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Summary 
The global incidence of early-onset cancer, diagnosed before age 50, is rising, with pronounced birth cohort effects. This 
alarming trend underscores an urgent need to accelerate discovery of novel cancer risk factors and their underlying 
biological networks, and to translate these insights into prevention and interception strategies that protect future 
generations. In this Perspective, we summarize key milestones and outline conceptual, methodological, and resource-
related challenges that are hindering progress. To address these gaps, we propose three interconnected frameworks that 
extend traditional epidemiologic approaches: (1) a tissue-ecosystem anchored, critical window-aware framework for 
cancer risk factor discovery; (2) a life course-informed, biological state-based framework for precision cancer risk 
assessment; and (3) an integrated, dynamic, natural history-based framework to characterize cancer preventability. 
Together, they offer an initial roadmap for connecting exposures to molecular changes across biological scales, life stages, 
and populations to reveal the networks of causal risk factors. By beginning to map when and where risk factors disrupt 
shared hallmarks of cancer, reflected in shifts in (epi)genetic, immune, metabolic, and microbial pathways, these 
approaches can start to inform biologically grounded, scalable strategies to prevent cancer and other chronic diseases. 
 

INTRODUCTION  

Early-onset cancers, commonly defined as cancers diagnosed before age 50, are increasing worldwide (Figure 
1).1-4 Across 42 countries with incidence data from 2003 to 2017, 75% reported rising rates for six cancers (breast, 
colorectal, thyroid, kidney, endometrial, and leukemia), with average annual percent increase of 0.8% to 3.6%.5 Globally, 
early-onset cancers account for nearly 1 million deaths and 50 million disability-adjusted life years,6 imposing substantial 
personal, societal, and economic burdens. In the United States (US), in contrast to declined cancer mortality among older 
ages, mortality under age 50 has plateaued since the early 1990s and has risen for colorectal and endometrial cancers; 
colorectal cancer is now the leading cause of cancer death in men, and breast cancer remains the leading cause in women.1 
In many countries, these increases show strong birth-cohort effects, with Generation X (1965-1980) and Millennials 
(1981-1996) facing higher risks at younger ages than prior birth cohorts.7-10  

Confronted with rising early-onset cancers and striking birth-cohort effects, we are compelled to ask whether we 
are entering a “cancer generation” and whether is time to reconsider how cancer causes have been and should be 
discovered. For much of the past century, epidemiology has powered this effort, delivering landmark insights on tobacco, 
alcohol, obesity, and infections through what Sir Richard Peto termed a “black box” strategy11: comparing populations and 
identifying strong, reproducible associations before underlying mechanisms were known. The successes of this approach 
have shaped regulation and clinical practice, and contributed to global declines in tobacco-related mortality.12,13 Yet only 
an estimated 30-45% of cancers are currently attributable to established modifiable causes14,15, even though 75-80% 
maybe preventable in theory11, leaving a substantial proportion arising from uncharacterized or unknown exposures. This 
gap also reflects the pace of risk factor discovery and translation: even for lung cancer, establishing tobacco and asbestos 
as causes and translating evidence took decades. With cancer incidence rising in younger generations, such timelines are 
no longer acceptable. 

The central challenge is twofold: accelerate discovery of cancer-causing risk factors and to map how exposures 
connect to biological pathways to shape susceptibility across the life course, with a unified goal to translate etiology into 
effective prevention and interception. The urgency is greatest for younger generations, who are experiencing earlier and 
more complex exposures, including in utero and early-life exposures and stresses,16,17 ultra-processed foods,18 circadian 
disruption,19 and ubiquitous environmental chemicals that can act synergistically20 but many are newly introduced21 and/or 
untested for safety.22,23 Exposures during gestation or adolescence, periods of rapid tissue development and heightened 
vulnerability, may promote cancer not only by inducing mutations but also via epigenetic, immune, metabolic, hormonal, 
and microbial disruptions, with effects that may emerge decades later. The exposome, the totality of exposures from 
conception to death,24 offer promising conceptual framework to unify exposures, however, because technologies, 
environments, and policies continually change, it is dynamic, reshaping risk trajectories across generations, yet it remains 
challenging. Taken together, these realities call for approaches that build on epidemiology’s core advantages while better 
capturing patterned, time-varying mixtures of exposures and their biological embedding across the life course. The 
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exposome offers a unifying way to organize exposures from conception to death, yet its dynamic nature, spanning 
chemical and non-chemical exposures that co-occur, make causal attribution difficult. Together, these challenges call for 
approaches that build on epidemiology’s core strengths while better capturing life-course exposures and their biological 
embedding across the life course. 

In this Perspective, we first revisit the historical trajectory of major risk factor discovery, then highlight key 
challenges that are particularly salient to early-onset cancers. Finally, we propose three integrative frameworks for novel 
risk factor discovery, risk assessment, and preventability characterization. These frameworks view cancer risk as an 
emergent property of evolving tissue ecosystems shaped by patterned exposures across the life course. They offer an 
initial roadmap for identifying critical exposures, pinpointing windows of heightened susceptibility, and refining estimates 
of cancer preventability, ultimately enabling more precise, earlier, and accessible approaches to cancer prevention. 

DISCOVERY OF CARCINOGENS AND RISK FACTORS: HISTORICAL PERSPECTIVES 

In 1981, Doll and Peto’s Causes of Cancer11 articulated a “black box” strategy for cancer risk factor discovery, 
alongside a complementary “mechanistic” strategy based on experimental testing of candidate agents. With genomic 
advances, these approaches shifted thinking from mutation‑centric models to multi‑stage clonal selection, in which 
initiation generates dormant initiated cells and subsequent promotion drives clonal expansion.25-27 Exogenous factors such 
as environmental exposures and modifiable behavior are typically identified through population studies and then dissected 
mechanistically to determine whether they act as initiators, promoters, or both, while endogenous processes encompassing 
cell-extrinsic (e.g., immunity, hormones, microbiota) and cell-intrinsic factors (e.g., DNA replication and repair) modulate 
tumor evolution.11,28 This convergence of epidemiologic and mechanistic evidence underlies IARC Group 1 carcinogen 
classifications.29 Figure 2 summarizes the milestones in uncovering three major preventable exogenous causes of 
cancer30: tobacco, alcohol, and obesity, alongside advances in cancer genetics that illuminate endogenous pathways. 

