, and China
Kadoorie Biobank [86-88]. For population-scale use, follow-up increasingly extends beyond cohorts to
routinely collected data. Electronic health records, screening databases, and claims can provide timeliness
and coverage, but they also reflect care-seeking patterns and coding processes, so transparent reporting
and design-aware evaluation are essential [12,89]. Deep-measurement resources, including genomics and
other assay-based layers, are often most useful as modular components that can be linked to longitudinal
follow-up frameworks for outcome accrual and calibration in the target setting [90]. Together, longitudinal
follow-up, absolute-risk estimation over defined follow-up periods, and linkage-based outcome
ascertainment form the epidemiologic infrastructure for the cohort-enabled examples discussed below.

Prevention-ready data integration requires more than simple record linkage. It depends on
prespecified linkage methods, harmonized predictor and outcome definitions, reconciliation rules for
discrepant dates or codes across cohort, registry, and routine clinical sources, and explicit assessment
of linkage quality, completeness, and temporal plausibility. Because preventive decisions are
threshold-based, errors in linkage, coding, or outcome ascertainment can directly affect calibration
and downstream work-up [12,89,91,92]. Standardization should therefore include predictor definitions,
outcome definitions, calendar-period alignment, and monitoring for coding or ascertainment shifts over
time. In digitally enabled or routinely collected data settings, additional safeguards are also needed for
informative missingness, device or platform drift, and unequal participation or follow-up across
socioeconomic and demographic subgroups [93].

For multiyear absolute-risk estimation, competing mortality can materially affect calibrated risk,
particularly as follow-up lengthens. Prevention-oriented tools should therefore specify whether absolute-risk
projection is based on cause-specific hazards with competing mortality, yielding cumulative incidence,
or on alternative competing-risk formulations such as subdistribution hazard approaches, and should
report whether this choice meaningfully affects threshold-based decisions.

The HEXA study provides infrastructure that supports prevention-oriented prediction. HEXA
recruited adults aged 40 to 69 years through health examination centers, collected standardized
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questionnaire and clinical measurements, and enables long-term follow-up through linkage-based
outcome ascertainment, absolute-risk estimation, and calibration assessment within a well-defined
baseline population [94].

As an example of what registry-linked follow-up enables, an internal HEXA-based breast cancer
prediction analysis (manuscript under review) evaluated both discrimination and calibration over follow-up
in 73,245 women, with 862 incident breast cancer cases identified over 9.2 years of follow-up [95].
Harrell’s C-statistic was 0.835, whereas the time-dependent AUC over follow-up was 0.602 [95].
Calibration was closest to unity in the middle quintiles but showed overprediction in the lowest-risk group
(O/E 0.55) and underprediction in the highest-risk group (O/E 1.49), indicating that threshold-based
prevention actions would require setting-specific recalibration and monitoring to limit inappropriate
downstream diagnostic work-up [95]. This example illustrates why prevention translation cannot be
judged by discrimination alone: even a model with reasonable rank-order performance may require
recalibration before implementation if miscalibration at the tails alters screening, referral, or diagnostic
decisions. The next challenge is to extend this logic beyond a single cancer site, where a reported risk
estimate no longer maps to one uniform action.

5.1. CancerFree: multi-cancer risk-to-action specification

In multi-cancer prevention, a given risk threshold does not imply a single uniform action because
confirmatory testing, follow-up procedures, and the balance of benefits and harms differ substantially by
cancer site. Extending prediction from a single cancer site to multiple cancer sites therefore requires
explicit specification of what a reported risk estimate means for each site and what action it is intended to
trigger. For example, an elevated colorectal cancer risk may point to FIT followed by colonoscopy,
whereas an elevated lung cancer risk may support low-dose computed tomography, an elevated gastric
cancer risk may support endoscopic screening, and an elevated liver cancer risk may support surveillance
in people with chronic hepatitis or chronic liver disease.

To illustrate this problem using routinely collected inputs, we describe CancerFree, a questionnaire-first,
registry-anchored multi-cancer prediction tool developed within the HEXA study. CancerFree links health
examination questionnaire and measurement data to cancer registry outcomes and generates site-specific
risk groups together with a brief, interpretable summary of major contributors, such as family history
and modifiable behaviors, and lifestyle guidance intended to support prevention discussions. We present
CancerFree as an illustrative cohort-enabled approach rather than as an implementation-ready risk
program; site-specific discrimination and calibration metrics will be reported in dedicated validation
studies. CancerFree is included here not as a single omnibus predictor, but as a framework for site-specific
risk-to-action specification in multi-cancer prevention, where the meaning of elevated risk depends on
the confirmatory test, the follow-up procedures it may trigger, and the acceptable balance of benefits
and harms for each cancer type.