As Group 1 carcinogens and causes of cancer, tobacco and alcohol exemplify how epidemiology and mechanistic 
research have worked together, but on different timelines. For tobacco, 18th‑century observations linked snuff and pipe 
use to nasal polyps and lip cancer.31-33 By the mid‑20th century, case-control studies showed roughly 10–13‑fold higher 
lung cancer risk in heavy smokers.34,35 Concerns around biases inherent to retrospective designs prompted creation of 
large prospective cohorts, including the British Doctors Study of 40,000 physicians, which demonstrated dose-response 
relationships in lung cancer mortality over decades of follow‑up.36 Parallel animal experiments showed cigarette smoke 
condensates to be carcinogenic.37,38 These converging lines of evidence, with strong effect sizes, were synthesized in the 
1964 US Surgeon General’s Advisory,37 concluding that cigarette smoking causes lung and laryngeal cancers. Subsequent 
work identified more than 60 carcinogens in tobacco smoke,39 mapped benzo[a]pyrene adducts at TP53 hotspots and 
KRAS mutations,40,41 and defined tobacco‑associated mutational signatures42.  

Alcohol followed a methodologically similar path but with weaker signals and a slower march to consensus. Early 
20th‑century case series linked absinthe drinking to esophageal cancer43 and excess cancers of upper aerodigestive tract in 
alcohol-related occupations11, while abstinent religious groups such as Seventh‑day Adventists showed lower risks44-46. 
Subsequent case-control and cohort studies quantified these patterns, and in 1987 IARC47 classified alcohol as a Group 1 
carcinogen for cancers of the oral cavity, pharynx, larynx, esophagus, and liver with 2-fold higher risk in heavy drinkers.48 
Later evaluations added colorectum49,50 and female breast51-53 to the above list in IARC 201054 with RR around 1.2–1.6.48 
Mechanistic studies have implicated acetaldehyde toxicity, ALDH2 polymorphisms, oxidative stress, inflammation, 
hormonal changes, and synergistic interactions with tobacco.55-59 Reflecting this convergent evidence, current consensus is 
that no level of drinking is risk‑free for cancer,60 and a 2025 US Surgeon General’s Advisory61 reinforced alcohol as a 
cause of 7 cancer types. 

Obesity is a major modifiable and leading cancer risk factor contributing to cancer cases and deaths14. Since the 
1970s, rising obesity prevalence62,63 prompting investigation into its role in cancer. American Cancer Society’s Cancer 
Prevention Study I of >750,000 participants linked higher body weight to higher cancer mortality.64 Subsequent 
epidemiological studies65 and pooled analyses strengthened the evidence, including a large individual participant data 
meta-analysis of >900,000 adults from 57 prospective cohorts, which reported each 5 kg/m2 increase was associated with 
10% higher neoplastic mortality.66 IARC evaluations in 200267 and 201668 concluded that avoidance of weight gain lowers 
risk for at least 13 cancer types, with RRs modest (1.1–1.8) but strikingly high for esophageal adenocarcinoma (4.8) and 
corpus uteri (7.1). Mechanistic work points to inflammation, insulin and IGF‑1 signaling, hormonal imbalances, and 
metabolic reprogramming,69,70 with emerging roles for the microbiome and circadian disruption.71,72  

In parallel with these exogenous risk factors, advances in cancer genetics have revealed a complementary arc of 
inherited susceptibility.73 Family‑based linkage studies in the early 1990s identified high‑penetrance genes such as BRCA1 
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and BRCA2 for breast and ovarian cancers74-76 and APC, MLH1, and MSH2 for colorectal cancer77-80. More than 70 such 
high-penetrance genes (RR >5) have been described but account for only a minority of familial risk in most cancers.81 
This gap catalyzed genome-wide association studies (GWAS) in the mid-2000s, which agnostically interrogate large case-
control populations to identify common, low-penetrance variants (risk allele frequency >5%; RR <1.5), including over 
200 for breast cancer82 and colorectal cancer83,84 and at least 45 for lung cancer.85,86 However, approximately one-third of 
loci show pleiotropy across multiple cancer sites,81 reinforcing past findings indicating that inherited risk often maps to 
shared pathways.87,88 Aggregated into polygenic risk scores, these variants support population‑level risk stratification and 
personalized screening and prevention.89-91  

Taken together, these histories, spanning decades to centuries, show why translating observation into causation 
and then prevention is slow and inherently multidisciplinary. They reaffirm the value of the “black box” strategy in 
epidemiology, a view Peto famously framed as “need for ignorance in cancer research”.92 Tobacco control shows what is 
possible when strong evidence is matched with decisive implementation, averting >3.8 million lung cancer deaths in the 
US during 1970–2022.93 Alcohol illustrates slower translation when individual effect sizes are smaller and co-exposures 
are common. Obesity illustrates a third pattern: even with compelling evidence and mechanistic plausibility, progress is 
constrained by the difficulty of sustained behavior change in an obesogenic environment,94 despite emerging 
pharmacologic strategies.95 With these successes and lessons in view, and as contemporary exposures increasingly co-
occur and accumulate across the life course with modest individual effects, the central challenge is to pinpoint emerging 
risk factors, establish causality more efficiently, and translate evidence into prevention faster. 

CHALLENGES IN RISK FACTOR DISCOVERY FOR EARLY-ONSET CANCERS 

Cancer risk factor discovery is constrained by fundamental features of carcinogenesis: long induction latency,96 
ethical limits on experimental exposure,97-100 wide inter-individual variation in susceptibility,101,102 heterogeneous 
evolutionary trajectories to malignancy,103-105 and complex gene-environment interactions106,107. These challenges are now 
intensified by rapidly evolving exposome, in which many risk factors are widespread, co-occurring, and vary across 
generations and life stages, often exerting modest individual effects but potentially meaningful combined influence. In this 
section, we outline the key conceptual, resource, and methodological challenges that impede risk factor discovery and 
causal characterization across the multistage continuum of tumor development (Box 1), and propose targeted shifts in 
framing, study design, and analytic approaches that are particularly critical for understanding and preventing early-onset 
cancers. 

Conceptual challenges 

Age of onset is a proxy for underlying biology: Much effort has focused on comparing molecular differences 
between early- and later-onset cancers to identify “unique” early-onset biology, yet evidence to date are limited and often 
conflicting, with few early-onset specific alterations.108,109 It is important to note that age at diagnosis can be a misleading 
axis for comparison. Statistically, age effects reflect a mixture of birth cohort and period effects.110-112 The absence of 
striking molecular differences does not imply fully shared etiology, because subtle changes in clonal evolution, immune 
contexture, or developmental timing can be obscured in bulk analyses. Birth cohort comparisons of molecular alterations 
can also be limited by under-representation of earlier cohorts, differing clinical and laboratory conditions, and 
survivorship or archival biases. Together, these considerations argue that both age-based and birth cohort-based molecular 
contrasts are most informative when explicitly interpreted in relation to patterns and timing of exposures, rather than as 
intrinsic properties of “young” versus “old” tumors. 

Risk factors are often treated as one-dimensional and independent: Our understanding of established cancer 
risk factors and their preventability, is often oversimplified by focusing on one or limited dimensions. Simple 
questionnaire-based recall of aggregate exposure (e.g. “weekly alcohol intake”) or single measurements at one timepoint 
(e.g. “current BMI”) miss key dimensions such as intensity, timing and trajectories, and cumulative exposures across life 
stages. As a result, cancer risk attributable to these factors is likely underestimated. For instance, alcohol consumption 
between menarche and first pregnancy was associated with increased breast cancer risk independent of drinking later in 
life,113 and heavy episodic or binge drinking increased risk of breast cancer especially among moderate lifetime 
drinkers.114 Emerging behaviors, such as drinking on an empty stomach115, are increasingly common in younger 
populations but remain poorly characterized with respect to cancer risk. Moving beyond static snapshots toward high-
resolution exposure characterization that jointly models intensity, timing, trajectories, and clustering (Figure 3) is 
essential for a more realistic assessment of how established and emerging risk factors shape cancer risk.  

The exposome is complex: The concept of “exposome”, first proposed by Christopher Wild in 2005,24 referred to 
non-genetic environmental exposures that influence health and disease. Humans are exposed to a vast array of chemicals 
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through food, medications, supplements, consumer products, pollution, and many other sources. Determining which 
exposures, either individually or in synergy with others, contribute to cancer initiation or progression is conceptually 
straightforward but experimentally challenging. The universe of potential chemical exposures now numbers in the 
hundreds of thousands and is rapidly expanding, with many substances incompletely characterized or undisclosed.21 
Indeed, the number of synthetic industrial chemicals produced globally is projected to exceed one million by 2050.23 
Beyond chemicals, the exposome also includes non-chemical components (e.g., socioeconomic conditions, behaviors, and 
occupational environments) that are often measured crudely, while biological response to exposures are further shaped by 
tissue specific context and modulated by host factors such as genetics, microbiome, and overall health.116 Given this 
complexity, it is not practical to screen all possible exposure combinations in model systems. The path forward will need 
to leverage emerging measurement technologies capable of profiling large numbers of chemicals in large human 
cohorts.117,118 The application of this approach, called chemical exposomics, at the population scale to samples from 
longitudinal biobanks has the potential to identify and prioritize the most biologically relevant, ubiquitous, and emerging 
risk factors for neoplastic disease. Integrated with computational advances and complementary data such as geospatial 
data, this strategy is poised to discover and ultimately prevent environmental causes of early-onset cancer.  

Risk factors are often treated as organ specific: Although cancer is increasingly recognized as a systemic 
disease,119 risk factor discovery has largely remained organized organ-by-organ. A more tractable and urgent question is 
whether shared systemic drivers, both exogenous and endogenous, are fueling not only cancers broadly,120 but also to 
emerging epidemiological phenomena such as the rise of early-onset cancers. Many established risk factors, such as 
smoking, alcohol, and obesity, are implicated across multiple malignancies (Figure 2).68,120-122 Smoking, for example, 
affects lung cancer through direct inhalation yet also increases risk for at least 12 other cancers,122 illustrating how a single 
carcinogen can reshape both local tissue and systemic physiology. We now appreciate that many risk factors act 
predominantly as promoters rather than initiators,28 but have only begun to map their systematic impact. Looking ahead, 
major advances are likely to come from reframing early-onset cancers as organ-specific manifestations of shared systemic 
perturbations (e.g., inflammatory alterations and metabolic change),119 and from designing prevention strategies that target 
shared biological pathways. This will require a paradigm of systemic risk factor discovery that prioritizes emerging, 
ubiquitous, and modifiable exposures with broad physiological impact, rather than isolating risk factors organ by organ. 

Genetics is not driving the increasing cancer incidence: Since allele frequencies change slowly and high-
penetrance syndromes have remained stable for decades, the prevailing view is that germline genetics is unlikely to 
explain the rapid, birth cohort-specific rise in early-onset incidence. However, susceptibility can also arise within a 
generation through de novo mutations, and it is plausible that delayed parenthood over recent decades, which increases de 
novo mutation burden,123 could modestly contribute to early-onset cancer risk. Additionally, genetic predisposition can act 
as a modifier of susceptibility,124 shaping inter-individual vulnerability to modern exposures. Consistent with this, UK 
Biobank analyses suggest unhealthy lifestyle factors confer greater early-onset cancer risk among those with higher 
genetic risk.125 Clarifying these gene-environmental interactions will be essential for understanding why younger 
generations may be more susceptible. 

Humans are humans, mice are mice: The importance of experimental models in cancer risk factor discovery 
was highlighted by Doll and Peto in Causes of Cancer, where the ‘mechanistic’ strategy tries to understand the biology of 
cancer and exhaustively tests masses of the chemical, infective, or physical agents to which people are likely to be 
exposed to determine which are likely to be the causes of the cancers of today or of the future”.11 Decades later, animal 
models remain indispensable for establishing causality, defining dose and timing, and interrogating early tissue responses, 
while their translational limitations are increasingly apparent. Fundamental differences in physiology, lifespan, immune 
architecture, and tissue microenvironments create non-trivial gaps between murine systems and human carcinogenesis, 
gaps that widen when risk factors arise from complex, chronic, co-occurring human exposures. Even when exposure 
timing and intensities are approximated, experimental models often simplify key components such as adaptive immunity, 
stromal remodeling, and microbial ecosystems, making it difficult to recapitulate the multifactorial and life-course nature 
of human cancer.126  

Resource-related challenges 

Reliance on new, prospective cohort studies: Establishing new birth or multi-generational cohorts with 
longitudinal, repeated exposome data collection throughout the lifespan will be essential for better mapping the fully 
landscape of contemporary risk factors. Yet a more forward-looking strategy is to treat such cohorts as the next layer, not 
the starting point. A pressing priority is to harness existing data sources, national databases, cohorts, biobanks, and in-
house EHRs, to pinpoint biologically relevant signals and strengthen causal inferences. Insights from these heterogeneous 
data sources, combined with advances in computational tools, can help simulate alternative cohort designs, prioritize 
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which exposures and biospecimens to capture, and guide where new cohorts would add the greatest marginal value. 
Importantly, the growing landscape of longitudinal birth and multigenerational cohorts and linked biobanks already makes 
early-life and intergenerational exposure assessment feasible at scale, particularly in Europe (e.g., Avon Longitudinal 
Study of Parents127, Danish National Birth Cohort,128 Lifelines129, Generation R130), where pregnancy and perinatal factors 
are captured prospectively, alongside repeated questionnaires and extensive biospecimen collection. 