The seven CancerFree cancer sites were selected using explicit criteria: high national burden, together
accounting for approximately 68% of incident cancers in Korea; availability of scalable early-detection or
surveillance pathways, relevance of modifiable risk factors for personalized counseling, and the need for
harm-aware strategies in overdiagnosis-prone settings such as thyroid cancer [96,97]. Table 3 summarizes
the epidemiologic context for these sites and the rationale for site selection in Korea, and Figure 2 illustrates
the corresponding site-specific risk-to-action framework. Representative mobile implementation examples
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of these modular tools, including a CancerFree multi-cancer risk report and an Al-derived dietary
questionnaire, are shown in Figure 3.
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Figure 2. CancerFree example: a precision prevention framework for risk grouping and risk-to-action
specification. Routinely collected questionnaire and examination inputs feed a modular, interpretable
risk-modeling layer linked to registry-ascertained outcomes, producing reportable site-specific risk
groups with key contributors and a lifestyle guidance module to support risk-to-action specification
(e.g., risk-adapted screening or surveillance, referral or eligibility for targeted services, and lifestyle
counseling). Performance is periodically checked for changes over time and threshold-induced
follow-up procedures, with planned periodic recalibration and updating under appropriate validation,
governance, and privacy safeguards.

CancerFree multi-cancer risk report (mobile example) Al-diet questionnaire (mobile example)
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Figure 3. Mobile implementation examples for deployable, modular risk grouping in the digital
health era. Representative mobile screenshots illustrate (left) a CancerFree multi-cancer risk report
that summarizes site-specific risk groups and key contributors based on routinely collected
questionnaire and health-examination inputs with registry-linked outcomes, and (right) an Al-derived
dietary questionnaire module that generates interpretable dietary-pattern features for scalable
prevention-oriented profiling. These examples highlight a mobile-first delivery format that can
support periodic updating and integration of modular predictor layers under appropriate validation,
governance, and safeguards for induced follow-up procedures.
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Table 3. Cancer sites included in CancerFree and epidemiologic context in Korea.

Cancer site Incidence Incident ASR S-year Recent Major modifiable risk
(CancerFree) rank cases,n  per relative incidence  Site selection rationale factors/preventable causes
(overall) (%) 100,000 survival, % trend (selected)
Overdiagnosis-prone; prioritize
. 35,440 harm-minimizing pathways and .
Thyroid ! (12.3) 68.9 100.1 1 avoid unnecessary follow-up Obesity
procedures
1 . o
Lung 5 32,953 575 40.6 % H}g.h Wort{illty, inform LDCT Smoking
(11.4) eligibility/interval
women)
i . Alcohol; obesity; physical
Colorectal 3 ?12 1’631)0 58.7 74.6 (since 83:::“26 FIT/colonoscopy inactivity; processed/red
: 2018) gy meat
Breast 4 29,871 Risk-adapted Alcohol; adiposity; physical
56.8 94.3 i . . - L
(women) (10.3) screening/prevention decisions inactivity
. 28,943 Risk-based screening and H. Hellc?baaerpylon infection;
Gastric 5 (10.0) 51.4 78.4 1 lori management smoking;
: py g high-salt/salt-preserved foods
Obesity (advanced/high-grade
Prostate 6 22,640 392 96.4 t Rising incidence; triage work-up in some evaluations);
(men) (7.8) ’ ' amid overdiagnosis diet/physical activity
(evidence mixed)
Chronic HBV/HCV
. 14,707 Surveillance in chronic infection; alcohol;
Liver 7 5.1 26.1 39.4 ! hepatitis/liver disease obesity/metabolic

dysfunction; smoking

Notes: Incidence rank, cases, proportions, and ASR (2023) were obtained from KOSIS (Statistics Korea), based
on national cancer incidence statistics [96]. Five-year relative survival (2018-2022) was obtained from the
national cancer statistics report [97]. Trend arrows summarize incidence patterns over 2018—2023 based on
annual incidence series in KOSIS [96]. The seven CancerFree sites accounted for approximately 68% of
incident cancers in 2023 [96]. Preventable causes include infections (e.g., H. pylori, HBV/HCV); for thyroid
cancer, incidence is strongly influenced by detection practices, including imaging and diagnostic evaluation
that can increase detection of indolent disease. This motivates an overdiagnosis-aware pathway emphasis and
harm-minimizing follow-up procedures. Predictor candidates were prespecified based on authoritative
evidence syntheses and IARC evaluations, supplemented by evidence from Asian populations and large Korean
prospective cohorts, including HEXA, and restricted to variables routinely collected at scale to support
deployable implementation and periodic updating.

6. Future directions

Together, CancerFree and the Al-diet module illustrate a cohort-enabled approach to prevention-oriented
prediction that prioritizes scalable measurement and longitudinal outcome linkage. Registry-based
follow-up supports consistent endpoint definition and absolute-risk estimation over defined follow-up
periods. Questionnaire-based predictors facilitate population-scale use, while modular exposure layers
such as dietary patterns allow incremental additions to be evaluated for transportability and action
relevance. This framework emphasizes prevention models that can be monitored and periodically
recalibrated as baseline incidence, measurement practices, and screening patterns evolve, while also
allowing stepwise integration of additional predictors, including polygenic risk scores, as evidence and
feasibility permit. Against this baseline, this section outlines future directions for prevention-oriented
prediction in the digital health era.