Reliance on data from developed countries: The global rise in early-onset cancers calls for cross-national, 
comparative approaches that extend beyond high-income settings. Most established risk factors come from data collected 
in developed countries, often requiring pooled datasets because of relatively low incidence. In contrast, a forward-looking 
agenda recognizes that both high- and low-incidence settings are informative: systematically learning from settings 
without a marked rise in early-onset cancers can reveal protective risk factors, environments, and policies that may buffer 
younger generations from risk. In parallel, integrating tumor molecular landscapes, including mutational signatures and 
other multi-omics features, with contextual data across diverse countries, races and ethnicities, and sexes can clarify 
whether cancers with similar histology share or diverge in etiological pathways. Addressing these questions will require 
globally coordinated, interdisciplinary efforts that deliberately include countries across the spectrum of incidence to 
identify both causes and protective factors and translate them into prevention. Such efforts are beginning to emerge (e.g., 
DISCERN131, which integrates tumor and normal tissue collection in Europe countries with high and low rates of renal, 
pancreatic, and colorectal cancer with whole-genome sequencing, multi-omic profiling, and prospective cohorts), but they 
require substantial sustained investment and infrastructure. 

Methodological challenges 

Causal inference with multi-modal, longitudinal data: A central methodological barrier to identifying cancer 
risk factors relevant to younger generations is the misalignment between life-course causality and prevailing analytic 
paradigms. Most pipelines analyze modalities in isolation or rely on cross-sectional snapshots drawn from limited cohorts, 
implicitly prioritizing association over causation. Such approaches struggle to resolve time-dependent confounding, 
mediation, and reverse causality, and are poorly suited to disentangling how early-life, adolescent, and young-adult 
exposures propagate through molecular and physiological intermediates to influence cancer risk decades later. Although 
principled causal frameworks for high-dimensional biology are emerging,132 their application to integrated omics and 
exposome data remains limited. A critical gap lies in linking population-scale environmental, lifestyle, and social 
determinants of health data with longitudinal biospecimens in ways that support explicit causal hypothesis testing across 
the life-course. Methods such as life-course133 Mendelian randomization,134 g-methods (including the g-formula and 
marginal structural models),135,136 and target trial emulation137 provide a rigorous foundation for evaluating time-varying 
exposures and separating confounding from mediation, yet remain underused at the scale and complexity required for 
modern cancer prevention research. Emerging artificial intelligence approaches, including large language models, offer 
opportunities to automate data harmonization, feature extraction, and hypothesis generation across heterogeneous data 
sources. However, without explicit causal design, such tools risk amplifying spurious correlations rather than accelerating 
discovery. Realizing their potential will require embedding artificial-intelligence-driven workflows within transparent 
reproducible causal frameworks that yield interpretable effect estimates relevant to prevention. 

Innovative model systems? 

Isolated evidence analysis: Research on early-onset cancers has focused on identifying individual risk factors 
based on single studies, multiple cohorts or meta-analyses. Other studies have used this information to estimate the 
population attributable fraction (PAF) associated with each risk factor. However, most studies have looked at risk factors 
in isolation, yielding PAFs that added together reach biologically implausible values. Moreover, these studies failed to 
relate secular trends in risk factors to the trends in early-onset cancer, leaving uncertainty about how much they contribute 
to rising incidence even for the most important risk factors. To address this gap, methodology is needed that cannot only 
capture the impact of risk factors on cancer but can also capture dynamic changes in population and risk factors over time, 
as well as the delay in exposure to risk factor and actual cancer risk. Validated population simulation models of cancer 
natural history can provide this capacity, with the most well-known examples are models developed within the Cancer 
Intervention Surveillance Modeling Network (CISNET).  

ACCELERATING CANCER RISK FACTOR DISCOVERY: FOUNDATION AND NEW FRAMEWORKS  

Recent reflections on Peto’s ideas 25,138,139 reaffirm that epidemiology remains essential as the foundation of cancer 
risk factor discovery and that we still need to “embrace ignorance,” while also confronting why discovery has stalled.140 
Historically, epidemiology has often identified causal exposures long before mechanistic confirmation, with smoking and 
lung cancer as the classic example. This approach was effective when exposures were few, extreme, and had large effect 
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sizes. However, many remaining causes of cancer are likely ubiquitous,140 poorly measured, or exert their effects early in 
life, producing little between-person contrast that would empower classical epidemiologic designs. This loss of contrast is 
particularly consequential for prevention in younger generations, where early-life and cumulative exposures may shape 
risk long before clinical disease emerges. Insights from evolutionary biology141 and normal-tissue studies show that 
driver-like mutations and clonal expansions are common in healthy tissues.142-145 These observations suggest that mutation 
acquisition alone is insufficient to explain cancer risk; instead, promoters, tissue ecology, and age- and exposure-
dependent selective pressures may determine which initiated clones expand and ultimately progress. Quantifying clonal 
expansion of drivers in diverse ecological contexts, including differing ages and exposure histories, is vital to the 
furtherance of our understanding of both somatic genetic drivers and the impact of age and exposure history on the 
somatic evolution of cancer.  

Under these conditions, a strict pipeline from observational association to downstream mechanistic validation will 
not be efficient or sufficient. Addressing contemporary challenges require a shift from parallel, loosely connected tracks of 
“epidemiological association” and “mechanism” toward an explicitly iterative, closed-loop framework. In this model, 
epidemiology identifies and prioritizes candidate risk factors; tissue-based and experimental systems test how these 
exposures leave durable biological imprints and interact with germline variation to alter tissue vulnerability; and 
mechanistic insights feedback to refine epidemiologic hypotheses, biomarkers, and prevention strategies. Iterative 
feedback between human and experimental evidence helps clarify biologically relevant exposures, identify susceptible 
tissues, prioritize pathways, and sharpen causal inference and further accelerate identification of actionable cancer risk 
factors relevant to younger generations.  

Recent advances illustrate the power of this approach, including integrative programs combining epidemiology 
with functional models and clinical cohorts to illuminate air pollution driven lung tumor promotion and nominate 
actionable prevention targets.144 Consortia such as TaRGET II (Toxicant Exposures and Responses by Genomic and 
Epigenomic Regulators of Transcription II)146 extend this logic at scale by building longitudinal, multi-omic atlases for 
known environmental exposures (including PM 2.5, arsenic, lead, BPA, tributyltin, dioxin, and phthalates) across target 
organs and surrogate blood at weaning and adult time points in mice.147 These resources reveal persistent, toxicant-
specific epigenomic and transcriptomic perturbations, enabling direct comparisons between persistent exposure-linked 
signatures in human biospecimens and experimental perturbation readouts. Further extending and refining such human-
model integrative approaches likely will offer a promising path forward in advancing cancer risk factor discovery and 
interception strategies.  

To achieve this goal and accelerate risk factor discovery and early interception, we propose three complementary, 
forward-looking frameworks (Figure 4) that extend the strengths of traditional epidemiology while advancing it into a 
more biologically grounded, time-resolved, and integrative science of discovery. Together, these frameworks connect 
population exposures to the tissue ecosystems they perturb, map tissue states onto dynamic trajectories of susceptibility 
across the life course, and translate these insights into natural history-anchored estimates of preventability.  

Tissue-ecosystem anchored, critical window-aware framework for cancer risk factor discovery 

Identifying risk factors for early-onset cancers requires a shift from viewing exposures as isolated variables to 
understanding how tissues integrate lifelong physiological disturbances. A tissue-anchored framework reframes cancer 
risk as an emergent property of dynamic tissue ecosystems, shaped by lifelong and intergenerational exposures and 
germline predisposition. This framework moves beyond exposure-centric and focuses on how cumulative exposures 
across sensitive life stages create lasting biological imprints that influence tissue vulnerability, somatic evolution, and 
tumor emergence. Critically, many exposures are transient or poorly captured by conventional measurement, yet they 
leave durable “tissue memories” encoded in epigenetic programs, immune and stromal set points, metabolic wiring, and 
microbial community structure.148,149 

Mutational epidemiology, an alliance of cancer epidemiology and somatic genomics,150 shows the value of a 
tissue-anchored lens. Somatic mutations accumulate throughout life via diverse mutational processes that leave 
characteristic “mutational signatures”,120 and large-scale efforts (e.g., ICGC/TCGA Pan-Cancer Analysis of Whole 
Genomes) have catalogued many such signatures across >23,000 cancers.151 In one example, sequencing 981 colorectal 
cancer genomes from 11 countries revealed substantial geographic in mutational signatures, including enrichment of 
colibactin-associated signatures (SBS88, ID18) in high-incidence countries; these signatures were about 3.3-fold more 
common in cancers diagnosed before age 40 than after 70 and were imprinted early in tumor evolution, implicating early-
life exposure to colibactin-producing bacteria in rising early-onset colorectal cancer and global incidence differences.152 
Complementing tumor-based analyses, the Somatic Mosaicism across Human Tissues (SMaHT) Network is building a 
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multi-tissue reference catalogue of somatic mutations and clonal expansions in non-diseased human tissues, establishing 
baseline maps of mutation burden, clonal architecture, and selection across the lifespan.153 Together, these underscore a 
key advantage of the tissue-anchored framework: exposures can leave tissue-specific evolutionary imprints that are 
difficult or impossible to reconstruct through questionnaires or environmental monitoring alone. 

The major challenge in mutational epidemiology is that we increasingly recognize that many cancer risk factors 
are not mutagenic: they shape tissue fate primarily through systemic circuits. Balmain’s reappraisal of Peto’s paradox 
likewise argues that for many established carcinogens the rate-limiting step is not the generation of new mutations but 
non-mutagenic promotion that drives clonal expansion of pre-existing initiated cells.25 We therefore advocate to expand 
the concept of “exposure fingerprints” from somatic mutations to the broader tissue ecosystem, by prioritizing the 
mapping of a small number of tissue-ecosystem axes that are most likely to encode exposure history and modulate 
multistage carcinogenesis. In this view, epigenetic, immune-stromal-vascular, metabolic-endocrine, epigenetic, and 
microbial signatures119 are potential candidate causal fingerprints. Insights from developmental plasticity and the 
developmental origins of health and disease (DOHaD) paradigm demonstrate how exposures in utero, during infancy, or 
across adolescence and early adulthood can introduce durable epigenetic and physiological reprogramming that shapes 
long-term tissue function and cancer susceptibility,154-156 with intergenerational epigenetic, immune, and metabolic 
imprinting further modifying baseline vulnerability.157-160At barrier sites such as the gut, skin, and lungs, epithelial cells, 
resident immune cells, stromal elements, and commensal microbes form tightly coupled ecosystems that continuously 
sense diet, pathogens, xenobiotics, and environmental insults, establishing relatively durable patterns of epithelial 
turnover, cytokine milieu, metabolite profiles, and tissue-resident immunity.161 When disrupted by infections, antibiotics, 
obesity, high-fat and low-fiber diets, or pollution, these circuits can drive low-grade inflammation, barrier dysfunction, 
and altered metabolic and microbial states that promote clonal expansion and weaken immune surveillance rather than 
directly initiating mutations.162 Mapping how these memories are coordinated across organ systems through shared 
hormones, metabolites, and inflammatory mediators can reveal common promotive pathways and intervention windows 
that would otherwise remain hidden. Upstream of these layers, chemical fingerprints such as DNA and protein adducts act 
as specific sensors of exposure, anchoring suspected agents to their sites of action. Treating proximal adducts and 
downstream ecosystem axes as structured, exposure-encoded states enables testable hypotheses about causal pathways, 
and facilitates the discovery of risk factors that would otherwise remain invisible. Animal models that mimic human-
relevant exposures across generations provide critical systems for understanding how inherited and early-life insults 
remodel tissue microenvironments and accelerate oncogenic processes.163,164 