The priority is no longer additional stand-alone discrimination studies, but pragmatic evaluation of
prevention programs. Future studies should test whether threshold-guided pathways improve net benefit,
reduce follow-up burden per cancer detected or prevented, and remain feasible across different workforce
and diagnostic-capacity settings. They should also address transportability and recalibration across
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populations and over time, because prevention-oriented models remain useful only if they continue to
support valid decisions in the settings where they are deployed [9,11].

This modular approach also aligns with an emerging shift toward more frequent measurement in
prevention. Digital devices and home-based sensors increasingly enable repeated or continuous capture of
behaviors and physiologic correlates in daily life, including activity, sleep, glycemic excursions, and
markers related to autonomic balance and recovery. These data streams make time-updated exposure
assessment more feasible and may support revision of predicted risk estimates and prevention
recommendations as behaviors and intermediate markers change. Realizing this potential still requires careful
attention to calibration over time, protocol sensitivity, and governance, but the overall direction is consistent
with a move from static baseline risk scores toward monitored and updatable prevention-oriented prediction
in the digital health era.

Equity and access are central to digital prevention. Mobile-first delivery can expand reach but may
also exclude groups with limited digital access or health literacy; prevention pathways should therefore
specify alternative access routes and assess uptake and follow-up procedures across socioeconomic
strata. For genomic and imaging layers, subgroup evaluation should include ancestry-related portability
and the possibility that identical thresholds may trigger different follow-up procedures across
populations, alongside clear communication and consent for linkage-based follow-up.

Routine electronic data capture and linkage increasingly make it feasible to estimate absolute risk
over clinically relevant follow-up periods, assess calibration longitudinally, and plan model updating as
baseline incidence and clinical practice evolve [9,12,89]. In this setting, added model complexity is
justified for prevention only when it improves action-relevant performance, including calibration,
threshold performance, and benefit-harm trade-offs, rather than discrimination alone [9].

In resource-limited settings, the greatest near-term public-health value may come from low-burden,
questionnaire-first or registry-anchored tools that prioritize limited high-intensity services for those most
likely to benefit, rather than from workflow-intensive or omics-heavy systems. Under such conditions,
threshold choice depends not only on statistical performance but also on available diagnostic capacity,
follow-up infrastructure, and affordability. Economic feasibility should therefore be assessed as a property
of the full prevention pathway rather than of test performance alone. Decision-analytic approaches such as
decision curve analysis can help determine whether gains in prediction translate into net benefit across
clinically plausible threshold ranges [98,99].

A recurring reason cancer risk prediction has underdelivered for prevention is not the absence of
algorithms, but the mismatch between what models can measure and what prevention decisions require.
Key exposures are often measured sparsely and with substantial error, even though cancer risk
accumulates over long latency and through time-varying trajectories. Intermediate biological or clinical
states that mediate exposure-cancer pathways are also rarely captured in scalable, repeatable ways,
limiting the ability to distinguish stable susceptibility from evolving near-term risk. In addition, many
models are evaluated without being embedded in a defined pathway, so improvements in AUC do not
translate into actionable threshold decisions, and calibration errors can directly increase unnecessary
follow-up procedures [9,100].

Accordingly, a pragmatic roadmap is to strengthen prediction by strengthening both measurement
and pathway specification. Prevention-relevant models should prioritize scalable and repeatable
exposure assessment, including time-updated measures where feasible, and evaluation of intermediate
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states that lie between exposures and clinically manifest cancer, using clearly defined lead times to
reduce near-diagnosis effects and reverse causation [90,100]. Digital tools, imaging, and molecular
assays may contribute to these aims, but their value for prevention depends on demonstrating temporal
validity, external calibration, and net benefit within the pathway they would trigger, rather than on signal
discovery alone [9,100].

Genetic susceptibility identified through GWAS and summarized by polygenic risk scores remains
an important but bounded layer. Polygenic risk scores are most defensible when used as modular
additions to a stable baseline model anchored to the target population, with explicit attention to
ancestry portability, subgroup calibration, and whether they meaningfully change prevention decisions
at predefined thresholds [68,69]. The central question is not whether a new layer improves discrimination,
but whether it improves calibrated absolute-risk estimates and prevention outcomes without disproportionate
increases in follow-up procedures and related harms [9,100].

Because prevention-oriented models may alter testing and follow-up in otherwise asymptomatic
people, governance is part of translational validity rather than an external add-on [101]. Trustworthy
deployment requires privacy-preserving data use, transparent consent and communication processes, and
clear policies for the return of results and accountability for downstream actions [101-104). It also
requires life-cycle performance monitoring, subgroup evaluation, and prespecified updating or
recalibration plans as incidence, practice, and measurement change over time [7,105]. Public trust
depends not only on data security, but also on transparent communication of uncertainty, possible harms,
and the follow-up consequences of threshold-based decisions [106,107].

Finally, deployable prevention-oriented prediction requires predefined decision thresholds linked to
explicit actions, quantification of follow-up procedures, longitudinal monitoring for calibration drift and
protocol sensitivity, and governance that protects privacy while auditing subgroup performance and
access [9,12]. With these elements in place, cancer prevention can move from static baseline risk scores
toward a monitored, updatable, and pathway-grounded prediction approach that is both clinically
defensible and scalable.
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