This framework also incorporates contemporary principles of cancer evolution,165-167 recognizing tumorigenesis as 
a dynamic eco-evolutionary process shaped by germline predisposition, tissue ecology, and cumulative exposures. Cancer 
emerges within complex adaptive tissue landscapes where systemic regulators such as hormones, growth factors, and 
immune mediators interact with local features including nutrient and oxygen availability, stromal and matrix architecture, 
spatial organization, and niche constraints to shape the fitness, competition, and selection of somatic clones.168 Fitness 
effects of individual somatic mutations can be quantified.169,170 However, early-onset cancers may reflect accelerated or 
altered evolutionary trajectories across life course.171 During early life, heightened proliferation, plastic differentiation 
programs, and immature immune surveillance create distinct selective environments that influence how mutant clones are 
generated, constrained, or expanded. Exposures that occur in utero, childhood, adolescence, and early adulthood can 
durably reconfigure immune, metabolic, and stromal circuits and reduce the capacity of tissues to police aberrant cells, 
thereby favoring the emergence of high-risk clones at younger ages. Incorporation of how exposures converge across 
sensitive life stages and interact with tissue-level biology to accelerate malignancy into multi-hit mechanistic models of 
carcinogenesis96,104,172 is crucial to a complete understanding of how exposures shape tissue fate through systemic circuits 
and to translational guidance on prevention strategies tailored to younger populations.  

Translating this tissue-anchored framework into concrete discoveries of novel risk factors ultimately hinges on 
how well we can measure and reconstruct exposures across the life course. While progress in identifying new risk factors 
through questionnaires and conventional epidemiologic instruments has slowed, the discovery of molecular biomarkers of 
exposure has accelerated rapidly and is poised to expand further with advances in high-throughput molecular profiling 
technologies. Meeting this challenge will require coordinated, multi-modal strategies that capture exposures across 
biological and temporal scales, at minimum during critical developmental windows, in both human studies and 
experimental models. Objective monitoring tools, including personal sensors, wearables, and high-resolution geospatial-
temporal models, can quantify environmental, behavioral, and circadian disruptions with far greater precision than 
questionnaires and geocode linkage solely based on residential addresses. Molecular readouts, including epigenomic 
marks, chemical exposomics, metabolomics, proteomics, microbiome profiles, adductomics, may provide short- and 
medium-term fingerprints of complex exposure mixtures that are otherwise difficult to reconstruct; for example, plasma 
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proteomics has revealed organ-specific aging signatures that precede clinical disease, illustrating how longitudinal 
profiling can capture latent susceptibility beyond traditional risk factors173,174.  

Finally, the field needs systematic “translation layers” that link tissue-ecosystem signatures back to causes by 
pairing profiling with in vitro and ex vivo exposure libraries, organoid models, and exposomic perturbation platforms that 
pinpoint candidate agents and pathways. Looking forward, integrating these outputs with longitudinal cohorts, electronic 
health records, life-stage-specific questionnaires, and rigorous causal inference can shift exposure science from sparse 
snapshots to reconstructable trajectories, enabling tissue signatures to be traced to their upstream drivers. 

Life-course informed, biological state-based framework for precision cancer risk assessment 

The tissue-anchored framework focuses on where exposures reshape tissue ecosystems to drive cancer 
development and emerging backward approach to infer exposures. A complementary question is when susceptibility is 
programmed and how to quantify this temporal dimension for precision prevention. There is broad recognition that cancer 
risk begins accumulating long before clinical onset. A life course-informed , biological state-based framework for 
precision cancer risk assessment recognizes that vulnerability to cancer emerges from cumulative exposures beginning in 
utero and extending throughout life, with the pace and impact of accumulation varying by tissue and concentrated in 
susceptible developmental windows, long before clinical detection or adult-focused models can capture it. 

However, current risk prediction models only capture a small portion of this trajectory. Established tools, such as 
the Gail model for breast cancer,175 the BOADICEA model for hereditary breast and ovarian cancer,176 and the Colorectal 
Cancer Risk Assessment Tool,177 primarily incorporate age, family history, genetic variants, and limited reproductive or 
lifestyle factors, were foundational in introducing quantitative risk assessment to clinical practice. Yet these models show 
only modest discriminative capacity with area under the curve typically between 0.55 and 0.70.178-181 In essence, these 
tools approximate measures of the exposure at the tissue level, using the epidemiologic measures to drive this 
approximation. 

A life course-informed, biological state-based framework moves beyond static snapshots of risk by treating 
susceptibility as a biological state that evolves through accumulated exposures, physiological transitions, and 
intergenerational influences encompassing both inherited genetic risk and non-genetic mechanisms such as epigenetic or 
metabolic immune programming.182,183 It integrates early-life and adolescent exposures alongside adult risk factors to 
generate dynamic profiles of vulnerability across the lifespan.133 Existing dynamic models, such as the Rosner-Colditz 
breast cancer model184-186 and other time-updated risk tools, illustrate how incorporating changes in reproductive, 
anthropometric, and lifestyle factors over time from early childhood can meaningfully improve prediction. Next-
generation cancer-specific and pan-cancer molecular risk scores could integrate not only genomics, 135 but longitudinal 
multi-omic inputs, including exposomics, radiomics, epigenomics, metabolomics, proteomics, and microbiome data,187,188 
capturing both shared and tumor-specific pathways. Such scores could provide a unified platform to stratify risk across 
multiple malignancies simultaneously, an especially important advance for early-onset cancers where incidence is low and 
single-cancer strategies are often underpowered. 

Recent advances in computational modeling provide practical paths for operationalizing this framework.189 AI 
models leveraging longitudinal clinical multi-omic data can detect subtle, preclinical shifts in tissue biology; for example, 
breast cancer models that incorporate three years of serial screening mammograms achieve a 5-year AUC of 0.80, 
compared with 0.74 when relying on a single mammogram,190,191 and adding traditional risk factors yields little additional 
improvement in discrimination.190-192 Emerging transformer-based architectures capable of learning lifetime health 
trajectories further demonstrate how different data modalities, from diagnoses, lifestyle factors, laboratory values, to 
imaging, and more, can be integrated to forecast future disease risk with good performance.193 learning latent, evolving 
biological states that blend trajectories of measured risk factors, rather than simply summing them, these models move 
beyond traditional risk-factor-based assessment to quantify how individuals transition between lower- and higher-risk 
tissue/biological states over time. Such approaches may be particularly impactful for younger individuals without strong 
family histories or well-known risk factors, offering biology-driven risk assessment tools to identify those at elevated risk 
across multiple malignancies and to guide earlier lifestyle interventions, surveillance, or preventive therapeutics.  

Integrated, dynamic, natural history-informed framework to characterize cancer preventability 

Risk identification is essential. However, we must ultimately translate knowledge of risks into actionable cancer 
prevention strategies. Current Population Attributable Fraction (PAF) analyses suggest that roughly 40% of cancers in 
settings such as the UK are attributable to established modifiable risk factors; less carefully sampled but rigorously 
analyzed molecular data approximately agree, linking ~40% of cancer causation to putatively preventable mutagenic 
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sources and a further ~25% to currently unknown processes that may also prove preventable if identified.120 In contrast, 
Peto and colleagues, comparing high and low incidence populations, argued that on the order of 75–80% of cancers are 
preventable in theory. The discrepancies may come from various sources. First, traditional approaches, such as PAF194, are 
anchored to current exposure distributions, assume largely independent effects, rarely incorporate time-varying or life 
course patterns or interactions, and do not account for the feasibility of changing them in real-world settings.195 Second, 
these estimates only weakly reflect contemporary insights from cancer biology and evolution, including multistage 
carcinogenesis, the distinction between initiators and promoters, and species- and tissue-level adaptations that modulate 
susceptibility, and often rely on coarse proxies such as BMI196 that miss etiologically relevant heterogeneity, obscuring 
preventable risk that more biologically precise phenotyping could reveal. Together, these limitations point to a larger, still 
untapped space of preventable cancer risk. 

To address this gap, we propose individual level based, natural history-informed modeling of cancer 
preventability that explicitly incorporates population shifts in exposure trajectories across birth cohorts and life stages.197 
This approach differs from ecological analyses that correlate broad risk-factor trends with incidence. An individual-level 
microsimulation uses each person as the unit of analysis, so multiple risk factors, their clustering and potential 
interactions, and their time-varying histories can be carried forward through the full disease course, from health to 
precursor to cancer, and then through screening detection, treatment, and survivorship. Validated population simulation 
models, such as those developed within the Cancer Intervention and Surveillance Modeling Network (CISNET),198 
provide a powerful foundation for this approach. These models synthesize evidence from cancer registries and clinical and 
epidemiological studies, to create virtual populations at risk for cancer representative of the population at interest. These 
models have successfully been used in the past to explain observed trends in cancer incidence and mortality over time, 
highlighting the contribution of risk factors, screening, and treatment to these trends.199-201 The advantage of these models 
is that they can also simulate counterfactual scenarios, for example in the absence of screening or certain risk factors. This 
way, they can quantify the individual impact of each of the risk factors to the observed trend. An additional advantage is 
that these models can also simulate future counterfactual strategies, such as the impact of interventions on risk factors or 
screening on future cancer incidence and mortality.202 The CISNET consortium is currently focusing on developing 
multiple risk factor generators for inclusion in the cancer models to accurately mimic lifetime exposure to risk factors and 
their impact on cancer burden. This way, counterfactual scenarios can also be evaluated specifically aimed at 
disentangling trends in early-onset cancers. A further advantage of CISNET-style modeling is that population exposure 
distributions can be calibrated to nationally representative data, enabling real-world estimates of preventability under 
plausible scenarios of exposure change. For example, projecting obesity prevalence declines from ~40% to 35% or 20% 
over specified time horizons with widespread GLP-1 uptake, rather than assuming that an exposure can be fully 
eliminated. 

Currently, most models mimic natural history through discrete disease stages. Embedding an explicit evolutionary 
framework within these models can substantially sharpen estimates of preventability. For example, CISNET has 
developed biology-driven multistage clonal expansion models that explicitly incorporate cellular processes of initiation 
and promotion.203-205 Additionally, recent work integrates mutational signatures with gene-specific mutation rates and 
estimates of selection on somatic variants to partition the relative contributions of endogenous, exogenous, and 
preventable mutational processes across tumor types.120 These evolutionary analyses move beyond counting mutations, 
instead estimating which mutational processes actually drive oncogenesis and how their influence varies by tissue, 
exposure context, and stage of disease. This integration of quantitative evolutionary estimates can reveal where modifying 
particular exposures is most likely to reduce the appearance and expansion of key driver mutations—and, critically, where 
prevention efforts may yield limited returns despite substantial reduction. In this way, evolutionary modeling helps to 
define not just what causes cancer, but where prevention is most tractable. 

Looking forward, this framework also creates opportunities to move beyond single-cancer models toward 
integrated, multi-cancer simulation platforms. Growing evidence suggests that many exposures, such as obesity, metabolic 
dysfunction, inflammation, and microbiome perturbations, affect shared biological pathways and influence risk across 
multiple cancer types. Modeling multiple cancers within a unified framework would allow estimation of joint preventable 
burden, identification of shared versus tissue-specific mechanisms, and evaluation of interventions that may reduce risk 
across several malignancies simultaneously. Such an approach is particularly relevant for early-onset cancers, where 
incidence is low for individual cancer types but cumulative burden across cancers is substantial. 

Importantly, these models should not only estimate whether risk reduction is theoretically possible but also 
incorporate the time course of prevention. The extent of benefit depends on whether exposures can be sufficiently 
modified, the timing of intervention along the multistage carcinogenesis process, and the durability of behavioral or 
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structural changes over time.195 More realistic estimates of cancer preventability will therefore require data on how 
quickly and to what extent risk can be reversed when exposures change. Trials that combine behavior change with deep 
biological profiling, such as weight loss or smoking cessation studies with serial tissue sampling, can quantify the 
dynamics and partial reversibility of promotion. Incorporating these data into natural history and microsimulation models 
would allow us to move beyond static PAFs toward dynamic, tissue-informed estimates of preventable burden across 
cancers and cardiometabolic diseases. Together, these temporal and evolutionary dynamics determine both the pace and 
ultimate extent of reductions in cancer incidence, and are essential for setting realistic expectations for prevention 
outcomes. An integrated framework of this kind can synthesize evidence from population, mechanistic, and 
implementation sciences, and ultimately guide more precise, feasible, and high-impact screening and prevention 
strategies. 

PREVENTION FOR FUTURE GENERATIONS 

Early-onset cancer is rising in parallel with earlier diabetes, cardiovascular disease, and other chronic conditions, 
pointing to shared systemic disruptions in immune, inflammatory, metabolic, epigenetic, and microbial systems that are 
imprinted by evolving social, physical, and personal environments. This potential convergence creates a chance to design 
prevention strategies that target common promotive pathways and delays carcinogenesis across multiple organs while also 
reducing cardiometabolic disease burden. Next-generation prevention should be built around intermediate biomarker trials 
that quantify modifiable tissue-ecosystem and systemic states within learning health systems, and are explicitly linked to 
natural history models that convert near-term biological change into projected long-term gains across diseases. Yet two 
decades of experience in early detection consortia have shown how rarely biomarkers mature into reliable intermediate 
endpoints,206,207 underscoring the need to prioritize markers that are tightly anchored to natural history and meaningful 
reduction in cancer and cardiometabolic events. To focus these efforts where they will matter most, risk stratification must 
move beyond age to integrate genetic susceptibility, family history, high risk clinical phenotypes such as early metabolic 
dysfunction, and structural disadvantage, identifying individuals and communities for whom early, integrated cancer and 
chronic disease prevention could be most transformative. 

CONCLUSION  

The rising burden of early-onset cancers is one of the most urgent challenges in modern cancer research, and 
meeting it will require transforming how we discover and act on cancer risk factors. We advocate for an integrated agenda 
that dissolves silos between “exposure,” “biology,” and “prevention.” A tissue-ecosystem anchored framework links 
population exposures to specific tissue circuits and eco-evolutionary constraints, a life course informed, biological state-
based framework captures how biological states evolve over time for dynamic risk assessment, and integrated natural 
history models translate these insights into realistic, time-sensitive estimates of preventability. Together, these frameworks 
can shift risk factor discovery from primarily cataloguing midlife associations to systematically opening the black box 
between exposures and disease, reconstructing exposure trajectories, predicting evolving biological states, and guiding 
upstream interventions that prevent cancers, including early-onset cancers, as well as other chronic diseases that share 
common pathways. 
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Figure 1. Global burden and trends of early-onset cancer  
The five most common early-onset cancers (ages 20–49 years) in each continent are shown by age-standardized incidence 
rate (ASIR, per 100,000; blue bars) and corresponding estimated annual percentage change (EAPC; red points with 95% 
confidence intervals). EAPC estimates are available only for a subset of countries or cancer registries within each 
continent and are frequently derived from subnational data; therefore, EAPC values may not fully represent continent-
wide trends. EAPC summarizes the average annual change in ASIR during 2003–2017 and was estimated by fitting a log-
linear regression of ASIR on calendar year. Data were obtained from the International Agency for Research on Cancer 
(IARC, https://gco.iarc.who.int), including Cancer Today (GLOBOCAN 2022, version 1.1) and Cancer Over Time 
(GLOBOCAN, version 2.1).  
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Figure 2. Discovery of major causes of cancer: tobacco, alcohol, obesity, and genetics 
(A) Cancers associated with tobacco smoking, alcohol consumption, and obesity. Tobacco smoking and alcohol consumption are IARC Group 1 carcinogens and 
are causally associated with 13 and 7 cancer types, respectively. Obesity is a major modifiable risk factor; IARC concludes that avoiding excess body fatness 
reduces risk for 13 cancer types. (B) Timeline and milestones in uncovering three major preventable cases of cancer: tobacco smoking, alcohol consumption, and 
obesity, alongside advances in cancer genetics. The timeline traces the progression from early clinical observations to epidemiologic evidence, mechanistic studies, 
and genomic discoveries, illustrating the decades-long, multidisciplinary research required to establish causality and to translate evidence into public-health actions 
for cancer prevention and early detection.
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Figure 3. Established and emerging risk factors for main types of early-onset cancers and shared mechanisms.  
Cancer risk factors (yellow, red, and green) act on the fitness landscape of the tissue through mechanisms (blue) that either 
initiate tumor progression or promote the expansion of initiated clones. Additional, unidentified exposures (red question 
mark) may be relevant to younger generations. Exposures accumulate, cluster, and vary across sensitive windows from 
early life through adulthood (circular arrow and life-stage icons), and social determinants of health (grey outer circle) 
influence both exposure distributions and their biological impact. These nested layers emphasize that early-onset cancers 
arise not from isolated risk factors, but from interactions across molecular mechanisms, systemic physiology, individual 
behaviors, and broader social contexts. 
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Figure 4. Accelerated frameworks to combat early-onset cancers 
A: Tissue-ecosystem anchored, critical window–aware framework: exposures across the life course and intergeneration, 
together with host genetics, leave molecular imprints that reshape tissue ecosystems and the somatic fitness landscape, 
influencing initiation, progression, and invasion. B: Life-course informed, biological state-based framework: longitudinal 
multi-omic and imaging data generate dynamic risk states to stratify individuals for precision prevention. C: Integrated, 
dynamic, natural history-based framework: population-based cancer simulation models incorporate secular trends and 
interventions to estimate incidence and other outcomes. Together, these frameworks bridge biology, prediction, and policy 
to inform early cancer prevention, supported by enabling methods and technologies.  
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Box 1. Reimaging risk factors discovery for early-onset cancers. 

 Is age of onset a reliable proxy for “unique” early-onset biology? 
Shift from simple early- vs later-onset comparisons to analyses that disentangle age, birth-
cohort, and period effects, and interpret molecular patterns in relation to life-course 
exposures that may drive apparent age-linked signatures. 

 Are cancer risk factors one-dimensional and independent? 
Shift toward a multidimensional view that captures intensity, timing, patterns, and changes 
of behavior across the life course, as well as how exposures co-occur and interact.  

 Are risk factors strictly organ-specific?  
Recognize early-onset cancers as systemic diseases potentially driven by shared, cross-
organ exposures and mechanisms (e.g. immune, metabolic, epigenetic, microbiome), 
rather than from isolated organ-level insults. 

 Are findings from animal models inherently limited in relevance to humans? 
Promote integrative, parallel rather than linear pipelines, where experimental models and 
human observational studies are developed side by side and iteratively inform each other to 
refine causal hypotheses and mechanistic understanding. 

 Does genetic predisposition explain the rise in early-onset cancers? 
Recognize that high-penetrance germline variants and common low-risk variants account 
for only a minority of cases; prioritize studies of gene-environment interaction to identify 
who is most susceptible to modern exposures and why. 

 Is current methodology sufficient for causal inference with complex data? 
Develop, validate, and standardize rigorous pipelines for integrating multimodal, 
longitudinal, and high-dimensional data, enabling biologically grounded causal discovery at 
scale. 
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